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Abstract

Gastrointestinal tract (GI) cancers are among the most common types of cancers world-

wide. In particular, colorectal cancer (CRC) is the most lethal in terms of number of

incidences and mortality (third most common cause of cancer and the second common

cause of cancer-related deaths). Colonoscopy is the gold standard for screening patients

for CRC. During the colonoscopy, gastroenterologists examine the large bowel, detect

precancerous abnormal tissue growths like polyps and remove them through the scope

if necessary. Although colonoscopy is considered the gold standard, it is an operator-

dependent procedure. Previous research has shown large missing rates for GI abnormal-

ities, e.g., polyp miss detection is around 22%-28%. Early detection of GI lesions and

cancers at the curable stage can help reduce the mortality rate. The development of au-

tomated, accurate, and efficient methods for the detection of the GI cancers could benefit

both gastroenterologists and patients. In addition, if integrated into screening programs,

an automatic analysis could improve overall GI endoscopy quality.

The medical field is becoming more interdisciplinary, and the importance of medical

image data is increasing rapidly. Medical image analysis can play a central role in disease

detection, diagnosis, and treatment. With the increasing number of medical images, there

is enormous potential to improve the screening quality. Deep learning (DL), in particular,

convolutional neural network (CNN) based models have tremendous potential to automate

and enhance the medical image analysis procedure and provide an accurate diagnosis. The

automated analysis of the medical images could reduce the burden of the medical experts

and provide quality and accessible healthcare to a larger population. In medical imaging,

classification, detection, and semantic segmentation tasks are crucial for clinical practice.

The development of accurate and efficient computer aided diagnosis system (CADx) or

computer aided detection system (CADe) models can help to identify the abnormalities

at an early stage and can act as a third eye for the doctors.

To this end, we have studied and designed machine learning (ML) and DL based ar-

chitectures for GI tract disease classification, detection, and segmentation. Our designed

vii



architectures can classify different types of GI tract findings and abnormalities accurately

with high performance. Our contribution towards the development of CADe models for

automated polyp detection showed improved performance. Out of three different medical

imaging tasks, semantic segmentation of medical imaging data plays a significant role in

extracting meaningful information from images by classifying each pixel and segmenting

it by class. Using the GI case scenario, we have mainly worked on polyp segmentation

and proposed and evaluated different automated polyp segmentation architectures. We

have also built architectures for surgical instrument segmentation that showed high per-

formance and real-time speed.

We have collected, annotated, and released several open-access datasets such as Hyper-

Kvasir, KvasirCapsule, PolypGen, Kvasir-SEG, Kvasir-instrument, and KvasirCapsule-

SEG in collaboration with hospitals in Norway and abroad to address the lack of datasets

in the field. We have devised several medical image segmentation architectures (for exam-

ple, ResUNet++, DoubleU-Net, and ResUNet + CRF + TTA) that provided improved

results with the publicly available datasets. Beside that, we have also designed archi-

tectures that have the capability of segmenting polyps in real-time with high frame per

second (FPS) (for example, ColonSegNet, NanoNet, PNS-Net, and DDANet). Moreover,

we performed extensive studies on the generalizability of our models on public datasets,

and by creating a dataset consisting of data from different hospitals, we allow multi-center

cross dataset testing. Our results prove that proposed DL based CADx systems might be

of great assistance to clinicians in the future.
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Chapter 1

Introduction

Advancements in computer vision [65, 107, 185, 178] hold a great promise in the area

of medical image analysis. Deep learning (DL) has shown promising potential to impact

healthcare technology [12, 29, 38, 44, 59, 62, 78, 102, 104, 121, 136]. The US Food and

Drug Administration (FDA) has already approved some artificial intelligence (AI) based

medical devices and algorithms [16]. The improvement in the data collection procedure,

storage capability, and advancement in the computation resources has further increased

the potential of machine learning (ML) in medicine. In the field of medicine, ML could be

used from diagnosis (mostly), prognosis, therapy, drug development, and epidemiology.

Additionally, ML could be leveraged for providing clinical risk prediction to improving

safety [15]. The common examples of ML algorithms that act as complementary to the

physicians are Lymph Node Assistant (LYNA) [122], and Deep Learning based Automatic

Detection (DLAD) [137]. Thus, the recent studies show that the imaging based DL

algorithms have the potential to improve the physicians accuracy [29].

With the success of ML in medicine, it is plausible to predict that ML will have a

tremendous clinical impact. The ML models, when integrated with the computer aided

detection system (CADe) or computer aided diagnosis system (CADx) system, will pro-

vide an opportunity to improve the clinicians’ decision in medical image interpretation

and act as a second observer. The medical experts could double-check their diagnosis

and interpretation results. It could help in early diagnosis and also help to reduce mor-

tality, improving the overall performance of the physicians. Thus, it will also enhance

the clinical workflow ensuring the patient’s safety. Therefore, there is a growing demand

for automated systems in clinics to fulfil the need for medical experts. The ML based

systems integrated into the clinical setting could provide benefits such as the opportunity

of accessibility to all, especially in countries with low and middle income [203, 219]. The
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Chapter 1. Introduction

Figure 1.1: Diagram of the human gastrointestinal tract

successful automated systems are faster in image interpretation, easy to scale, efficient,

cheaper, attentive, ethical, and produces reproducible results.

We perform research in the intersection between DL (in particular, convolutional neu-

ral network (CNN)) and medicine. Our research is mostly focused on the human gas-

trointestinal tract (GI) tract. Figure 1.1 depicts the human GI tract. The diagnosis of

the GI tract is important because it is the potential source of a large number of lethal GI

cancers. Early precursors of cancer are often missed during examination until they reach

a late stage [198]. Early detection of such GI cancers (esophagus, stomach, colorectal)

and diseases (for example, gastroesophageal reflux disease, peptic ulcer disease, inflam-

matory bowel disease) can provide an opportunity for early treatment and help to reduce

the mortality rate. The survival from GI cancers (colorectal cancer (CRC)) have shown

a significant impact on quality of life [83, 32]. Therefore, research in gastroenterology is

of significant importance.

We have develop automated methods for GI tract findings classification and detection,

colorectal polyp segmentation, and surgical instrument segmentation in laparoscopy. Ad-

ditionally, we created and released GI tract (upper endoscopy and colonoscopy) datasets

publicly for academic and research, reproducibility, and commercial purposes. At first, we

developed automated methods for GI conditions classification and detection. Then, we

focused our research on semantic segmentation, where we designed automated algorithms

specifically for colorectal polyp segmentation. We have mostly researched and designed

methods for medical image segmentation. The main reason for concentrating our research
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on medical image segmentation is that it plays a crucial role in CADx and CADe sys-

tems. It is considered as an essential tool in modern clinical applications [160]. We have

also researched and built automated methods for surgical instrument segmentation in

laparoscopy at the later stage.

In this thesis, we first introduce the medical problem related to the GI tract. Next, we

present the related research work and highlight the existing problems and technology gap.

Then, we focus on the created datasets in the fields of GI endoscopy and colonoscopy.

After that, we present concrete details of our methods to fulfill such technology gaps.

Following that, we discuss our contributions based on the objectives and how we achieved

the primary goal. We also discuss the strength of our methods, possible limitations and

challenges, and progress in the CADe and CADx systems made so far. Finally, we conclude

and discuss future directions for the research.

In the first chapter, we briefly describe the GI tract and cancer related to the GI tract.

We introduce the current technology used in the diagnosis and treatment of anomalies

both in the upper GI tract and lower GI tract. We also highlight the current challenges

in the upper GI endoscopy and colonoscopy. After highlighting the problem next, we

introduce the basis of our work by introducing our research aim and objectives. We also

demonstrate the research methodology used in our study. We sketch the main contribution

that will be explained in detail in the latter part of our dissertation.

1.1 Background and motivation

The GI tract is a contributing factor to a large part of cancer-related death world-

wide. Global Cancer Statistic 2020 (GLOBOCAN) 2020 [183] estimated that there were

around 19.3 million new incidences of cancer cases and approximately 10.0 million cancer-

related deaths worldwide. The most frequently diagnosed cancers are female breast cancer

(11.7%), lung cancer (11.4%), CRC (10.0%), prostate cancer (7.3%), and stomach cancer

(5.6%). The leading cause of death-related cancer is lung cancer (18%), CRC (9.4%),

liver cancers (8.3%), stomach cancers (7.7%), and female breast cancers (6.9%). Cancer

is globally estimated to increase by 47%, which will be around 28.4 million. From the

GLOBOCAN 2020 statistics, we observe that GI tract cancers, which comprise both CRC

and stomach cancers, are the leading cause of cancer-related death and is a significant

hurdle to the increasing life expectancy. Increasing Adenoma detection rate (ADR) can

help to prevent CRC [37]. Additionally, CADe can be safe and effective [161]. Therefore,

significant efforts should be applied to build digital infrastructures for the early detection
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Figure 1.2: Examination of the upper GI tract using an upper GI Endoscopy (EGD)

and prevention of all types of cancers, including GI cancers, and CRC, for controlling

cancer globally.

The examination of the GI tract is essential for investigating and finding abnormalities

in the GI tract. Early GI cancer precursors are usually missed during the gastroscopy

or colonoscopy. Such miss rate can be relatively high, which at later stages leads to

mortality. The main reason for the higher miss rate is the lack of attentiveness of the

gastroenterologists while performing the tiring task. Also, the gastroenterologists have to

perform several examinations on the same day that may decrease their attention on the

individual patient. Additionally, the manual examination of GI tract using gastroscopy

or colonoscopy is a challenging process requiring high overall cost, unpleasant experience

for the patient while undergoing the test, and consumption of a lot of hospital resources

and task force that could have been alternatively beneficial for the other helpful tasks.

Lower GI endoscopy allows the gastroenterologists to observe the lower GI tract. It is

used for screening of both colon and rectum. Colonoscopy is the inspection of the whole

large bowel. According to the United States Preventive Service Taskforce (USPSTF) for

CRC screening, forty-five is considered to be the new fifty for screening of CRC [138]. Pre-

viously, many studies including guidelines from USPSTF [117] and European Union [58]

recommended 50 years of age for CRC screening. CRC is the third most frequently di-
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agnosed cancer type and the second most common cause of cancer-related death in the

United States when both male and female populations are combined [176]. Fortunately,

CRC is among the preventable malignancies. Early detection of the CRC is possible with

the available screening tests. Diet and lifestyle are mostly linked to both CRC occurrence

and mortality. Thus, a change in lifestyle and diet could reduce the risk of CRC [138].

To summarize, there is a shortage of qualified gastroenterologists all around the world.

A procedure such as a colonoscopy is an operator-dependent procedure. The polyp

miss-rate is reported up to 22%—28%, and adenoma miss-rate is reported to be 20%—

24% [111]. However, there is variability among polyp miss-rate and adenoma miss-rate

in literature because of the nature of study and size of patient cohorts [1, 111, 162, 205,

206], most of the work report similar metrics. Undergoing the colonoscopy requires an

adequate amount of time for endoscopists and nurses. Despite being an uncomfortable

procedure, finding abnormalities in the bowel depends upon the endoscopist’s ability [97].

Additionally, certain factors can influence the quality of the colonoscopy procedure [202].

The variability in the quality can lead to differences in the endoscopist’s performance.

Moreover, it is an expensive procedure. Therefore, there is a need for the development

of automated methods for CADx based support system for upper GI and lower GI tract.

The development of such a system will improve patient outcomes. The GI examination

will be more accessible to patients, potentially cost-effective, and make public healthcare

more effective.

1.2 Research aim and objectives

The primary objective of this dissertation is to develop automated algorithms for the

analysis of GI images and videos from GI endoscopy. Most of the works in this dissertation

have been targeted towards designing automated methods for segmentation and detection

of CRC. We aim to develop real-time automated methods that can provide feedback to

the gastroenterologists about the exact location and position in the colon (in the lower GI

tract) that can act as a second pair of eyes to the doctors and help reduce polyp miss-rate.

Similarly, we also aim to develop automated classification methods for whole GI that can

automatically identify and classify each disease of the GI tract. Additionally, we aim

to develop automated methods for surgical instrument segmentation in laparoscopy that

could assist in accurate tracking of the medical instruments. Our other research aim is

to generate and publicly release GI endoscopy and colonoscopy datasets to address the

challenges with the lack of dataset in the field.

5



Chapter 1. Introduction

In this dissertation, we put forward our computer vision and DL approaches to address

the research question. Automation in the field of GI endoscopy and colonoscopy can help

reduce the miss-detection of the abnormalities in the endoscopic procedure. Additionally,

it has several other benefits, such as reducing the mortality rate, cost-effective, faster,

accessible, and ensuring better trust and safety. Automated methods for CADe and

CADx might have significant societal impact, and it will improve patient care. Based on

our research goal, we define the objective of this dissertation. We have considered three

main objectives to meet the main research goal. Below we highlight our main research

goal and objectives:

Main goal: The main goal of our research is to design automated classification, detec-

tion, and segmentation algorithms for CADe and CADx system for examination of GI tract

findings. The developed algorithms should automatically identify, detect, and segment

the suspicious lesion of the GI tract acquired through standard endoscopy, colonoscopy,

or wireless capsule endoscopy (WCE) with high accuracy and real-time processing speed.

Additionally, we also aim to develop semantic segmentation architectures for surgical in-

strument segmentation. Overall, our goal is to design lightweight architectures, achieve

high performance across several datasets, extendable, and be easily integrated with endo-

scopic devices.

• Objective I: Research, collect, and construct new datasets in the field of GI en-

doscopy and colonoscopy to address the lack of dataset problem in the field.

• Objective II: Explore, investigate, and design ML and DL methods for GI tract

findings classification, and polyp detection.

• Objective III: We aim to design new medical image segmentation architectures to

address the need for efficient algorithms in colorectal polyp segmentation, surgical

instrument segmentation, and general medical image segmentation tasks. Addition-

ally, we aim to design real-time segmentation architectures for polyp and surgical

instrument segmentation. Moreover, we aim to explore and improve the gener-

alizability and robustness of the DL models on publicly available independent and

multi-centre colonoscopy datasets. Furthermore, our research is focused on designing

segmentation algorithms to identify and segment different types of polyps, including

flat and sessile polyps that are commonly missed in the colonoscopy examination.
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1.3 Scope and limitations

The scope of this thesis lies in three sub-folds. In the first part of the thesis, we limit

our research to build automated models for the classification of GI tract findings from

both upper GI tract (anatomical landmarks, pathological findings) and lower GI tract

(anatomical landmarks, pathological findings, quality of mucosal views, and therapeutic

findings). We do not further focus on the classification of certain classes of polyps (for

example, non-neoplastic (hyperplastic polyps, inflammatory polyps, and hamartomatous

polyps) and neoplastic (adenomas and serrated polyps)) due to the lack of publicly avail-

able dataset in the field. In the second part of the thesis, we mainly focus our work on

polyp detection. In the final part of the thesis, we limit our research to polyp segmen-

tation, and the same architectures were used for surgical instrument segmentation. We

have further used other biomedical datasets to demonstrate that our methods are not only

limited to automatic polyp segmentation. However, the developed models could be useful

to detect other abnormalities and pathological findings in the GI tract if the ground truth

or bounding box information of the dataset is available.

Our methods are only tested on the publicly available datasets, our own datasets, or

the dataset shared through the challenges and competitions. There might be presence of

inconsistencies in the dataset collection. For example, there might be different lighting

conditions and different resolution images. In addition to these, the expertise of gastroen-

terologists is operator-dependent. Additionally, the hospitals have their own standard for

dataset collection. For example, in the Vestre Viken trust, the gastroenterologists save

short video clips of meaningful findings along with the frames. However, in Karolinska,

the medical experts only capture the most valuable findings in the colonoscopy or upper

endoscopy [163]. Although, we have introduced the usefulness of generalizability in the

field of colorectal polyp segmentation and GI tract, more research and public datasets are

needed to explore in the field of generalizability, robustness, and interpretability of the

ML models for building trustworthiness of our models.

1.4 Research methodology

In 1989, the Association for Computing Machinery (ACM) Education Board approved

and endorsed a report for release [40]. The final report from the Task Force on the core of

computer science puts forward a novel intellectual framework that determines the criteria,

discipline, and norms of computing and the basis upon which the computing curricula
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can be based. Computing is defined as a crossway between applied math, science, and

engineering. All of these three processes are essential in the discipline. The foundation

of computer science is built from a wide variety of disciplines. The concept in computer

science is extracted from various fields. Thus, computer science combines the processes

such as theory, abstraction (in general), and design (specific) [42].

In this dissertation, our work is related to these topics in several ways. In the below

section, we will describe each process and discuss how our dissertation covers these topics.

Theory Theory is rooted in mathematical aspects and involves the development of valid

theory. The report categorized theory as (i) characterize objects of study (definition), (ii)

hypothesize possible relationships among them (theorem), (iii) determine whether the

relationships are true (proof), and (iv) interpret results.

Our thesis is related to the theoretical part in the context of different medical image

processing techniques in 2D geometry, including image and video processing, 2D vector-

based geometric operations, data structures, algorithms, linear algebra, and calculus,

statistics. All of these are used for building training and testing of the CNN architectures

and ML algorithms.

Abstraction Abstraction process is used for modeling and is directly related to the

experimental scientific method. The report describes the abstraction process as (i) form

a hypothesis, (ii) conduct a model and make a prediction, (iii) design an experiment and

collect data, and (iv) analyze results.

Our thesis has performed several experiments using different existing and new datasets

to support the hypothesis. We have performed several experiments within our research

group, collaborated with external partners, and performed experiments for relevant open

challenges and competitions. We have collected and annotated several datasets with as-

sistance from gastroenterologists that can be useful for the medical image segmentation,

detection, and localization tasks in the field of GI endoscopy. We explore image pre-

processing, feature extraction, and multi-class classification using ML algorithms. Ad-

ditionally, we have built semantic image segmentation architectures and classified each

pixel of the images into different classes. We have also shown that our proposed architec-

tures can be extended to other medical image segmentation tasks. We have evaluated the

performance of our methods using standard computer vision metrics such as accuracy,

sensitivity, recall, precision, dice coefficient, Jaccard index, and fps. Furthermore, we

analyze the each image carefully and identify the easy, mild, and challenging cases. We
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primarily focus on the challenging cases that are medically relevant to address.

Design The report describes the design into four steps: (i) state requirements, (ii) state

specifications, (iii) design and implements the system, and (iv) test the system.

We have designed, experimented, and implemented, several ML and DL based archi-

tectures for automatic GI tract classification, automatic polyp detection, medical image

segmentation architectures for automatic polyp segmentation, and architectures for sur-

gical instrument segmentation. We have used the layers such as strided convolutions,

dilated convolutions, transpose convolutions, and bilinear upsampling during the archi-

tectural design. Similarly, we have used various spatial and channel-wise attention mech-

anisms, residual blocks, autoencoders, pre-trained encoders, and multi-scale fusion. Our

architectural designs are based on performance and speed. Our classification, detection

and segmentation architectures can classify, detect, and segment objects of interest with

high accuracy and real-time processing speed. Besides high accuracy on the real-world

dataset (GI tract dataset), we have also further explored the generalizability capability of

the proposed models with the datasets from different centers. Our proposed architectures

are tested on more than one dataset, including public datasets and our own collected

datasets in most cases, to show that our end-to-end architectures perform well not only

on one dataset but also perform across different imaging datasets.

In summary, we aim to solve a real-world problem related to GI diseases classification,

detection and segmentation. The CADe and CADx can solve the current challenges of

miss-detection in the field and can create a significant impact in the current healthcare

system. Our goal is to provide technology to assist clinicians for improving the health

care system based on their requirements of higher accuracy in real-time speed. To achieve

these, we have collected many GI tract datasets, curated and annotated the ground truth

and bounding boxes and proposed different ML and DL based architectures for each

task. Our models showed promising results with the real data obtained from different

endoscopic equipment. Thus, our architectures could be tested by clinicians to verify

their usefulness in the clinical setting. Moreover, our architectures can be extended to

other medical image analysis tasks and natural image segmentation tasks.

1.5 Main contributions

In order to meet the goals and fulfil the objectives of the thesis, we have researched several

challenges and addressed various issues in the domain of medical image classification,
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detection and segmentation. In particular, the main contributions are as follows:

• We have created and released the Kvasir-SEG [89] dataset. The dataset is publicly

available for academic, research, and industrial purposes (with prior consent). In

addition, the dataset can be used for automatic polyp detection, localization, and

polyp segmentation task (objective I).

• We have identified sessile or flat polyps ≤ 10mm from the Kvasir-SEG dataset with

the help of a senior gastroenterologist and made it available separately on the same

webpage [85]. This was done to test the performance of DL models separately on

such polyps that are commonly overlooked during colonoscopy examination. De-

signing specific models for such datasets can help reduce polyps miss-detection. We

have shown that our method had a better polyp segmentation capability for flat or

sessile polyps (objective I).

• We have publicly released the HyperKvasir [26] and the KvasirCapsule [180] datasets.

To the best of our knowledge, HyperKvasir is the most comprehensive medically

verified publicly available GI tract classification dataset and KvasirCapsule is the

largest video capsule endoscopy classification dataset in the world (objective I).

• We have created and released the Kvasir-Instrument [88] dataset. The dataset

includes images, corresponding ground truth, and bounding box information of the

therapeutic and diagnostic tools used in GI endoscopy. To the best of our knowledge,

Kvasir-Instrument is the first public dataset of segmented diagnostic and therapeutic

tools in the GI endoscopy (objective I).

• We have curated and released a multi-center (6 centers) polyp segmentation and

detection dataset [5]. To the best of our knowledge, this is the most comprehen-

sive publicly available polyp detection and segmentation dataset annotated by a

team of experts gastroenterologists and computer scientists. We conjecture that the

dataset will be useful to address the generalizability issue in polyp segmentation

and detection tasks (objective I).

• We have annotated and released a wireless video capsule endoscopy polyp dataset [92]

(objective I).

• We have organized competitions such as Medico Automatic Polyp Segmentation [91],

Endotect Challenge 2020 [71], and Endocv 2021 Challenge1. In these challenges, we

1https://endocv2021.grand-challenge.org/
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have annotated and released complete training and testing datasets or test datasets.

Moreover, we have evaluated the participants’ methods for each task and provided

the ranking. The datasets for each challenge are made publicly available (objective

I).

• We have proposed solutions based on global features (GFs) and ML (simple logistic

classifier and logistic model tree) for multi-class classification [193]. Additionally, we

have done an extensive study on the cross-dataset bias on the GI tract abnormalities

classification using GFs and ML based approaches on several publicly available

datasets. We have emphasized the use of cross-dataset evaluation to demonstrate

the generalizability of DL models before using them in clinical applications [190]

(objective II).

• We have done a comprehensive analysis of classification methods in terms of ac-

curacy and efficiency presented in the various competitions, calculated the clinical

applicability of the participant’s methods, and ranked them based on robustness

and speed[84] (objective II).

• We have trained several popular detection algorithms with various backbones and

compared them with our method for real-time polyp detection (ColonSegNet [93]).

We established a new detection benchmark for the Kvasir-SEG dataset (objective

II).

• We have developed new segmentation methods such as ResUNet++ [94], DoubleU-

Net [86], and ResUNet++ + TTA + CRF [85], and improved the state-of-the-art

(SOTA) results in the publicly available polyp datasets. We have shown improve-

ment over previous SOTA semantic segmentation methods both in terms of dice

coefficient (DSC)s and in terms of frame per second (FPS) (objective III).

• We have developed new segmentation models (such as NanoNet [92], ColonSeg-

Net [93], DDANet [195], and Progressively Normalized Self-attention Network (PNS-

Net) [95]) that can segment polyp in real-time with high FPS and high accuracy

(objective III).

• We have explored and introduced generalizability in polyp segmentation to the best

of our knowledge [85, 5] and proposed a Ensemble MultiResUNet [197] based method

to improve generalizability in polyp segmentation (objective III).
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Figure 1.3: Contributions related to objectives
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• We have provided a new benchmark on several polyp datasets (for example, Kvasir-

SEG [89] (both segmentation and detection), Kvasir-Instrument [88] (segmenta-

tion), Kvasir-Sessile (segmentation), KvasirCapsule-SEG (segmentation), HyperK-

vasir [26] (classification), and Kvasir-Capsule [180] (classification) dataset (objective

III, objective II).

• We have studied and proposed solution for surgical instrument segmentation [168].

Additionally, we have also provided a comprehensive study on the SOTA meth-

ods for real-time semantic segmentation of surgical instruments in laparoscopy [87]

(objective III).

In Figure 1.3, we have listed our papers based on objectives. All of these papers are

attached in the appendix. Here, we show that our main goal is medical image analysis, and

we aim to achieve it through dataset collection (objective I), development of classification

and detection algorithm (objective II), and development of medical image segmentation

architectures (objective III). The arrows in the figure, shows that each of the objectives

are interconnected.

Additional contributions: Additionally, we have also carried out research related to

but outside the main topic of the research. This includes work on sports analytics [192],

health monitoring [52], and general medical image segmentation architecture [3]. Ad-

ditionally, we proposed Lightlayers [90], a method for reducing the number of trainable

parameters in deep neural network (DNN). Lightlayers showed promising results for image

classification datasets.

In addition to all other contributions, we have supervised master students, bachelor’s

students, and summer interns based on my thesis project. We have organized work-

shops such as “Medico automatic polyp segmentation challenge2”, “Endotect 20203”,

“Endocv20214”. I have been part of several program committees as members, chairs,

and reviewers for related conferences and journals. I have reviewed over 75 research ar-

ticles. Additionally, we initiated collaboration with researchers from the University of

Oxford (UK), Inception Institute of Artificial Intelligence (UAE), University of Bergen

(Norway), University of Oslo (Norway), Østfold University College (Norway), SINTEF

Digital (Norway), Ambroise Paré Hospital (France), Istituto Oncologico Veneto (Italy),

2https://multimediaeval.github.io/editions/2020/tasks/medico/
3https://endotect.com/
4https://endocv2021.grand-challenge.org/
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Centro Riferimento Oncologico (Italy), Oslo University Hospital(Norway), John Radcliffe

Hospital (UK), Indian Statistical Institute, and University of Alexandria (Egypt).

1.6 Dissertation outline

This dissertation is written as the collection of the 21 research articles. The rest of the

dissertation is organized as follows:

• Chapter 2 provides an overview of the different types of the endoscopic procedure

and challenges associated with detecting each type of findings. It also discusses

the progress and shortcomings of the earlier research that motivates us for further

research.

• Chapter 3 presents the design, curation, annotation, and release of the novel dataset

to foster research in the field of GI endoscopy.

• Chapter 4 provides an overview of the CADx and CADe based system for the clas-

sification, detection, and segmentation of GI findings and for the different types of

polyp segmentation problem. In this chapter, we also present our main results. It

highlights the benefits of the proposed algorithms and also provides clinical contri-

butions for some of the methods.

• Chapter 5 discusses the contribution based on each objective and shows how it

helped achieve our main goal.

• Chapter 6 concludes the dissertation and suggests future work.

• In Appendix A, we include all of the published research articles that are part of this

Ph.D. dissertation and highlight the independent contributions of the author.
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Chapter 2

Background

AI based automation has the potential to improve the traditional medical systems. With

the implication of AI in our medical systems, healthcare can be made more efficient. Au-

tomated medical systems could be helpful in the detection of cancer or other abnormalities

in the human body at an early stage. In this chapter, we will provide an overview of GI

tract and introduce different existing examination procedures. Additionally, we will also

briefly highlight the current existing works on GI image classification, polyp detection,

polyp segmentation, and surgical instrument segmentation. We also discuss the current

challenges and shortcomings and finally close the chapter with a summary.

2.1 Gastrointestinal tract examination

The human GI tract compromises from the mouth to anus. It consists of the digestive

system organ, including the mouth, pharynx, esophagus, stomach, small intestine, large

intestine, and anus. The GI tract is the source of multiple types of abnormalities and

cancers. Global Cancer Statistics 2020 (GLOBOCAN) [184] estimates that out of 19

million new cancer incidence and approximately 10 million cancer related deaths, CRC

accounts for 10% of the cancer incidence, and stomach cancer accounts for 5.6% for the

new cancer incidence. Similarly, CRC is the second leading cause of death, accounting

for 9.4% of the total death, and stomach cancer accounting for 7.7% of the total cancer

deaths. CRC, stomach cancer, esophageal cancer, and bladder cancer are the most 10

occurring cancer in 2020 both by incidence and mortality. By 2040, global cancer is

estimated to be around 28.4 million, a 47% hike from 2020. From the statistics, it is

evident that GI cancer is a threat to human lives. Therefore, significant effort should be

applied by the research community, medical doctors, and computer scientists for the early
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detection and possible prevention of the GI cancers.

2.1.1 Examination procedures

Upper endoscopy

Upper GI endoscopy is sometimes referred to as gastroscopy or esophagogastroduodenoscopy.

It is a widely used procedure for diagnosing and treating anomalies in the upper GI tract.

The upper GI tract includes the esophagus, stomach, and duodenum. Figure 2.1 (a)

shows esophagus and duodenum whereas Figure 2.1 (b) shows small intestine from the

upper GI tract. Upper GI endoscopy is carried out with the help of a thin, long, and

flexible tubular instrument called an endoscope. The endoscope is used to monitor the

esophagus, stomach, and duodenum. The video of the whole endoscopy process can be

monitored on the screen.

One of the potential solutions to reduce the miss detection of the GI abnormalities

is the development and integration of CADe and CADx system in the clinical workflow.

However, a significant effort has to be applied to build ML based methods that work

well to detect and evaluate various GI abnormalities. These methods must be clinically

relevant. The developed methods should be generalizable to develop clinically relevant

systems concerning patient variability and cohort population. Additionally, the system

or the software must have real-time processing performance, and the lightweight system

should be designed so that it can be integrated into the embedded system or endoscopic

tool.

Sigmoidoscopy

Sigmoidoscopy is an invasive test. It is used to examine the inner lining of the rectum

and the lower part of the colon. It is one of the options for CRC screening, like a

colonoscopy. Sigmoidoscopy has a high sensitivity similar to colonoscopy and can be used

for lesion removal. The bowel preparation is less complicated than colonoscopy, and it

usually does not require sedation [115]. It is two types: flexible sigmoidoscopy and rigid

sigmoidoscopy. The difference between flexible sigmoidoscopy and rigid sigmoidoscopy is

that a flexible sigmoidoscopy has a flexible endoscope, whereas the other has a rigid device.

Sigmoidoscopy covers only the lower part of the rectum, whereas colonoscopy is used to

examine the entire colon. Holme et al. [74] explained the effect of flexible sigmoidoscopy

screening on the Norwegian population with respect to CRC incidence and mortality.

They concluded that flexible sigmoidoscopy and Fecal occult blood test (FOBT) reduced
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2.1. Gastrointestinal tract examination

Figure 2.1: Figure shows (a) esophagus, duodenum, and (b) small intestine from upper
GI tract

Figure 2.2: Colon

the mortality rate and incidence of CRC as compared to the ones who did not undergo

the screening test.

Colonoscopy

Colonoscopy is an invasive medical method where gastroenterologists operate on the colon

by using a flexible tube (colonoscope) to examine the presence of abnormalities. It is con-

sidered the gold standard for the examination of the colon. An illustration of the colon,

colonoscope, and colonoscope being inserted into human colon can be found in Figure 2.2,
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Figure 2.3: Example of a colonoscope

Figure 2.4: A colonoscope being inserted into the colon

Figure 2.3, and Figure 2.4. If the abnormalities such as polyps are detected during a

colonoscopy, polypectomy is performed, and the polyp tissues are removed. Figure 2.5

shows an example of colon polyp removal using a colonoscope. Although colonoscopy

is a gold standard, the examination procedure is not perfect even when performed care-

fully [162]. A study showed that, on average, a quarter of polyps were missed [111]. Early

detection of CRC is possible, and there is a huge opportunity to decrease the mortality

rate due to CRC [96, 175].

CRC is usually diagnosed among the population between 65 to 74 year [81]. USPSTF
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Figure 2.5: An example showing colon polyp removal using a colonoscope

recommends screening of CRC in between 50 to 75 years of age for all the population.

However, it is estimated that 10.5% of the CRC incidence will occur in a population

younger than 50 years [175]. Another recommendation of USPSTF is screening for CRC

for the age group between 45 to 49 years. There is convincing evidence found by the USP-

STF that screening for CRC through the different available technologies can detect early

stage CRC screening, including adenomatous polyps [23]. Moreover, it is also suggested

to undergo colonoscopy at a frequency of 10 years [48].

Colonoscopy is a time-demanding procedure requiring a significant time of the gas-

troenterologists and nurses. The process is troublesome and can cause significant dis-

comfort for the patient. There is a high cost related to the procedure. Additionally,

colonoscopy is an operator-dependent procedure, where the detection of abnormalities

such as a polyp lies in the expertise of gastroenterologists. There is a certain bowel

preparation procedure for undergoing colonoscopy. The patient has to change their diet

and has to take medicine for causing diarrhea. Additionally, during the colonoscopy ex-

amination, sedation may be used that can cause minor or major complications [47]. For

some complications, there is a higher risk if colonoscopy is performed other than the

screening procedure [210]. Despite of the disadvantages, inconveniences, and high costs,

colonoscopy still remains the primary screening tool for CRC [158, 63, 214]. We, therefore,

aim for a system that identifies colon findings accurately and assists gastroenterologists
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Figure 2.6: Olympus EC-S10 endocapsule

during the live examinations.

Fecal Occult Blood Test

The FOBT is a non-invasive test. As colonoscopy is costly, FOBT is preferred for screening

CRC, especially in developing countries. Like colonoscopy, it is reported that FOBT has

also reduced CRC related mortality and incidence. More detail about the FOBT can be

found in this work [113].

Fecal Immunochemical Test

The Fecal immunochemical test (FIT) is a non-invasive test. It is also used for screening

CRC. FIT is a low cost solution. FIT has high diagnostic accuracy for CRC screening [101].

A recent study also suggests that for the detection of CRC and advanced adenomas, FIT

was higher than sigmoidoscopy when the repeated FIT was performed [179].

Video capsule endoscopy

Capsule endoscopy has transformed small bowel imaging [80]. European Society of Gas-

trointestinal Endoscopy (ESGE) strongly recommends video capsule endoscopy (VCE)

as the first-line test for the patients having obscure GI bleeding. Similarly, it also rec-

ommends VCE as a diagnostic modality for investigating small bowel as an alternative

test. Using only standard endoscopy to regularly screen a population is impossible due to
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Figure 2.7: Olypmpus RE-10 endocapsule recorder used in our data collection for Kvasir-
Capsule [180]

socioeconomic perspective [211]. Furthermore, medical screening used to identify undiag-

nosed diseases in large populations is debated with known problems like too many false

positives, extensive over-diagnosis of diseases that would otherwise clinically not emerge,

invasive screening procedures, and high costs. ESGE recognizes VCE as a complementary

strategy. A solution that makes it possible to conduct large-scale screening of small bowel

diseases in terms of cost-effectiveness and quality is VCE.

A VCE, also often called a camera pill, is a small capsule type device (typically 11mm×
25mm) having an image sensor, bleeding sensor, pH-sensor, antenna, battery, light source,

and wireless transceiver. Figure 2.6 shows a pill cam. It is swallowed to visualize the GI

tract for subsequent diagnosis and detection of GI diseases. Usually, a system such as

Olympus Endocapsule 10 System [143] that includes Olympus EC-S10 endocapsule (see

Figure 2.6) and Olympus RE-10 endocapsule recorder (see Figure2.7) are used during

the examination and for dataset collection (Kvasir-Capsule [180] in our case). A trained

clinician analyses the patient’s video, and further analysis about the lesion or normal

findings are made.
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Figure 2.8: Sample polyp images recorded using an Olypmpus RE-10 endocapsule recorder

2.1.2 GI findings

The GI findings include anatomical landmarks, quality of muscoal views, pathological

findings, and therapeutic interventions. Figure 2.9 shows example images of the several

classes of the GI findings from the Kvasir dataset [148]. In the below section, we briefly

describe the classes of GI tract, such as anatomical landmarks, pathological findings, and

therapeutic interventions.

• Anatomical landmarks: Anatomical landmarks are visible through the endoscope

during an endoscopic procedure. Both upper GI tract (esophagus, stomach, and

duodenum) and lower tract (terminal ileum, colon, and rectum) have anatomical

landmarks. The anatomical landmark is an important characteristic for determining

the orientation in an endoscopic procedure [26]. Examples of critical anatomical

landmarks are z-line, pylorus, and cecum.

• Pathological findings: In the whole GI tract, there is a possibility of occurrences

of the abnormalities due to disease. Pathological findings are changes in the in-

22



2.1. Gastrointestinal tract examination

Figure 2.9: Example images from the GI tract [85]

testinal wall mucosa [148]. Examples of pathological findings include esophagitis,

polyps, and ulcerative colitis. Early detection of pathological findings could prevent

the development of severe GI cancers.

• Therapeutic interventions: Therapeutic interventions are interventions required

for treatment of the GI tract conditions. A common example is the therapeutic

removal of polyps and other suspicious lesions. More information about the thera-

peutic interventions can be found in [26].
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2.1.3 Definition of classification, detection and segmentation

It is essential to build computer vision models that can classify, detect, and segment areas

of interest from GI endoscopy frames or videos. In computer vision, to solve the three

crucial tasks, the term such as classification, detection and segmentation is used. However,

in the community, sometimes the terms are used differently. Therefore, we define these

terms and follow the same term in our dissertation.

1. In our work, we use the term classification (for example, GI images classification)

with the intention to classifying the images to the class it belongs to using ML or

DL methods.

2. We use the term detection for locating an object or instances of the object of interest

in an image. The application of an object detection algorithm could be automated

polyp detection in a colonoscopy frame for medical diagnosis.

3. We use the term segmentation for identifying each pixel of an image and dividing it

into meaningful classes using DL algorithms. One of the applications of segmenta-

tion task is automatic polyp segmentation from the colonoscopy images for medical

diagnosis.

2.2 GI finding classification

Table 2.1 lists related work in the field of GI image classification. In the table, REC refers

to recall, SPEC refers to specificity, ACC refers to accuracy, MCC refers to matthews

correlation coefficient, F1 refers to F1 Score, Rk refers to Rk correlation coefficient and

FPS refers to Frame Per Second. From the above-related work, we observe that there

has been a considerable amount of work done towards the development of an automated

model for the classification of the GI tract conditions such as anatomical landmarks,

pathological findings, and polyp removal cases, and normal or regular findings from the

GI tract [72, 70, 64, 124, 73]. Additionally, there has also been work targeted using a

specific dataset [207, 205]. However, for most of the works, the study has been conducted

on private datasets [207, 205] which makes it difficult to compare with or reproduce the

work in a research context. Additionally, the new SOTA algorithm can not be tested on

the same dataset for potential improvements.

An automated Computer aided diagnosis (CAD) system in the clinic has the po-

tential to improve clinical workflow by assisting gastroenterologists during endoscopy or
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Table 2.1: An overview of the existing related work on GI tract classification [84]

Reference Year REC PREC SPEC ACC MCC F1 FPS

Hwang et al. [77] 2007 0.9600 0.8300 - - - - 15
Li et al. [112] 2012 0.8860 - 0.9620 0.9240 - - -
Zhou et al. [225] 2014 0.7500 - 0.9592 0.9077 - - -
Wang et al. [208] 2014 0.8140 - - - - - 0.14
Mamonov et al. [127] 2014 0.4700 - 0.9000 - - - -
Wang et al. [209] 2015 0.9770 - - 0.9570 - - 10
Riegler et al. [166] 2016 0.9850 0.9388 0.7250 0.8770 - - ∼ 300
Shin et al. [172] 2017 0.9082 0.9271 0.9176 0.9126 - - -
Riegler et al. [165] 2017 0.9850 0.9390 0.7250 0.8770 - - ∼ 75
Yu et al. [215] 2017 0.5005 0.4917 - 0.9471 - 0.4830 -
Petscharnig et al. [146] 2017 0.7550 0.7550 0.9650 0.9390 0.7200 0.7550 -
Yuan et al. [217] 2018 0.8180 0.7232 - - - 0.7431 -
Wang et al. [205] 2018 0.9438 - 0.9592 - - -
Mori et al. [134] 2018 >0.9000 - >0.9000 - - - -
Hoang et al. [72] 2018 0.9281 0.9426 0.9963 0.9932 0.9312 0.9342 23
Hicks et al. [70] 2018 0.9218 0.9378 0.9959 0.9924 0.9228 0.9236 624
Meng et al. [129] 2019 0.8664 0.8664 0.9911 0.9833 0.8542 0.8664 -
Luo et al. [124] 2019 0.9533 0.9533 0.9969 0.9941 0.9480 0.9533 -
Hoang [73] 2019 0.9464 0.9464 0.9964 0.9933 0.9406 0.9464 -
Chang et al. [33] 2019 0.9569 0.9569 0.9971 0.9946 0.9520 0.9569 -
Harzig et al. [64] 2019 0.9490 0.9490 0.9966 0.9936 0.9490 0.9105 -
He et al. [67] 2020 0.9130 0.9130 - - 0.9030 0.9130 -
Galdran et al. [49] 2020 0.8740 0.8740 - - 0.8600 0.8740 -

colonoscopy. The ML or DL models could be helpful in findings to unrecognized lesions

that were previously missed during the examination. In our research [193, 190], we have

done a comprehensive study on the classification of different GI findings using ML and DL

techniques. Most of our experiments are done using a public dataset or the dataset that

was available to us through competitions (Medico Challenge (Kvasir [148], with some ad-

ditional images), CVC-ClinicDB [21], CVC-ColonDB [18], and CVC-VideoClinicDB [11,

20])). We have explored and suggested two solutions based on GFs and ML approaches

and three DL based models. In addition to the development of improved ML and DL mod-

els, the research mostly explored the generalizability of such models and interpretation of

the performance metrics used in the GI images classification tasks.

2.3 GI lesion detection

In the entire GI tract, our research is mainly focused on developing DL models for colorec-

tal polyp detection . Automatic polyp detection is an active research area. Table 2.2

shows an overview of some of the related works in the field of automatic polyp detection

over time. From the table, we can observe that there has been substantial research in this

area. In addition to it, there are also competitions on automated polyp detection [4, 19].
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Table 2.2: Overview of the related work on automated polyp detection

.

Reference Year Sens Spec Prec mIoU FPS

Karkanis et al. [99] 2003 0.9000 0.9700 - - -
Hwang et al. [77] 2007 0.9600 - - - -
Park et al. [145] 2012 0.5600 - - - -
Tajbaksh et al. [187] 2015 0.8800 - - - -
Mo et al. [132] 2018 0.8733 - 0.8970 - -
Zhang et al. [220] 2018 0.7160 - 0.8860 - 6.5
Mohammed et al. [133] 2018 0.8440 - 0.8740 - -
Quadir et al. [173] 2018 0.8030 0.8650 - 0.8330 -
Liu et al. [119] 2019 0.8030 - 0.7360 0.7680 32
Zhang et al. [221] 2019 0.7637 - 0.9392 0.8424 50
Lee et al. [110] 2020 0.9670 - - - 67.17

The results from the table and the competitions show that the recent methods achieve

decent performance and speed. However, polyp miss-rate are reported up to 27% [1, 126].

The statistics include miss-rate due to the polyp and the operator characteristics. Studies

have shown that the polyp detection rate increases when there is assistance from a second

observer [13, 30, 108]. Although there are several CADx systems for polyp detection, [131,

135, 187], a system that can be deployed into the clinical setting for detecting and locat-

ing polyps accurately in real-time during live examination is still missing. Therefore, we

carry out research in the area of development of a real-time polyp detection model that

can help reduce the miss-detection of polyps.

2.4 GI lesion segmentation

In the GI tract, CRC is the second most lethal cancer [184]. Therefore, our research is

mostly focused on building semantic segmentation architectures for colorectal

polyp segmentation . Table 2.3 shows related work in the field of automated polyp

segmentation. From the above-related work, we can see that there has been a considerable

amount of work done in the field of automated polyp segmentation for more than a decade,

and significant progress has been made. Researchers have conducted both retrospective

and prospective studies. Researchers have also considered using more than one dataset to

demonstrate the effectiveness of their architectures [205]. The previous research mostly

focused on obtaining high performance metrics such as DSC, mean intersection over union

(mIoU), recall, sensitivity, or precision. Development of the real-time DL models has been

mostly neglected. Also, most of the research was done on the non-public dataset, and the
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Table 2.3: Overview of the related work on automated polyp segmentation

Reference Year DSC mIoU Rec Prec FPS

Wijk et al. [199] 2010 - - 0.9500 - -
Breier et al. [28] 2011 - - 0.4814 -
Bernel et al. [18] 2012 0.5533 - - - -
Ganz et al. [51] 2012 - - 0.7100 - -
Tajbakhsh et al. [188] 2014 - - 0.8000 - -
Bernel et al. [21] 2015 - 0.7274 - - -
Li et al. [114] 2017 - - 0.7732 0.8999 -
Vazquez et al. [201] 2017 - 0.5607 - - -
Zhang et al. [218] 2017 0.7000 - 0.7566 - -
Wang et al. [205] 2018 - - 0.8824 - -
Akbari et al. [2] 2018 0.8100 - 0.7480 - -
Brandao et al. [27] 2018 - 0.5695 0.6802 - -
Nguyen et al. [140] 2018 0.8890 0.8935 - - -
Wichakam et al. [213] 2018 0.9594 0.6936 0.7814 0.8848 -
Kang et al. [98] 2019 - 0.6607 0.7437 0.7384 -
Sun et al. [182] 2019 0.8248 0.9611 0.9551 0.9671 -
Fang et al. [46] 2019 0.8308 0.8633 - - -
Poorneshwaran et al. [153] 2019 0.8848 0.8127 - - -
Thomaz et al. [9] 2019 - 0.9140 0.8980 0.9360 -
Kassani et al. [100] 2019 0.9087 0.8382 - - -
Guo et al. [60] 2019 0.8014 - 0.8210 0.8349 -
Qadir et al. [154] 2019 0.7042 0.6124 0.7259 0.8000 -
Dijkstra et al. [41] 2019 0.6906 0.5820 - - -
Zhou et al. [226] 2019 - 0.3345 - - -
Banik et al. [14] 2020 0.8130 - 0.7860 0.8090 -
Fan et al. [45] 2020 0.8980 0.8400 - - -
Nguyen et al. [139] 2020 0.9130 - 0.9530 0.9580 -
Thambawita et al. [191] 2021 0.9720 0.9490 0.9720 0.9720 -
Huang et al. [76] 2021 0.9040 0.8480 0.9230 0.9070 86.7
Zhang et al. [222] 2021 0.9200 0.8700 - - -
Ghimire et al. [55] 2021 0.9124 0.8649 - - -
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Table 2.4: Overview of the related work on surgical instrument segmentation

Reference Year DSC mIoU Sens Spec Acc FPS

Shvets et al. [174] 2018 0.8887 0.8236 - - - 88.87ms
Pakhomov et al. [144] 2019 - - 0.8570 0.9880 0.9230 -
Yu et al. [216] 2019 0.9220 0.8645 - - 0.9156 -
Lee et al. [109] 2019 0.9519 0.9085 - - - -
Ni et al. [141] 2020 0.6410 - - - - -
Isensee et al. [82] 2020 0.8741 - - - - -

implementation codes were not released publicly. Additionally, a generalizability study

has been completely missing in the field. In our research, we have addressed the above

issues.

2.5 Surgical instrument segmentation

Several medical examinations and procedures involve medical instruments and tools. In

the colonoscopy and gastroscopy examinations from GI tract, we can often see the scopes,

snares, scissors, etc. Another example is diagnostic laparoscopy in general, a minimally

invasive surgical procedure used to examine the organs inside the abdomen that requires

only small incisions. In all such automated analyses of the images or video frames, it is

essential to identify and localize the instruments, which gives another requirement for the

ML models to be used in CAD systems in the clinic.

Table 2.4 shows the relatively limited related work in the field of surgical instrument

segmentation. In addition to the related works, there are also challenges and competitions

organized [25, 8, 168]. Despite significant progress achieved, the goal of developing a

successful model that can segment and different instruments from the different categories

to meet the requirement of the clinical needs has not been achieved. The development

of such models or systems could assist in surgery. Such a system could be efficient and

reduce the overload of the surgeons and the hospitals.

2.6 Current challenges

There are several challenges associated with developing a CADx system for GI tract

disease detection. A key challenge for the development of a CADx system is the availability

of datasets for training the ML algorithms. There is a high cost associated with the

collection of the medical dataset. It requires a team of experienced medical experts
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Figure 2.10: Example of challenging polyps with different shapes, sizes, and appearances
from our Kvasir-SEG and PolypGen datasets
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(gastroenterologists in our case). Additionally, it requires consent from the hospital and

the patients. An agreement must be signed depending on country regulations. The

privacy concerns associated with the dataset should be addressed. The most important

and tedious task is dataset labeling, annotation, and cleaning for training and testing the

ML algorithms.

GI tract diseases, for example, in colonoscopy polyps, the shape, size, color, and

appearance varies largely. The example of colonoscopy polyps can be seen in Figure 2.10.

There is also a change in the structure and characteristics over time [85]. During a

colonoscopy, the color of the same polyp may vary because of lightning conditions and

scope movement. Additionally, there are polyp-like structures in the colon that may

look similar to actual polyps. There might be certain artifacts such as blurriness in the

images, surgical instruments, flares, intestinal content, etc. Moreover, there is high inter-

class similarity inside the GI tract and intra-class variations. Despite the progress in

colonoscopy, the adenoma miss-rate is 6-27% [1]. In the pooled analysis of 8 randomized

tandem colonoscopy studies, the frequently missed polyps were sessile polyps, flat polyps,

and the polyps whose size were ≤ 10 mm [227]. One of the reasons for polyp miss-rate

during colonoscopy is that it was either not in the visual field of the colonoscope or hard

to reach by gastroenterologists. The other reasons may be that polyps in the colon were

not identified but were overlooked. This is either because polyps were too small and it has

a resemblance with the surrounding tissue. Additionally, the gastroenterologists might

miss polyps that were under the visual field but might have missed due to inadequate

diligence [171, 186]. Despite several efforts from the community [155, 147, 22, 163, 10],

more research is required to address this challenges.

2.7 Summary

In this chapter, we have detailed some statistics about the GI tract and also highlighted

the examination procedure. We have presented the terminology in the domain such as

used classification, segmentation, and detection that will be used throughout the work. We

have also listed some relevant related work in GI tract classification, polyp segmentation,

polyp detection, and instrument segmentation. We have listed the current challenges in

the field of GI endoscopy.

In general, endoscopy activity has been increasing all over the world due to improved

healthcare and awareness. However, the competing demands for endoscopy have yet to

be met. This is mainly due to lack of medical expertise, hospitals, and high cost.
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New initiatives (for example, use of FIT, FOBT, wireless VCE) or different types

of endoscopy (therapeutic endoscopic ultrasound, endoscopic submucosal dissection) and

guidelines have helped to improve the quality of the colonoscopy and endoscopy. However,

new technology raises new challenges to the physicians (for example, the need for dedicated

endoscopy training) rather than the prior endoscopy practice. Although there has been

various several screening options and supporting evidence for reducing one of the leading

cause of cancer in the GI tract, CRC, there is still need of additional research [116, 117].

The CADx system has the potential to accelerate the diagnosis process and can po-

tentially reduce the miss-detection. Moreover, it could also save clinicians time. CADx

model should have the capability to provide at least real-time feedback and have the po-

tential to be integrated into the clinical workflow. Additionally, the development of these

systems could incur minimum additional costs. Among different types of challenges, one

of the main challenges in the field of GI endoscopy is the lack of dataset availability. For

the dataset collection and annotation, there is the requirement of a substantial amount

of time and effort from medical experts. Although different research groups and hospi-

tals collecting datasets and working toward the development of the CADx system, public

sharing of datasets remains a challenging issue. Although there are works that have

shown promising results [31, 36, 110, 130, 152, 205], the algorithms are mostly tested on

non-public datasets, making it difficult for reproducibility and comparison. In the next

chapter, we will present details about datasets design that were publicly released as a

part of our work to accelerate research in the field of GI endoscopy.
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Dataset design and curation

Dataset is a prerequisite for the DL models. Despite the potential of the CADx system

to automatically detect the disease, the GI tract field remains relatively unexplored. The

lack of a publicly available dataset for research and development is one of the contributing

factors to the missing development of automated systems for GI disease. One of the

reasons behind the lack of dataset in the field is because it is challenging to obtain. In

this chapter, we present our datasets that were released to tackle the lack of dataset in

the field of GI endoscopy.

3.1 Dataset collection

Table 3.1 shows an overview of the GI datasets. From the table, we can observe that

there is a lack of datasets in the field. Even with the available datasets, some of them

are not usually used in the research. They are atlas (for example, atlas of gastrointestinal

endoscope [212]) or mostly used for education purposes. Most of the datasets have very few

samples. For example, ETIS-Larib [177] has 196, CVC-ColonDB [18] has only 380 images.

In addition, most of the dataset is only available through request or participation through

challenge (for example, GIANA 2017 [17], GIANA 2018 [11, 20]) and proper licensing are

required to use the datasets (for example, ASU-Mayo polyp database [187]). In this

respect, we have released few publicly available datasets with large samples, diversity,

and classes that do not require any licensing or restriction for academic and research use.

Data collection, curation, annotation, and public release remained vital parts of our

research. We achieve this goal by collecting several GI endoscopy datasets, cleaning,

annotating, extracting the ground truth, and releasing them through our webpage and

various dataset platforms for the research community. We encourage open and repro-
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Table 3.1: An overview of existing GI datasets [26]

Dataset Findings Size Availability

ETIS-Larib Polyp DB [177] Polyps 196 images† Public
CVC-ColonDB [18] Polyps 380 images† ψ By request•

CVC-ClinicDB [21] Polyps 612 images† Public
Endoscopy Disease Detection

challenge (EDD 2020) [6] Polyp, barrett’s esophagus,
high-grade dysplasia, suspi-
cious (low-grade), cancer

386 images Public

GIANA 2017 [17]⋄ Polyps & angiodysplasia 3462 images and 38
videos

By request

GIANA 2018 [11, 20]⋄ Polyps & small bowel lesions 8262 images and 38
videos

By request

ASU-Mayo polyp database [187] Polyps 18,781 images† By request•

CVC-VideoClinicDB [11, 20] Polyps 11954 images† By request•

KID [106]⋄ Angiectasia, bleeding, inflam-
mations, polyps

2371 images and 47
videos

public•

GASTROLAB [54] GI lesions Some 100s of im-
ages and few videos

Public♣

WEO Clinical
Endoscopy Atlas [212] GI lesions 152 images By request♣

GI Lesions in Regular
Colonoscopy Data Set [53] GI lesions 76 images† By request
Atlas of Gastrointestinal

Endoscope [194] GI lesions 1295 images Unknown•

El salvador atlas of
gastrointestinal video

endoscopy [43] GI lesions 5071 video clips Public♣

Kvasir [148] Polyps, esophagitis, ulcera-
tive colitis, z-line, pylorus, ce-
cum, dyed polyp, dyed resec-
tion margins, stool

8000 images Public

Nerthus [150] Stool - categorization of
bowel cleanliness

21 videos Public

Our datasets
HyperKvasir [26] Upper GI and lower GI find-

ings
110,079 GI images
and 373 videos

Public

KvasirCapsule [180] GI anomalies 4,741,504 images Public
Kvasir-SEG [89] Polyps 1000 images† Public
Kvasir-instrument [88] Therapeutic tools 590 images† Public
Medico Automatic polyp
segmentation challenge [91] Polyps 160 images† Public
EndoTect Challenge [71] Upper (U) and lower (L) GI

findings, and Polyps
800 images (U & L
GI) & 200 images†

Public

KvasirCapsule-SEG [92] Polyps 55 images† Public
PolypGen [5] Polyps 3446 images† Public
†Including ground truth segmentation masks ⋄Video capsule endoscopy •Not available anymore ψ Contour
♣Not really a dataset usable for ML

ducible science, so we make our dataset accessible for non-commercial, research, and

academic purposes. We also encourage the community to use our research for commer-

cial purposes after the agreement. Additionally, we also publish research articles on the

dataset and establish standard benchmarks so that other researchers in the community

34



3.2. Dataset annotation protocol

will be encouraged to use and improve the results. Making the dataset public and the

official splits enable comparing the methods on the same dataset and related analysis.

The public release of the dataset helps in the reproducibility of the ML methods that

remains one of the significant challenges in the field.

Toward solving the availability of the dataset in the public domain, our team has al-

ready released the Kvasir [148] dataset for multi-class classification of the GI disease and

the Nerthus [150] dataset for evaluating the quality of bowel cleansing. These datasets

were useful for the classification of the GI disease. However, the Kvasir dataset is only

a multi-class classificationGI tract dataset. Similarly, the Nerthus dataset contains im-

age frames from the bowel-preparation quality. Both of them are very useful datasets,

but these datasets could not be useful for the segmentation and detection task. So,

we started collecting a large number of the samples for the Kvasir dataset and released

HyperKvasir [26]. At the same time, we also focused on VCE datasets, and released

Kvasir-Capsule [180]. Moreover, we started collecting images and videos from a single

centre and multi-centre, annotating and generating ground truth, bounding boxes for the

corresponding images and videos, and releasing it publicly. So, far we have released Kvasir-

SEG [89], HyperKvasir [26], Kvasir-Capsule [180], PolypGen [5], Kvasir-instrument [88],

KvasirCapsule-SEG [92], Medico automatic polyp segmentation challenge dataset [91] and

Endotect dataset [71].

3.2 Dataset annotation protocol

The annotation protocols for different datasets were different. For the Kvasir-SEG [89],

there was a team of a PhD student (computer science), a medical doctor and a senior

gastroenterologist. All the images were uploaded to the Labelbox1. Our aim was to label

the region of interest from each image. Each of the images was manually annotated by

the computational scientist with the help of a medical doctor. Later on, each image

was verified by an expert gastroenterologist. Figure 3.1 shows the images, annotated

corresponding ground truth, and the bounding boxes surrounding polyp.

Similarly, for PolypGen [5] collection, construction and annotation, we had a team of

two post-doctoral researchers, a PhD student from a computer science background and

a team of 6 senior gastroenterologists. Each image was annotated by the computational

scientist and reviewed and verified by a team of senior gastroenterologists. More de-

tails about the dataset collection and annotation protocol can be found in the paper [5].

1https://labelbox.com/
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Similarly, for Kvasir-instrument [88], we had a team of two senior gastroenterologists,

a PhD student, and a summer intern for dataset collection and annotation. Automatic

polyp segmentation challenge [91], Endotect challenge [71], and KvasirCapsule-SEG [92]

dataset were annotated by a team of a PhD student and an expert gastroenterologists.

The details about HyperKvasir[26] and Kvasircapsule [180] curation can be found in their

respective paper.

3.3 Collected datasets

In this section, we introduce each of the collected, curated, and annotated datasets.

3.3.1 Kvasir-SEG

Colorectal polyp segmentation is a demanding task in medical image segmentation. Re-

search in the field of polyp segmentation using computer vision techniques has the poten-

tial to improve examination procedures and reduce the polyp miss rate during colonoscopy.

However, it is challenging to find the publicly available dataset. Even if the images are

available, it is challenging to obtain ground truth that shows the pixel-precise region cov-

ered by polyps. In this context, we selected the polyp class of the Kvasir dataset and

annotated it with the help of a medical doctor and an expert gastroenterologist. The in-

formation about the Kvasir dataset collection procedure and dataset detail can be found

on this webpage2. By adding ground truth and bounding box information to the polyp

class of the Kvasir dataset, we enable and encourage the computer vision and multime-

dia community researchers to develop methods that can contribute to automated polyp

segmentation.

Figure 3.1 shows the example images from Kvasir-SEG. The white mask shows the

area covered by the polyp region, and the background regions show that it contains non-

polyp tissue pixels. Few image samples contain the endoscope position marking probe that

shows the position from where the images were captured. The images in the Kvasir-SEG

were captured using ScopeGuide (Olympus). It is to be noted that in the Kvasir-SEG,

we have replaced 13 images from the polyp class to enhance the dataset quality. We have

put images and masks into a separate folder. The information about the bounding box is

stored in JSON file format. The image name and its corresponding ground truth are the

same.

2https://datasets.simula.no/kvasir/
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3.3. Collected datasets

Figure 3.1: Polyps, corresponding ground truth, and bounding boxes from Kvasir-SEG
dataset

Kvasir-SEG can be downloaded from here3. No prior permission is required for down-

loading when using the dataset for academic and research purposes. For commercial

purposes, prior permission is required. We have received few requests to use the dataset

for commercial purposes and have approved them all. The dataset has also been used in a

few competitions and challenges. It was recently used at a training dataset at “Medico au-

tomatic polyp segmentation challenge” and “EndoTect Challenge” in 2020. In addition to

providing the dataset, we also provide baseline results. The baseline results can be found

in [89]. Through these baseline results, we also invite other medical image analysis and

multimedia research to develop and improve the current SOTA. Portions of the research

community has adopted the Kvasir-SEG for benchmarking their new ML algorithms and

developing novel methods on the dataset.

3.3.2 Endocv2021 Challenge dataset

In 2021, we have hosted the EndoCV2021 Challenge in collaboration with the University

of Oxford. The challenge aimed to develop DL methods to address the generalizability

in polyp detection and segmentation task on a multi-centered dataset. We collected the

dataset from 6 different clinical centers. The example of sample dataset from each center

can be found in Figure 3.2.

These datasets were collected from medical centers from Norway, France, Italy, UK,

and Egypt. We have provided both still image frames and video sequence frames as part

of the dataset. Along with the image and video sequence, we provided: (1) The ground

3https://datasets.simula.no/kvasir-seg
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C1: Ambroise Paré Hospital, Paris, France

C2: Istituto Oncologico Veneto, Padova, Italy

C3: Centro Riferimento Oncologico, IRCCS, Italy

C4: Oslo University Hospital, Oslo, Norway

C5: John Radcliffe Hospital, Oxford, UK

C6: University of Alexandria, Alexandria, Egypt

Figure 3.2: Example of polyp annotations from six different centers [5]

truth mask; (2) Image with bounding box showing the area of interest; (3) Bounding

box information for each image. When releasing the challenge dataset, we organized the

datasets contributed by the different institutions in separate folders. Overall, we have
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Institutes (Outer circle)

Positive samples Negative samples

Annotated size-based polyp counts

Modality (Inner circle)
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Figure 3.3: An overview of the positive and negative samples from PolypGen dataset [5]

released 1,452 still images. We have also released a sequence dataset, which consists of

655 images (490 positive samples comprised of a polyp and 165 negative samples consisting

of normal image frames). Later on, the size of the polyp samples of the same dataset was

increased to 3762 frames, and negative samples were to 2520 frames. Figure 3.3 shows

an overview of polyp samples from each dataset. The details about the challenge set up,

information about the winning solution for both detection and segmentation can be found

in https://endocv2021.grand-challenge.org/.
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Figure 3.4: Examples from Kvasir-Instrument dataset [88]

3.3.3 Kvasir-Instrument dataset

GI endoscopy is a well-researched topic. Previous studies have considered the develop-

ment of new ML methods for classification of GI tract findings, including regular findings,

anatomical landmarks, pathological findings, and instruments in challenges such as Medico

Task 2018 [149] and BioMedia 2019 grand challenge [69]. We have provided a detailed

comprehensive analysis on these challenges [85]. An automated method for the segmen-

tation, detection, and localization of endoscopic tools is essential in laparoscopy [168]

and robotic-assisted surgery [7, 8]. However, because of the limited availability of pub-

licly available datasets, it is difficult for research and development. This was the main

motivation for publishing the Kvasir-Instrument dataset.
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3.3. Collected datasets

Figure 3.5: Example images from upper GI findings of HyperKvasir dataset

The Kvasir-instrument [88] dataset comprises 590 instrument images from GI endo-

scopic procedures, their corresponding ground truth, and the bounding box information.

It is provided open access and can be downloaded from our webpage4. The image res-

olution varies from 720 × 576 to 1, 280 × 1, 024. Figure 3.4 shows sample images from

Kvasir-instrument. From the figure, we can see different types of instruments used in

endoscopic surgery. In the GI endoscopy and laparoscopy, instruments are used surgery.

For the input images, we have first annotated the image using Labelbox. After annota-

tion, we can extract the ground truth. We have generated the bounding boxes from the

ground truth. In the Figure, we have shown examples of bounding boxes surrounding

the instrument, image annotation, and generated masks. Detailed descriptions about the

Kvasir-instrument dataset, such as annotation strategy and benchmark results, can be

found in our paper [88].

3.3.4 HyperKvasir

Hyper-Kvasir [26] is the world’s largest publicly available dataset in the field of GI. It

consists of 110,079 images and 374 videos. Out of 110,079 images, the total number

of labelled images from 23 classes is 10,662. The total number of unlabelled images in

HyperKvasir is 99,417. It is likely that the research community might further classify the

unlabelled images into different classes. GI tract is classified into upper GI and lower GI.

Upper GI consists of anatomical landmarks such as pylorus, retroflex-stomach, z-line, and

pathological findings such as barretts, barretts-short-segment, and esophagitis. Figure 3.5

shows example images from upper GI findings from HyperKvasir dataset.

4https://datasets.simula.no/kvasir-instrument/
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Figure 3.6: Example images from lower GI findings of HyperKvasir dataset

Similarly, the lower GI consists of anatomical landmarks (cecum, ileum, and retroflex-

rectum), pathological findings (hemorrhoids, polyps, ulcerative colitis), quality of mucosal

view (impacted stool, Boston bowel preparation scale ), and therapeutic interventions

(dyed-lifted polyps and dyed resection margins). Figure 3.6 shows sample images from

lower GI tract. This dataset was used for organizing the Endotect Challenge [71] recently.

The dataset can be downloaded from our web pages5. A more detailed explanation about

the HyperKvasir dataset and baseline experiments can be found in our paper [26].

3.3.5 Kvasir-Capsule

Kvasir-Capsule [180] is the world’s largest publicly available video-capsule endoscopy

dataset. The images were collected from Norwegian hospitals and contains 118 videos.

The total number of extracted image frames is 4,820,739, out of which 44,228 frames are

medically verified. These datasets are categorized into 13 different classes. Still, there are

5https://datasets.simula.no/hyper-kvasir/
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3.3. Collected datasets

Figure 3.7: Example images from the labelled image classes of Kvasir-Capsule dataset

around 4,776,479 unlabelled frames. It could be of interest to the multimedia and medical

community to further classify and annotate these datasets. The dataset sample can be

seen in Figure 3.7. Kvasir-Capsule can be downloaded from6. More detailed information

about the dataset, baseline experiments and results can be found in our paper [180].

3.3.6 KvasirCapsule-SEG

KvasirCapsule-SEG [92] is a VCE polyp segmented dataset. It contains polyp images

from the KvasirCapsule [180]. The polyp class of KvasirCapsule has only 55 images.

Figure 3.8 shows example images from KvasirCapsule-SEG dataset. We have annotated

and generated both ground truth and bounding box information with separate folders

for images, ground truth, and images with bounding boxes. The dataset can be down-

loaded from https://www.kaggle.com/debeshjha1/kvasircapsuleseg. More details

about the dataset and baseline experiment can be found in [92].

6https://osf.io/dv2ag/
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Figure 3.8: Polyps, their corresponding ground truth, and bounding box information from
the KvasirCapsule-SEG dataset

Figure 3.9: Polyps, their corresponding ground truth, and bounding box information from
Medico automatic polyp segmentation challenge dataset

3.3.7 Medico automatic polyp segmentation Challenge dataset

The Medico automatic polyp segmentation dataset was released as part of the 2020 Medico

challenge. The participants were asked to use Kvasir-SEG [89] as the training dataset.
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Figure 3.10: Polyps, their corresponding ground truth, and bounding box information
from endotect challenge dataset

We released separately 160 polyp images as the test dataset. The example images from

“Medico automatic polyp segmentation challenge dataset” can be found in Figure 3.9.

The participants were asked to test their algorithm and send us the ground truth, where

we compared the predicted ground truth with our ground truth and provided the scores

to the participants. The detailed information about the challenge can be found in https:

//multimediaeval.github.io/editions/2020/tasks/medico/. The test dataset can

be found in the 7. We have also introduced the challenge and shown the results of each

task in Chapter 4.

3.3.8 Endotect Challenge dataset

The Endotect Challenge dataset was released as part of Endotect challenge8. The chal-

lenge is divided into two parts: (1) GI tract findings classification and (2) polyp segmen-

tation. The development dataset contains 110,079 images and 373 videos. It contains

labeled images, unlabeled images, segmented images, and videos. HyperKvasir [26] was

used for training the algorithms. Kvasir-SEG [89] was used for training the polyp seg-

mentation task.

As the test dataset, we have released 721 images from 11 different classes for the

7https://www.kaggle.com/debeshjha1/medico-automatic-polyp-segmentation-challenge
8https://endotect.com/
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Figure 3.11: Polyps, their corresponding ground truth, and bounding box information
from kvasir-sessile dataset

classification task. For the segmentation task, we have released 200 images. The dataset

is made public for research and academic purposes. These classification datasets can

be downloaded from 9 and the segmentation dataset can be downloaded from 10. Fig-

ure 3.10 illustrates example frames for Endotect challenge dataset. We have created the

ground truth with the help of expert gastroenterologists from our team. In our overview

paper [71], we have presented comprehensive results of all the teams for all GI findings

classification, efficiency and polyp segmentation task.

3.3.9 Kvasir-Sessile

Kvasir-Sessile [85] is not a novel dataset. It is a subset of Kvasir-SEG [89]. Flat ade-

nomas, smaller diminutive, and sessile polyps are usually missed during colonoscopy ex-

amination [105]. Therefore, it was important to select such polyps and train model and

benchmark algorithms. In this regard, we selected 196 such polyp frames from Kvasir-

SEG[89]. After selection, we have put such images in the separate folder. The folder

contains images, ground truth and bounding box. Therefore, the Kvasir-Sessile contains

196 polyp images, ground truth, and images showing the bounding boxes. The example of

Kvasir-Sessile can be found in Figure 3.11. It consists of a polyp with a size of less than 10

9https://drive.google.com/file/d/19cBAyQuEBMfydKZIV0N1q8StJLmuQHWM/view
10https://drive.google.com/file/d/1LNpLkv5ZlEUzr_RPN5rdOHaqk0SkZa3m/view
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mm. More information about the Kvasir-Sessile dataset can be found on the webpage11.

The baseline experiments on the Kvasir-Sessile can be found in this paper [85].

3.4 Evaluation metrics

We have performed GI findings classification, polyp detection and polyp segmentation

tasks. Here, we present the most commonly used computer vision metrics for polyp

segmentation, GI image classification, and polyp detection task. Let us assume that for

all of our tasks, tp, fp, tn, and fn represent true positives, false positives, true negatives,

and false negatives, respectively.

In ML, the trained model is evaluated by metrics such as tp, fp, tn, and fn. In

the context of polyp segmentation, tp means that the model has correctly predicted the

pixel of the polyp classes. Similarly, tn in polyp segmentation means that the model

has correctly predicted the background class. Likewise, fp means that the model has

incorrectly predicted the polyp pixel as the background pixel and fn means that the

outcome of the model incorrectly classified the background pixel as the polyp pixel.

3.4.1 Polyp segmentation

The most commonly accepted metrics for the polyp segmentation task are DSC, and

mIoU. Additionally, we also calculated metrics such as recall, precision, overall accuracy

and FPS.

Dice coefficient (DSC) =
2 · tp

2 · tp+ fp+ fn
(3.1)

Intersection over union (IoU) =
tp

tp+ fp+ fn
(3.2)

Recall (Rec) =
tp

tp+ fn
(3.3)

Precision (Prec) =
tp

tp+ fp
(3.4)

F2 =
5p× r

4p+ r
(3.5)

11https://datasets.simula.no/kvasir-seg/
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Accuracy (Acc) =
tp+ tn

tp+ tn+ fp+ fn
(3.6)

Frame per second (FPS) =
#frames

sec
(3.7)

3.4.2 GI findings classification

We use metrics such as recall, precision, specificity, accuracy, Matthews correlation coef-

ficient (MCC) and F1-score for the GI tract classification tasks. The definition of recall,

precision, specificity and accuracy are the same as above. Here, we define the specificity,

MCC and F1-score for the classification task. For the multi-class classification problem

of the GI endoscopy image, we consider MCC as the most relevant metrics.

Specificity (Spec) =
tn

tn+ fp
(3.8)

Matthews correlation coefficient (MCC) =
tp× tn− fp× fn√

(tp+ fp)(tp+ fn)(tn+ fp)(tn+ fn)
(3.9)

F1-score (F1) =
precision× recall

precision+ recall
(3.10)

3.4.3 Polyp detection

The preferred metrics for the polyp detection task are average precision (AP) and mIoU.

The definition of mIoU remains the same as the segmentation task. The AP or mean

average precision (MAP) is used to evaluate the comparison of the predicted ground

truth bounding boxes of the area of interest with the original ground truth of the area of

interest.

AP =
∑

n

{(rn+1 − rn) pinterp(rn+1)}, (3.11)

with pinterp(rn+1) = max
r̃≥rn+1

p(r̃). In the equation, p(rn) represents the precision value at a

given recall value. Additionally, we calculate APs for mIoU with threshold of 0.25, 0.5,

0.75. Moreover, we also calculate FPS.
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3.5 Summary

In this chapter, we have shown the existing dataset in the field of GI endoscopy and

pointed out the lack of public datasets in the field. We have discussed the data collection

and annotation procedure. Additionally, we have briefly introduced our collected and

annotated datasets. Moreover, we have also presented the evaluation metrics used for

evaluating the model’s performance for the classification, detection and segmentation

tasks.

Lack of medical dataset has restricted the research and development in the field of GI

endoscopy despite the potential of the ML algorithm to improve the clinical procedure.

Because of the lack of datasets, there is no possibility of testing an existing algorithm

or developing new solutions. One of the reasons why the dataset is not available is that

medical datasets are challenging to collect requiring a team of medical experts from the

hospitals and computer scientists. Moreover, it requires prior approval from the hospital

and patient consent. Medical experts (gastroenterologists) are usually less accessible for

research purposes. Thus, data collection may not be possible for all medical image analysis

researchers. Even if the dataset is collected in the community, the research community

often does not share their dataset publically, due to their agreement with the hospital or

some other reasons.

Towards this end, we have collected, and publicly released world’s largest datasets for

GI conditions classification (HyperKvasir[26]) and VCE (Kvasir-Capsule [180]. Addition-

ally, our effort has led to the collection and public release of Kvasir-SEG [89], Kvasir-

Instrument [88], KvasirCapsule-SEG [92], Kvasir-Sessile [85]), PolypGen [5], Medico au-

tomatic polyp segmentation dataset [91], and Endotect challenge dataset [71]). Much of

the research community has already adopted our datasets for the research and develop-

ment of novel DL methods. We conjecture that the open access and publicly available

datasets will be helpful to accelerate research in both academia and industry. Moreover,

our datasets could play a crucial role in the development of AI technology for the VCE,

colonoscopy, and GI endoscopy.

In the next chapter, we will present our designed algorithms used for the GI tract

classification, polyp segmentation and detection, and surgical instrument segmentation.

We will show the results on datasets presented in this chapter. Additionally, we will also

introduce the challenges and competitions organized, which inspired us to generate and

develop the presented datasets.
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Chapter 4

Classification, detection, and

segmentation

In this chapter, we briefly introduce our proposed DL models to address the research

objectives. Here, we will introduce some of the proposed works and CNN based architec-

tures for automatic GI tract findings classification, polyp detection, polyp segmentation,

and surgical instrument segmentation in laparoscopy. For the experimentation, we have

mainly used our collected datasets presented in the earlier chapter. More details about

each architecture and dataset can be found in the respective papers listed in the appendix.

4.1 Classification models for GI findings

We approach classification of GI tract findings from both upper and lower GI tract using

ML techniques. The findings include images from the anatomical landmark (z-line, py-

lorus, cecum), pathological findings (esophagitis, polyps, ulcerative colitis), polyp removal

cases (dyed and lifted polyps, dyed resection margins), and normality and regular findings

(normal colon mucosa, stool). We have used images from the Medico challenge [149], and

extracted GFs using Lire [125]. We have used GFs such as joint composite descriptor

(JCD), tamura, color layout (CL), edge histogram, and pyramid histogram of oriented

gradients (PHOG). The extracted features were sent to the simple logistic classifier and

logistic model tree classifier. We have used Weka [61]. Weka has the collection of ML

algorithms for classification, regression, clustering etc. Later on, the trained models were

used to compute the prediction on the new test datasets provided by the task organizers.

The predictions were sent to the challenge organizers. The official results showed that our

model achieved MCC score of 0.8353 with the simple logistic classifier and 0.8350 with the
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Figure 4.1: Block diagram of the proposed methods for multi-class GI tract findings
classification [84]

Figure 4.2: Confusion matrix plot of the best results. A-P represents class labels [84]

logistic model tree classifier [193]. We also presented CNN and a transfer learning based

approach. We obtained the best results of 0.9421 and ranked 2nd in the competitions.

The confusion matrix of the best results can be shown in Figure 4.2. All of these five

models were tested across various datasets. The explanation about the GFs, datasets,

classifiers, experimental setup, and results can be found in our study [190].

Additionally, we have presented a comprehensive study on the automated classification

methods for multi-class GI tract findings. The study is based on Medico GI challenges

52



4.1. Classification models for GI findings

Figure 4.3: MCC comparison of the 21 participating teams in Medico 2017, 2018, and
BioMedia 2019 challenge [84]

(Medical Multimedia Task at MediaEval 2017, Medico Multimedia Task at MediaEval

2018, and BioMedia ACM MM Grand Challenge 2019). In this study, we have dissected

the three challenges and highlighted the strength and weaknesses of the 21 methods

presented in 3 consecutive years. The average MCC score for 2017 is 0.7548, 2018 is

0.8175, and 2019 is 0.9276. The individual and the average MCC can also be observed in

Figure 4.3.

We have also dissected the methods based on their credibility to be used in clinical

settings. For this, we have calculated the clinical ranking score for each method. The

clinical applicability rank is presented in Table 4.1. The clinical applicability rank is based

on MCC, efficiency, and processing speed. We have calculated the clinical applicability

rank based on the algorithm performance through frame-level classification score and

efficiency (FPS). In the table, we refer ‘Clas.’ as MCC classification, ‘AR’ as MCC

Algorithm Robustness, ‘RR’ as Robustness-rank, ’SR’ as Speed-rank, ‘Rank’ as MCC

Rank, ‘CAR’ as Clinical applicability rank, and ‘na’ as not available. 10 is the imputed

rank for speed and robustness ranking. More detailed information about the ranking can

be found in our paper [84].

In addition to the classification and efficiency task, we have also evaluated the “au-

tomatic report generation task”, where the participants were asked to generate the en-

doscopic procedure’s text report. Moreover, we have also evaluated the results for the

hardware task, where the participants were asked to submit docker images for their sub-

mission to benchmark the proposed algorithms on the same hardware. The detailed

information about all the Medico challenges can be found here [164, 149, 68]. Detailed in-

formation about each teams’ method, automatically generated report, their experimental
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Table 4.1: Clinical applicability of the participants methods [84]

Year Team Clas. AR Speed RR SR Rank CAR
2
0
1
7

HKBU 0.6626 0.6946 2.2 4 10 18 8
FAST-NU 0.7331 0.7114 2.3 3 10 16 7
ITEC-AAU 0.7202 0.7202 1.4 1 10 17 7
SIMULA 0.8220 0.7856 46 10 2 14 5
SLC-UMD 0.8257 0.8257 1.3 1 10 15 7

2
0
1
8

LesCats 0.9325 0.9035 624 3 1 7 3
RUNE 0.928 na na na na 8 na
UMM-SIM 0.9082 na na na na 9 na
ParaNoMundo 0.8983 0.8965 8.61 1 10 10 4
AAUITEC 0.8897 na na na na 11 na
FAST-NU-DS 0.6302 0.8132 43329 10 1 19 7
NOAT 0.5368 na na na na 20 na
HKBU 0.5357 0.5357 3744.4 1 1 21 6
S@M 0.9397 na na na na 6 na
HCMUS 0.9398 0.9342 23 1 3 5 2

2
0
1
9

CIISR 0.8542 0.8542 98.9 1 1 12 3
DeepBlue 0.948 0.9406 3226 1 1 2 1
HCMUS 0.9406 0.9406 3.6 1 10 4 4
Mcdull 0.9520 na na na na 1 na
uniaugsburg 0.9490 0.9201 1272 3 1 3 2

setup, results, analysis of failed classes, clinical applicability, and critical discussion can

be found in our paper [84].

4.2 Polyp detection

In this work, we aim to accurately locate the instances of polyps in the colonoscopy im-

age datasets using different popular detection methods. We have used object detection

algorithms to predict bounding boxes of the object classes. There are two-stage detec-

tors and one-stage detectors. In the two stage detectors (for example, R-CNN [57], Fast

R-CNN [56], Faster R-CNN [159] or Mask R-CNN [66], (i) the region proposals are iden-

tified, (ii) in the second stage of the network, the objects are classified within the region

proposals along with the bounding box regressions. In one-stage detectors, (for example,

you-only-look-once (YOLO)v2 [156], single shot multiBox detector (SSD) [120]), anchor

boxes are used for predictions across the entire image that for the regions that the CNN

network predicts. Figure 4.4 shows the example of one-stage object detection and lo-

calization methods. The one-stage detectors are usually faster than two-stage detectors.

Although one-stage detector models have lower accuracy, these methods have attracted
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Figure 4.4: One stage object detection methods [93]

Figure 4.5: Detection results on the test set of Kvasir-SEG dataset [93].

attention in the community because of their ability to achieve higher speed and optimal

accuracy.

In our work, we have used both two-stage detectors such as (Faster R-CNN [159])

and one-stage detectors (for example, RetinaNet [118], YOLOv3 [157], YOLOv4 [24]) for

the comparison. Figure 4.5 shows the results of the detection methods of EfficientDet-

D0, YOLOv4, Faster R-CNN and RetinaNet (with ResNet50 backbone). The confidence

score of each method on each image is provided. The figure is divided into two parts. The

left side of the border shows the best results obtained by the presented methods. Here,

the methods obtained the highest mIoU and have a similar type of results in all of the

cases. On the right side, the results show the example of the failure cases on the presented

algorithm.
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Table 4.2: Performance comparison on polyp detection task on the Kvasir-SEG. We have
highlighted two best scores [93]

Method Backbone AP IoU AP25 AP50 AP75 FPS

EfficientDet-D0 [189]
EfficientNet-b0,

biFPN 0.4756 0.4322 0.6846 0.5047 0.2280 35.00
Faster R-CNN [159] ResNet50 0.7866 0.5621 0.8947 0.8418 0.5660 8.00
RetinaNet [118] ResNet50 0.8697 0.7313 0.9395 0.9095 0.6967 16.20
RetinaNet [118] ResNet101 0.8745 0.7579 0.9483 0.9095 0.7132 16.80
YOLOv3+spp [157] Darknet53 0.8105 0.8248 0.8856 0.8532 0.7586 45.01

YOLOv4 [24]
Darknet53,

CSP 0.8513 0.8025 0.9123 0.8234 0.7594 48.00
ColonSegNet
(Proposed) - 0.8000 0.8100 0.9000 0.8166 0.6706 180.00

The proposed ColonSegNet [93] is basically an end-to-end segmentation network. We

have converted the predicted mask from the ColonSegNet into the bounding boxes and

evaluated the prediction score for the polyp detection task. Table 4.2 shows the quanti-

tative results on polyp detection tasks. From the results, we observe that ColonSegNet

produces a competitive AP of 0.8000, and mIoU of 0.8100. However, ColonSegNet achieves

the highest processing speed of 180 FPS, which is nearly 3.5 times that of the baseline

YOLOv4 [24]. A detailed explanation about the hyperparameters, architectural design,

and datasets can be found in our paper [93].

4.3 Polyp segmentation

In the last section, we have explained our automatic polyp detection method. The polyp

detection method can indicate the area of interest for the potential polyp or polyps.

However, it does not provide any information about each pixel of the polyp region, which

is crucial for gastroenterologists. Polyp segmentation algorithms can predict each pixel

of the polyp from an input image. Therefore, most of our research is focused on au-

tomatic polyp segmentation. We have designed architectures such as ResUNet++ [94],

DoubleUNet [86], ResUNet++ + CRF + TTA [85], ColonSegNet [93], NanoNet [92],

DDANet [195], and PNS-Net [95]. All of these architectures are endcoder-decoder net-

works.

4.3.1 ResUNet++

We have designed the ResUNet++ [94] architecture, especially for polyp segmentation.

It is an encoder-decoder network. Our architecture is inspired by ResUNet [223]. The
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Figure 4.6: ResUNet++ architecture [94]

designed architecture uses residual block, squeeze and excitation block [75], atrous spatial

pyramid pooling [35], and attention block [200]. The block diagram of the ResUNet++

architecture is shown in Figure 4.6. In the proposed architecture, we have introduced

a sequence of squeeze and excitation blocks as shown in Figure 4.6. We have also used

atrous spatial pyramidal pooling (ASPP) to connect the encoder and decoder part of the

network.

In the decoder part of the network, we introduce a novel attention block that is used
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Table 4.3: Performance comparison of proposed models on Kvasir-SEG [85]

Method DSC mIoU Recall Precision

UNet [167] 0.7147 0.4334 0.6306 0.9222
ResUNet [223] 0.5144 0.4364 0.5041 0.7292
ResUNet-mod [223] 0.7909 0.4287 0.6909 0.8713
ResUNet++ [94] 0.8119 0.8068 0.8578 0.7742
ResUNet++ + CRF 0.8129 0.8080 0.8574 0.7775
ResUNet++ + TTA 0.8496 0.8318 0.8760 0.8203
ResUNet++ +TTA + CRF 0.8508 0.8329 0.8756 0.8228

Table 4.4: Performance comparison of proposed models on CVC-VideoClinicDB [85]

Method DSC mIoU Recall Precision

ResUNet++ 0.8798 0.8730 0.7749 0.6702
ResUNet++ + CRF 0.8811 0.8739 0.7743 0.6706
ResUNet++ + TTA 0.8125 0.8467 0.6896 0.6421
ResUNet++ + TTA + CRF 0.8130 0.8477 0.6875 0.6276

in each decoder block. We have used nearest-neighbour up-sampling. The output of the

decoder block is concatenated with the feature map of the residual block from the encoder

through skip connection. The residual unit with identity mapping follows this process.

We have also used a series of skip connections from the residual unit of the encoder section

to the attention block of the decoder section. We specify the number of filters to [32, 64,

128, 256, 512] in the encoder section. The sequence is reversed in the decoder part of the

network, and the order ultimately becomes [512, 256, 128, 64, 32].

The proposed architecture consists of one stem block and three encoder blocks in the

encoder part of the network. ASPP lies between encoder and decoder, and there are three

decoder blocks. Skip connections are used for information propagation between encoder

and decoder. The output of the last decoder block is passed to the ASPP. The output is

now passed to the 1 × 1 convolution followed by the sigmoid activation function. Batch

normalization is used for all the convolution layers except the output layer. The final

output is a binary segmentation mask. A detailed explanation about the residual block,

squeeze, and excitation blocks, ASPP, attention units can be found in our work [94, 85].

4.3.2 Extension of the ResUNet++

ResUNet++ showed promising results and was adopted as the baseline method for results

comparison in other research articles. With this motivation, we further explored the pos-

sibility of improvement of ResUNet++ and evaluated it with several publicly available

datasets. For this, we used conditional random field (CRF) and test-time augmentation
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Table 4.5: Performance comparison of the models on ASUMayo Clinic database [85]

Method DSC mIoU Recall Precision

ResUNet++ [94] 0.8743 0.8569 0.6534 0.4896
ResUNet++ + CRF 0.8850 0.8635 0.6504 0.4858
ResUNet++ + TTA 0.8553 0.8535 0.6162 0.4912
ResUNet++ + TTA + CRF 0.8550 0.8551 0.6107 0.4743

Figure 4.7: Qualitative comparison of our proposed method with the baseline methods [85]

(TTA) for further results improvement. We performed comprehensive experiments us-

ing four publicly available still image datasets and two video datasets. The still images

dataset have at least one polyp contained in an image, whereas the video dataset has both

positive samples containing polyp and negative samples without polyps. Additionally, to

increase the training samples, we have performed data augmentation such as horizontal

flip, vertical flip, center crop, compose, transpose, elastic transform, grid distortion, op-

tical distortion, random brightness, random contrast, gaussian blur, gauss noise, channel

shuffle, coarse dropout etc. An extensive hyperparameter search mechanism was applied

to find the optimal hyperparameter. Moreover, we also evaluate standard computer vision

metrics for the ResUNet++, CRF, and TTA used in our work [85].

We perform a cross-dataset test to explore the generalizability of the polyp segmenta-
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Figure 4.8: Qualitative result comparison of models that are trained on CVC-ClinicDB
dataset and tested on Kvasir-SEG [85]

tion. For this, we have trained on polyp datasets from one centre and tested them across

other publicly available datasets. Additionally, we mixed the datasets from two different

center and tested it across the new datasets. Moreover, we experimented with the Kvasir-

Sessile dataset, a subset of Kvasir-SEG, that contained flat or sessile polyps to evaluate

the effectiveness of our method on the polyps that are usually overlooked by endoscopists

during endoscopic examination. Table 4.3, Table 4.4 and Table 4.5 show the results after
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4.3. Polyp segmentation

Figure 4.9: Example shows the failing cases on Kvasir-SEG, where ResUNet++, and its
extension fails [85]

using CRF and TTA. More results on different individual datasets and cross-dataset can

be found in our paper [85]. We have also presented the qualitative results in addition to

the quantitative results.

We present the qualitative results comparison of the proposed ResUNet++, CRF, and

TTA with it competitor networks such as UNet, ResUNet, and ResUNet++ architecture

in Figure 4.7. Here, we have selected flat or sessile polyps as the use case. Flat or sessile

61



Chapter 4. Classification, detection, and segmentation

Figure 4.10: ROC curve of proposed and baseline models on the Kvasir-SEG [85]

polyps are usually overlooked during the colonoscopy examination, which can turn out

into CRC at the later stage. Our proposed method “ResUNet++ + CRF + TTA” shows

better results as compared to UNet, ResUNet, and ResUNet++. Additionally, from the

qualitative results, we observe that our method has a high similarity between the ground

truth and predicted masks of the polyp sample.

Similarly, Figure 4.8, shows qualitative comparison of the cross-dataset test results.

From the qualitative results, we can observe that even for the cross-dataset test (i.e.,

model trained on CVC-ClinicDB and tested on Kvasir-SEG), the proposed method shows

promising results with different types polyp samples. However, it is to be noted that

these are among the best examples of the predicted masks. The quantitative results of

the model trained on CVC-ClinicDB and tested on the Kvasir-SEG dataset can be found

in our paper. Moreover, we also show the cases, where our algorithm fails in Figure 4.9.

From the Figure, we can see that the models usually fail when there are multiple

polyps in a single frame or fails when there is a polyp like structure but not a polyp.

More training data will be required to develop accurate and robust models. Figure 4.10

shows the receiver operating curve (ROC) curve of different models trained on the Kvasir-

SEG dataset. From the ROC curve, we observe that our proposed model “ResUNet++
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Figure 4.11: Block diagram of the proposed DoubleU-Net architecture [86]

+ TTA”, has the value of 0.9504, which is 2.01% more than ResUNet++. From all

of the above results (qualitative, quantitative, and ROC curve), we have shown that our

proposed model can segment polyp of different sizes and shapes. Additionally, our models

showed better performance on flat or sessile polyps. Our model outperformed other SOTA

methods on the various publicly available datasets.

4.3.3 DoubleUNet

Inspired by the success of UNet [167], for medical image segmentation tasks, we have

proposed DoubleUNet [86]. In our proposed network design, we have used two modified

UNet architectures. Thus, it is termed as DoubleUNet. In the first encoder, we have used

VGG-19 [178] as the pretrained encoder. VGG-19 is selected because it is a lightweight

model compared to other pre-trained Imagenet [39] models. Also, the concatenation

between UNet and VGG-19 is more straightforward. Additionally, a deeper segmentation

network can potentially produce better segmentation output.

Figure 4.11 shows the block diagram of DoubleUNet. DoubleUNet has two networks,
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Figure 4.12: Qualitative result comparison between initial output and final output of
DoubleU-Net on CVC-ClinicDB [86]

Table 4.6: Result comparison on CVC-ClinicDB [86]

Method DSC mIoU Recall Precision

Fully Convoutional Network [114] - - 0.7732 0.8999
CNN [140] (0.62-0.87) - - -
SegNet [205] - - 0.8824 -
Multi-scale patch-based CNN [14] 0.8130 - 0.7860 0.8090
MultiResUNet with data augmentation [79] - 0.8497 - -
Conditional generative adversarial network [151] 0.8848 0.8127 - -
U-Net 0.8781 0.7881 0.7865 0.9329
DoubleU-Net 0.9239 0.8611 0.8457 0.9592

namely NETWORK 1 and NETWORK 2. In NETWORK 1, input is passed through

VGG-19 (encoder 1), ASPP, and decoder blocks, which generates the predicted output

masks (Output 1 ). The Output 1 acts as an input to NETWORK 2, where element-wise

multiplication is performed between original input and Output 1. After passing through

the different encoder blocks, ASPP and decoder blocks, we get Output 2. Finally, the

Output 1 and Output 2 are concatenated to observe the qualitative difference between

the intermediate mask (Output 1 ) and final predicted output mask (Output 2 ).

We assumed that the generated output feature map from NETWORK 1 could be im-
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proved further by fetching the input image along with the corresponding masks and its

concatenation with the output of network 2 (i.e., Output 2 ). The concatenation can po-

tentially produce better segmentation output masks utilizing two modified U-Net based

architectures. This is the main idea behind choosing the architectural design of Dou-

bleUNet. An explanation about the ASPP, squeeze and-excitation block, encoder, and

decoder blocks used in DoubleUNet can be found in our paper [86].

Table 4.6 shows the comparison of the quantitative results of DoubleUNet with other

recent methods. From the quantitative results, we can observe that DoubleUNet produces

DSC of 0.9239, and mIoU of 0.8611, which is almost 4% higher than SOTA, Poomeshwaran

et al. [151] and around 1.5% in mIoU than in Ibtehaz et al. [79]. We have experimented

with four different datasets. The other results can be found in our paper[86]. Similarly, in

Figure 4.12, we have shown the comparison of the results of the outputs from NETWORK

1 and the final output (output 2 ). From the comparisons of the qualitative results between

output 1 and output 2, we observe that both of the networks produce over-segmentation

on challenging images. However, careful observation can show that the results of final

output masks are better than the intermediate masks (i.e., output 1 ).

4.3.4 ColonSegNet

ColonSegNet [93] is an encoder-decoder based network like ResUNet++ [94] and Double-

UNet [86]. It mainly uses residual block [65], and squeeze and excitation network [75].

While designing the network, we have considered the number of parameters. Real-time

performance can be achieved with the lightweight model, so we aim to maintain a low

number of parameters. ColonSegNet has only a few trainable parameters as compared to

the other popular semantic segmentation architectures.

Figure 4.13 illustrates the block diagram of ColonSegNet. Our proposed architecture

consists of two encoder blocks. The encoder block extracts all the essential information

from the provided input image. This necessary information is passed to the decoder

block. Each decoder block is connected with two skip connections from the encoder

block. The first skip connection is simple concatenation. The second skip connection

from the encoder is passed via the transpose convolution for incorporating multiscale

features with the decoder block. The multiscale features acquired through the encoder

helps the decoder in generating better semantic and meaningful information that can be

observed in the form of segmentation masks.

At first, the input image of size (512, 512, 3) is fed into the first encoder. The first
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Figure 4.13: Block diagram of ColonSegNet [86]

encoder consists of two residual blocks and a 3×3 strided convolution in between them. A

2×2 maxpool layer follows the residual block. After the maxpool layer, the output feature

map spatial dimension is contracted to 1
4
to that of the input image. The components

in the second encoder block are two residual blocks and strided convolution in between

them.

The decoder block starts with transpose convolution. Here, the decoder uses a stride
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Table 4.7: Performance comparison on Kvasir-SEG [93]
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of 4. Now, the feature map spatial dimension is increased by 4. Likewise, the second

decoder of our network utilizes a stride value of 2, which increases the spatial dimensions
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Top 16 set

GTGTOriginal U-Net

Bottom 16 set
a) Top scored and bottom scored sets.

b) Predicted masks for selected top scored images from (a)

c) Predicted masks for selected bottom scored images from (a)

3

RUNet++ FCN8 D-UNet PSPNet DLabv3+

GT U-Net

1
RUNet++ FCN8 D-UNet PSPNet DLabv3+

HRNet ColonSegNetColonSegNet

ColonSegNetHRNet

U-Net-
RN34

U-Net-
RN34

Figure 4.14: Example images show the best and worst-performing polyp samples
: a) 16 top set (left) and bottom 16scored sets (right), b) example images, corresponding
ground truth and their predictions for top-scored images and c) example images, its
ground truth and their prediction for the bottom scored images. Green rectangles
highlight the selected images sample from the top-scored set, and red rectangle
highlights those from the bottom scored set. Here, we assume, UNet-RN34 =

UNet-ResNet34, RUNet++ = ResUNet++, D-UNet = Double UNet, DLabv3+ =
DeepLabv3+ (ResNet50) [93]
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by the factor of 2. It is followed by simple concatenation and a residual block. After this,

the output is concatenated with the second skip connection and are passed through the

residual block. The output of the final decoder block is passed through a 1×1 convolution

and sigmoid activation function, which produces binary segmentation masks [86].

In Table 4.7, we present the quantitative results of ColonSegNet and its competitors.

We have comapared ColonSegNet, from baseline architectures (example, FCN [123] and

UNet[167]) to the widely used computer vision architectures such as DeepLabv3+ [34],

HRNet [204], PSPNet [224], along with the different backbones. From the Table, we can

observe that ColonSegNet achieves competitive DSC of 0.8206, mIoU of 0.7239, F2-score

of 0.8206, precision of 0.8496, recall of 0.8496, accuracy of 0.9493, and a FPS of 182.38.

Here, it is to be noted that ColonSegNet does not use any pre-trained encoders, whereas

UNet, which has a maximum DSC of 0.8747, uses ResNet34 as pretrained encoder. The

results show that our architecture can produce decent performance metrics and a high

processing speed of 182.38, which is more than 5 times compared with UNet-ResNet34.

Figure 4.14 shows the example images from the best- and worst-performing polyp

samples. This figure can be divided into three sub-figures. The first sub-figures shows top

and bottom scored sets. Sub-figure (b) shows the qualitative results on the top-scored

images. The results show the efficiency of ColonSegNet. From the qualitative results, we

can observe that even DeepLabv3+ performs well. Similarly, in sub-figure (c), we can

observe the qualitative results on the bottom scored images. ColonSegNet shows over-

segmentation for some examples, whereas under-segmentation for some samples. However,

the qualitative comparison shows ColonSegNet as the best option.

4.3.5 NanoNet

NanoNet [92] is an encoder-decoder architecture. We have presented the block diagram

of NanoNet in Figure 4.15. While designing NanoNet, we aimed to design a lightweight

network architecture. The proposed network architecture uses MobileNetV2 [170], a pre-

trained ImageNet model as the encoder. There is a modified residual block in between the

encoder (MobileNetV2) and decoder. There are three decoder blocks in the architecture.

At first, the input images are fed into the pre-trained MobileNetV2 encoder. The main

reason for using MobileNetV2 as a pre-trained encoder is that it is a lightweight model.

It has shown high accuracy despite of utilizing very few parameters. The pre-trained

encoder (MobileNetV2) begin with standard convolution having a number of 32 feature

channels. This is followed by the bottleneck layer and ReLU6 activation function. In
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Figure 4.15: Block diagram of (a) NanoNet architecture, and (b) Modified Residual
block [92]

the entire encoder network, the feature maps are gradually downsampled by utilizing the

strided convolution [92].

The output from the encoder block is passed through the modified residual block,

which is passed to the decoder block. The block diagram of the modified residual block

can be observed in Figure 4.15. In each decoder block, bilinear upsampling is used for

increasing the spatial dimension of the input feature maps. Next, the concatenation is

done between the appropriate feature maps from the pre-trained MoibleNetV2 encoder to

the decoders using skip connections. The final concatenated features are passed through

the modified residual block as shown in the Figure. It was done to improve the gener-
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4.3. Polyp segmentation

Table 4.8: Qualitative results comparison of NanoNet with recent baseline methods on
KvasirCapsule-SEG [92]

Method Parameters DSC mIoU Recall Precision F2 Accuracy FPS
ResUNet (GRSL’18) [223] 8,227,393 0.9532 0.9137 0.9785 0.9325 0.9677 0.9386 17.96
ResUNet++ (ISM’19)[94] 4,070,385 0.9499 0.9087 0.9762 0.9296 0.9648 0.9334 15.39
NanoNet-A (Ours) 235,425 0.9493 0.9059 0.9693 0.9325 0.9609 0.9351 28.35
NanoNet-B (Ours) 132,049 0.9474 0.9028 0.9682 0.9308 0.9593 0.9324 27.39
NanoNet-C (Ours) 36,561 0.9465 0.9021 0.9754 0.9238 0.9629 0.9297 29.48

Figure 4.16: Qualitative results analysis of NanoNet-A on KvasirCapsule-SEG dataset

alizability capability of the decoder block. Finally, the output is passed through 1 × 1

convolution and sigmoid activation function for the binary class segmentation [92].

We have designed three NanoNets, namely NanoNet-A, NanoNet-B, and NanoNet-
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C. The only difference in the three architectures is the number of feature channels. In

NanoNet-A, 32, 64, and 128 feature channels are used. We have used feature channels

of 32, 64, and 96 for NanoNet-B. In NanoNet-C, the feature channels are again reduced

to 16, 24, and 32. As the feature channels are reduced, the number of parameters in the

network is also reduced, evidenced by 235,425 trainable parameters in NanoNet-A, 132,049

trainable parameters in NanoNet-B, and 36,561 trainable parameters in NanoNet-C [92].

Table 4.8 shows the qualitative results comparison of different version of NanoNet

with ResUNet [223] and ResUNet++ [94]. A result comparison shows that our lightweight

model, NanoNet-C achieves a DSC of 0.9465 and mIoU of 0.9021, which is very competitive

to the DSC and mIoU of ResUNet, that has a maximum DSC of 0.9532 and mIoU of

0.9137. However, when we take the processing speed into consideration and compare,

NanoNet-C almost produces a near real-time speed of 29.48 FPS, which is nearly twice

of the ResUNet. Similarly, Figure 4.16 shows the qualitative results of NanoNet-A on

KvasirCapsule-SEG dataset. From the qualitative results, we can observe that for some

WCE frames, our proposed method NanoNet-A, produces a good segmentation mask.

However, for some of the images, it shows over-segmentation. It is to be noted that

KvasirCapsule-SEG, has only 55 samples. Therefore, in the future, we plan to collect and

annotate more WCE datasets and test our algorithm to make any generalizable remarks.

Additionally, we have also trained and tested our architectures with three other different

datasets. A detailed explanation about the architecture, datasets, implementation details,

and results can be found in our paper [92].

4.4 Other segmentation architectures

We have also designed other medical image segmentation architectures such as Dual De-

coder Attention Network (DDANet) [195], Progressively Normalized Self-Attention Net-

work (PNS-Net) [95], and UNet-ResNet50 [3]. The works such as Feedback Attention

Network (FANet) [196], Multi-scale Residual Fusion Network (MSRFNet) [181], and Met-

alearning under few shot setting [103] are under review.

The architecture design of all of these segmentation models can be found in their re-

spective papers. DDANet [195] was especially designed for “2020 Endotect Challenge”.

The model produces a DSC of 0.7874 and FPS of 70.23 on the Endotect challenge segmen-

tation dataset. PNS-Net [95] achieves a DSC of 0.8400, mIoU of 0.7450 with CVC-300-TV

dataset. UNet-ResNet50 [3] achieves a DSC of 0.8154 and mIoU of 0.7396. We have high-

lighted some of the results in Table 4.9. We have tested our architectures on more than
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Table 4.9: Results of the proposed segmentation algorithms on experimented datasets

Reference Year Dataset DSC mIoU Rec Prec Acc F2 FPS

ResUNet++ [94] 2019 Kvasir-SEG[89] 0.8133 0.7927 0.7064 0.8774 - - -
DoubleUNet++ [86] 2020 CVC-ClinicDB [21] 0.9239 0.8611 0.8457 0.9592 - - -

UNet-ResNet50 [3] 2020

Medico automatic polyp

segmentation challenge 0.8154 0.7396 0.8533 0.8532 0.9506 0.8272 -
ResUNet++ + CRF [85] 2021 ASU-Mayo [187] 0.8850 0.8635 0.6504 0.4858 - - -
ColonSegNet [93] 2021 Kvasir-SEG [89] 0.8206 0.7239 0.8496 0.8435 0.9493 0.8206 182.38
NanoNet [92] 2021 KvasirCapsule-SEG [92] 0.9532 0.9137 0.9785 0.9325 0.9386 0.9677 17.96
DDANet [195] 2021 Endotect 2020 [71] 0.7874 0.7010 0.7987 0.8577 - - 70.23
PNS-Net [95] 2021 CVC-ColonDB [18] 0.8400 0.7450 - - - - 140.00

Table 4.10: Codes for our segmentation architectures

Method Code

ResUNet++ [94] https://github.com/DebeshJha/ResUNetPlusPlus

ResUNet++ + CRF + TTA [85] https://github.com/DebeshJha/ResUNetPlusPlus-with-CRF-and-TTA

DoubleUNet [86] https://github.com/DebeshJha/2020-CBMS-DoubleU-Net

ColonSegNet [93] https://github.com/DebeshJha/ColonSegNet

NanoNet [92] https://github.com/DebeshJha/NanoNet

DDANet[195] https://github.com/nikhilroxtomar/DDANet

PNS-Net [95] https://github.com/GewelsJI/PNS-Net

one dataset but only highlighted some of the results here. The source code of the proposed

architectures can be found in Table 4.10.

4.5 Surgical instrument segmentation

Intra-operative tracking of the surgical instrument is vital in computer and robotic-

assisted interventions [168]. Computer and robotic-assisted systems have the potential

to improve the clinical workflow in laparoscopy. Tracking surgical instruments is difficult

because of challenging conditions (for example, specularity, blood, smoke, reflections, and

motion artifacts). There are existing automated methods for surgical instrument detec-

tion and segmentation. However, significant limitations lie in algorithms robustness and

generalizability. Robustness is the ability of the automated methods to perform consis-

tently even on challenging images. Generalizability is the ability of the algorithms trained

on one specific dataset from one hospital should generalize across new datasets from other

interventions.

We participated in the Robust Medical Instrument Segmentation (ROBUST-MIS)

challenge and provided our solutions for binary instrument segmentation. Our solu-

tion was inspired by Refined Attention Segmentation Network (RASNet) [142]. RASNet

is an encoder-decoder architecture. The main motivation behind choosing the RasNet

based architecture was its ability to capture both higher-level and lower-level features.
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Chapter 4. Classification, detection, and segmentation

Figure 4.17: Qualitative results of nine DL algorithm on the ROBUST-MIS datasets [87]

Our special focus was on data augmentation and hyperparameter tuning. RASNet uses

ResNet50 [65] as an encoder, and the decoder consists of an attention fusion module

and decoder block [142]. ResNet50 is pre-trained on ImageNet[39], and therefore, it can

capture deep semantic features efficiently. The attention fusion module fuses the low-

level and high-level features efficiently and significantly improve segmentation accuracy

by selecting precise position information. Our team was ranked 8th in the generalization

ranking and 7th in the robustness ranking for the binary segmentation task. Both of them

considered DSC as the evaluation metrics. A detailed score of our team and the challenge

can be found in our paper [168].

In our last work [87], we have further evaluated and compared some of the recent DL ar-

chitectures to improve the performance on binary surgical instrument segmentation tasks.

For this we have compared algorithms such as UNet [167], FCN8 [123], ResUNet [223],

PSPNet [224], DeepLabv3+ [34], ResUNet++[94], ColonSegNet [93], and DDANet [195]

with different backbones. Figure 4.17 shows the qualitative results of nine segmenta-

tion methods on easy, medium, and hard cases. The qualitative and quantitative results

showed that the architectures such as ColonSegNet, and DDANet performed reasonably

well with different types of instruments. ColonSegNet produces DSC of 0.8495, mIoU of

0.7943, and FPS of 185.54. Similarly, DDANet produces DSC of 0.8739, mIoU of 0.8183

and FPS of 101.36. The result showed DDANet as the most efficient method among nine

methods with a real-time speed of 101.36 FPS. A detailed description of experimental

setup and configuration, strengths and weaknesses of the methods can be found in our

paper [87].
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4.6. Challenges and competitions

4.6 Challenges and competitions

We have introduced three challenges and competitions, namely, “2020 Medico Automatic

Polyp Segmentation Challenge [91]”, “Endotect challenge [71]”, and “EndoCV2021 chal-

lenge [5]”. The Medico and Endotect challenges used the HyperKvasir [26] and Kvasir-

SEG [89] datasets. For the EndoCV2021 challenge, we have created and used the Polyp-

Gen [5] dataset. Common datasets and benchmarking of the methods are essential for

developing automated methods for clinical translation. The goal of the challenge was to

benchmark several proposed classification and semantic segmentation DL algorithms on

the same dataset. Here, we briefly describe each challenge.

4.6.1 Medico automatic polyp segmentation challenge

The “Medico automatic polyp segmentation challenge1” is an international benchmarking

challenge hosted through Mediaeval2 platform. The “Medico automatic polyp segmen-

tation challenge” aimed to benchmark automated polyp segmentation algorithms on the

same dataset. The challenge also aims to develop a method that can detect challenging

polyps (for example, flat polyps, sessile polyps and small or diminutive polyps). In this

challenge, we invite multimedia and computer vision researchers to submit the results on

two tasks, namely, (i) polyp segmentation task and (ii) algorithm efficiency tasks. In the

first task, the participants were asked to design and submit the best automated methods

to automatically segment polyps. In the second task, participants were asked to submit

the results taking speed into account. The evaluation metrics for the first task and second

task was mIoU and FPS respectively. A detailed description of the challenge, tasks, and

evaluation metrics can be found in our paper [91].

Table 4.11 shows the results of the “polyp segmentation task (task i: required)” of the

17 participating teams in the challenge. Table 4.12 shows the results of the “algorithm

efficiency task (task ii: optional)” from the 9 participating teams in the challenge. Team

“PRML2020GU” obtained the highest mIoU of 0.7897 and highest DSC of 0.8607. Simi-

larly, team “GeorgeBatch”obtained the highest processing speed of 196.89 FPS. However,

we consider only the teams with a minimum of mIoU of 0.70 and FPS of 30. Therefore,

the algorithm proposed by team “HCMUS” was considered as the best solution for the

algorithm efficiency task.

1https://multimediaeval.github.io/editions/2020/tasks/medico/
2http://www.multimediaeval.org/
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Table 4.11: Polyp segmentation task

Team Name Jaccard DSC Recall Precision Accuracy F2

PRML2020GU 0.7897 0.8607 0.9031 0.8673 0.9546 0.8748
HBKU UNITN SIMULA 0.7773 0.8476 0.8503 0.8897 0.9630 0.8448
AI-TCE 0.7770 0.8503 0.9164 0.8389 0.9566 0.8790
HGV-HCMUS 0.7659 0.8405 0.8943 0.8445 0.9465 0.8576
IIAI-Med 0.7619 0.8385 0.8304 0.9012 0.9602 0.8283
SBS 0.7550 0.8316 0.8316 0.8851 0.9582 0.8249
ML-MMIV Saruar 0.7516 0.8228 0.8390 0.8822 0.9564 0.8249
AI-JMU 0.7374 0.8143 0.8266 0.8743 0.9463 0.8103
MedSeg JU 0.7133 0.8019 0.8354 0.8286 0.9446 0.8124
VT 0.7057 0.7926 0.8830 0.7878 0.9331 0.8236
NKT 0.6847 0.7801 0.8077 0.8126 0.9404 0.7854
UNITRK 0.6437 0.7287 0.7098 0.8572 0.9432 0.7131
GeorgeBatch 0.6351 0.7327 0.7500 0.8229 0.9422 0.7361
AMI Lab 0.6195 0.7088 0.7286 0.7914 0.9325 0.7122
IRIS-NSYSU 0.5035 0.6417 0.8791 0.5849 0.8726 0.7508
UiO-Zero 0.4381 0.5618 0.6972 0.5558 0.8806 0.6110
FAST-NU-DS 0.1834 0.2669 0.2744 0.2918 0.8272 0.2676

Table 4.12: Algorithm efficiency task

Team Name Jaccard DSC Recall Precision Accuracy F2 FPS

HCMUS 0.7364 0.8074 0.8164 0.8646 0.9572 0.8067 33.27
SBS 0.7341 0.8148 0.8764 0.8145 0.9452 0.8354 26.66
NKT 0.6847 0.7801 0.8077 0.8126 0.9404 0.7854 80.60
FAST-NU-DS 0.6582 0.7556 0.8982 0.7171 0.9255 0.8109 67.51
UNITRK 0.6437 0.7287 0.7098 0.8572 0.9432 0.7131 116.79
GeorgeBatch 0.6351 0.7327 0.7500 0.8229 0.9422 0.7361 196.79
AMI Lab 0.6195 0.7088 0.7286 0.7914 0.9325 0.7122 107.87
AI-JMU 0.7213 0.8017 0.8359 0.8495 0.9345 0.8056 3.36
PRML2020GU 0.5083 0.6265 0.6003 0.7870 0.9149 0.6029 2.25

4.6.2 Endotect 2020 challenge

Endotect 2020 challenge3 is an international challenge that aimed to develop automated

methods to detect GI tract abnormalities and findings that could potentially aid gastroen-

terologists in the clinic. In this challenge, we offered three tasks (i) GI findings detection,

(ii) efficient detection, and (iii) polyp segmentation. HyperKvasir [26] was provided as the

development dataset to the participants. New datasets were provided as the test dataset.

Five teams submitted results for the detection tasks. Two teams submitted results for

efficient detection tasks, and five teams submitted the results for the segmentation tasks.

3https://endotect.com/
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Team “howard [67]” provided the winning solution for detection and efficient detection

tasks, and team “aggcmab [49]” provided the winning solution with DSC of 0.920. A

detailed description of the task, each teams method, and results can be found in our

paper [71].

4.6.3 EndoCV2021 challenge

EndoCV20214 is an international competition aimed at benchmarking and development of

new computer vision and DL algorithms on polyp detection and polyp segmentation tasks.

The main aim of the challenge is to address the generalizability issue in polyp segmentation

and detection. For this, we have created a new dataset called polypGen [5]. PolypGen is

a comprehensive dataset that consists of data from 6 different centres, comprising more

than 300 patients. The dataset includes both still frames and sequence frames with more

than 3,446 annotated polyps and corresponding ground truth labels and bounding box

labels. Our dataset was curated by a team of three computer scientists and six expert

gastroenterologists. In addition to the polyps frames in the sequence dataset, we also

released 2,520 negative samples that are normal frames captured during the endoscopic

examination and that does not consist of any polyp samples. Therefore, we released 6,282

frames, including both still frames and sequence frames, through the challenge. More

information about the dataset can be found in our paper [5]. Thambawita et al. [191]

provided the winning solution for the segmentation challenge, and Gan et al. [50] provided

a winning solution for the polyp detection task.

4.7 Summary

In this chapter, we have briefly presented our designed algorithms for automated GI tract

findings classification, polyp detection, polyp segmentation, and instrument segmentation.

We have shown the example results obtained by few methods for each objective. We have

also pointed out our other valuable works that have been done as part of our research. The

codes of the proposed segmentation architectures have been made publicly available and

are highlighted. Additionally, we have presented the scores of the proposed architectures.

Some of the results achieved from our core research (i.e., polyp segmentation) show that

the proposed methods can be used in real procedures. Moreover, we have also briefly

explained the challenges and competitions organized as part of the main research. We

4https://endocv2021.grand-challenge.org/
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have presented the results of the “Medico automatic polyp segmentation challenge” in

the thesis. The results of Endotect 2020 is presented in our paper [71]. The results of the

“EndoCV2021” is found on the challenge webpage.

In the next chapter, we will discuss objective-wise contributions and how it helps to

achieve the study’s main goal. Additionally, we will also discuss the other contributions

that were not part of the main research but contributed to other areas of multimedia

research. Moreover, we also highlight a few commercial systems and devices that were

recently developed and can be integrated into hospitals to aid gastroenterologists. Fur-

thermore, we also highlight the challenges and potential limitations in the field.
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Discussion

The main research aim of the thesis is to design automated methods for GI abnormalities

classification, detection, and segmentation. We have proposed different architectures and

datasets to achieve the main goal. In this chapter, we will discuss the contribution based

on each objective, and finally, we show how each objective full fill our main research goal.

5.1 Summary and contributions

5.1.1 Objective I

The aim of objective I is to collaborate with the different medical centres and gastroen-

terologists, collect the datasets, and make them publicly available to the research com-

munity. Once a dataset is collected, we sort the still images and videos from the whole

dataset. Then, we check the duplication, anonymize the dataset (if needed), label it, and

store it in a particular format.

We maintain the heterogeneity during the dataset creation and adapt specific protocol

while selecting the dataset. The images that belong to a particular class (for us, colorectal

polyp in most cases) are double-checked with the medical experts. Once the images are

confirmed, we upload the images to the annotation toolbox and label the region of interest

(ROI) (for our case area covered by polyp or polyps). All the annotations are exported,

and the ground truth masks are generated. The generated masks will be useful for medical

image segmentation tasks. Additionally, bounding boxes around the ROI are formed. The

bounding boxes information are useful for the detection tasks.

Regarding collecting medical datasets, we have made sure that privacy and ethical

concerns have been addressed before we released the dataset. So far, we have publicly
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released Kvasir-SEG [89], HyperKvasir [26], KvasirCapsule [180], PolypGen [5], Kvasir-

Instrument [88], and KvasirCapsule-SEG [92]. Additionally, we have also released datasets

through the “Endotect challenge [71]” and “Medico automatic polyp segmentation chal-

lenge [91]”. However, in these cases, new test images were released. Similarly, we released

Kvasir-Sessile [85], which is a sub-set of the Kvasir-SEG dataset, that consists of flat or

sessile polyps. Furthermore, we benchmark the algorithms on the datasets to initiate

research and invite computer vision and medical multimedia researchers to develop new

methods and test on the publicly available datasets.

5.1.2 Objective II

Objective II aims to explore, investigate, and design ML methods for GI findings classifi-

cation and design of the automated polyp detection model. In this respect, we approach

the multi-class GI tract classification problem based on global image features and ML

classifiers. We obtain the best MCC of 0.8353 [193]. We further extended this work

by evaluating the performance of our ML models to the specific classification problem,

with and without retraining. We have evaluated the performance using different standard

computer vision metrics, including ROC and precision recall curve (PRC). This study

has emphasized the importance of cross-data test and performance metrics interpretation

rather than choosing single performance metrics and one dataset [190].

In another study [85], we have performed a detailed analysis of automated ML classifi-

cation methods with the endoscopic imaging dataset. This paper summarizes the methods

presented at Medico and BioMedia competitions from 2017 to 2019. Our analysis revealed

that participants showed improved performance over consecutive years both in accuracy

and computational speed. Our clinical relevance ranking results showed that the team

that achieved the highest accuracy had a lower rank than that team with decent accuracy.

This was due to both speed and accuracy used for the computation of the clinical ranking.

Additionally, we proposed LightLayers [90], a method to reduce the number of trainable

parameters in the DNN and tested it across non-medical datasets and showed promising

results.

For the automated polyp detection, we have trained algorithms such as EfficientDet,

YOLOv4, Faster RCNN, RetinaNet, and YOLO3 with different backbones. We have

compared these algorithms with our ColonSegNet. The comparison demonstrated the

performance of the ColonSegNet on the Kvasir-SEG dataset and established a strong

benchmark. Basically, it is a segmentation architecture trained end-to-end. In our case,
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we have converted the predicted masks into bounding boxes and calculated the speed and

other performance metrics.

5.1.3 Objective III

In objective III, we aim to design new medical image segmentation architectures that can

segment medical images with high accuracy and high processing speed. Our research is

mainly focused on colorectal polyp segmentation and surgical instrument segmentation.

As the supporting cases, we have investigated and showed that our architectures could be

extended to the general medical image segmentation tasks. For the automated polyp seg-

mentation, we have designed some architectures considering higher DSC, whereas other

architectures are designed considering real-time processing speed and competitive DSC.

The architectures such as ResUNet++ [94], “ResUNet++ + CRF + TTA [85]”, Double-

UNet [86], Ensemble MultiResUNet [197], and UNet-ResNet50 [3] focus on the scores such

as higher DSC and higher mIoU. The architectures such as NanoNet [92], DDANet [195],

ColonSegNet [93], and PNS-Net [95] are mostly focused on processing speed by design.

Detailed explanations and results about all the architectures can be found in their re-

spective papers. The codes of all of the segmentation architectures are available here:

https://github.com/DebeshJha.

Towards addressing the generalizability issue, we have done an extensive cross-data

test on publicly available datasets [85]. Moreover, we have organized “Polyp Detec-

tion & Segmentation: Addressing generalisability” to address the generalizability issue in

polyp segmentation and detection1. For this challenge, we have also released multi-centre

datasets toward addressing the need for generalizability in polyp segmentation and detec-

tion [5]. Additionally, we have organized the competitions, namely, “Medico automatic

polyp segmentation challenge2” where we ask participants to develop efficient algorithms

for automatic polyp segmentation focused on highest accuracy and speed. Moreover,

we have also organized the Endotect 2020 challenge, where we ask participants to au-

tomatically classify GI findings and segment polyps. Through various challenges and

competitions, our contributions are providing a platform, releasing new datasets, evaluat-

ing and reproducing different proposed methodologies on the same train and test dataset.

Crowdsourcing based solution provides an opportunity to learn jointly and utilize the

cross-domain knowledge to solve the same problem, which leads to the development of

better algorithms.

1https://endocv2021.grand-challenge.org/
2https://multimediaeval.github.io/editions/2020/tasks/medico/
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We have evaluated and compared popular semantic segmentation architectures for the

surgical instrument segmentation [87]. The comparison showed that our Dual decoder

attention network (DDANet) architecture outperform other SOTA methods used in the

comparison both in terms of DSC and speed. Moreover, we participated in the ROBUST-

MIS challenge3, where we proposed a solution based on Refined Attention Segmentation

Network (RASNet) [142]. Our solution was ranked 8th for the binary instrument seg-

mentation task in the challenge. An overview of the challenge, dissection of each team’s

results, and the result summary on binary and multi-instance instrument segmentation

tasks can be found in our paper [168].

5.1.4 Contribution to the main goal

The main goal of our research is to develop classification, detection, and segmentation al-

gorithms for automated examination of GI tract findings. We aim to achieve this through

the three objectives mentioned above. The significant problem in the field of GI endoscopy

is the lack of publicly available datasets for research. Towards achieving this, we have

collected, labeled, and annotated multiple datasets with the help from expert gastroen-

terologists, and publicly released new GI endoscopy datasets such as HyperKvasir [26],

KvasirCapsule [180], PolypGen [5], Kvasir-SEG [89], Kvasir-Instrument [88], Medico au-

tomatic polyp segmentation challenge [91], EndoTect challenge [71], and KvasirCapsule-

SEG [92] (objective I). These datasets have been acquired in close collaboration with Nor-

wegian hospitals, except PolypGen [5], which comes from the collaboration with hospitals

from France, Italy, United Kingdom, Egypt, and Norway. The senior gastroenterologists

identified the problems in detecting lesions in the hospitals and provided feedback on the

datasets and results. Additionally, we have provided benchmarks on these datasets to en-

courage other researchers to use our datasets and develop novel and reproducible methods

on the publicly available datasets. Therefore, we achieve our first objective (objective I )

through several GI endoscopy dataset collection public releases.

Next, we designed automated methods for multi-class GI tract findings classification

using GFs and ML techniques (objective II ). We demonstrated that our best method

achieved MCC of 0.8353 on medico 2018 challenge dataset [193]. We performed cross-

dataset bias study on four GI endoscopy datasets and five ML techniques in the context

of GI findings and abnormalities classification. Our experimental results suggested that a

multi-center or a cross-dataset evaluation is important for a realistic understanding of the

3https://robustmis2019.grand-challenge.org/
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performance of the ML models in the real-world setting [190]. Moreover, we performed a

comprehensive study, where we evaluated, compared, dissected, ranked, and summarized

23 automated classification methods presented in the different GI endoscopy competi-

tions [84]. We analyzed from ML methods using global image features to recent CNN

based approaches using transfer learning and specialized data augmentation. Our study

showed significant results improvement for GI tract finding classification, efficiency, and

automatic reporting tasks over three consecutive years. We advocate organizing more

competitions and analyzing the clinical applicability of the developed methods based on

their merits such as higher accuracy, higher speed, robustness and transparency. Further-

more, we organized the 2020 Endotect challenge, where we proposed classification tasks,

evaluation metrics, datasets and evaluated the participant’s results. In GI endoscopy,

crowdsourcing is a popular technique to solve complex problems. In our competition,

Team Howard [67] achieved a MCC score of 0.9030 and processing speed of 129.74 FPS.

In the context of automated polyp detection, we have developed a method, ColonSeg-

Net [93], that can detect polyps at 180 FPS and produces AP of 0.8000 and mIoU of

0.8100. We achieve our second objective (objective II ) through the presented methods

and studies.

We have designed several architectures for automated polyp segmentation [94, 86, 92,

195, 93, 85, 95, 3, 197] (objective III ). One of example contributions of our algorithm

is the combination of “ResUNet++, CRF, and TTA [85]”, where the proposed method

achieved DSC of ≥ 0.8500 with three still images and achieved ≥ 0.8800 with two video

datasets. The proposed architectures can identify and segment flat and sessile polyps

with high accuracy, which is one of the significant contributions of semantic segmenta-

tion architecture. In the polyp segmentation tasks, usually processing speed was often

neglected. We have built several architectures considering speed [92, 195, 95, 93]. One

of our polyp segmentation architectures designed considering processing speed is Colon-

SegNet [93], that achieved real-time processing speed of 182.38 FPS, with decent DSC

and mIoU scores. The results suggests that ColonSegNet could be useful to the clini-

cian during the live examination. Similarly, we have developed NanoNet [92], which is a

lightweight architecture with a smaller model size and low computational cost. NanoNet

has only 36,561 parameters. The model could be integrated into low-end endoscope hard-

ware devices. The architecture produces a real-time processing speed of 30 FPS with five

datasets and an acceptable DSC. Similarly, for the surgical instrument segmentation in

laparoscopy, we have researched and proposed two methods [168, 87]. DDANet achieved

DSC of 0.8739 and mIoU of 0.8183 and real-time processing speed of 101.36 FPS with
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the ROBUST-MIS challenge dataset. We achieve our third objective (objective III ) by

designing several CNN based architectures for automated polyp and surgical instrument

segmentation.

We achieve our main goal by connecting three different objectives (objective I, objective

II, and objective III ) to develop classification, detection and segmentation methods for

CADx and CADe for the automated examination of anomalies in the GI tract. We

have highlighted some of the results that show that our algorithm has the potential to

identify, detect, and segment potential lesions with high accuracy and high speed. We have

shown that the designed algorithm performs well with other medical imaging datasets as

well. However, we conjecture that it will also perform well with the non-medical imaging

datasets. Moreover, our lightweight models have the potential to be integrated with the

endoscopic device and could also be useful to other mobile applications.

5.2 Possible limitations

The objective wise contribution shows that our method achieved promising results for

each of the objectives. However, there are also limitations associated with our study.

Our research is based on a retrospective study. Prospective DL studies and randomized

trials are less subjected to bias. However, we have the limitation of resources to conduct

prospective studies. Although we proposed several datasets during our study, our models

are still trained on the limited datasets. Better solutions could be achieved with datasets

having a large and diverse samples.

Despite CNN based approaches provide a better performance, there are also certain

challenges associated with it. Interpretation of the CNN based approaches are difficult. It

is difficult to decide how much data is required or how many layers are needed to achieve

desirable performance. Catastrophic forgetting is another challenge associated with the

CNN [128]. Additionally, CNN are bad at encoding representation [169]. In our work, we

have resized images during training of the DL models for reducing the complexity of the

network. However, it could also potentially lose relevant information, which can influence

the network performance. Furthermore, we have optimized the code. However, further

optimization of code might exist.
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(a) ENDO-AID (b) EVIS X1 trolley

Figure 5.1: Olympus’ endoscopy system (olympus-europa.com)

5.3 Commercial systems

Since the end of 2019, there are some AI based commercial products designed to sup-

port gastroenterologists in the clinic especially developed for detection and treatment of

colorectal polyps. The CADe based application can highlight suspicious lesions such as

adenomas, polyps, and malignant neoplasm during the colonoscopy examination and pre-

vent from CRC. However, this is the initial stage, and their systems have not been tested

on the cohort populations, and there are still chances of improving the technology. There

are devices such as DISCOVERYTM4 from Pentax Medical, GI GeniusTM5 intelligent en-

doscopy module from Medtronic, CAD EYE module6 from FujiFilm, and ENDO-AID7

from Olympus.

4https://www.pentaxmedical.com/pentax/en/95/2/DISCOVERY-new
5https://www.medtronic.com/us-en/c/digestive-gastrointestinal/gi-genius.html
6https://www.onis.com/en/cad-eye-artificial-intelligence-fujifilm-eluxeo
7https://mdc.olympus.eu/asset/084438885177/00b6f92967815b6dde91959494a5fc2e
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5.4 Summary

In this chapter, we discussed our contributions based on each objective and showed how

we fulfilled our objectives. We showed that how it helped us to achieve the main goal.

We have presented some of the example results to demonstrate the effectiveness of our

methods. We also discuss the possible limitation of the study and highlight the need for

more public datasets for research. Additionally, we also present some of the currently

available commercial systems. However, we also point out that the current systems are

at the initial stage, and the current systems miss a large number of polyps in colonoscopy

examination. Therefore, there is still a huge potential for algorithmic improvement for

deployment across several hospitals for saving the life of the patients.

In summary, we believe that our contributions will have a societal impact in the field

of upper endoscopy and colonoscopy. During our research, we have been able to expand

our collaboration with several medical experts and hospitals from where we can collect,

develop, and release more datasets that could be useful to the researchers working in the

GI endoscopy and medical image analysis. We have developed algorithms and established

collaboration with computer scientists working to solve the same challenge. We plan to

compare our methods’ performance with the team of gastroenterologists and observe the

difference in the results. These results can help in better understanding the problem and

help us in designing better frameworks.
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Conclusion and future work

We have proposed various methods and datasets for the development of new technology

in the field of GI endoscopy. The scope of the research was to build novel automated

classification, detection, and segmentation methods in the field of GI endoscopy that

could assist gastroenterologists in the standard colonoscopy or endoscopy procedure. In

this chapter, we reveal the main conclusions of our work. Additionally, we highlight

possible limitations and areas of improvement. Moreover, we also point out some of the

future research directions.

6.1 Conclusion

We have developed high performing architectures for CADx and CADe systems based

on DL techniques for automated classification, detection, and segmentation of GI tract

abnormalities and findings. The retrospective study showed that our models could identify

the potential presence of abnormalities and lesions (for example, polyps in the colon, flat

or depressed polyp, adenomas) with high performance. We have shown that our proposed

architectures can reduce the miss rate and improve the detection rate even for flat or sessile

polyps. We have shown that our architectures can automatically classify GI abnormalities

and findings with high accuracy and segment colon polyps and surgical instruments in

real-time with high processing speed.

Moreover, we have collected, labelled, annotated, and released several GI endoscopy

and colonoscopy datasets, including datasets from multi-centre that can be freely down-

loaded under open source license for academic, research and industrial purpose (prior con-

sent required). To the best of our knowledge, HyperKvasir [26] and Kvasir-Capsule [180]

are the world largest and diverse publicly available GI tract and VCE datasets. Simi-
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larly, PolypGen [5] is also only the publicly available multi-center dataset available for

academic research and innovation. We invite multimedia and medical image analysis com-

munity researchers through the open-access datasets to provide their solutions through

the challenge to tackle generalizability. Moreover, we have explored and analyzed the

generalizability of the proposed methods using the cross-dataset test towards designing

generalizable polyp segmentation models. We have highlighted the lack of generalizabil-

ity issues of the best performing model on the completely new (independent) datasets

through the comprehensive study. We have made the source code and train-test split of

the datasets available for most proposed methods. It helps in method reproducibility and

result comparison with the other recent SOTA methods.

The results have shown that our architectures can improve clinical outcomes and help

endoscopists as our methods can identify multiple polyps simultaneously, including lesions

such as flat polyps or sessile polyps that are overlooked by endoscopists in real-time. The

architectures presented in the study can make the endoscopy efficient, easy, accessible,

and reduce the miss-rate and overall load of endoscopists, nurses, and hospitals. We

conjecture that our architectures can be helpful to detect missed lesions regardless of

endoscopists experience and current attentiveness. Additionally, the designed models for

CADe detection and segmentation have the potential to minimize the eye movement of

the endoscopists, which would make the endoscopy procedure easier. As the endoscopy

procedure is time-consuming, CNN models have large potential to provide convenient

support during an examination.

6.2 Future work

Although we have presented promising results for automatic GI tract disease classification,

colorectal polyp segmentation and detection, and comprehensive dataset collection, there

is still potential for improvement in each area. We have developed algorithms that perform

reasonably well on the available datasets. However, computational scientists can improve

the metrics such as accuracy and speed. To show the full potential of the developed

algorithms, we still need high-quality and diverse datasets to explore the strength and

weaknesses of our methods and their usability in clinical settings. Currently, we have

only labelled a few thousand images out of a hundred thousand’s images in our released

datasets. The released datasets have a high potential to build robust and generalizable

algorithms for building CADe system to reach clinical goals. In the future, we plan to label

it further with the collaboration of a team of expert gastroenterologists. Additionally, we
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plan to collect more multi-centre and diverse datasets to solve the challenges related to

the lack of heterogeneous datasets in the field of colonoscopy. The open-access datasets

provide an opportunity for benchmarking and development of better generalizable DL

models for automated colorectal polyp segmentation.

Our work is mainly focused on colorectal polyps, where we have achieved good results.

However, our model should be investigated for other bowel conditions as well. Multi-centre

datasets and randomized trials with information from thousands of patients are essential

to evaluate better if our methods are clinically significant. Additionally, in our papers,

we have mainly shown both best performing cases and failure cases. In the future, we

plan to develop new methods to improve the results of the failure cases. Future research

should focus more on improving the understanding and interpretability of the results of the

CNN models. Additionally, statistical analysis of the methods is required to account for

the differences between the baseline and the proposed methods. A potentially optimized

combination of robust, generalizable, reproducible, and interpretable CNN models could

be useful to build clinical relevant systems.

We have released a video polyp sequence dataset with both positive samples and nega-

tive samples. In the future, researchers could build automated methods on such datasets.

Most of our segmentation models are specifically focused on the binary segmentation

problem due to the lack of relevant datasets. Future research should be focused on the

multi-class segmentation problem. Most of our research is based on developing encoder-

decoder and transfer learning-based architectures. Future research should explore the use

of different modalities, such as textual information in the form of patient information,

and medical history along with imaging data. Similarly, transformer-based architectures

should be explored in future. Although, we have summarized the results through the

competition on automatic report generation tasks, future research should focus more on

generating standardized endoscopy reports in GI endoscopy. This will reduce the overall

administrative burden of the clinicians. It will also help to prepare a standard report

to interpret and describe the finding consistently. Researchers could explore learning

paradigms such as multi-task learning, meta-learning, domain adaptation, online learn-

ing, and continual learning in the future. Finally, we aim to test our methods on the

hardware for clinical reliability.
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[43] El Salvador Atlas of Gastrointestinal Video Endoscopy. http://www.gastrointestinalatlas.

com/index.html. Accessed: 2019-12-16.

[44] Andre Esteva et al. “Dermatologist-level classification of skin cancer with deep

neural networks”. In: nature 542.7639 (2017), pp. 115–118.

[45] Deng-Ping Fan et al. “Pranet: Parallel reverse attention network for polyp segmen-

tation”. In: Proceedings of the International Conference on Medical Image Com-

puting and Computer-Assisted Intervention (MICCAI). 2020, pp. 263–273.

94



Bibliography

[46] Yuqi Fang et al. “Selective feature aggregation network with area-boundary con-

straints for polyp segmentation”. In: Proceedings of the International Confer-

ence on Medical Image Computing and Computer-Assisted Intervention (MIC-

CAI). 2019, pp. 302–310.

[47] Deborah A Fisher et al. “Complications of colonoscopy”. In: Gastrointestinal en-

doscopy 74.4 (2011), pp. 745–752.

[48] US Preventive Services Task Force. “Screening for Colorectal Cancer: US Pre-

ventive Services Task Force Recommendation Statement”. In: The Journal of the

American Medical Association (JAMA) 325.19 (2021), pp. 1965–1977.

[49] Adrian Galdran, Gustavo Carneiro, and Miguel A González Ballester. “A hier-
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A.1 Paper I: ResUNet++: An Advance architecture

for Medical image Segmentation

Authors: D. Jha, P.H. Smedsrud, M. A. Riegler, P. Halvorsen, T. de Lange, D. Johansen,

and H. D. Johansen
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Abstract—Accurate computer-aided polyp detection and seg-
mentation during colonoscopy examinations can help endo-
scopists resect abnormal tissue and thereby decrease chances
of polyps growing into cancer. Towards developing a fully
automated model for pixel-wise polyp segmentation, we propose
ResUNet++, which is an improved ResUNet architecture for
colonoscopic image segmentation. Our experimental evaluations
show that the suggested architecture produces good segmentation
results on publicly available datasets. Furthermore, ResUNet++
significantly outperforms U-Net and ResUNet, two key state-of-
the-art deep learning architectures, by achieving high evaluation
scores with a dice coefficient of 81.33%, and a mean Intersection
over Union (mIoU) of 79.27% for the Kvasir-SEG dataset and a
dice coefficient of 79.55%, and a mIoU of 79.62% with CVC-612
dataset.

Index Terms—Medical image analysis, semantic segmentation,
colonoscopy, polyp segmentation, deep learning, health informat-
ics.

I. INTRODUCTION

Colorectal Cancer (CRC) is one of the leading causes of
cancer related deaths worldwide. Polyps are predecessors to
this type of cancers and therefore important to discover early
by clinicians through colonoscopy examinations. To reduce
the occurrence of CRC, it is routine to resect the neoplastic
lesions (for example, adenomatous polyps) [1]. Unfortunately,
many adenomatous polyps are missed during the endoscopic
examinations [2]. A Computer-Aided Detection (CAD) system
that, in real-time, can highlight the locations of polyps in the
video stream from the endoscope, can act as a second observer,
potentially drawing the endoscopist’s attention to the polyps
displayed on the monitor. This can reduce the chance that
some polyps are overlooked [3]. For this purpose, an important
improvement of pure anomaly detection approaches, which
only identify whether or not there is something abnormal in
an image, we also want our CAD system to have pixel-wise
segmentation capability so that the specific regions of interest
within each abnormal image can be identified.

A key challenge for designing a precise CAD system for
polyps is the high costs of collecting and labeling proper
medical datasets for training and testing. Polyps come in a
wide variety of shapes, sizes, colors, and appearances as shown
in Figure 1. For the four main classes of polyps: adenoma,

Fig. 1. Examples of polyp images and their corresponding masks from Kvasir-
SEG dataset. The first and third column represents the original images, and
the second column and fourth column represents their corresponding ground
truth.

serrated, hyperplastic, and mixed (rare), there are high inter-
class similarity and intra-class variation. There can also be
high background object similarity, for instance, where parts of
a polyp is covered with stool or when they blend into the
background mucosa. Although these factors make our task
challenging, we conjecture that there is still a high potential for
designing a system with a performance acceptable for clinical
use.

Motivated by the recent success of semantic segmentation-
based approaches for medical image analysis [4]–[6], we
explore how these methods can be used to improve the
performance for automatic polyp segmentation and detection.
A popular deep learning architecture in the field of semantic
segmentation for biomedical application is U-Net [5], which
have shown state-of-the-art performance at the 2015 ISBI
cell tracking challenge 1. The ResUNet [6] architecture, is a
variant of U-Net architecture that has provided state-of-the-art
results for the road image extraction. We therefore adapt this
architecture as a basis for our work.

In this paper, we propose the ResUNet++ architecture for
medical image segmentation. We have evaluated our model
on two publicly available datasets. Our experimental results
reveal that the improved model is efficient and achieved a
performance boost compared to the popular U-Net [5] and
ResUNet [6] architectures.

1http://brainiac2.mit.edu/isbi challenge/.



In summary, the contributions of the paper are as follows:

1) We propose the novel ResUNet++ architecture, which
is a semantic segmentation neural network that takes
advantage of residual blocks, squeeze and excitation
blocks, Atrous Spatial Pyramidal Pooling (ASPP), and
attention blocks. ResUNet++ improved the segmentation
results significantly for the colorectal polyps compared to
other state-of-the-art methods. The proposed architecture
works well with a smaller number of images.

2) We annotated the polyp class from the Kvasir dataset [7]
with the help of an expert gastroenterologist to create
the new Kvasir-SEG dataset [8]. We make this polyp
segmentation dataset available to the research community
to foster development of new methods and reproducible
research.

II. RELATED WORK

Automatic gastrointestinal (GI) tract disease detection and
classification in colonoscopic videos has been an active area
of research for the past two decades. Polyp detection has
in particular been given attention. The performance of the
machine learning software has come close to the level of expert
endoscopists [9]–[12].

Apart from work on algorithm development, researchers
have also investigated complete CAD systems, from data
annotation, analysis, and evaluation to visualization for the
medical experts [13]–[15]. Thambawita et al. [16] explored
various methods, ranging from Machine Learning (ML) to
deep Convolutional Neural Network (CNN), and suggested
five novel models as a potential solution for classifying GI
tract findings into sixteen classes. Guo et al. [17] presented two
variants of fully convolutional neural networks, which secured
the first position at the 2017 Gastrointestinal Image ANAlysis
(GIANA) challenge and second position at the 2018 GIANA
challenge.

Long et al. [18] proposed a state-of-the-art semantic seg-
mentation approach for image segmentation known as a Fully
Convolutional Network (FCN). FCN are trained end-to-end,
pixels-to-pixels, and outputs segmentation result without any
additional post-processing steps. Ronneberger et al. [5] mod-
ified and extended the FCN architecture to an U-Net archi-
tecture. There are various modification and extension based
on U-Net architecture [4], [6], [17], [19]–[22] to achieve better
segmentation results on both natural images and biomedical
images.

Most of the published work in the field of polyp detection
perform well on the specific datasets, and test scenarios often
used small training and validation datasets [11], [23]. The
model evaluated on the smaller dataset is neither generalizable
nor robust. Moreover, some of the research work only focus
on a specific type of polyps. Some of the current work
also use non-publicly datasets, which makes it difficult to
compare and reproduce results. Therefore, the goal of the
ML models to reach a performance level similar to, or better
than colonoscopists has not been achieved yet. There exists a

potential for improvement in boosting the performance of the
system.

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Sigmoid 

Conv2D (1x1) 

ASPP 

Conv2D (3x3) 

Batch Norm. &  ReLU 

Conv2D (3x3) 

Addition 

Addition 

Conv2D (3x3) 

Batch Norm. & ReLU 

Conv2D (3x3) 

Batch Norm. & ReLU 

Concatenate 

UpSampling 

Attention 
Squeeze & Excite 

Addition 

Conv2D (3x3) 

Batch Norm. & ReLU 

Conv2D (3x3) 

Batch Norm. & ReLU 

Concatenate 

UpSampling 

Attention 

Batch Norm. &  ReLU 

Conv2D (3x3) 

Batch Norm. &  ReLU 

Conv2D (3x3) 

Addition 

Squeeze & Excite 

Addition 

Conv2D (3x3) 

Batch Norm. & ReLU 

Conv2D (3x3) 

Batch Norm. & ReLU 

Concatenate 

UpSampling 

Attention 

Batch Norm. &  ReLU 

Conv2D (3x3) 

Batch Norm. &  ReLU 

Conv2D (3x3) 

Addition 

Squeeze & Excite 

Batch Norm. &  ReLU 

Conv2D (3x3) 

Batch Norm. &  ReLU 

Conv2D (3x3) 

Addition 

ASPP 

INPUT OUTPUT 

ENCODING

v

 

DECODING

 

BRIDGE 

Fig. 2. Block diagram of the proposed ResUNet++ architecture.

III. RESUNET++

The ResUNet++ architecture is based on the Deep Residual
U-Net (ResUNet) [6], which is an architecture that uses
the strength of deep residual learning [24] and U-Net [5].
The proposed ResUNet++ architecture takes advantage of the
residual blocks, the squeeze and excitation block, ASPP, and
the attention block.

The residual block propagates information over layers,
allowing to build a deeper neural network that could solve
the degradation problem in each of the encoders. This im-
proves the channel inter-dependencies, while at the same time
reducing the computational cost. The proposed ResUNet++
architecture contains one stem block followed by three encoder
blocks, ASPP, and three decoder blocks. The block diagram
of the proposed ResUNet++ architecture is shown in Figure 2.
In the block diagram, we can see that the residual unit is
a combination of batch normalization, Rectified Linear Unit
(ReLU) activation, and convolutional layers.

Each encoder block consists of two successive 3 × 3 con-
volutional block and an identity mapping. Each convolution
block includes a batch normalization layer, a ReLU activation



layer, and a convolutional layer. The identity mapping con-
nects the input and output of the encoder block. A strided
convolution layer is applied to reduce the spatial dimension
of the feature maps by half at the first convolutional layer
of the encoder block. The output of encoder block is passed
through the squeeze-and-excitation block. The ASPP acts as
a bridge, enlarging the field-of-view of the filters to include a
broader context. Correspondingly, the decoding path consists
of residual units, too. Before each unit, the attention block
increases the effectiveness of feature maps. This is followed
by a nearest-neighbor up-sampling of feature maps from the
lower level and the concatenation with feature maps from their
corresponding encoding path.

The output of the decoder block is passed through ASPP,
and finally, we apply a 1 × 1 convolution with sigmoid
activation, that provides the segmentation map. The extension
of the ResUNet++ is the squeeze-and-excitation blocks marked
in light blue, the ASPP block marked in dark red, and attention
block marked in light green. A brief explanation of each of
the parts is given in the following subsections.

A. Residual Units
Deeper Neural Networks are comparatively challenging to

train. Training a deep neural network with an increasing
network depth can improve accuracy. However, it can hamper
the training process and cause a degradation problem [6], [24].
He et al. [24] proposed a deep residual learning framework
to facilitate the training process and address the problem
of degradation. ResUNet [6] uses full pre-activation residual
units. The deep residual unit makes the deep network easy
to train and the skip connection within the networks helps
to propagate information without degradation, improving the
design of the neural network by decreasing the parameters
along with comparable performance or boost in performance
on semantic segmentation task [6], [24]. Because of these
advantages, we use ResUNet as the backbone architecture.

B. Squeeze and Excitation Units
The squeeze-and-excitation network [25] boosts the repre-

sentative power of the network by re-calibrating the features
responses employing precise modeling inter-dependencies be-
tween the channels. The goal of the squeeze and excite block
is to ensure that the network can increase its sensitivity to the
relevant features and suppress the unnecessary features. This
goal is achieved in two steps. The first step is squeeze (global
information embedding), where each channel is squeezed
by using global average pooling for generating channel-wise
statistics. The second step is excitation (active calibration) that
aims to capture the channel-wise dependencies fully [25]. In
the proposed architecture, the squeeze and excitation block is
stacked together with the residual block to increase effective
generalization over different datasets and improve the perfor-
mance of the network.

C. Atrous Spatial Pyramidal Pooling
The idea of ASPP comes from spatial pyramidal pool-

ing [26], which is successful at re-sampling features at mul-

tiple scales. In ASPP, the contextual information is captured
at various scales [27], [28] and many parallel atrous convo-
lutions [29] with different rates in the input feature map are
fused. Atrous convolution allows controlling the field-of-view
for capturing multi-scale information precisely. In the pro-
posed architecture, ASPP acts as a bridge between encoder and
decoder in our architecture, as shown in Figure 2. The ASPP
model has shown promising results on various segmentation
tasks by providing multi-scale information. Therefore, we
use ASPP to capture the useful multi-scale information for
the semantic segmentation task.

D. Attention Units

The attention mechanism is mostly popular in Natural
Language Processing (NLP) [30]. It gives attention to the
subset of its input. Moreover, it has been employed in seman-
tic segmentation tasks, like pixel-wise prediction [31]. The
attention mechanism determines which parts of the network
require more attention in the neural network. The attention
mechanism also reduces the computational cost of encoding
the information in each polyp image into a vector of fixed
dimension. The main advantage of the attention mechanism is
that they are simple, can be applied to any input size, enhance
the quality of features that boosts the results.

In the previous two approaches, U-Net [5] and ResUNet [6],
there exists a direct concatenation of the encoder feature maps
with the decoder feature maps. Inspired by the success of
attention mechanism, both in NLP and computer vision tasks,
we implemented the attention block in the decoder part of our
architecture to be able to focus on the essential areas of the
feature maps.

IV. EXPERIMENTS

To evaluate the ResUNet++ architecture, we train, validate,
and test models using two publicly available datasets. We
compare the performance of our ResUNet++ models with ones
trained using U-Net and ResUNet.

A. Datasets

For the task of polyp image segmentation, each pixel in
the training images must be labeled as belonging to either the
polyp class or the non-polyp class. For the evaluation of Re-
sUNet++, we use the Kvasir-SEG dataset [8], which consists
of 1,000 polyp images and their corresponding ground truth
masks annotated by expert endoscopists from Oslo University
Hospital (Norway). Example images and their corresponding
masks from the Kvasir-SEG dataset are shown in Figure 1.
The second dataset we have used is the CVC-ClinicDB
database [32], which is an open-access dataset of 612 images
with a resolution of 384×288 from 31 colonoscopy sequences.

B. Implementation details

All architectures were implemented using the Keras frame-
work [33] with TensorFlow [34] as backend. We performed
our experiment on a single Volta 100 GPU on a powerful
Nvidia DGX-2 AI system capable of 2-petaFLOPS tensor per-
formance. The system is part of Simula Research Laboratories



heterogeneous cluster and has dual Intel(R) Xeon(R) Platinum
8168 CPU@2.70GHz, 1.5TB of DDR4-2667MHz DRAM,
32TB of NVMe scratch space, and 16 of NVIDIAs latest Volta
100 GPGPUs interconnected using Nvidia’s NVlink fully non-
blocking crossbars switch capable of 2.4 TB/s of bisectional
bandwidth. The system was running Ubuntu 18.04.3LTS OS
and had the latest Cuda 10.1.243 installed. We start the
training with a batch size of 16, and the proposed architecture
is optimized by Adam optimizer. The learning rate of the
algorithm is set to 1e−4. A lower learning rate is preferred,
although a lower learning rate slowed down convergence, and
a larger learning rate often causes convergence failures.

The size of the image within the same dataset varies. Both
the dataset used in the study consists of different resolution
images. For efficient GPU utilization and to reduce the training
time, we crop the images by putting a crop margin of 320×320
to increase the training dataset. Then, the images are resized to
256× 256 pixels before feeding the images to the model. We
have used the data augmentation technique such as center crop,
random crop, horizontal flip, vertical flip, scale augmentation,
random rotation, cutout, and brightness augmentation, etc., to
increase the number of training samples. The rotation angle
is randomly chosen from 0 to 90°. We have utilized 80% of
the dataset for training, 10% for validation, and 10% for the
testing. We trained all the models for 120 epochs with a lower
learning rate so that a more generalized model can be built.
The batch size, epoch, and learning rate were reset depending
upon the need. There was an accuracy trade-off if we decrease
the batch size; however, we preferred a larger batch size over
accuracy because smaller batch size can lead to over-fitting.
We also used the Stochastic Gradient Descent with Restart
(SGDR) to improve the performance of the model.

V. RESULTS

To show the effectiveness of ResUNet++, we conducted two
sets of experiments on Kvasir-SEG and CVC-612 datasets.
For the model comparison, we compared the results of the
proposed ResUNet++ with the original U-Net and original
ResUNet architecture, as both of them are the common
preference for the semantic segmentation task. The original
implementation of ResUNet, which uses Mean Square Error
(MSE) as the loss function, did not produce satisfactory results
with Kvasir-SEG and CVC-612 datasets. Therefore, we re-
placed the MSE loss function with dice coefficient loss and did
hyperparameter optimization to improve the results and named
the architecture as ResUNet-mod. With this modification, we
achieved a performance boost in ResUNet-mod architecture
for both the datasets.

A. Results on the Kvasir-SEG dataset

We have tried different sets of hyperparameters (i.e., learn-
ing rate, number of epochs, optimizer, batch size, and filter
size) for the optimization of ResUNet++ architecture. Hyper-
parameter tuning is done manually by training the models with
different sets of hyperparameters and evaluating their results.
The results of ResUNet++, ResUNet-mod, ResUNet [6], and

TABLE I
THE TABLE SHOWS THE EVALUATION RESULTS OF ALL THE MODELS ON

KVASIR-SEG DATASET.

Method Dice mIoU Recall Precision

ResUNet++ 0.8133 0.7927 0.7064 0.8774
ResUNet-mod 0.7909 0.4287 0.6909 0.8713
ResUNet 0.5144 0.4364 0.5041 0.7292
U-Net 0.7147 0.4334 0.6306 0.9222

U-Net [5] are presented in Table I. Table I shows that the
proposed model achieved the highest dice coefficient, mIoU,
recall, and competitive precision for the Kvasir-SEG dataset.
U-Net achieved the highest precision. However, the dice
coefficient and mIoU scores are not competitive, which is an
important metric for semantic segmentation task. The proposed
architecture has outperformed the baseline architectures by a
significant margin in terms of mIoU.

B. Results on the CVC-612 dataset

We have performed additional experiments for in-depth
performance analysis for automatic polyp segmentation.
Therefore, we attempted for the generalization of the model
to check the generalizability capability of the proposed
architecture on a different dataset. Generalizability would
be a further step toward building clinical acceptable model.
Table II shows the results for all the architectures on CVC-
612 datasets. The proposed model obtained highest dice
coefficient, mIoU, and recall and competitive precision.

Figure 3 shows the qualitative results for all the models.
From Table I, Table II, and Figure 3 we demonstrate the
superiority of ResUNet++ over the baseline architectures. The
quantitative and qualitative result shows that the ResUNet++
model trained on Kvasir-SEG and CVC-612 dataset performs
well and outperforms all other models in terms of dice
coefficient, mIoU, and recall. Therefore, the ResUNet++ archi-
tecture should be considered over these baselines architecture
in the medical image segmentation task.

VI. DISCUSSION

The proposed ResUNet++ architecture produces satisfactory
results on both Kvasir-SEG and CVC-612 datasets. From
Figure 3, it is evident that the segmentation map produced

TABLE II
THE TABLE SHOWS THE EVALUATION RESULTS OF ALL THE MODELS ON

CVC-612 DATASET.

Method Dice mIoU Recall Precision

ResUNet++ 0.7955 0.7962 0.7022 0.8785
ResUNet-mod 0.7788 0.4545 0.6683 0.8877
ResUNet 0.4510 0.4570 0.5775 0.5614
U-Net 0.6419 0.4711 0.6756 0.6868



Fig. 3. Qualitative results comparison on the Kvasir-SEG dataset. From the left: image (1), (2) Ground truth, (3) U-Net, (4) ResUNet, (5) ResUNet-mod,
and (6) ResUNet++. From the experimental results, we can say that ResUNet++ produces better segmentation masks than other competitors.

by ResUNet++ outperforms other architectures in capturing
shape information, in the Kvasir-SEG dataset. It means the
generated segmentation mask in ResUNet++ has more sim-
ilar ground truth then the presented state-of-the-art models.
However, ResUNet-mod and U-Net also produced competitive
segmentation masks.

We trained the model using different available loss func-
tions, for example, binary cross-entropy, the combination of
binary cross-entropy and dice loss, and mean square loss.
We observed that the model achieved a higher dice coeffi-
cient value with all the loss function. However, mIoU were
significantly lower with all other except dice coefficient loss
function. We selected the dice coefficient loss function based
on our empirical evaluation. Moreover, we also observed that
the number of filters, batch size, optimizer, and loss function
can influence the result.

We conjecture that the performance of the model can be
further improved by increasing the dataset size, applying
more augmentation techniques, and by applying some post-
processing steps. Despite increased numbers of parameters
with the proposed architecture, we trained the model to
achieve higher performance. We conclude that the application
of ResUNet++ should not only limited to biomedical image
segmentation but could also be expanded to the natural image
segmentation and other pixel-wise classification tasks, which

need further detailed validations. We have optimized the code
as much as possible based on our knowledge and experience.
However, there may exist further optimization, which may
also influence the results of the architectures. We have run
the code only on a Nvidia-DGX-2 machine, and the images
were resized, which may have lead to the loss of some useful
information. Additionally, ResUNet++ uses more parameters,
which increases training time.

VII. CONCLUSION

In this paper, we presented ResUNet++, which is an ar-
chitecture to address the need for more accurate segmen-
tation of colorectal polyps found in colonoscopy examina-
tions. The suggested architecture takes advantage of residual
units, squeeze and excitation units, ASPP, and attention units.
Comprehensive evaluation using different available datasets
demonstrates that the proposed ResUNet++ architecture out-
performs the state-of-the-art U-Net and ResUNet architec-
tures in terms of producing semantically accurate predictions.
Towards achieving the generalizability goal, the proposed
architecture can be a strong baseline for further investigation
in the direction of developing a clinically useful method. Post-
processing techniques can potentially be applied to our model
to achieve even better segmentation results.
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Abstract. Pixel-wise image segmentation is a highly demanding task
in medical-image analysis. In practice, it is difficult to find annotated
medical images with corresponding segmentation masks. In this paper,
we present Kvasir-SEG: an open-access dataset of gastrointestinal polyp
images and corresponding segmentation masks, manually annotated by
a medical doctor and then verified by an experienced gastroenterologist.
Moreover, we also generated the bounding boxes of the polyp regions with
the help of segmentation masks. We demonstrate the use of our dataset
with a traditional segmentation approach and a modern deep-learning
based Convolutional Neural Network (CNN) approach. The dataset will
be of value for researchers to reproduce results and compare methods.
By adding segmentation masks to the Kvasir dataset, which only pro-
vide frame-wise annotations, we enable multimedia and computer vision
researchers to contribute in the field of polyp segmentation and auto-
matic analysis of colonoscopy images.

Keywords: Medical images · Polyp segmentation · Semantic
segmentation · Kvasir-SEG dataset · Fuzzy C-mean clustering ·
ResUNet

1 Introduction

Colorectal cancer is the second most common cancer type among women and
third most common among men [25]. Polyps are precursors to colorectal cancer
and therefore important to detect and remove at an early stage. Polyps are found
in nearly half of the individuals at age 50 that undergo a colonoscopy screening,
and their frequency increase with age [21]. Polyps are abnormal tissue growth
from the mucous membrane, which is lining the inside of the GI tract, and can
sometimes be cancerous. Colonoscopy is the gold standard for detection and
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Fig. 1. Example frames from the Kvasir dataset where we additionally have marked
the polyp tissue with green outlines. (Color figure online)

assessment of these polyps with subsequent biopsy and removal of the polyps.
Early disease detection has a huge impact on survival from colorectal cancer [11].
In addition, several studies show that polyps are often overlooked during colono-
scopies, with polyp miss rates of 14 to 30% depending on type and size of the
polyps [26]. Increasing the detection of polyps has been shown to decrease risk
of colorectal cancer [12]. Thus, automatic detection of more polyps at an early
stage can play a crucial role in prevention and survival from colorectal cancer.
This is the main motivation behind the development of a polyp segmentation
dataset.

Image segmentation is the technique of dividing images into meaningful
Regions of Interests (ROIs) that are simple to analyze and interpret. Further
research in medical image segmentation can assist processes such as monitoring
pathology, improving the diagnostic ability by increasing accuracy, precision, and
reducing manual intervention [15]. In particular, for Computer Assisted Interven-
tions (CAIs), pixel-wise semantic segmentation methods have a huge potential
to become part of fast, accurate and cost-effective systems.

The goal of image segmentation is to assign a label to each pixel of the
image so the pixels with the same label share specific characteristics, e.g., the
pixels covered by the outline in the Fig. 1 show a polyp. Manual segmentation by
physicians is still the gold standard for most of the medical imaging modalities,
for example, Magnetic Resonance Imaging for evaluating hippocampal atrophy in
Alzheimer’s Disease [5] and tumor segmentation of glioma [27]. However, manual
image segmentation is tedious, time-consuming, and subject to physician’s bias
and inter-observer variation. Therefore, there is a need for an automated and
efficient image segmentation technique. Methods for automated and efficient
image segmentation are difficult to develop as state-of-the art machine learning
methods often require large number of annotated and labelled quality data,
which is difficult to obtain in this field. Annotating medical data such as polyp
images manually requires a lot of time and effort. It also requires medical experts,
gastroenterologists in our case, which can be expensive and inaccessible. Also,
there are problems related to the collection of medical images, with concern
to privacy and security for patients and hospitals. Riegler et al. [19] have raised
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several open questions about the medical world that need to be addressed, where
they emphasized the need for test datasets, including annotations and ground
truth that meet current medical standards. Although there are a few available
datasets, open-access datasets for comparable evaluations are missing in this
field. We therefore provide the Kvasir-SEG dataset and propose a baseline model
for evaluation.

The main contribution of this paper are as follows:

1. We extend the Kvasir dataset [16] with polyp images along with their corre-
sponding segmentation masks and bounding boxes. The ROIs are the pixels
depicting polyp tissue. These are represented by a white foreground in the
segmentation masks. The ROIs are generated from manual annotations veri-
fied by an experienced gastroenterologist. The bounding boxes are the set of
coordinates that encloses the polyp regions. The Kvasir-SEG dataset is made
publicly available and open access.

2. In this article, we include a first attempt to use the Kvasir-SEG dataset
for pixel-wise semantic segmentation based analysis. For the experiment, we
have used Fuzzy C-mean clustering (FCM) [6] and Deep Residual U-Net
(ResUNet) [28] architecture. We achieved promising results with our pro-
posed methods when evaluated on the same dataset. We evaluated the pro-
posed method using Dice Coefficients and mean Intersection over Union (IoU).
These metrics were selected for fair comparison, and we encourage the use
of these and similar metrics in future work on the dataset. The promising
results demonstrated in this paper serves as baseline and motivation for fur-
ther research and evaluation done on the same dataset.

3. Multiple datasets are prerequisites for comparing computer vision based algo-
rithms, and this dataset is useful both as a training dataset or as a validation
dataset. This dataset can assist the development of state-of-the-art solutions
on images captured by colonoscopes. Further research in this field has the
potential to help reduce the polyp miss rate and thus improve examination
quality.

This paper is organized as follows: Sect. 2 discusses related datasets. We
discuss the Kvasir-SEG dataset in Sect. 3. In Sect. 4, we define the suggested
metrics for the segmentation of polyps. Section 5 describes the baseline experi-
ments, results and discussion. We conclude our work and give future directions
in Sect. 6.

2 Related Work

There are only few available polyp datasets that consist of ground truth and
corresponding segmentation mask. These are CVC-ColonDB [24], ASU-Mayo
Clinic Colonoscopy Video c© Database [3], ETIS-Larib Polyp DB [23], and CVC-
Clinic DB [2].

CVC-ColonDB [24] is the second largest database available and consists of
annotated video sequences from colonoscopy videos. From 15 short colonoscopy
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sequences, 1200 image frames are extracted. Out of these images, only 300 frames
are annotated. These annotated frames were specifically chosen to maximize the
the visual differences between them. Use of the CVC-ColonDB requires registra-
tion.

The ASU-Mayo Clinic Colonoscopy Video c© Database [3] is the first and
largest available dataset captured using standard colonoscopes. The training
dataset consists of 18,781 frames extracted from 20 short videos. Of these,
there are 10 videos of polyps (positive) and 10 videos without polyps (negative).
Ground truth and its corresponding segmentation masks are provided with the
more than 3,500 frames showing polyps. For testing, 18 videos without ground
truth are included. The images in the dataset are very similar to each other,
which raise the problem of overfitting [16]. The ASU-Mayo Clinic Colonoscopy
database is copyrighted, and is only available through direct contact with the
administrators at Arizona State University.

The ETIS-Larib Polyp DB [23] consists of 196 frames of polyps extracted
from colonoscopy videos and their corresponding masks. This database is avail-
able through registration.

The CVC-Clinic DB [2] consists of 612 image frames extracted from 29 differ-
ent colonoscopy sequences and their corresponding ground truth as segmentation
masks. The use of this database is public and open access.

The CVC-Clinic DB, ETIS-Larib and ASU-Mayo Clinic Colonoscopy Video
DB were used at Medical Image Computing and Computer Assisted Interven-
tion (MICCAI) 2015 Automatic Polyp Detection in Colonoscopy Videos Sub-
Challenge. More details about the dataset and competition can be found in the
paper by Bernal et al. [4].

The literature review shows that there are few available datasets. However, an
open-access dataset for comparable evaluation is missing in this field. Therefore,
it was a logical next step to extend the Kvasir dataset with segmentation masks.
The presented data and baseline work can be a important source for addressing
the problem of standard datasets for evaluation, and help develop robust and
efficient systems.

3 The Kvasir-SEG Dataset

The Kvasir-SEG dataset is based on the previous Kvasir [16] dataset, which is
the first multi-class dataset for gastrointestinal (GI) tract disease detection and
classification.

3.1 The Original Kvasir Dataset

The original Kvasir dataset [16] comprises 8,000 GI tract images from 8 classes
where each class consists of 1000 images. We replaced the 13 images from the
polyp class with new images to improve the quality of the dataset. These images
were collected and verified by experienced gastroenterologists from Vestre Viken
Health Trust in Norway. The classes include anatomical landmarks, pathological
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Fig. 2. Examples of polyp images and their corresponding masks from Kvasir-SEG. The
third image is generated from the original image using the bounding box information
from the JSON file.

findings and endoscopic procedures. A more detailed explanation about each
image classes, the data collection procedure and the dataset details can be found
in [16].

The Kvasir dataset was used for the Multimedia for Medicine Challenge
(the Medico Task) in 2017 [20] and 2018 [17] at the MediaEval Benchmarking
Initiative for Multimedia Evaluation1 to develop and compare methods to reach
clinical level performance on multiclass classification of endoscopic findings in the
large bowel. However, the dataset was limited to frame classification only, due to
only a frame-wise annotations. Thus, Pozdeev et al. [18] trained their model on
the CVC-ClinicDB, and tried to predict the segmentation masks for the Kvasir
dataset, but could not report the experimental scores because of missing ground
truth.

3.2 The Kvasir-SEG Dataset Details

To address the high incidence of colorectal cancer, we selected the polyp class of
the Kvasir dataset for the initial investigation. The Kvasir-SEG dataset contains

1 http://www.multimediaeval.org.
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annotated polyp images and their corresponding masks. As shown in Fig. 2, the
pixels depicting polyp tissue, the ROI, are represented by the foreground (white
mask), while the background (in black) does not contain positive pixels. Some of
the original images contain the image of the endoscope position marking probe
from the ScopeGuide (Olympus).

The Kvasir-SEG dataset is made up of two folders: one for images and one
for masks. Each folder contains 1000 images. The bounding boxes for the cor-
responding images are stored in a JSON file. Therefore, the kvasir-SEG dataset
has image folder, masks folder and JSON file. The image and its corresponding
mask have the same filename. The image files are encoded using JPEG compres-
sion, and online browsing is facilitated. The open-access dataset can be easily
downloaded for research purposes at: https://datasets.simula.no/kvasir-seg/.

3.3 Mask Extraction

We uploaded the entire Kvasir polyp class to Labelbox [22] and created all the
segmentations using this application. The Labelbox is a tool used for labelling
the ROI in image frames, i.e., the polyp regions for our case. A team consist-
ing of an engineer and a medical doctor manually outlined the margins of all
polyps in all 1000 images. The annotations were then reviewed by an experienced
gastroenterologist.

Figure 1 shows example frames from the kvasir dataset where we have
additionally marked the polyp tissue with green outline. After annotation, we
exported the files to generate masks for each annotation. The exported JSON
file contained all the information about the image and the coordinate points
for generating the mask. To create a mask, we used ROI coordinates to draw
contours on an empty black image and fill the contours with white color. The
generated masks are a 1-bit color depth images with white foreground and black
background. Figure 2 shows example images, their corresponding segmentation
masks and bounding boxes from the Kvasir-SEG dataset.

4 Suggested Metrics

Different metrics for evaluating and comparing the performance of the architec-
tures exist. For medical image segmentation tasks, the perhaps most commonly
used metrics are Dice coefficient and IoU. These are used in particular for several
medical related Kaggle competitions [10]. In this medical image segmentation
approach, each pixel of the image either belongs to a polyp or non-polyp region.
We calculate the Dice coefficient and mean IoU based on this principle.
Dice coefficient: Dice coefficient is a standard metric for comparing the pixel-
wise results between predicted segmentation and ground truth. It is defined as:

Dice coefficient(A,B) =
2 × |A ∩ B|
|A| + |B| =

2 × TP

2 × TP + FP + FN
(1)
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where A signifies the predicted set of pixels and B is the ground truth of the
object to be found in the image. Here, TP represents true positive, FP represents
false positive, and FN represents the false negative.
Intersection over Union: The Intersection over Union (IoU) is another stan-
dard metric to evaluate a segmentation method. The IoU calculates the similarity
between predicted (A) and its corresponding ground truth (B) as shown in the
equation below:

IoU(A,B) =
A ∩ B

A ∪ B
=

TP (t)

TP (t) + FP (t) + FN(t)
(2)

In Eq. 2, t is the threshold. At each threshold value t, a precision value is calcu-
lated based on the above equation and parameters, which is done by calculating
the predicted object to all the ground truth objects. There are other param-
eters such as recall, specificity, precision, and accuracy which are mostly used
for frame-wise image classification tasks. The detailed explanation about these
parameters can be found in the Kvasir dataset paper [16].

5 Evaluation

The Kvasir-SEG dataset is intended for research and development of new and
improved methods for segmentation, localization, and classification of polyps.
To show that the dataset is useful for these purposes, we conducted several
experiments, which we will described next.

5.1 Baseline Models

As our baseline, we have conducted initial investigations using two different
methods. The first method is based on the efficient FCM [6] unsupervised clus-
tering algorithm. The second method is based on the deep-learning ResUNet [28]
architecture, utilizing the advantage of the residual block.

When using basic CNN architectures to predict outcomes in computer-vision
tasks, millions of labelled training data are often needed to counteract overfitting
and ensuring the model’s ability to generalize when tested on new data [9].
Because large datasets of medical images are hard to come by, using CNNs for
medical-image segmentation systems remains challenging. Image augmentation
techniques [7] and encoder-decoder architecture such as ResUNet [28] are popular
methods to use CNNs with smaller training sets.

5.2 Implementation Details

Before applying the FCM algorithm, several pre-processing steps were applied to
the dataset. First, we converted the image to grayscale and applied median blur
to reduce noise. Then, we applied the Median-based Otsu method [14], which
gave us the ROI. Next, we converted image pixels between 0 and 1 and subtracted
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Table 1. Quantitative performance of ResUNet model on Kvasir-SEG dataset.

ResUNet Loss Dice coefficient Mean IoU

Train 0.059389 0.940609 0.920957

Validation 0.196520 0.803479 0.792339

Test 0.212236 0.787763 0.777771

the image with its blurred version. We then used a threshold value and created an
image with edges in it. Afterwards, we performed the dilation operation, which
increases the foreground (white) region of the image. We subtracted edges from
the image and clipped the image pixels value between 0 and 1. After that, we
reshaped the image into 1D, which is the input to the FCM. Finally, the output
of the FCM was reshaped into a 2D binary mask.

For our experiment with the ResUNet model, we used image augmenta-
tion techniques like flipping, random crop, scaling, rotation, brightness, cutout,
and random erasing to increase the size of our training dataset. After all pre-
processing was completed, we resized our images to 320 × 320 pixels. We used
80% of the dataset for training, and 10% for validation. The remaining of 10%
was used for testing. We used five convolutional blocks both in the encoder and
the decoder of the ResUNet model. The batch size was set to 8, and we trained
the model for 150 epochs. The proposed model converged at 91 epochs. We used
a Nadam optimizer with the learning rate of 0.0001, β1 of 0.9 and β2 of 0.999.
We chose Dice coefficient as the loss function and Relu as non-linearity. We used
a threshold value t of 0.5 to convert the predicted masks pixels to foreground or
background.

For our deep-learning implementations, we used the Keras framework [8] and
Tensorflow [1] as a backend. We performed our experiment on a single Volta 100
GPU on a powerful Nvidia DGX-2 [6] AI system capable of 2 PFLOPS tensor
performance. The system is part of Simula Research Laboratories heterogeneous
cluster and has dual Intel(R) Xeon(R) Platinum 8168 CPU@2.70 GHz, 1.5 TB
of DDR4-2667 MHz DRAM, 32 TB of NVMe scratch space, and 16 of NVIDIAs
latest Volta 100 GPGPUs [7] interconnected using Nvidia’s NVlink fully non-
blocking crossbars switch capable of 2.4 TB/s of bisectional bandwidth. The
system was running Ubuntu 18.04.3 LTS OS and had the latest Cuda 10.1.243
installed.

5.3 Results and Discussions

The FCM clustering algorithm achieved a Dice coefficient of 0.239002 and a mean
IoU of 0.314187. The ResUNet model achieved a Dice coefficient of 0.787763 and
mean IoU of 0.777771 (see Table 1) using the test dataset. We have included
the training, validation and testing scores for the ResUNet model in Table 1.
Examples of qualitative result comparisons for the FCM algorithm and ResUNet
model on the Kvasir-SEG dataset is shown in the Fig. 3.
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Fig. 3. Qualitative comparison provided by both methods: Coloumn one shows the
original image, column two shows the ground truth of the corresponding image. Column
three shows the result of FCM clustering and column four shows the results of ResUNet.
(Color figure online)

Fig. 4. The learning curve of the proposed ResUNet model on Kvasir-SEG dataset
showing Dice coefficient versus number of epochs. (Color figure online)

Considering the quantitative and qualitative results (see Table 1 and Fig. 3),
the study shows a superior performance of the ResUNet model over the FCM
algorithm in segmenting the polyp pixels. It should be noted that the FCM
algorithm uses no data augmentation because it does not have any learning
mechanism or learning parameters, whereas the ResUNet utilizes the advan-
tage of the data augmentation techniques. Another important reason why FCM
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clustering approach did not perform well as it uses color as a significant feature
for discriminating normal tissue and polyp. However, in practice, it is difficult to
distinguish between polyps and other conditions inside the GI tract on the basis
of color features because of their similar appearances. We achieved promising
results with the ResUNet model.

There are no directly comparable papers with regards to our results. Nev-
ertheless, compared to the work of Kang et al. [13] which obtained the IoU of
0.6607 and the work of Pozdeev et al. [18] that showed dice ranging from 0.6200
to 0.8600, we can say our results are either comparable or better. We think that
the performance of our ResUNet model can be improved by providing it with
more diverse polyp images. The plot of the learning curve of the ResUNet model
is shown in Fig. 4. The red mark in the learning curve “x” denote the best model.
This best model was used for testing the previously unseen test dataset. The pre-
sented results are good; however, we believe that more research is required to
achieve performance applicable to the clinic.

6 Conclusion

In this paper, we present Kvasir-SEG: a new polyp segmentation dataset devel-
oped to aid multimedia researchers in carrying out extensive and reproducible
research. We also present a FCM clustering algorithm and a ResUNet-based
approach for automatic polyp segmentation. Our results show that the ResUNet
model is outperforming the FCM clustering.

The Kvasir-SEG dataset is released as open-source to the multimedia and
medical research communities, hoping it can help evaluate and compare existing
and future computer vision methods. This could boost the performance of com-
puter vision methods, an important step towards building clinically acceptable
CAI methods for improved patient care.
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A Comprehensive Study on Colorectal Polyp
Segmentation with ResUNet++, Conditional
Random Field and Test-Time Augmentation

Debesh Jha, Pia H. Smedsrud, Dag Johansen, Thomas de Lange, Håvard D. Johansen,
Pål Halvorsen, and Michael A. Riegler

Abstract—Colonoscopy is considered the gold standard for
detection of colorectal cancer and its precursors. Existing exam-
ination methods are, however, hampered by high overall miss-
rate, and many abnormalities are left undetected. Computer-
Aided Diagnosis systems based on advanced machine learning
algorithms are touted as a game-changer that can identify regions
in the colon overlooked by the physicians during endoscopic
examinations, and help detect and characterize lesions. In pre-
vious work, we have proposed the ResUNet++ architecture and
demonstrated that it produces more efficient results compared
with its counterparts U-Net and ResUNet. In this paper, we
demonstrate that further improvements to the overall prediction
performance of the ResUNet++ architecture can be achieved
by using Conditional Random Field (CRF) and Test-Time Aug-
mentation (TTA). We have performed extensive evaluations and
validated the improvements using six publicly available datasets:
Kvasir-SEG, CVC-ClinicDB, CVC-ColonDB, ETIS-Larib Polyp
DB, ASU-Mayo Clinic Colonoscopy Video Database, and CVC-
VideoClinicDB. Moreover, we compare our proposed architecture
and resulting model with other State-of-the-art methods. To
explore the generalization capability of ResUNet++ on different
publicly available polyp datasets, so that it could be used in
a real-world setting, we performed an extensive cross-dataset
evaluation. The experimental results show that applying CRF and
TTA improves the performance on various polyp segmentation
datasets both on the same dataset and cross-dataset. To check the
model’s performance on difficult to detect polyps, we selected,
with the help of an expert gastroenterologist, 196 sessile or flat
polyps that are less than ten millimeters in size. This additional
data has been made available as a subset of Kvasir-SEG. Our
approaches showed good results for flat or sessile and smaller
polyps, which are known to be one of the major reasons for
high polyp miss-rates. This is one of the significant strengths of
our work and indicates that our methods should be investigated
further for use in clinical practice.

Index Terms—Colonoscopy, polyp segmentation, ResUNet++,
conditional random field, test-time augmentation, generalization

I. INTRODUCTION

Cancer is a primary health problem of contemporary society,
with colorectal cancer (CRC) being the third most prevailing
type in terms of cancer incidence and second in terms of
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Fig. 1. Example images showing the variations in shape, size, color, and
appearance of polyps from the Kvasir-SEG [4].

mortality globally [2]. Colorectal polyps are the precursors
for the CRC. Early detection of polyps through high-quality
colonoscopy and regular screening are cornerstones for the
prevention of colorectal cancer [3], since adenomas can be
found and resected before transforming to cancer and subse-
quently reducing CRC morbidity and mortality.

Regardless of the achievement of colonoscopy in lowering
cancer burden, the estimated adenoma miss-rate is around 6-
27% [5]. In a recent pooled analysis of 8 randomized tandem
colonoscopy studies, polyps smaller than 10 mm, sessile, and
flat polyps [6] are shown to most often be missed [7]. Another
reason why polyps are missed may be that the polyp either was
not in the visual field or was not recognized despite being in
the visual field due to fast withdrawal of the colonoscope [8].
The adenoma miss-rate could be reduced by improving the
quality of bowel preparation, applying optimal observation
techniques, and ensuring a colonoscopy withdrawal time of
at least six minutes [8]. Moreover, adenoma detection rate can
also be improved by using advanced techniques or devices,
for example, auxiliary imaging devices, colonoscopes with
increased field of view, add-on-devices, and colonoscopes with
integrated inflatable, reusable balloon [3].

The structure and characteristics of a colorectal polyp
changes over time at different development stages. Polyps have
different shapes, sizes, colors, and appearances, which makes
them challenging to analyze (see Figure 1). Moreover, there
are challenges such as the presence of image artifacts like
blurriness, surgical instruments, intestinal contents, flares, and
low-quality images that can cause errors during segmentation.

Polyp segmentation is of crucial relevance in clinical appli-
cations to focus on the particular area of the potential lesion,
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extract detailed information, and possibly remove the polyp if
necessary. A Computer-Aided Diagnosis (CADx) system for
polyp segmentation can assist in monitoring and increasing the
diagnostic ability by increasing the accuracy, precision, and
reducing manual intervention. Moreover, it could lead to less
segmentation errors than when conducted subjectively. Such
systems could reduce doctor’s workload and improve clini-
cal workflow. Lumen segmentation helps clinicians navigate
through the colon during screening, and it can be useful to
establish a quality metric for the explored colon wall [9]. Thus,
an automated CADx system could be used as a supporting tool
to reduce the miss-rate of the overlooked polyps.

A CADx system could be used in a clinical setting if it
addresses two common challenges: (i) Robustness (i.e., the
ability of the model to consistently perform well on both easy
and challenging images), and (ii) Generalization (i.e., a model
trained on specific intervention in a specific hospital should
generalize across different hospitals) [10]. Addressing these
challenges is key to designing a powerful semantic segmen-
tation system for medical images. Generalization capability
checks the usefulness of the model across different available
datasets coming from different hospitals and must finally be
confirmed in multi-center randomized trials. A good gener-
alizable model could be a significant step toward developing
an acceptable clinical system. A cross-dataset evaluation is
crucial to check the model on the unseen polyps from other
sources and test the generalizability of it.

Toward developing a robust CADx system, we have pre-
viously proposed ResUNet++ [1]: an initial encoder-decoder
based deep-learning architecture for segmentation of medical
images, which we trained, validated, and tested on the publicly
available Kvasir-SEG [4] and CVC-ClinicDB [11] datasets. In
this paper, we describe how the ResUNet++ architecture can
be extended by applying Conditional Random Field (CRF)
and Test-Time Augmentation (TTA) to further improve its
prediction performance on segmented polyps. We have tested
our approaches on six publicly available datasets, including
both image datasets and video datasets. We have intentionally
incorporated video datasets from colonoscopies to support the
clinical significance. Usually, still-frames have at least one
polyp sample. Videos have a situation where frames consist of
both polyp and non-polyp. Therefore, we have tested the model
on these video datasets and provided a new benchmark for the
segmentation task. We have used extensive data augmentation
to increase the training sample and used a comprehensive
hyperparameter search to find optimal hyperparameters for
the dataset. We have provided a more in-depth evaluation by
including more evaluation metrics, and added justification for
the ResUNet++, CRF, and TTA.

Additionally, we have performed extensive experiments on
the cross-data evaluation, in-depth analysis of best performing
and worst performing cases, and comparison of the proposed
method with other recent works. Moreover, we have pointed
out the necessity of solving tasks related to the miss-detection
of flat and sessile polyps, and showed that our combining
approach could detect the overlooked polyps with high effi-

ciency, which could be of significant importance in the clinical
settings. For this, we also released a dataset consisting sessile
or flat polyps publicly. Furthermore, we have emphasized the
use of cross-dataset evaluation by training and testing the
model with images coming from various sources to achieve
the generalizability goal.

In summary, the main contributions are as follows:
1) We have extended the ResUNet++ deep-learning archi-

tecture [1] for automatic polyp segmentation with CRF
and TTA to achieve better performance. The quantitative
and qualitative results shows that applying CRF and TTA
is effective.

2) We validate the extended architecture on a large range
of datasets, i.e., Kvasir-SEG [4], CVC-ClinicDB [11],
CVC-ColonDB [12], EITS-Larib [13], ASU-Mayo
Clinic Colonoscopy Video Database [14] and CVC-
VideoClinicDB [15], [16], and we compare our proposed
approaches with the recent State-of-the-art (SOTA) al-
gorithm and set new a baseline. Moreover, we have
compared our work with other recent works, which is
often lacking in comparable studies.

3) We selected 196 flat or sessile polyps that are usually
missed during colonoscopy examination [7] from the
Kvasir-SEG with the help of an expert gastroenterologist.
We have conducted experiments on this separate dataset
to show how well our model performs on challenging
polyps. Moreover, we release these polyp images and
segmentation masks as a part of the Kvasir-SEG dataset
so that researchers can build novel architectures and
improve the results.

4) Our model has better detection of smaller and flat
or sessile polyps, which are frequently missed during
colonoscopy [7], which is a major strength compared to
existing works.

5) In medical clinical practice, generalizable models are
essential to target patient population. Our work is focused
on generalizability, previously not much explored in the
community. To promote generalizable Deep Learning
(DL) models, we have trained our models on Kvasir-SEG
and CVC-ClinicDB and tested and compared the results
over five publicly available diverse unseen polyp dataset.
Moreover, we have mixed two diverse datasets and con-
ducted further experiments on other unseen datasets to
show the behaviour of the model on the images captured
using different devices.

II. RELATED WORK

Over the past decades, researchers have made several efforts
at developing CADx prototypes for automated polyp segmen-
tation. Most of the prior polyp segmentation approaches were
based on analyzing either the polyp’s edge or its texture. More
recent approaches used Convolutional Neural Network (CNN)
and pre-trained networks. Bernal et al. [11] introduced a novel
method for polyp localization that used WM-DOVA energy
maps for accurately highlighting the polyps, irrespective of its
type and size. Pozdeev et al. [17] presented a fully automated
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polyp segmentation framework using pixel-wise prediction
based upon the Fully Convolutional Network (FCN). Bernal et
al. [18] hosted the automatic polyp detection in colonoscopy
videos sub-challenge, and later on, they presented a com-
parative validation of different methods for automatic polyp
detection and concluded that the SOTA CNN based methods
provide the most promising results.

Akbari et al. [19] used the FCN-8S network and Otsu’s
thresholding method for automated colon polyp segmentation.
Wang et al. [20] used the SegNet [21] architecture to detect
polyps. They obtained high sensitivity, specificity, and receiver
operating characteristic (ROC) curve value. Their algorithm
could achieve a speed of 25 frames per second with some
latency during real-time video analysis. Guo et al. [22] used
a Fully Convolutional Neural Network (FCNN) model for the
Gastrointestinal Image ANAlysis (GIANA) polyp segmenta-
tion challenge. The proposed method won first place in the
2017 GIANA challenge for both standard definition (SD) and
high definition image and won second place in the SD image
segmentation task in the 2018 GIANA challenge. Yamada et
al. [23] developed a CADx support system that can be used
for the real-time detection of polyps reducing the number of
missed abnormalities during colonoscopy.

Poorneshwaran et al. [24] used a Generative Adversar-
ial Network (GAN) for polyp image segmentation. Kang
et al. [25] used Mask R-CNN, which relies on ResNet50
and ResNet101, as a backbone structure for automatic polyp
detection and segmentation. Ali et al. [26] presented vari-
ous detection and segmentation methods that could classify,
segment, and localize artifacts. Additionally, there are several
recent really interesting studies on polyp segmentation [27]–
[30]. They are useful steps toward building an automated
polyp segmentation system. There are also some works which
have hypothesized that coupling the existing architecture by
applying careful post-processing technique could improve the
model performance [1], [31].

From the presented related work, we observe that automatic
CADx systems in the area of polyp segmentation are becom-
ing mature. Researchers are conducting a variety of studies
with different designs ranging from a retrospective study,
prospective study, to post hoc examination of the prospectively
obtained dataset. Some of the models achieve very high
performance with smaller training and test datasets [1], [20],
[32]. The algorithms used for building the models are the
ones that use handcrafted-, CNN- or pre-trained-features from
ImageNet [33], where DL based algorithms are outperforming
and gradually replacing the traditional handcrafted or machine
learning (ML) approaches. Additionally, the performance of
the models improves by the use of advance DL algorithms,
especially designed for polyp segmentation task or any other
similar biomedical image segmentation task. Moreover, there
is interest for testing the proposed architectures with more than
one dataset [1], [20].

The main drawbacks in the field are the minimal effort ap-
plied towards testing the generalizability of the CADx system
possible to achieve with the cross-dataset test. Additionally,

there is almost no effort involved in designing an universal
model that could accurately segment polyp coming from
different sources, critical for the development of CADx for
automated polyp segmentation. Besides, most of the current
works have proposed algorithms that are tested on single,
often small, imbalanced, and explicitly handpicked datasets.
This renders conclusions regarding the performance of the
algorithms almost useless (compared to other areas in ML like,
for example, natural image classification or action recognition
where the common practice is to test on more than one
dataset and make source code and datasets publicly available).
Additionally, the used datasets are often not public available
(restricted and difficult to access), and the total number of
images and videos used in the study are not sufficient to
believe that the system is robust and generalizable for use
in clinical trials. For instance, the model can produce output
segmentation map with high sensitivity and precision on a
particular dataset and completely fails on other modality im-
ages. Moreover, existing work often use small training and test
datasets. These current limitations make it harder to develop
a robust and generalizable systems.

Therefore, we aim to develop a CADx based support
system that could achieve high performances irrespective of
the datasets. To achieve the goal, we have done extensive ex-
periments on various colonoscopy images and video datasets.
Additionally, we have mixed the dataset from multiple centers
and tested it on other diverse unseen datasets to achieve the
goal of building a generalizable and robust CADx system
that produces no segmentation errors. Moreover, we set a
new benchmark for the publicly available datasets that can
be improved in the future.

III. THE RESUNET++ ARCHITECTURE

ResUNet++ is a semantic segmentation deep neural net-
work designed for medical image segmentation. The backbone
for ResUNet++ architecture is ResUNet [34]: an encoder-
decoder network and based on U-Net [35]. The proposed
architecture takes the benefit of residual block, squeeze and
excite block [36], atrous spatial pyramid pooling (ASPP) [37],
and attention block [38]. What distinguishes ResUNet++ from
ResUNet is the use of squeeze-and-excitation blocks (marked
in dark gray) at the encoder, the ASPP block, (marked in
the dark red) at bridge and decoder, and the attention block
(marked in light green) at the decoder (see Figure 2).

In the ResUNet++ model, we introduce the sequence of
squeeze and excitation block to the encoder part of the
network. Additionally, we replace the bridge of ResUNet with
ASPP. In the decoder stage, we introduce a sequence of at-
tention block, nearest-neighbor up-sampling, and concatenate
it with the relevant feature map from the residual block of the
encoder through skip connection. This process is followed by
the residual unit with identity mapping, as shown in Figure 2.

We also introduce a series of additional skip connections
from the residual unit of the encoder section to the atten-
tion block of the decoder section. We assign the number
of filters [32, 64, 128, 256, 512], along with the levels in the
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Fig. 2. ResUNet++ architecture [1]

encoder section, which are the values in our ResUNet++ ar-
chitecture. These filter combinations achieved the best results
in our ResUNet++ experiment. In the decoder section, the
number of the filter is reversed, and the sequence becomes
[512, 256, 128, 64, 32]. As the semantic gap between the fea-
ture map of the encoder and decoder blocks are supposed to
decrease, the number of filters in the convolution layers of the
decoder block are also decreased to achieve better semantic
coverage. Through this, we ensure that the overall quality of
the feature maps is more alike to the ground truth mask. This
is especially important as the loss in semantic space is likely
to decrease, and therefore it will become more feasible to find
a meaningful representation in semantic space.

The overall ResUNet++ architecture consists of one stem
block with three encoder blocks, an ASPP between the encoder
and the decoder, and three decoder blocks. All the encoder and
decoder blocks use the standard residual learning approach.
Skip connections are introduced between encoder and decoder
for the propagation of information. The output of the last
decoder block is passed through the ASPP, followed by a
1 × 1 convolution and a sigmoid activation function. All
convolutional layers except for the output layer are batch
normalized [39] and are activated by a Rectified Linear Unit
(ReLU) activation function [40]. Finally, we get the output as
binary segmentation maps. A brief explanation of each block
is provided in the following sub-sections.

A. Residual Blocks

Training a deep neural network by expanding network depth
can potentially improve overall performance. Nevertheless,

simply stacking the CNN layer could also hamper the training
process and cause exploding/vanishing gradient when back-
propagation occurs [41]. Residual connections facilitate the
training process by directly routing the input information to
the output and preserves the nobility of the gradient flow.
The residual function simplifies the objective of optimization
without any additional parameters and boosts the performance,
which is the inspiration behind the deeper residual-based
network [42]. Equation (1) below shows the working principle.

yn = F (xn,Wn) + xn (1)

Here, xn is the input and F (·) is the residual function. The
residual units consist of numerous combinations of Batch
Normalization (BN), ReLU, and convolution layers. A detailed
description of the combinations used and their impact can be
found in the work of He et al. [43]. We have employed the
concept of a pre-activation residual unit in the ResUNet++
architecture from ResUNet.

B. Squeeze and Excitation block

The squeeze and excitation (SE) block is the building
block for the CNN that re-calibrates channel-wise feature
response by explicitly modeling interdependencies between
the channels [36]. The SE block learns the channel weights
through global spatial information that increases the sensitiv-
ity of the effective feature maps, whereas it suppresses the
irrelevant feature maps [1]. The feature maps produced by the
convolution have only access to the local information, meaning
they have no access to the global information left by the
local receptive field. To address this limitation, we perform
a squeeze operation on the feature maps using the global
average pooling to generate a global representation. We then
use the global representation and perform sigmoid activation
that helps us to learn a non-linear interaction between the
channels, and capture the channel-wise dependencies. Here,
the sigmoid activation output acts as a simple gating mecha-
nism that ensures us to adaptively recalibrate the feature maps
produced by the convolution. The adaptive recalibration or
excitation operation explicitly models the interdependencies
between the feature channels. The SE net has the capability
of generalizing exceptionally well across various datasets [36].
In the ResUNet++ architecture, we have stacked the SE block
together with the residual block for improving the performance
of the network, increasing the effective generalization across
different medical datasets.

C. Atrous Spatial Pyramidal Pooling

Since the introduction of Atrous convolution by Chen et
al. [44] to control the field-of-view to capture contextual
information at multi-scale precisely, it has shown promising re-
sults for semantic image segmentation. Later, Chen et al. [45]
proposed ASPP, which is a parallel atrous convolution block
to capture multiple-scale information simultaneously. ASPP
captures the contextual information at different scales, and
multiple parallel atrous convolutions with varying rates in the
input feature map are fused [45]. In ResUNet++, we use ASPP
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as a bridge between the encoder and the decoder sections, and
after the final decoder block. We adopt ASPP in ResUNet++ to
capture the useful multi-scale information between the encoder
and the decoder.

D. Attention Units

Chen et al. [46] proposed an attention model that can seg-
ment natural images by multi-scale input processing. Attention
model is an improvement over average and max-pooling base-
line and allows to visualize the features importance at different
scales and positions [46]. With the success of attention mech-
anisms, various medical image segmentation methods have
integrated an attention mechanism into their architecture [1],
[47]–[49]. The attention block gives importance to the subset
of the network to highlight the most relevant information. We
believe that the attention mechanism in our architecture will
boost the effectiveness of the feature maps of the network by
capturing the relevant semantic class and filtering out irrelevant
information. Motivated by the recent achievement of attention
mechanism in the field of medical image segmentation and
computer vision in general, we have integrated an attention
block at the decoder part of the ResUNet++ model.

E. Conditional Random Field

Conditional Random Field (CRF) is a popular statistical
modeling method used when the class labels for different
inputs are not independent (e.g., image segmentation tasks).
CRF can model useful geometric characteristics like shape, re-
gion connectivity, and contextual information [50]. Therefore,
the use of CRF can further improve the models capability to
capture contextual information of the polyps and thus improve
overall results. We have used CRF as a further step to produce
more refined output to the test dataset for improving the
segmentation results. we have used a dense CRF for our
experiment.

F. Test Time Augmentation

Test-Time Augmentation (TTA) is a technique of perform-
ing reasonable modifications to the test dataset to improve
the overall prediction performance. In TTA, augmentation is
applied to each test image, and multiple augmented images are
created. After that, we make predictions on these augmented
images, and the average prediction of each augmented image
is taken as the final output prediction. Inspired by the improve-
ment of recent SOTA [22], we have used TTA in our work.
In this paper, we utilize both horizontal and vertical flip for
TTA.

IV. EXPERIMENTS

A. Datasets

We have used six different datasets of segmented polyps
with ground truths in our experiments as shown in Table I, i.e.,
Kvasir-SEG [4], CVC-ClinicDB [11], CVC-ColonDB [12],
ETIS Larib Polyp DB [13], CVC-VideoClinicDB [15], [16]
and ASU-Mayo Clinic dataset [14]. They vary e.g., regarding
number of images, image resolution, availability, devices used

Fig. 3. Example polyp and corresponding ground truth from the Kvasir-SEG

TABLE I
THE BIOMEDICAL SEGMENTATION DATASETS USED IN OUR EXPERIMENTS

Dataset Images Input size Availability

Kvasir-SEG [4] 1000 Variable Public
CVC-ClinicDB [11] 612 384 × 288 Public
CVC-ColonDB [12] 380 574 × 500 Public
ETIS Larib Polyp DB [13] 196 1225 × 966 Public
CVC-VideoClinicDB [15], [16]†� 11,954 384 × 288 Public
ASU-Mayo Clinic dataset [14]† 18,781 688 × 550 Copyrighted
Kvasir-Sessile• 196 Variable Public
† Ground truth for test data not available �Ground truth oval or circle shaped
• Part of Kvasir-SEG [4], only sessile polyps

for capturing and the accuracy of the segmentation masks.
One example is given from the Kvasir-SEG in Figure 3. The
Kvasir-SEG dataset includes 196 polyps smaller than 10 mm
classified as Paris class 1 sessile or Paris class IIa. We have
released this dataset seperately as subset of Kvasir-SEG. Note
that for CVC-VideoClinicDB, we have only used the data from
the CVC-VideoClinicDBtrainvalid folder since only these data
have ground truth masks. Moreover, the ASU-Mayo Clinic
dataset, which was made available at the “Automatic Polyp
Detection in Colonoscopy Videos” sub-challenge at Endovis
2015 had ten normal videos (negative shots) and ten videos
with polyps. However, the test subset is not available because
of issues related to licensing. In our experiment, while training,
validating, testing with 80:10:10 split on the ASU-Mayo, we
used all 20 videos for experimentation. However, for the cross-
dataset test (i.e., Tables X and XI), we only tested on ten
positive polyp videos.

B. Evaluation Method

To evaluate polyp segmentation methods, where individual
pixels should be identified and marked, we use metrics used
in earlier research [4], [18], [20], [22], [26], [51] and in com-
petitions like GIANA1, comparing the correctly and wrongly
identified pixels of findings. The Dice coefficient (DSC) and
the Intersection over Union (IoU) are the most commonly
used metrics. We use the DSC to compare the similarity
between the produced segmentation results and the original
ground truth. Similarly, the IoU is used to compare the overlap
between the output mask and original ground truth mask of the
polyp. The mean Intersection over Union (mIoU) calculates
IoU of each semantic class of the image and compute the
mean over all the classes. There is a correlation between
DSC and mIoU. However, we calculate both the metrics to

1https://giana.grand-challenge.org/
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provide a comprehensive results analysis that could lead to
better understanding of the results.

Moreover, other often-used metrics for the binary classi-
fication are recall (true positive rate) and precision (positive
predictive value). For the polyp segmentation, precision is the
ratio of the number of correctly segmented pixels versus the
total number of all the pixels. Similarly, recall is the ratio of
correctly segmented pixel versus the total number of pixels
present in the ground truth. In the polyp image segmentation,
precision and recall are used to indicate over-segmentation and
under-segmentation. For formal definitions and formulas, see
the definitions in for example [4], [51]. Finally, the receiver
operating characteristic (ROC) curve analysis is also an im-
portant metric to characterize the performance of the binary
classification system. In our study, we therefore calculate
DSC, mIoU, recall, precision, and ROC when evaluating the
segmentation models.

C. Data Augmentation

Data augmentation is a crucial step in increasing the number
of polyp samples. This solves the data insufficiency problem,
improves the performance of the model, and help to reduce
over-fitting. We have used a large number of different data
augmentation techniques to increase the training sample. We
divide all the polyp datasets into training, validation, and
testing sets using the ratio of 80:10:10 based on the random
distribution except for the mixed datasets. After splitting
the dataset, we apply data augmentation techniques such as
center crop, random rotation, transpose, elastic transform,
grid distortion, optical distortion, vertical flip, horizontal flip,
grayscale, random brightness, random contrast, hue saturation
value, RBG shift, course dropout, and different types of blur.
For cropping the images, we have used a crop size of 256×256
pixels. For the experiment, we have resized the complete train-
ing, validation, and testing dataset to 256×256 pixels to reduce
the computational complexity. We have only augmented the
training dataset. The validation data is not augmented, and the
test datasets were augmented while evaluation using TTA.

D. Implementation and Hardware Details

We have implemented all the models using the Keras frame-
work [52] with Tensorflow [53] as a backend. Source code of
our implementation and information about our experimental
setup are made publicly available on Github2. Our experiments
were performed using a Volta 100 Tensor Core GPU on a
Nvidia DGX-2 AI system capable of 2-petaFLOPS tensor
performance. We used a Ubuntu 18.04.3LTS operating system
with Cuda 10.1.243 version installed. We have performed
different experiments with different sets of hyperparameters
manually on the same dataset in order to select the optimal set
of hyperparameters for the ResUNet++. Our model performed
well with the batch size of 16, Nadam as an optimizer, binary
cross-entropy as the loss function, and learning rate of 1e−5.
The dice loss function was also competitive. These hyperpa-
rameters were chosen based on the empirical evaluation. All

2https://github.com/DebeshJha/ResUNet-with-CRF-and-TTA

TABLE II
RESULTS COMPARISON ON KVASIR-SEG

Method DSC mIoU Recall Precision

UNet [35] 0.7147 0.4334 0.6306 0.9222
ResUNet [34] 0.5144 0.4364 0.5041 0.7292
ResUNet-mod [34] 0.7909 0.4287 0.6909 0.8713
ResUNet++ [1] 0.8119 0.8068 0.8578 0.7742
ResUNet++ + CRF 0.8129 0.8080 0.8574 0.7775
ResUNet++ TTA 0.8496 0.8318 0.8760 0.8203
ResUNet++ +TTA + CRF 0.8508 0.8329 0.8756 0.8228

TABLE III
RESULTS COMPARISON ON CVC-CLINICDB

Method DSC mIoU Recall Precision

MultiResUNet� [31] - 0.8497 - -
cGAN† [24] 0.8848 0.8127 - -
SegNet [20] - - 0.8824 -
FCN• [54] - - 0.7732 0.8999
CNN [55] (0.62-0.87) - - -
MSPBψ CNN [56] 0.8130 - 0.7860 0.8090
UNet [35] 0.6419 0.4711 0.6756 0.6868
ResUNet [34] 0.4510 0.4570 0.5775 0.5614
PraNet [57] 0.8980 0.8400 - -
ResUNet-mod [34] 0.7788 0.4545 0.6683 0.8877
ResUNet++ [1] 0.9199 0.8892 0.9391 0.8445
ResUNet++ + CRF 0.9203 0.8898 0.9393 0.8459
ResUNet++ + TTA 0.9020 0.8826 0.9065 0.8539
ResUNet++ + TTA + CRF 0.9017 0.8828 0.9060 0.8549
† Conditional generative adversarial network �Data augmentation
•Fully convolutional network ψ multi-scale patch-based

the models were trained for 300 epochs. We have used early
stopping to prevent the model from over-fitting. To further
improve the results, we have used stochastic gradient descent
with warm restarts (SGDR). All the hyperparameters were
same except the learning rate, which was adjusted based on
the requirement. We have also included the Tensorboard for
the analysis and visualization of the results.

V. RESULTS

In our previous work, we have showed that ResUNet++
outperforms the SOTA UNet [35] and ResUNet [34] models
trained on Kvasir-SEG and CVC-ClinicDB dataset [1]. In this
work, we aim to improve the results of ResUNet++ by utilizing
further hyperparameter optimization, CRF and TTA. In this
section, we present and compare the results of ResUNet++
with CRF, TTA, and both approaches combined on the same
dataset, mixed dataset, and cross-dataset. Although a direct
comparison of approaches from the literature is difficult due
to different testing mechanisms used by various authors, we
nonetheless compare the results with the recent work for the
evaluation.

A. Results comparison on Kvasir-SEG dataset

Table II and Figure 4 show the quantitative and qualitative
results comparison. Figure 7 shows the ROC curve for all
the models. As seen in the quantitative results (Table II),
qualitative results (Figure 4), and ROC curve (Figure 7),
our proposed methods outperform ResUNet++ on the Kvasir-
SEG dataset. The improvement in results demonstrates the
advantage of the use of the TTA, CRF and their combinations.
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Fig. 4. Qualitative results comparison of the proposed models with UNet, ResUNet, and ResUNet++. The figure shows the example of polyps that are usually
missed-out during colonoscopy examination. We see that there is a high similarity between ground truth and predicted mask for the proposed models.

Fig. 5. Result of model trained on CVC-ClinicDB and tested on Kvasir-SEG

B. Results comparison on CVC-ClinicDB

CVC-ClinicDB is a commonly used dataset for polyp
segmentation. Therefore, it becomes important that we bring
different work from the literature together and compare the
proposed algorithms with the existing works. We compare our
algorithms with the SOTA algorithms. Table III demonstrates
that the combination of ResUNet++ and CRF achieves DSC
of 0.9293 and mIoU of 0.8898, which is 2.23% improvement
on PraNet [57] in DSC and 4.98% improvement in mIoU,
respectively, and the proposed methods shows the SOTA result
on CVC-ClinicDB.

The ROC curve measures the performance for the classi-
fication problem provided a set threshold. We have set the
probability threshold of 0.5. The combination of ResUNet++

Fig. 6. Example images where the proposed models fails on Kvasir-SEG

and TTA has the maximum Area Under Curve - Receiver
Operating Characteristic (AUC-ROC) of 0.9814, as shown in
Figure 8. Therefore, the results in Table III and Figure 8 show
that applying TTA gives an improvement on CVC-ClinicDB.

C. Results comparison on CVC-ColonDB dataset

Our results using the CVC-ColonDB dataset are presented
in Table IV. The table shows that proposed method of com-
bining ResUNet++ and TTA achieved the highest DSC of
0.8474, which is 3.74% higher than SOTA [19], and mIoU
of 0.8466 which is 20.66% higher than [57]. The recall and
precision of all three proposed methods are quite acceptable.
When compared with ResUNet++, there is an improvement of
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Fig. 7. ROC curve of proposed models on the Kvasir-SEG

Fig. 8. ROC curve for all the models trained and tested on CVC-ClinicDB

TABLE IV
RESULTS COMPARISON ON CVC-COLONDB

Method DSC mIoU Recall Precision

FCN-8S + Otsu [19] 0.8100 - 0.7480 -
FCN-8s + Texton [58] 0.7014 - 0.7566 -
SA-DOVA Descriptor [12] 0.5533 - 0.6191 -
PraNet [57] 0.7090 0.6400 - -
ResUNet++ [1] 0.8469 0.8456 0.8511 0.8003
ResUNet++ + CRF 0.8458 0.8456 0.8497 0.7767
ResUNet++ + TTA 0.8474 0.8466 0.8434 0.8118
ResUNet++ + TTA + CRF 0.8452 0.8459 0.8411 0.8125

TABLE V
RESULTS ON ETIS-LARIB POLYP DB

Method DSC mIoU Recall Precision

PraNet [57] 0.6280 0.5670 - -
ResUNet++ [1] 0.6364 0.7534 0.6346 0.6467
ResUNet++ + CRF 0.6228 0.7520 0.6242 0.5648
ResUNet++ + TTA 0.6136 0.7458 0.5996 0.6565
ResUNet++ + TTA + CRF 0.6018 0.7426 0.5914 0.5755

1.22% in precision. There are negligible differences in recall,
with ResUNet++ slightly outperforming the others.

D. Results comparison on ETIS-Larib Polyp DB

Table V shows the results of the proposed models on the
ETIS-Larib Polyp DB. In this case, we do not compare the
results with UNet and ResUNet, but compare the models

TABLE VI
RESULTS ON KVASIR-SESSILE

Method DSC mIoU Recall Precision

ResUNet++ [1] 0.4600 0.64086 0.4382 0.5838
ResUNet++ + CRF 0.4522 0.6394 0.4326 0.5708
ResUNet++ + TTA 0.5042 0.6606 0.4851 0.6796
ResUNet++ + TTA + CRF 0.4901 0.6565 0.4766 0.6277

TABLE VII
RESULTS COMPARISON ON CVC-VIDEOCLINICDB

Method DSC mIoU Recall Precision

ResUNet++ [1] 0.8798 0.8730 0.7749 0.6702
ResUNet++ + CRF 0.8811 0.8739 0.7743 0.6706
ResUNet++ + TTA 0.8125 0.8467 0.6896 0.6421
ResUNet++ + TTA + CRF 0.8130 0.8477 0.6875 0.6276

directly with ResUNet++ as it already showed superior perfor-
mance on Kvasir-SEG and CVC-ClinicDB [1]. Here, there are
only marginal differences in the results of ResUNet++, “Re-
sUNet++ + CRF”, “ResUNet++ + TTA”, and “ResUNet++ +
CRF + TTA”. However, ResUNet++ achieves maximum DSC
of 0.6364, which is 0.84% improvement over SOTA [57] and
mIoU of 0.7534 which is 18.64% improvement over [57]. The
recall of ResUNet++ is 0.6346, which is slightly higher than
the proposed methods. However, the precision of combining
ResUNet++ and TTA is higher as compared to ResUNet++.

From the results, we can say that the performance of archi-
tecture is data specific. Our proposed methods outperformed
SOTA over five independent datasets, however, ResUNet++
shows better results than the combinational approaches on
ETIS-Larib dataset. Still, the precision of combining Re-
sUNet++ and TTA is slightly higher than ResUNet++. It
is to be noted that ETIS-Larib contains only 196 images,
out of which only 156 images are used for training. Even
with the small training dataset, the models are performing
satisfactory as compared to the SOTA [57] with significant
margin in mIoU, which can be considered as the strength of
the algorithm.

E. Results on Kvasir-Sessile
As this is the first work on Kvasir-Sessile, we have com-

pared the proposed methods with ResUNet++. Table VI shows
that combining ResUNet++ and TTA gives the DSC of 0.5042,
mIoU of 0.6606 which can be considered a decent score on
a smaller size dataset. The dataset contains small, diverse
images, which are difficult to generalize with very few training
samples.

F. Results comparison on CVC-VideoClinicDB

Table VII shows the results of the proposed models on the
CVC-VideoClinicDB. From the results, we can see that all
models perform well on the dataset despite the fact that masks
are not pixel perfect. One of the reasons for high performance
is the presence of 11, 954 polyps and normal video frames
that was used in training and testing. The combination of
ResUNet++ and CRF obtained a DSC of 0.8811, mIoU of
0.8739, recall of 0.7743, and precision of 0.6706 which is
quite acceptable for the segmentation task with this type of
dataset. In CVC-VideoClinicDB, the ground-truth is marked



This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2021.3049304, IEEE Journal of
Biomedical and Health Informatics

TABLE VIII
RESULTS COMPARISON ON ASUMAYO CLINIC

Method DSC mIoU Recall Precision

ResUNet++ [1] 0.8743 0.8569 0.6534 0.4896
ResUNet++ + CRF 0.8850 0.8635 0.6504 0.4858
ResUNet++ + TTA 0.8553 0.8535 0.6162 0.4912
ResUNet++ + TTA + CRF 0.8550 0.8551 0.6107 0.4743

TABLE IX
RESULTS COMPARISON USING (KVASIR-SEG + CVC-CLINICDB) AS THE

TRAINING SET

Test set Method DSC mIoU Recall Precision

C
V

C
-

C
ol

on
D

B ResUNet++ [1] 0.4974 0.6800 0.4787 0.6019
ResUNet++ + CRF 0.4920 0.6788 0.4744 0.5636
ResUNet++ + TTA 0.5084 0.6859 0.4795 0.5973
ResUNet++ + TTA + CRF 0.5061 0.6852 0.4775 0.5770

C
V

C
-

V
id

eo
-

C
lin

ic
D

B ResUNet++ [1] 0.3460 0.6348 0.2272 0.3383
ResUNet++ + CRF 0.3552 0.6412 0.2228 0.3065
ResUNet++ + TTA 0.3573 0.6440 0.2104 0.3338
ResUNet++ + TTA + CRF 0.3603 0.6468 0.2068 0.3038

with a oval or circle shape. However, it is understandable that
pixel-precise annotations of this dataset will need great manual
effort from expert endoscopists and engineers.
G. Results comparison on AUS-Mayo ClinicDB

Table VIII shows the results of the proposed models on
the ASU-Mayo ClinicDB. ASU-Mayo contains 18,781 frames,
both polyp and non-polyp images. The combination of Re-
sUNet++ and CRF obtained a DSC of 0.8850 and mIoU of
0.8635. As in the real clinical settings, the models trained on
this type of dataset are more meaningful (as it contains both
polyp and non-polyp frames). The capability to achieve good
performance for these more challenging datasets is one of the
strengths of the proposed method. This is supported by the fact
that this dataset also contains a sufficient amount of images
to enable sufficient training.

H. Results comparison on mixed dataset

To check the performance of the proposed approaches on
the images captured using different devices, we have mixed
the Kvasir-SEG and CVC-ClinicDB and used them for train-
ing. The model were tested on CVC-ColonDB and CVC-
VideoClinicDB. Table IX shows the result of the mixed dataset
on both datasets. The combination of ResUNet++ and TTA
obtains a DSC of 0.5084 and mIoU of 0.6859 with CVC-
ColonDB. The combination of ResUNet++, CRF, and TTA
obtained a DSC of 0.3603 and mIoU of 0.6468 with CVC-
VideoClinicDB.

From the table, we can see that the combination of Re-
sUNet++, CRF, and TTA performs better or very competitive
in both still images and video frames. Here, it is also evident
that the model trained on the smaller dataset (Kvasir-SEG
and CVC-ClinicDB) which do not include non-polyp images
is not performing well on larger and diverse datasets (CVC-
VideoClinicDB) that contain both polyp and non-polyp frames.
Additionally, for the CVC-VideoClinicDB datasets, the pro-
vided ground truth is not perfect (oval/circle) shaped. As the
model trained on Kvasir-SEG and CVC-ClinicDB have perfect
annotations, the model is good at predicting a perfect shaped

TABLE X
CROSS-DATASET RESULTS USING KVASIR-SEG AS THE TRAINING SET

Test set Method DSC mIoU Recall Precision

C
V

C
-

C
lin

ic
D

B ResUNet++ [1] 0.6468 0.7311 0.6984 0.6510
ResUNet++ + CRF 0.6458 0.7321 0.6955 0.6425
ResUNet++ + TTA 0.6737 0.7507 0.7108 0.6833
ResUNet++ + TTA + CRF 0.6712 0.7506 0.7078 0.6680

E
T

IS
-

L
ar

ib
Po

ly
p

D
B ResUNet++ [1] 0.4017 0.6415 0.4412 0.3925

ResUNet++ + CRF 0.4012 0.6427 0.4379 0.3755
ResUNet++ + TTA 0.4014 0.6468 0.4294 0.4014
ResUNet++ + TTA + CRF 0.3997 0.6466 0.4267 0.3710

C
V

C
-

C
ol

on
D

B ResUNet++ [1] 0.5135 0.6742 0.5398 0.5461
ResUNet++ + CRF 0.5122 0.6748 0.5367 0.5285
ResUNet++ + TTA 0.5593 0.7030 0.5626 0.5944
ResUNet++ + TTA + CRF 0.5563 0.7024 0.5595 0.5811

C
V

C
-

V
id

eo
-

C
lin

ic
D

B ResUNet++ [1] 0.3175 0.6082 0.2915 0.3299
ResUNet++ + CRF 0.3334 0.6185 0.2862 0.3141
ResUNet++ + TTA 0.3505 0.6337 0.2601 0.3488
ResUNet++ + TTA + CRF 0.3601 0.6402 0.2555 0.3252

A
SU

-
M

ay
o

ResUNet++ [1] 0.3482 0.6346 0.2196 0.2021
ResUNet++ + CRF 0.3747 0.6516 0.2136 0.1797
ResUNet++ + TTA 0.3823 0.6583 0.1962 0.2165
ResUNet++ + TTA + CRF 0.3950 0.6681 0.1890 0.1781

mask. When we make predictions on the CVC-VideoClinicDB
with imperfect masks, even if the predictions are good, the
scores may not be high because of the difference in the
provided ground truth and the predicted masks.

I. Cross-dataset result evaluation on Kvasir-SEG

For the cross-dataset evaluation, we trained the models
on the Kvasir-SEG dataset and tested it on the other five
independent datasets. Table X shows the results of cross-
data generalizability of ResUNet++ alone, and with the CRF
and TTA techniques. The results of the models trained on
Kvasir-SEG produces an average best mIoU of 0.6817 and
an average best DSC of 0.4779 for both image and video
datasets. From the above table, we can see that the proposed
combinational approaches are performing competitive. For the
image datasets, the combination of ResUNet++ and TTA is
performing better, and for the video datasets, the combination
of ResUNet++, CRF, and TTA is performing best. It is to
be noted that we are training a model with 1000 Kvasir-
SEG pixel segmented polyps and testing on (for example,
11,954 frames) oval-shaped polyp ground truth. Here, even
if the predictions are correct, the evaluation scores will not be
good because of the oval/circle shaped ground truth. Moreover,
the datasets such as ASU-Mayo and CVC-VideoClinicDB are
heavily imbalanced, but the model trained on Kvasir-SEG
contains at least one polyp. This may also have caused the
poor performance.

J. Cross-dataset evaluation on CVC-ClinicDB
To further test generaliziblity, we trained the models on

CVC-CliniDB and tested it across five independent, diverse
image and video datasets. Tables XI shows the results of
cross-data generalizability. Like the previous test on Kvasir-
SEG, the results follow the same pattern with the combination
of ResUNet++ and TTA outperforming others on the image
datasets and the combination of ResUNet++, CRF, and TTA
outperforming its competitors on video datasets. ResUNet++
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TABLE XI
CROSS-DATASET RESULTS ON CVC-CLINICDB AS THE TRAINING SET

Test set Method DSC mIoU Recall Precision

K
va

si
r-

SE
G

ResUNet++ [1] 0.6876 0.7374 0.7027 0.7354
ResUNet++ + CRF 0.6877 0.7389 0.7004 0.7371
ResUNet++ + TTA 0.7218 0.7616 0.7225 0.7855
ResUNet++ + TTA + CRF 0.7208 0.7621 0.7204 0.7831

C
V

C
-

C
ol

on
D

B ResUNet++ [1] 0.5489 0.6942 0.5577 0.5816
ResUNet++ + CRF 0.5470 0.6949 0.5546 0.5727
ResUNet++ + TTA 0.5686 0.7080 0.5702 0.5935
ResUNet++ + + TTA + CRF 0.5667 0.7081 0.5687 0.5773

E
T

IS
-

L
ar

ib
Po

ly
p

D
B

FCN-VGG [59] 0.7023 0.5420 - -
ResUNet++ [1] 0.4012 0.6398 0.4232 0.4013
ResUNet++ + CRF 0.3990 0.6403 0.4191 0.3974
ResUNet++ + TTA 0.4027 0.6522 0.3969 0.4235
ResUNet++ + TTA + CRF 0.3973 0.6514 0.3906 0.4078

C
V

C
-

V
id

eo
-

C
lin

ic
D

B ResUNet++ [1] 0.3666 0.6422 0.2568 0.3632
ResUNet++ + CRF 0.3788 0.6500 0.2530 0.3399
ResUNet++ + TTA 0.3941 0.6582 0.2516 0.3829
ResUNet++ + TTA + CRF 0.3988 0.6616 0.2481 0.3542

A
SU

-
M

ay
o

ResUNet++ [1] 0.2797 0.6113 0.1627 0.1443
ResUNet++ + CRF 0.3167 0.6323 0.1591 0.1348
ResUNet++ + TTA 0.3085 0.6331 0.1265 0.1571
ResUNet++ + TTA + CRF 0.3233 0.6426 0.1225 0.1270

and TTA still remain competitive. Moreover, the values of
DSC and mIoU of the best model are similar for both the
CVC-VideoClinicDB and the ASU-Mayo Clinic dataset. We
have compared the results with the existing work that used
CVC-CliniDB for training and ETIS-Larib for testing. Our
model achieves highest mIoU of 0.6522.

K. Result summary

In summary, from all obtained results (i.e., qualitative,
quantitative, and ROC curve), the following main observations
can be drawn: (i) the proposed ResUNet++ is capable of
segmenting the smaller, larger and regular polyps; (ii) the
combination of ResUNet++ with CRF achieves the best per-
formance in terms of DSC, mIoU, recall and precision when
trained and tested on the same dataset (see Table III, Table
VII, and Table VIII) whereas it remains competitive when
tested on other datasets; (iii) the combination of ResUNet++
and TTA and the combination of ResUNet++, CRF and TTA
performs similar for the mixed datasets; (iv) the combination
of ResUNet++ and TTA outperforms others on still images;
(v) the combination of ResUNet++, CRF and TTA shows im-
provement on all the video datasets compared to ResUNet++;
(vi) all the models perform better when the images have higher
contrast; (vii) ResUNet++ is particularly good at segmenting
smaller and flat or sessile polyps, which is a prerequisite for
developing an ideal CADx polyp detection system [1]; (viii)
ResUNet++ fails especially on the images that contains over-
exposed regions termed as saturation or contrast (see Figure 6);
(ix) ResUNet and ResUNet-mod particularly showed over-
segmented or under-segmented results, (see Figure 4).

VI. DISCUSSION

A. General Performance

The tables and figures suggest that applying CRF and
TTA improved the performance of ResUNet++ on the same
datasets, mixed datasets and cross-datasets. Specifically, the

TABLE XII
TOTAL NUMBER OF TRAINABLE PARAMETERS

Model Trainable parameters

U-Net 5,400,289
ResUNet 8,221,121
ResUNet-mod 2,058,465
ResUNet++ 16,228,001

combination of ResUNet++ and TTA, and the combination
of ResUNet++, CRF and TTA are more generalizable for all
the datasets, where TTA with ResUNet++ performs best on
the still images, and the combinations of ResUNet++, CRF,
and TTA are outperforming others on video datasets. For all
of the proposed models, the value of AUC is greater than
0.93. This indicates that our models are good at distinguishing
between the polyp and non-polyps. It also suggests that the
model produces sufficient sensitivity.

The total number of trainable parameters increases by in-
creasing the number of blocks in the networks (see Table XII).
However, in ResUNet++, there is significant performance gain
that compensates for the training time, and our model requires
fewer parameters if we compare with the models that use pre-
trained encoders.

B. Cross Dataset Performance

The cross-data test is an excellent technique to determine
the generalizing capability of a model. The presented work
is an initiative towards improving the generalizability of seg-
mentation methods. Our contribution towards generalizability
is to train on one dataset and test on several other public
datasets that may come from different centers and use different
scope manufacturers. Thus, we believe that to tackle this issue,
out-of-sample multicenter data must be used to test the built
methods. The work is a step forward in raising an issue
regarding method interpretability and we also raise questions
about generalizability and domain adaptation of supervised
methods in general.

From the results analyses, we can see that different proposed
algorithms perform well with different types of datasets. For
instance, CRF outperformed others on tables III, VII, and VIII.
TTA showed improvement on tables IV, IX, X and XI. CRF
performs better than TTA while trained and tested on video
datasets (see tables VII and VIII). CRF also outperformed TTA
on most of the images dataset. However, TTA still remains
competitive. On the mixed dataset and the cross-dataset test,
TTA performs better than CRF on all the datasets. On the
mixed datasets and on the cross-dataset test on videos, the
combination of ResUNet++, CRF, and TTA remains the best
choice (see tables IX, X, and XI). There is a performance
improvement over ResUNet++ while combining CRF, TTA,
and the combination of CRF and TTA.

However, there is no significant performance improvement
of any methods on the others. From the results, we can see
that the results are typically data-dependent. However, as the
proposed methods perform well on video frames, it may work
better in the clinic, as the output from a colonoscope is a
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video stream. Thus, it becomes critical to show the results
with all three approaches on each dataset. Therefore, we
provide extensive experiments showing both success (Figure 4,
Figure 5) and failure cases (Figure 6) and present the overall
analysis.

C. Challenges

There are several challenges associated with segmenting
polyps, such as bowel-quality preparation during colonoscopy,
angle of the cameras, superfluous information, and varying
morphology, which can affect the overall performance of a
DL model. For some of the images, there even exists varia-
tion in the decision between endoscopists. While ResUNet++
with CRF and TTA also struggle with producing satisfactory
segmentation maps for these images, it performs considerably
better than our previous model and also outperforms another
SOTA algorithm.

The quality of a colonoscopy examination is largely deter-
mined by the experience and skill of the endoscopist [23].
Our proposed model can help in two ways: (i) it can be
used to segment a detected polyp, providing an extra pair of
eyes to the endoscopist; and (ii) it performs well on both flat
and small polyps, which are often missed during endoscopic
examinations. The qualitative analysis (see Figure 4) and the
quantitative analyses from the above tables and figures support
this argument. This is a major strength of our work and makes
it a candidate for clinical testing.

D. Possible Limitations

Possible limitations of this work are that it is a retrospec-
tive study. Prospective clinical evaluation is essential because
data analyzed with the retrospective study is the different
prospective study (for example, the case of missing data that
should be considered on the basis of best-case and worse
case scenarios) [60]. Also, all data in these experiments are
curated, while a prospective clinical trial would mean testing
on full colonscopy videos. During model training, we have
resized all the images to 256× 256 to reduce the complexity,
which costs in loss of information, and can affect the overall
performance. We have worked on optimizing the code, but
further optimization may exist, that can potentially improve
the performance of the model.

VII. CONCLUSION

In this paper, we have presented the ResUNet++ architecture
for semantic polyp segmentation. We took inspiration from the
residual block, ASPP, and attention block to design the novel
ResUNet++ architecture. Furthermore, we applied CRF and
TTA to improve the results even more. We have trained and
validated the combination of ResUNet++ with CRF and TTA
using six publicly available datasets, and analyzed and com-
pared the results with the SOTA algorithm on specific datasets.
Moreover, we analyzed the cross-data generalizability of the
proposed model towards developing generalizable semantic
segmentation models for automatic polyp segmentation. A

comprehensive evaluation of the proposed model trained and
tested on six different datasets showed good performance of
the (ResUNet++ and CRF) on image datasets and (ResUNet++
and TTA), (ResUNet++, CRF, and TTA) model for the mixed
datasets and cross-datasets. Further, a detailed study on cross-
dataset generalizability of the models trained on Kvasir-SEG
and CVC-ClinicDB and tested on five independent datasets,
confirmed the robustness of the proposed ResUNet++ + TTA
method for cross-dataset evaluation.

The strength of our method is that we successfully detected
smaller and flat polyps, which are usually missed during
colonoscopy examination [20], [61]. Our model can also detect
the polyps that would be difficult for the endoscopists to
identify without careful investigations. Therefore, we believe
that the ResUNet++ architecture, along with the additional
CRF and TTA steps, could be one of the potential areas
to investigate, especially for the overlooked polyps. We also
point out that the lack of generalization issues of the models,
which is evidenced by the unsatisfactory result for cross-
dataset evaluation in most of the cases. In the future, our CADx
system should also be investigated on other bowel conditions.
Moreover, a prospective trial should also be conducted with
image and video datasets.
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Abstract: Semantic image segmentation is the process of labeling each pixel of an image

with its corresponding class. An encoder-decoder based approach, like U-Net and

its variants, is a popular strategy for solving medical image segmentation tasks.

To improve the performance of U-Net on various segmentation tasks, we propose a

novel architecture called DoubleU-Net, which is a combination of two U-Net archi-

tectures stacked on top of each other. The first U-Net uses a pre-trained VGG-19 as

the encoder, which has already learned features from ImageNet and can be trans-

ferred to another task easily. To capture more semantic information efficiently,

we added another U-Net at the bottom. We also adopt Atrous Spatial Pyramid

Pooling (ASPP) to capture contextual information within the network. We have

evaluated DoubleU-Net using four medical segmentation datasets, covering various

imaging modalities such as colonoscopy, dermoscopy, and microscopy. Experiments

on the MICCAI 2015 segmentation challenge, the CVC-ClinicDB, the 2018 Data

Science Bowl challenge, and the Lesion boundary segmentation datasets demon-

strate that the DoubleU-Net outperforms U-Net and the baseline models. Moreover,

DoubleU-Net produces more accurate segmentation masks, especially in the case of

the CVC-ClinicDB and MICCAI 2015 segmentation challenge datasets, which have

challenging images such as smaller and flat polyps. These results show the improve-

ment over the existing U-Net model. The encouraging results, produced on various

medical image segmentation datasets, show that DoubleU-Net can be used as a

strong baseline for both medical image segmentation and cross-dataset evaluation

testing to measure the generalizability of Deep Learning (DL) models.
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Abstract: Computer-aided detection, localisation, and segmentation methods can help

improve colonoscopy procedures. Even though many methods have been built to

tackle automatic detection and segmentation of polyps, benchmarking of state-of-

the-art methods still remains an open problem. This is due to the increasing num-

ber of researched computer vision methods that can be applied to polyp datasets.

Benchmarking of novel methods can provide a direction to the development of au-

tomated polyp detection and segmentation tasks. Furthermore, it ensures that the

produced results in the community are reproducible and provide a fair comparison

of developed methods. In this paper, we benchmark several recent state-of-the-

art methods using Kvasir-SEG, an open-access dataset of colonoscopy images for

polyp detection, localisation, and segmentation evaluating both method accuracy

and speed. Whilst, most methods in literature have competitive performance over

accuracy, we show that the proposed ColonSegNet achieved a better trade-off be-

tween an average precision of 0.8000 and mean IoU of 0.8100, and the fastest speed

of 180 frames per second for the detection and localisation task. Likewise, the pro-

posed ColonSegNet achieved a competitive dice coefficient of 0.8206 and the best

average speed of 182.38 frames per second for the segmentation task. Our compre-

hensive comparison with various state-of-the-art methods reveals the importance of

benchmarking the deep learning methods for automated real-time polyp identifica-

tion and delineations that can potentially transform current clinical practices and

minimise miss-detection rates.
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ABSTRACT Computer-aided detection, localization, and segmentation methods can help improve
colonoscopy procedures. Even though many methods have been built to tackle automatic detection and
segmentation of polyps, benchmarking of state-of-the-art methods still remains an open problem. This
is due to the increasing number of researched computer vision methods that can be applied to polyp
datasets. Benchmarking of novel methods can provide a direction to the development of automated polyp
detection and segmentation tasks. Furthermore, it ensures that the produced results in the community are
reproducible and provide a fair comparison of developed methods. In this paper, we benchmark several
recent state-of-the-art methods using Kvasir-SEG, an open-access dataset of colonoscopy images for polyp
detection, localization, and segmentation evaluating both method accuracy and speed. Whilst, most methods
in literature have competitive performance over accuracy, we show that the proposed ColonSegNet achieved
a better trade-off between an average precision of 0.8000 and mean IoU of 0.8100, and the fastest speed
of 180 frames per second for the detection and localization task. Likewise, the proposed ColonSegNet
achieved a competitive dice coefficient of 0.8206 and the best average speed of 182.38 frames per second
for the segmentation task. Our comprehensive comparison with various state-of-the-art methods reveals the
importance of benchmarking the deep learning methods for automated real-time polyp identification and
delineations that can potentially transform current clinical practices and minimise miss-detection rates.

INDEX TERMS Medical image segmentation, ColonSegNet, colonoscopy, polyps, deep learning, detection,
localization, benchmarking, Kvasir-SEG.

I. INTRODUCTION
Colorectal Cancer (CRC) has the third highest mortality rate
among all cancers. The overall five-year survival rate of colon
cancer is around 68%, and stomach cancer is only around
44% [1]. Searching for and removing precancerous anomalies
is one of the best working methods to avoid CRC based
mortality. Among these abnormalities, polyps in the colon

The associate editor coordinating the review of this manuscript and

approving it for publication was Alberto Cano .

are important to detect because it can develop into the CRC
at late stage. Thus, an early detection of CRC is crucial for
survival.

After modification in the lifestyle, the prevention from
the CRC is the screening of the colon regularly. Differ-
ent research studies suggest that population-wide screening
advances the prognosis and can even reduce the incidence
of CRC [2]. Colonoscopy is an invasive medical procedure
where an endoscopist examines and operates on the colon
using a flexible endoscope. It is considered to be the best
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diagnostic tool for colon examination for early detection and
removal of polyps. Therefore, colonoscopic screening is the
most preferred technique among gastroenterologists.

Polyps are abnormal growths of tissue protruding from
the mucous membrane. They can occur anywhere in the
gastrointestinal (GI) tract but are mostly found in the col-
orectal area and are often considered a predecessor of
CRC [3], [4]. Polyps may be pedunculated (having a well-
defined stalk) or sessile (without a defined stalk). The
colorectal polyps can be categorised into two classes: non-
neoplastic and neoplastic. Non-neoplastic polyps are further
sub-categorised into hyperplastic, inflammatory, and hamar-
tomatous polyps. These types of polyps are non-cancerous
and not harmful. Neoplastic is further sub-categorised into
adenomas and serrated polyps. These polyps can develop
into the risk of cancer. Based on their size, colorectal
polyps can be categorised into three classes, namely, diminu-
tive (≤5mm), small (6 to 9 mm), and advanced (large)
(≥10mm) [5]. Usually, larger polyps can be detected and
resected.

There exists a significant risk with small and diminu-
tive colorectal polyps [6]. A polypectomy is a technique
for the removal of small and diminutive polyps. There
are five different polypectomy techniques for resection of
diminutive polyps, namely, cold forceps polypectomy, hot
forceps polypectomy, cold snare polypectomy, hot snare
polypectomy, and endoscopic mucosal resection [5]. Among
these techniques, cold snare polypectomy is considered best
polypectomy technique for resectioning small colorectal
polyps [7].

Colonoscopy is an invasive procedure that requires high-
quality bowel preparation as well as air insufflation during
examination [8]. It is both an expensive and time-demanding
procedure. Nevertheless, on average, 20% of polyps are
missed during examinations. The risk of getting cancer there-
fore relates to the individual endoscopists’ ability to detect
polyps [9]. Recent studies have shown that new endoscopic
devices and diagnostic tools have improved the adenoma
detection rate and polyp detection rate [10], [11]. However,
the problem of over-looked polyps remains the same.

The colonoscopy videos recorded at the clinical centers
store a significant amount of colonoscopy data. However,
the collected data are not used efficiently as they are labour
intense for the endoscopists [12]. Thus, a second review of
videos are often not done. This might lead to missed detec-
tion at an early stage largely. Automated data curation and
annotation of video data is a prerequisite for building reliable
Computer Aided Diagnosis (CADx) systems that can help to
assess clinical endoscopy more thoroughly [13]. A fraction
of the collected colonoscopy data can be curated to develop
computer-aided systems for automated detection and delin-
eation of polyps either during the clinical procedure or after
the reporting. At the same time, to build a robust system,
it is vital to incorporate data variability related to patients,
endoscopic procedure, and endoscope manufacturers. Even
though recent developments in computer vision and system

designs have enabled us to built accurate and efficient sys-
tems, these largely depend on the data availability as most
recent methods are data voracious. The lack of availability
of public datasets [14] is a critical bottleneck to accelerate
algorithm development in this realm.

In general, curating medical datasets are challenging and
it requires domain knowledge expertise. Reaching a con-
sensus to achieve ground truth labels from different experts
on the same dataset is again another obstacle. Typically,
in colonoscopy, smaller polyps or flat/sessile polyps that
are usually missed out during a procedure can be difficult
to observe even during manual labeling. Other challenges
include the patient variability and presence of different sizes,
shapes, textures, colors, and orientations of these polyps [3].
Therefore, during polyp data curation and developing of auto-
mated systems for the colonoscopy, it is vital that all various
challenges often come along routine colonoscopy has to be
taken into consideration.

Automatic polyp detection and segmentation systems
based on Deep Learning (DL) have a high overall per-
formance in both colonoscopy images and colonoscopy
videos [15], [16]. Ideally, the automatic CADx systems for
polyps detection, localization, and segmentation should have:
1) consistent performance and improved robustness to patient
variability, i.e., the system should be able to produce reli-
able outputs, 2) high overall performance surpassing the set
bar for algorithms, 3) real-time performance required for
clinical applicability, and 4) easy-to-use system that can pro-
vide with clinically interpretable outputs. Scaling this to a
population sized cohort is also a very resource-demanding
and incurs enormous costs. As a first step, we therefore
target the detection, localization, and segmentation of col-
orectal polyps known as precursors of CRC. The reason for
starting with this scenario is that most colon cancers arise
from benign adenomatous polyps (around 20%) containing
dysplastic cells. Detection and removal of polyps prevent the
development of cancer, and the risk of getting CRC in the
following 60 months after a colonoscopy depends largely on
the endoscopist ability to detect polyps [9].

Detection and localization of polyps are usually critical
during routine surveillance and to measure the polyp load
of the patient at the end of the surveillance while pixel-wise
segmentation becomes vital to automate the polyp boundary
delineation during the surgical procedures or radio-frequency
ablations. In this paper, we evaluate DL methods for both
detection (and localization referring to bounding box detec-
tion) and segmentation (pixel-wise classification or semantic
segmentation) SOTA methods on Kvasir-SEG dataset [17]
to provide a comprehensive benchmark for the colonoscopy
images. The main aim of the paper is to establish a
new strong benchmark with existing successful computer
vision approaches. Our contributions can be summarised as
follows:
• We propose ColonSegNet, an encoder-decoder archi-
tecture for segmentation of colonoscopic images. The
architecture is very efficient in terms of processing speed
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(i.e., produces segmentation of colonoscopic polyp in
real-time) and competitive in terms of performance.

• A comprehensive comparison of the state-of-the-art
computer vision baseline methods on the Kvasir-SEG
dataset is presented. The best approaches show real-
time performance for polyp detection, localization, and
segmentation.

• We have established strong benchmark for detection and
localization on the Kvasir-SEG dataset. Additionally,
we have extended segmentation baseline as compared
to [3], [17], [18]. These benchmarks can be useful to
develop reliable and clinically applicable methods.

• Detection, localization, and semantic segmentation per-
formances are evaluated on standard computer vision
metrics.

• Detailed analysis have been presented with the spe-
cific focus on the best and worst performing cases that
will allow to dissect method success and failure modes
required to accelerate algorithm development.

The rest of the paper is organized as follows: In Section II,
we present related work in the field. In Section III, we present
the material. Section IV presents both detection, localiza-
tion, and segmentation methods. Result are presented in
Section V. Discussion on the best performing detection,
localization, and semantic segmentation approaches are pre-
sented in Section VI and finally a conclusion is provided in
the Section VII.

II. RELATED WORK
Automated polyp detection has been an active topic for
research over the last two decades and considerable work has
been done to develop efficient methods and algorithms. Ear-
lier works were especially focused on polyp color and texture,
using handcrafted descriptors-based feature learning [27],
[28]. More recently, methods based on Convolutional Neural
Networks (CNNs) have received significant attention [29],
[30], and have been the go to approach for those competing
in public challenges [31], [32].

Wang et al. [33] designed algorithms and developed
software modules for fast polyp edge detection and polyp
shot detection, including a polyp alert software system.
Shin et al. [34] have used region-based CNN for automatic
polyp detection in colonoscopy videos and images. They
used Inception ResNet as a transfer learning approach and
post-processing techniques for reliable polyp detection in
colonoscopy. Later on, Shin et al. [14] used generative
adversarial network [35], where they showed that the gen-
erated polyp images are not qualitatively realistic; how-
ever, they can help to improve the detection performance.
Lee et al. [15] used YOLO-v2 [36], [37] for the development
of polyp detection and localization algorithm. The algorithm
produced high sensitivity and near real-time performance.
Yamada et al. [38] developed an artificial intelligence sys-
tem that can automatically detect the sign of CRC dur-
ing colonoscopy with high sensitivity and specificity. They
claimed that their system could aid endoscopists in real-time

detection to avoid abnormalities and enable early disease
detection.

In addition to the work related to automatic detection
and localization, pixel-wise classification (segmentation) of
the disease provides an exact polyp boundary and hence
is also of high significance for clinical surveillance and
procedures. Bernel et al. [31] presented the results of the
automatic polyp detection subchallenge, which was the part
of the endoscopic vision challenge at the Medical Image
Computing and Computer Assisted Intervention (MICCAI)
2015 conference. This work compared the performance of
eight teams and provided an analysis of various detec-
tion methods applied on the provided polyp challenge data.
Wang et al. [16] proposed a DL-based SegNet [39] that had
a real-time performance with an inference of more than
25 frames per second. Geo and Matuszewski [40] used
fully convolution dilation networks on the Gastrointesti-
nal Image ANAlysis (GIANA) polyp segmentation dataset.
Jha et al. [3] proposed ResUNet++ demonstrating 10%
improvement compared to the widely used UNet baseline
on Kvasir-SEG dataset. They also further applied the trained
model on the CVC-ClinicDB [23] dataset showing more
than 15% improvement over UNet. Ali et al. [32] did a
comprehensive evaluation for both detection and segmenta-
tion approaches for the artifacts present clinical endoscopy
including colonoscopy data [41]. Wang et al. [42] proposed a
boundary-aware neural network (BA-Net) for medical image
segmentation. BA-Net is an encoder-decoder network that is
capable of capturing the high-level context and preserving
the spatial information. Later on, Jha et al. [43] proposed
DoubleUNet for the segmentation, which was applied to
four biomedical imaging datasets. The proposed DoubleUNet
is the combination of two UNet stacked on top of each
other with some additional blocks. Experimental results on
CVC-Clinic and ETIS-Larib polyp datasets show the state-of-
the-art (SOTA) performances. In addition to the related work
on polyp segmentation, there are studies on segmentation
approaches [44]–[47].

Datasets has been instrumental for medical research.
Table 1 shows the list of the available endoscopic image and
video datasets. Kvasir-SEG, ETIS-Larib, and CVC-ClinicDB
contain colonoscopy images, whereas Kvasir, Nerthus,
and HyperKvasir contain the images from the whole
GI. KvasirCapusle contains images from video capsule
endoscopy. All the dataset contains images acquired from
conventional White Light (WL) imaging technique except
the EDD dataset, where it contains images from both
WL imaging and Narrow Band Imaging (NBI) techniques.
All of these datasets contain at least a polyp class. Out of
nine available datasets, Kvasir-SEG [17], ETIS-Larib [22],
and CVC-ClinicDB [23] has manually labeled ground truth
masks. Among them, Kvasir-SEG offers the most num-
ber of annotated samples providing both ground truth
masks and bounding boxes offering detection, localization,
and segmentation task. All of the datasets are publicly
available.
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TABLE 1. Available endoscopic datasets.

Dataset development, benchmarking of the methods, and
evaluation are critical in the medical imaging domain.
It inspires the community to build clinically transferable
methods on a well-curated and standardised dataset. Due to
the lack of benchmark papers, it becomes utmost difficult
to understand the clear strength of methods in the litera-
ture. New algorithm developments demonstrating its trans-
lational abilities in clinics is thus very minimal. Data science
challenges do offer some insight, however, a comprehensive
analysis on various different aspects such as detection, local-
ization, segmentation, and inference time estimation are still
not covered by the most.

Inspired by the previous benchmark for polyp detec-
tion [31], endoscopic artifact detection [41], endoscopic
disease detection and segmentation [25], endoluminal scene
object segmentation [48], and endoscopic instrument seg-
mentation [49], we introduce a new benchmark for the auto-
matic polyp detection, localization and segmentation using
publicly available Kvasir-SEG dataset.

III. MATERIALS – DATASET
We have used the Kvasir-SEG [17] for detection, localiza-
tion, and segmentation tasks. Figure 1 shows the image,
ground truth information, and their detection (their localised
bounding boxes in red). This dataset is the outcome of
an initiative for open and reproducible results. It contains
1000 polyp images acquired by high-resolution electromag-
netic imaging system, i.e., ScopeGuide, Olympus Europe,
their corresponding masks and bounding box information.
The images and their ground truths can be used for the
segmentation task, whereas the bounding box information
provides an opportunity for the detection task. The resolu-
tion of the images in this dataset ranges from 332 × 487
to 1920 × 1072 pixels. The dataset can be downloaded
at https://datasets.simula.no/kvasir-seg/. The dataset includes

FIGURE 1. Sample images from Kvasir-SEG dataset: Annotated masks
(2nd column) and bounding boxes (3rd column) for selected samples.

images of 700 large polyps (> 160×160 pixels), 323medium
sized polyps (> 64 × 64 pixels and ≤ 160 × 160 pixels)
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and 48 small polyps (≤ 64 × 64 pixels). In total, the dataset
consists of 1072 images of polyps with segmentation masks
and bounding boxes.

IV. METHOD
Detection methods aim to predict the object class and regress
bounding boxes for localization, while segmentation meth-
ods aim to classify the object class for each pixel in an
image. In Figure 1, ground truth masks for segmentation
task are shown in 2nd column while corresponding bounding
boxes for the detection task are in 3rd column. This section
describes the baseline methods for detection, localization and
segmentation methods used for the automated detection and
segmentation of polyp in the Kvasir-SEG dataset.

A. DETECTION AND LOCALIZATION BASELINE METHODS
Detection methods consist of input, backbone, neck, and
head. The input can be images, patches, or image pyramids.
The backbone can be different CNN architectures such as
VGG16, ResNet50, ResNext-101, and Darknet. The neck is
the subset of the backbone network, which could consist of
FPN, PANet, and Bi-FPN. The head is used to handle the pre-
diction boxes that can be one stage detector for dense predic-
tion (e.g., YOLO, RPN, and RetinaNet [50]), and two-stage
detector with the sparse prediction (e.g., Faster R-CNN [51]
and RFCN [52]). Recently, one stage methods have attracted
much attention due to their speed and ability to obtain optima
accuracy. This has been possible because recent networks
utilise feature pyramid networks or spatial-pyramid pool-
ing layers to predict candidate bounding boxes which are
regressed by optimising loss functions (see Figure 2).

In this paper, we use EfficientDet [53] which uses Effi-
cientNet [54], as the backbone architecture, bi-directional
feature pyramid network (BiFPN) as the feature network, and
shared class/box prediction network. Additionally, we also
use Faster R-CNN [51], which uses region proposal net-
work (RPN), as the proposal network and Fast R-CNN [55]
as the detector network. Moreover, we use YOLOv3 [56]
that utilises multi-class logistic loss (binary cross-entropy
for classification loss and mean square error for regres-
sion loss) modeled with regularizers such as objectness pre-
diction scores. Furthermore, we also used YOLOv4 [57],
which utilises an additional bounding box regressor based
on the Intersection over Union (IoU) and a cross-stage par-
tial connections in their backbone architecture. Additionally,
YOLOv4 allows on fly data augmentation, such as mosaic
and cut-mix.

RetinaNet [50] takes into account the data driven prop-
erty that allows the network to focus on ‘‘hard’’ samples
for improved accuracy. The easy to adapt backbones for
feature extraction at the beginning of the network provides
the opportunity to experiment with deeper and varied archi-
tectures such as ResNet50, and ResNet101 for RetinaNet
and 53 layered Darknet53 backbone for YOLOv3 and
YOLOv4 architecture. To tackle the different aspect ratio
problem, for both one stage networks, optimal anchor

FIGURE 2. Baseline detection, localization and semantic segmentation
method summary.

boxes [51] are searched and pre-defined for the provided data
to tackle large variance of scale and aspect ratio of boxes.
Table 2 shows the hyperparameter used by each of the object
detection methods for the detection task.

B. SEGMENTATION BASELINE METHODS
In the past years, data-driven approaches using CNNs have
changed the paradigm of computer vision methods, includ-
ing segmentation. An input image can be directly be fed
to convolution layers to obtain feature maps, which can be
later upsampled to predict pixel-wise classification provid-
ing object segmentation. Such networks learn from available
ground truth labels and can be used to predict labels from
other similar data. A Fully Convolutional Network (FCN)
based segmentationwas first proposed by Long et al. [58] that
can be trained end-to-end. Ronneberger et al. [59] modified
and extended the FCN architecture to a UNet architecture.
The UNet consist of an analysis (encoder) and a synthesis
(decoder) path. In the analysis path of the network, deep fea-
tures are learnt, whereas in the synthesis path segmentation is
performed on the basis of the learnt features.
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Pyramid Scene Parsing Network (PSPNet) [60] introduced
a pyramid pooling module aimed at aggregating global con-
text information from different regions which are upsampled
and concatenated to form the final feature representation.
A final per-pixel prediction is obtained after a convolution
layer (see Figure 2, third architecture). For feature extraction,
we have used the ResNet50 architecture pretrained on ima-
geNet. Similar to the UNet architecture, DeepLabV3+ [61] is
an encoder-decoder network. However, it utilizes atrous sepa-
rable convolutions and spatial pyramid pooling (see Figure 2,
last architecture) for fast inference and improved accuracy.
Atrous convolution controls the resolution of features com-
puted and adjust the receptive field to effectively capture
multi-scale information. In this paper, we have used an out-
put stride of 16 for both encoder and decoder networks of
DeepLabV3+ and have experimented on both ResNet50 and
ResNet101 backbones.

ResUNet [62] integrates the power of both UNet and
residual neural network. ResUNet++ [3] is the improved
version of ResUNet architecture. It has additional layers
including squeeze-and-excite block, Atrous Spatial Pyra-
mid Pooling (ASPP), and attention block. These additional
layers helps learning the deep features that are capable of
improved prediction of pixels for object segmentation tasks.
DoubleU-Net [43] consists of two modified UNet architec-
ture. It uses VGG-19 pretrained on ImageNet [63] as the first
encoder. The main reason behind using VGG-19 (similar to
UNet [64]) was that it is a lightweight model. The additional
component in the DoubleUNet are squeeze-and-excite block,
and ASPP block. High-Resolution Network (HRNet) [65]
maintains high-resolution representation convolution in par-
allel and interchange the information across the resolution
continuously. This is one of the most recent and popular
method in the literature. Furthermore, we have used UNet
with ResNet34 as a backbone network and trained the model
to compare with the other state-of-the-art semantic segmen-
tation networks.

Table 4 shows the hyperparameters used for each of
the semantic segmentation based benchmark methods used.
From the table, we can see that number of trainable param-
eters of the baseline methods are large. A high number of
trainable parameters in the networkmakes it complex, leading
to a lower frame rate. It is therefore essential to design an
efficient, lightweight architecture that can provide a higher
frame rate and better performance. In this regard, we propose
a novel architecture, ColonSegNet, that requires only few
number of training parameters, which can save training and
inference time. More details about the architecture can be
found in the below section.

C. COLONSEGNET
Figure 3 shows the block diagram of the proposed ColonSeg-
Net. It is an encoder-decoder that uses residual block [66]
with squeeze and excitation network [67] as the main com-
ponent. The network is designed to have very few trainable
parameters as compared to other baseline networks such as

FIGURE 3. Block diagram of ColonSegNet.

U-Net [59], PSPNet [60], DeepLabV3+ [61], and others.
The use of fewer trainable parameters makes the proposed
architecture a very light-weight network that leads to real-
time performance.

The network consists of two encoder blocks and two
decoder blocks. The encoder network learns to extract all the
necessary information from the input image, which is then
passed to the decoder. Each decoder block consists of two
skip connections from the encoder. The first is a simple con-
catenation, and the second skip connection passed through a
transpose convolution to incorporates multi-scale features in
the decoder. These multi-scale features help the decoder to
generate more semantic and meaningful information in the
form of a segmentation mask.

The input image is fed to the first encoder, which consists
of two residual blocks and a 3 × 3 strided convolution in
between them. This layer is followed by a 2×2 max-pooling.
Here, the output feature map spatial dimensions are reduced
to 1

4 of the input image. The second encoder consists of two
residual blocks and a 3 × 3 strided convolution in between
them.
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The decoder starts with a transpose convolution, where the
first decoder uses a stride value 4, which increases the feature
map spatial dimensions by 4. Similarly, the second decoder
uses a stride value of 2, increasing the spatial dimensions
by 2. Then, the network follows a simple concatenation and
a residual block. Next, it is concatenated with the second
skip connection and again followed by a residual block. The
output of the last decoder block passes through a 1 × 1
convolution and a sigmoid activation function, generating the
binary segmentation mask.

1) DATA AUGMENTATION
Supervised learning methods are data voracious and require
large amount of data to obtain reliable and well-performing
models. Acquiring such training data through data collection,
curation, and annotation is a manual process that needs sig-
nificant resources and man-hours from both clinical experts
and computational scientists.

Data augmentation is a common technique to computa-
tionally increase the number of training samples in a dataset.
For our DL models, we use basic augmentation techniques
such as horizontal flipping, vertical flipping, random rotation,
random scale, and random cropping. The images used in all
the experiments undergo normalization and are resized to a
fixed size of 512 × 512. For the normalization, we subtract
the image by mean and divide it by standard deviation.

V. RESULTS
In this section, we first present our evaluation metrics and
experimental setup. Then, we present both quantitative and
qualitative results.

A. EVALUATION METRICS
We have used standard computer vision metrics to evaluate
polyp detection and localization, and semantic segmentation
methods on the Kvasir-SEG dataset.

1) DETECTION AND LOCALIZATION TASK
For the object detection and localization task, the commonly
used Average Precision (AP) and IoU have been used [68],
[69].
• IoU: This metric measures the overlap between two
bounding boxes A and B as the ratio between the over-
lapped area.

IoU(A,B) =
A ∩ B
A ∪ B

(1)

• AP: AP is computed as the Area Under Curve (AUC)
of the precision-recall curve of detection sampled at all
unique recall values (r1, r2, . . . ) whenever the maximum
precision value drops:

AP =
∑
n

{
(rn+1 − rn) pinterp(rn+1)

}
, (2)

with pinterp(rn+1) = max
r̃≥rn+1

p(r̃). Here, p(rn) denotes the

precision value at a given recall value. This definition

ensures monotonically decreasing precision. AP was
computed as an average APs for IoU from 0.25 to
0.75 with a step-size of 0.05 which means an average
over 11 IoU levels are used (AP @[.25 : .05 : .75]).

2) SEGMENTATION TASK
For polyp segmentation task, we have used widely accepted
computer vision metrics that include Dice Coefficient (DSC),
Jaccard Coefficient (JC), precision (p), and recall (r), and
overall accuracy (Acc). JC is also termed as IoU. We have
also included Frame Per Second (FPS) to evaluate the clinical
applicability of the segmentation methods in terms of infer-
ence time during the test.

To define each metric, let tp, fp, tn, and fn represents true
positives, false positives, true negatives, and false negatives,
respectively.

DSC =
2 · tp

2 · tp+ fp+ fn
(3)

IoU =
tp

tp+ fp+ fn
(4)

r =
tp

tp+ fn
(5)

p =
tp

tp+ fp
(6)

F2 =
5p× r
4p+ r

(7)

Acc =
tp+ tn

tp+ tn+ fp+ fn
(8)

FPS =
#frames
sec

=
1

sec/frame
(9)

B. EXPERIMENTAL SETUP AND CONFIGURATION
The methods such as UNet, ResUNet, ResUNet ++, Dou-
bleUNet, and HRNet were implemented using Keras [70]
with a Tensorflow [71] back-end and were run on a Volta
100 GPU and an Nvidia DGX-2 AI system. A PyTorch
implementation for FCN8, PSPNet, DeepLabv3 +, UNet-
ResNet34, and ColonSegNet networks were done. Training
of these methods were conducted on NVIDIA Quadro RTX
6000. NVIDIAGTX2080Ti was used for test inference for all
methods reported in the paper. All of the detection methods
were implemented using PyTorch and used NVIDIA Quadro
RTX 6000 hardware for training the network.

In all of the cases, we used 880 images for training and
the remaining 120 images for the validation. Due to different
image sizes in the dataset, we resized the images to 512 ×
512. Hyperparamters are important for the DL algorithms
to find the optimal solution. However, picking the optimal
hyperparameter is difficult. There are algorithms such as
grid search, random search, and advanced solutions such
as Bayesian optimization for finding the optimal parame-
ters. However, an algorithm such as Bayesian optimization
is computationally costly, making it difficult to test several
DL algorithms. We have done an extensive hyperparameter
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FIGURE 4. Detection and localization results on test dataset: On right of the black solid line, images where EfficientDet-D0, YOLOv4, Faster R-CNN and
RetinaNet (with ResNet50 backbone) have similar results and in most cases obtained highest IoU. On left, images with failed case (worse localization) for
either of the method. Confidence scores are provided on the top-left of the red prediction boxes.

TABLE 2. Hyperparameters used for baseline methods for polyp detection and localization task on Kvasir-SEG. Here, CIoU: complete
intersection-of-union loss, MSE: mean square error, CE: cross-entropy.

TABLE 3. Result on the polyp detection and localization task on the Kvasir-SEG dataset. Two best scores are highlighted in bold.

search for finding the optimal hyperparameters for polyp
detection, localization, and segmentation task. These sets of
hyperparameters were chosen based on empirical evaluation.
The used hyperparameters are for the Kvasir-SEG dataset and
are reported in the Table 2, and Table 4.

C. QUANTITATIVE EVALUATION
1) DETECTION AND LOCALIZATION
Table 3 shows the detailed result for the polyp detec-
tion and localization task on the Kvasir-SEG dataset.
It can be observed that RetinaNet shows improvement
over YOLOv3 and YOLOv4 for mean average precision

computed for multiple IoU thresholds and for average pre-
cision at IoU threshold 25 (AP25) and 50 (AP50). RetinaNet
with ResNet101 backbone achieved an average precision
of 0.8745, while YOLOv4 yielded 0.8513. However, for
the IoU threshold of 0.75, YOLOv4 showed improvement
over RetinaNet with (AP75) of 0.7594 against 0.7132 for
RetinaNet with ResNet101 backbone. Similarly, the aver-
age IoU of 0.8248 was observed for YOLOv3, which is
nearly 8% improvement over RetinaNet. IoU determines the
preciseness of the bounding box localization. EfficientDet-
D0 obtained the least AP of 0.4756 and IoU of 0.4322.
Faster R-CNN obtained an AP of 0.7866. However, it only
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TABLE 4. Hyperparameters used for baseline methods for polyp segmentation task on Kvasir-SEG dataset.

TABLE 5. Baseline methods for polyp segmentation on the Kvasir-SEG dataset. Two best scores are highlighted in bold. ‘‘-’’ shows that there is no
backbone used in the network.

obtained an FPS of 8. YOLOv4 with Darknet53 as back-
bone obtained a FPS of 48, which is 6× faster than Faster
R-CNN. The other competitive network was YOLOv3, with
an average FPS of 45.01. However, its average precision
value is 5% less than YOLOv4. Thus, the quantitative results
show that the YOLOv4 with Darknet can detect different
types of polyps at a real-time speed of 48 FPS and average
precision of 0.8513. Therefore, from the evaluation metrics
comparison, YOLOv4 with Darknet53 is the best model for
detection and localization of polyp. The results suggest that
the model can help gastroenterologists find missed polyps
and decrease the polyp miss-rate. Even though, the proposed
ColonSegNet is primary built for real-time segmentation of
polyps, we compared the bounding box predictions of the
proposed network with SOTA detection methods. It can be
observed that the inference of the proposed method is nearly
four times faster (180 FPS) than YOLOv4. Additionally, it
is also obtaining competitive scores on both AP and IoU
metrics (IoU of 0.81 and AP of 0.80). Therefore, it can also
be considered as one of the best detection and localization
techniques.

2) SEGMENTATION
Table 5 shows the obtained results on the polyp segmentation
task. It can be observed that the UNet with ResNet34 back-
bone performs better than the other SOTA segmentation

methods in terms of DSC, and IoU. However, the proposed
ColonSegNet outperforms in terms of processing speed.
ColonSegNet is faster than UNet-ResNet34 by more than
four times in processing colonoscopy frames. The com-
plexity of the network is six times smaller than the UNet-
ResNet34 network. The proposed network is even smaller
than the conventional UNet, with its size only being around
0.75 times that of the UNet with higher scores on evaluation
metrics compared to the classical UNet and its derivates such
as ResUNet and ResUNet ++. Additionally, the recall and
overall accuracy metrics of ColonSegNet are close to the
highest performing UNet-ResNet34 network, which shows
the proposed method’s efficiency.

The original implementation of UNet obtained the least
DSC of 0.5969, whereas the UNet with ResNet34 as the
backbone model obtained the highest DSC of 0.8757. The
second and third best DSC scores of 0.8643 and 0.8572 were
obtained for DeepLabv3+with ResNet101 andDeepLabv3+
with ResNet50 as the backbone, respectively. From the
table, it is seen that DeepLabv3+ with ResNet101 per-
forms better than Deeplabv3+ with ResNet50. This may be
because of the top-5 accuracy (i.e., the validation results
on the ImageNet model) of ResNet101 is slightly better
than ResNet50.1 Despite of DeepLabv3+ with ResNet101

1https://keras.io/api/applications/
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FIGURE 5. Best and worse performing samples for polyp segmentation: a) Top (left) and bottom (right) scored sets, b) predicted masks for top scored
images and c) bottom scored images for all methods compared to the ground truth (GT) masks. Green rectangles represent the selected images from top
scored set and red rectangle represent those from bottom set. Here, UNet-RN34: UNet-ResNet34, RUNet ++: ResUNet ++, D-UNet: Double UNet, DLabv3
+: DeepLabv3 + (ResNet50).

backbone having the total number of trainable parameters
more than 11 times and DeepLabv3+ with ResNet34 being
nearly eight times computational complexity, the DSC of

ColonSegNet is competitive compared to both of these net-
works. However in terms, of processing speed, it is almost
11 times faster than DeepLabv3 + with ResNet101 and
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nearly seven times faster than DeepLabv3 with ResNet34
backbone.

FCN8, HRNet and DoubleUNet provided similar results
with DSC of 0.8310, 0.8446, and 0.8129 while ResUNet++
achieved DSC of only 0.7143. A similar trend can be
observed for F2-score for all methods. For precision, UNet
with ResNet34 backbone achieved the maximum score of
p = 0.9435, and DeepLabv3 + with ResNet50 backbone
achieved the highest scores of r = 0.8616, while UNet scored
the worst with p = 0.6722 and r = 0.6171. The overall
accuracy was outstanding for most methods, with the highest
for UNet and ResNet34 as the backbone. IoU is also provided
in the table for each segmentation method for scientific com-
pletion. Again, UNet and ResNet34 surpassed others with a
mIoU score of 0.8100. Also, UNet and ResNet34 achieved
the highest FPS rate of 35 fps, which is acceptable in terms
of speed and is relatively faster as compared to DeepLabv3+
with ResNet50 (27.9000) and DeepLabv3+ with ResNet101
(16.7500) and other SOTA methods. Additionally, when we
consider the number of parameter uses (see Table 4), UNet
with ResNet34 backbone uses less number of the parameters
as compared to that of FCN8 or DeepLabv3 + network.
Due to the low number of trainable parameters and fastest
inference time, ColonSegNet is computationally efficient and
becomes the best choice while considering the need for real-
time segmentation (182.38 FPS on NVIDIA GTX2080Ti)
of polyps with deployment possible on even low-end hard-
ware devices making it feasible for many clinical settings.
Whereas, UNet with ResNet34 backbone seems the best
choice while taking DSC metric into account, however, with
speed of only 35 FPS on NVIDIA GTX2080Ti.

D. QUALITATIVE EVALUATION
Figure 4 shows the qualitative result for the polyp detection
and localization task along with their corresponding confi-
dence scores. It can be observed that for most images on the
left side of the vertical line, both YOLOv4 and RetinaNet
are able to detect and localise polyps with higher confidence,
except for the third column sample where most of these
methods can identify only some polyp areas. Similarly, on the
right side of the vertical line, the detected bounding boxes for
5th and 6th column images are too wide for the RetinaNet,
while YOLOv4 has the best localization of polyp (observe
the bounding box). Also, in the seventh column, RetinaNet
and EfficientDet D0 misses the polyp. In the eighth column,
YOLOv4 and EfficientDet D0 misses the small polyp com-
pletelywhile stool and polyp is detected as polyp by the Faster
R-CNN and RetinaNet.

Figure 5 shows the result for the top-scored and bottom
scored sets selected based on their dice similarity coefficient
values for the semantic segmentation methods. It can be seen
that all the algorithms are able to detect large polyps and
produce high-quality masks (see Figure 5(b).

Here, the best obtained segmentation results can be
observed for DeepLabv3+ and UNet-ResNet34. However,
as shown in Figure 5(c), the segmentation results are affected

for flat polyps (very small), images with a certain degree
of inclined view, and for the images with saturated areas.
The proposed ColonSegNet is able to achieve similar shapes
compared to these of the ground truth with some outliers for
the predictions which can be seen in Figure 5(b), while for
the prediction on worse performing images in Figure 5(c),
our proposed network provides comparatively improved pre-
dictions on almost all samples.

VI. DISCUSSION
It is evident that there is a growing interest in the investi-
gation of computational support systems for decision mak-
ing through endoscopic images. For the first time, we are
using Kvasir-SEG for detection and localization tasks, and
comparing segmentation methods with most recent SOTA
methods. We provide a reproducible benchmarking of the DL
methods using standard computer vision metrics in object
detection and localization, and semantic segmentation. The
choice of methods are based their popularity in the medical
image domain for detection and segmentation (e.g., UNet,
Faster R-CNN), speed (e.g., UNet with ResNet34, YOLOv3),
and accuracy (e.g., PSPNet, FCN8, or DoubleUNet) or a
combination of all (e.g., DeepLabv3+, YOLOv4).

From the experimental results in Table 3, we can observe
that the combination of YOLOv3 with Darknet53 backbone
shows improvement over other methods in terms of mIoU,
which means a better localization compared to counterpart
RetinaNet. However, YOLOv4 is 3× faster than RetinaNet
and has a good trade-off between the average precision and
IoU. This is because of their Cross-Stage-Partial-Connections
(CSP) and CIoU loss for bounding box regression. However,
RetinaNet with the backbone ResNet101 shows competitive
results surpassing other methods on average precision but
nearly 5% less IoU compared to YOLOv4 and nearly 5% less
than YOLOv3-spp. Similarly, state-of-the-art methods Faster
R-CNN and EffecientDet-D0 provided the least AP and IoU.

A choice between computational speed, accuracy and pre-
cision is vital in object detection and localization tasks, espe-
cially for colonoscopy video data where speed is a vital
element to achieve real-time performance. Therefore, we con-
sider YOLOv4 with Darknet53 and CSP backbone as the best
approach in the table for the polyp detection and localization
task.

For the semantic segmentation tasks, ColonSegNet showed
improvement over all the methods. The method obtained the
highest FPS of 182.38. The quantitative results in Figure 5 (b)
showed the most accurate delineation of polyp pixels com-
pared to other SOTA methods considered in this paper.
The most competitive method to ColonSegNet was UNet
with ResNet34 backbone. The other comparable method was
DeepLabv3 +, which accuracy can be due to its ability
to navigate the semantically meaningful regions with its
atrous convolution and spatial-pyramid pooling mechanism.
Additionally, the feature concatenation from previous fea-
ture maps may have helped to compute more accurate maps
for object semantic representation and hence segmentation.
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The other competitor was PSPNet, which is also based on
similar idea but on aggregating the global context informa-
tion from different regions rather than the use of dilated
convolutions. The computational speed for DeepLabv3+
with the same ResNet50 backbone as used in PSPNet in
our experiments comes from the fact that the 1D separa-
ble convolutions and SPP network is used in DeepLabv3+.
We evaluated the most recent popular SOTA method in seg-
mentation ‘‘HRNet’’ [65]. While HRNet produced compet-
itive results compared to other SOTA methods, UNet with
ResNet34 backbone andDeepLabv3+ outperformed formost
evaluation metrics with ColonSegNet being competitive in
the recall, and overall accuracy and outperforming other
SOTA method significantly.

Figure 5 shows an example for the 16 top scored and
16 bottom scored images on DSC for segmentation. From the
results in Figure 5(c), it can be observed that there are polyps
whose appearance under the given lighting conditions is very
similar to healthy surrounding gastrointestinal skin texture.
We suggest that including more samples with variable tex-
ture, different lighting conditions, and different angular views
(refer to the samples in Figure 5(a) on the right, and (c)) can
help to improve the DSC and other metrics of segmentation.
We also observed that the presence of sessile or flat polyps
were major limiting factors for algorithm robustness. Thus,
including smaller polyps with respect to image size can help
algorithm to generalise better thereby making these methods
more usable for early detection of hard-to find polyps. In this
regard, we also suggest the use of spatial pyramid layers to
handle small polyps and using context-aware methods such
as incorporation of artifacts or shape information to improve
the robustness of these methods.

The possible limitation of the study is its retrospective
design. Clinical studies are required for the validation of the
approach in a real-world setting [72]. Additionally, in the
presented study design we have resized the images, which
can lead to loss of information and affect the algorithm
performance. Moreover, we have optimized all the algo-
rithms based on the empirical evaluation. Even though,
optimal hyper-parameters have been set after experiments,
we acknowledge that these can be further adjusted. Similarly,
meta-learning approaches can be exploited to optimize the
hyper-parameters that can work even in resource constraint
settings.

VII. CONCLUSION
In this paper, we benchmark deep learning methods on the
Kvasir-SEG dataset. We conducted thorough and extensive
experiments for polyp detection, localization, and segmen-
tation tasks and shown how different algorithms performs
on variable polyp sizes and image resolutions. The proposed
ColonSegNet detected and localised polyps at 180 frames
per second. Similarly, ColonSegNet segmented polyps at the
speed of 182.38 frames per second. The automatic polyp
detection, localization, and segmentation algorithms showed
good performance, as evidenced by high average precision,

IoU, and FPS for the detection algorithm and DSC, IoU,
precision, recall, F2-score, and FPS for the segmentation
algorithm. While algorithms investigated in this paper show
a clear strength to be used in clinical settings to help gas-
troenterologists for the polyp detection, localization, and seg-
mentation task, computational scientists can build upon these
methods to further improve in terms of accuracy, speed and
robustness.

Additionally, the qualitative results provide insight for
failure cases. This gives an opportunity to address the chal-
lenges present in the Kvasir-SEG dataset. Moreover, we have
provided experimental results using well-established perfor-
mance metrics along with the dataset for a fair comparison of
the approaches. We believe that further data augmentation,
fine tuning, and more advanced methods can improve the
results. Additionally, incorporating artifacts [73] (e.g., sat-
uration, specularity, bubbles, and contrast) issues can help
improve the performance of polyp detection, localization,
and segmentation. In the future, research should be more
focused on designing even better algorithms for detection,
localization, and segmentation tasks, and models should be
build taking the number of parameters into consideration as
required by most clinical systems.
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Abstract—Deep learning in gastrointestinal endoscopy can
assist to improve clinical performance and be helpful to assess
lesions more accurately. To this extent, semantic segmentation
methods that can perform automated real-time delineation of a
region-of-interest, e.g., boundary identification of cancer or pre-
cancerous lesions, can benefit both diagnosis and interventions.
However, accurate and real-time segmentation of endoscopic im-
ages is extremely challenging due to its high operator dependence
and high-definition image quality. To utilize automated methods
in clinical settings, it is crucial to design lightweight models with
low latency so that they can be integrated with low-end endoscope
hardware devices. In this work, we propose NanoNet, a novel
architecture for the segmentation of video capsule endoscopy and
colonoscopy images. Our proposed architecture allows real-time
performance and has higher segmentation accuracy compared
to other more complex ones. We use video capsule endoscopy
and standard colonoscopy datasets with polyps, and a dataset
consisting of endoscopy biopsies and surgical instruments, to
evaluate the effectiveness of our approach. Our experiments
demonstrate the increased performance of our architecture in
terms of a trade-off between model complexity, speed, model
parameters, and metric performances. Moreover, the resulting
models´ size is relatively tiny, with only nearly 36,000 parameters
compared to traditional deep learning approaches having millions
of parameters.

Index Terms—Video capsule endoscopy, colonoscopy, deep
learning, segmentation, tool segmentation

I. INTRODUCTION

Gastrointestinal (GI) endoscopy is a widely used technique
to diagnose and treat anomalies in the upper (esophagus,
stomach, and duodenum) and the lower (large bowel and
anus) GI tract. Among the other GI tract organs, colorectal
cancer (CRC) has the highest cancer incidences and mortality
rate [1]. There are several CRC screening options. Theses are
usually divided into two categories, namely, invasive (visual
examination-based test) and non-invasive based tests (stool,
blood, and radiological test). Colonoscopy, the gold standard
for examining the large bowel (colon and rectum), is an
invasive examination used to detect, observe, and remove ab-
normalities (such as polyps). It detects colorectal cancer with
both high sensitivity and specificity. Sigmoidscopy is another
invasive test. Computed Tomography(CT) Colonoscopy, Fecal

Occult Blood Test (FOBT), Fecal Immunochemical Test (FIT),
and Video Capsule Endoscopy (VCE) are non-invasive tests.
VCE is a technology for capturing the video inside the GI
tract. It has evolved as an important tool for detecting small
bowel diseases [2].

Deep Learning (DL) methods have made a significant break-
through in several medical domain such as lung cancer detec-
tion [3], diabetic retinopathy progression [4], and obstructive
hypertrophic cardiomyopathy detection [5]. It has provided
new opportunities to solve challenges such as bleeding, light
over/underexposure, smoke, and reflections [6]. However, DL
normally needs a large annotated dataset for the implemen-
tation of methods. It is difficult to obtain a labeled medical
dataset. First, it needs collaborations with the hospitals. For
data collection, the doctors require approval from various
authorities and patient consent. They need to set protocols
for the collection, and the collected data must be anonymized
and cleaned with the help of data engineers. Domain experts
must label raw data, and after labeling, the annotations must be
done depending upon the need of the task. The whole process
requires a significant amount of expert time and is costly.
Additionally, it is an operator-dependent process. The quality
of the data labeling and annotation depends on the expertise
of the clinicians. Therefore, it is challenging to curate a larger
dataset.

One way of solving the dataset issue is to create synthetic
images using a Genearative Adversarial Network (GAN) [7].
However, generated synthetic images may not always capture
all the properties and characteristics of real endoscopic im-
ages. Consequently, the model may only learn to predict the
properties from the synthetic images and may not perform
well on a real endoscopic dataset. Another solution could
be domain adaptation from a similar endoscopic dataset.
However, we lack large publicly available labeled endoscopic
datasets. Thus, a viable and compelling approach to solve the
semantic segmentation task is to reuse ImageNet pre-trained
encoders in the segmentation model [8]. The predicted masks
from the algorithm can provide reliable information to the
endoscopic model.
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A lightweight Convolutional Neural Network (CNN) model
can be essential for the development of real-time and efficient
semantic segmentation methods. Usually, lightweight models
are computationally efficient and require less memory. A
smaller number of parameters makes the network less redun-
dant. Lightweight CNN models are mainly being deployed
in mobile applications [9]. A lightweight model can play a
crucial role from a system perspective with a limited resource
constraint for real-time prediction in clinics. Consequently,
we propose a novel architecture, NanoNet, optimized for
faster inference and high accuracy. An extremely lightweight
model with very few trainable parameters, faster inference, and
higher performance would require less memory footprint to be
incorporated with any devices. Therefore, we put forward this
approach to address the challenges in endoscopy.

The main contributions of this work include the following:
1) We proposed a novel architecture, named NanoNet, to

segment video capsule endoscopy and colonoscopy im-
ages in real-time with high accuracy. The proposed archi-
tecture is very lightweight, and the model size is relatively
small, requiring less computational cost.

2) VCE datasets are difficult to obtain with pixel-wise
annotations. In this context, we have annotated 55 polyps
from the “polyp” class of the Kvasir-Capsule dataset with
the help of an expert gastroenterologist. We have made
this dataset public and provided the benchmark.

3) NanoNet achieves promising performance on the
KvasirCapsule-SEG, Kvasir-SEG [10], 2020 Medico au-
tomatic polyp segmentation challenge [11], 2020 Endo-
Tect challenge [12], and Kvasir-Instrument [13] datasets.
All experiments conform with state-of-the-art (SOTA) in
terms of parameter uses (size), speed, computation, and
performance metrics.

4) The model can be integrated with mobile and embedded
devices because of fewer parameters used in the network.

II. RELATED WORK

A. Semantic segmentation of endoscopic images

Semantic segmentation of endoscopic images has been a
well-established topic in medical image segmentation. Earlier
work mostly relied on the handcrafted descriptors for feature
learning [14], [15]. The handcrafted features such as color,
shape, texture, and edges were extracted and fed to the Ma-
chine Learning (ML) classifier, which separates lesions from
the background. However, the traditional ML methods based
on handcrafted features suffer from low performance [16]. The
recent works on polyp segmentation using both video capsule
endoscopy and colonoscopy mostly relied on Deep Neural
Network (DNN) [17]–[23].

With the DNN methods, there is progress in the performance
for segmenting endoscopic images (for example, polyps).
However, the network architectures are often complex and
requires high-end GPUs for training, and is computationally
expensive [24], [25]. Additionally, real-time lesion segmenta-
tion has often been ignored. Although there is some recent
initiation for the real-time detection of endoscopic images,
they have mostly used private datasets [26]–[28] for the

experimentation. It is difficult to compare the new methods
on these datasets and extend the benchmark. Therefore, there
is a need for a benchmark on publicly available datasets
to minimize the research gap towards building a clinically
relevant model.

B. Lightweight model

There are few works in the literature that have proposed
lightweight models for image segmentation. Ni et al. [29]
presented a novel bilinear attention network-based approach
with an adaptive receptive field for the segmentation of
surgical instruments. Wang et al. [30] proposed a lightweight
encoder-decoder network (LEDNet), an encoder-decoder
network that uses ResNet50 in the encoder block and
attention pyramidal network in the decoder block. Beheshti
et al. [31] proposed SqueezeNet. The architecture of the
SqueezeNet is inspired by UNet [32]. The proposed model
obtained a 12× reduction in model size and showed efficient
performance in multiplication accumulation (mac) and
memory uses.

From the above-related work, we identify a need for a real-
time polyp segmentation method. A real-time polyp segmenta-
tion method can be achieved by building a lightweight network
architecture by designing an efficient network with blocks that
require fewer parameters. A lower number of network param-
eters will reduce the network complexity, leading to real-time
or faster inference. In this respect, we propose NanoNet, which
uses a lightweight pre-trained network MobileNetV2 [33],
and simple convolutional blocks such as residual block and
squeeze and excite block.

III. NETWORK ARCHITECTURE

The architecture of NanoNet follows an encoder-decoder
approach as shown in Figure 1. As depicted in Figure 1, the
network architecture uses a pre-trained model as an encoder,
followed by the three decoder blocks. Using pre-trained Ima-
geNet [34] models for transfer learning has become the best
choice for many CNN architectures [8], [25]. It helps the
model converge much faster and achieves high performance
compared to the non-pre-trained model. The proposed archi-
tecture uses a MobileNetV2 [33] model pre-trained on the
ImageNet [34] dataset as the encoder. The decoder is built
using a modified version of the residual block, which was
initially introduced by He et al. [35]. The encoder is used to
capture the required contextual information from the input,
whereas the decoder is used to generate the final output by
using the contextual information extracted by the encoder.

A. MobileNetV2

The MobileNetV2 [33] is an architecture that is primarily
designed for mobile and embedded devices. The architecture
performed well on a variety of different datasets while main-
taining high accuracy, despite having fewer parameters. The
architecture of MobileNetV2 is based on the architecture of
MobileNetV1, which uses depth-wise separable convolutions
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Fig. 1: Overview of the proposed NanoNet architecture

as the main building block. A depth-wise separable convolu-
tion consists of depth-wise convolution followed by a point-
wise convolution. The MobileNetV2 introduces two main
ideas: inverted residual block and linear bottleneck block [33].

The inverted residual block is based on the bottleneck
residual block as described in [35], which consists of three
standard convolutions, which are 1 × 1, 3 × 3, and 1 × 1.
Every convolution layer is followed by a Rectified Linear Unit
(ReLU) non-linearity. In the first 1× 1 standard convolution,
the number of feature channels are reduced, and in the last
1×1 standard convolution, the number of feature channels are
expanded. After that, an element-wise addition with the iden-
tity mapping is performed. The inverted residual block also
has three convolution layers: a 1 × 1 standard convolution, a
3×3 depth-wise convolution, and a 1×1 standard convolution.
Every convolution has a ReLU activation function. Here, the
exact opposite of the bottleneck residual block is performed.
The first 1 × 1 standard convolution expands the number
of feature channels, and the last 1 × 1 standard convolution
reduces the number of feature channels. Due to this opposite

functionality, it is referred to as an inverted residual block.
The linear bottleneck block is the same as the inverted residual
block, except the last 1× 1 standard convolution has a linear
activation before an element-wise addition is performed with
the identity mapping.

B. Modified Residual Block

The original residual block uses two 3 × 3 standard con-
volutions, where the first convolution is followed by a batch-
normalization and a ReLU activation function. After that, the
second convolution is followed only by a batch-normalization.
An element-wise addition is performed between the output of
the batch-normalization and the identity mapping, followed by
another ReLU activation function. An identity mapping con-
sists of a 1×1 standard convolution and a batch-normalization
over the original input.

We have modified the residual block for our network. The
modified residual block starts with a 1×1 convolution followed
by a 3 × 3 convolution. In both of these convolutions, we
reduce the number of filters by 1

4 , which are then followed by
the batch normalization and the ReLU activation function. We
have a 3 × 3 convolution with batch normalization. Now, we
perform an element-wise addition with the identity mapping.
Finally, we apply a ReLU activation function followed by
the squeeze and excitation block. The squeeze and excitation
block improves the quality of feature maps by increasing their
sensitivity towards essential features.

C. The NanoNet architecture

Figure 1 shows the block diagram of the NanoNet archi-
tecture. The NanoNet architecture starts with a pre-trained
MobileNetV2 as an encoder followed by a decoder. There
is a modified residual block between the encoder and the
decoder, which acts like a bridge that connects the encoder
and the decoder. In the first step, we feed the image data into
the pre-trained encoder. The pre-trained encoder starts with a
standard convolution with 32 feature channels, followed by the
bottleneck layer with ReLU6 as the activation function. All the
convolution operations use a standard 3 × 3 kernel size. The
entire encoder network progressively downsamples the feature
maps by using strided convolution and slowly increases the
number of feature channels alternatively.

The output from the pre-trained encoder passes through the
modified residual block, which is fed to the decoder. Every
step in the decoder uses a bilinear upsampling to increase the
spatial dimension (height and width) of the input feature maps.
After that, it is concatenated with the appropriate feature maps
from the pre-trained encoder using the skip connections. These
skip connections pass information that may be lost sometimes
between the layers and are used to improve the quality of
the feature maps. These concatenated feature maps are passed
through the modified residual block, which further increases
the generalization capacity of the decoder. After the feature
maps pass through all the three decoder blocks, the output of
the last decoder block is fed to a 1 × 1 convolution with a
number of classes as the feature channels. This is followed by
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TABLE I: Publicly available endoscopic datasets used in our experiments

Dataset No. of Images Imaging Type Availability

KvasirCapsule-SEG 55 Video capsule endoscopy https://www.dropbox.com/sh/hr46vieykbmvmkk/
AAAs V8ECG0wq51Fpw3rYU 5a?dl=0

Kvasir-SEG [10] 1000 Colonoscopy https://datasets.simula.no/kvasir-seg/
2020 Medico automatic polyp segmen-
tation challenge [11]

160� Colonoscopy https://multimediaeval.github.io/editions/2020/tasks/
medico/

Endotect Challenge Dataset [12] 200� Colonoscopy https://endotect.com/
Kvasir-Instrument [36] 590 Colonoscopy https://datasets.simula.no/kvasir-instrument/
�test images

Fig. 2: Polyps and corresponding masks from KvasirCapsule-
SEG

the sigmoid activation if it is a binary segmentation task, else
we use the softmax activation function.

We have investigated three different NanoNet architectures:
NanoNet-A, NanoNet-B, and NanoNet-C. Each architecture
consists of different feature channels in its decoder block.
NanoNet-A consists of 32, 64 and 128 feature channels. In
NanoNet-B, the number of feature channels is reduced to
32, 64, and 96. In NanoNet-C, these feature channels are
further reduced to 16, 24, and 32. The reduction in the number
of feature channels leads to less trainable parameters, which
simplifies the model complexity leading to a light-weight
network.

IV. EXPERIMENTAL SETUP

In this section, we will describe the dataset, evaluation met-
rics, implementation details, and data augmentation techniques
used.

A. Datasets

To address the polyp segmentation problem from video cap-
sule endoscopy images, we have selected the polyp class from
the labelled images folder of the Kvasir-Capsule dataset [37]
and annotated it with the help of an expert gastroenterologist.
The Kvasir-Capsule is an open-access dataset that contains 13
classes of labelled anomalies and findings. It only includes 55
polyp frames out of 44,228 medically verified video capsule
frames present in the Kvasir-Capsule. We have annotated the
polyp class of Kvasir-Capsule and generated corresponding
ground truth masks. Examples of polyps and their correspond-
ing masks from KvasirCapsule-SEG can be found in Figure 2.
Furthermore, we also provide bounding box information to be
used for video capsule endoscopy detection and localization

tasks. The Kvasir-Capsule can be downloaded from here 1 and
KvasirCapsule-SEG can be downloaded from here 2.

Table I shows the detailed information about the open
imaging dataset used in our experiments. Each of the datasets
presented in Table I also has the corresponding ground truth.
The link for each of the datasets is provided in the table.
The standard setting for the “Medico automatic polyp seg-
mentation challenge” and “Endotect challenge” is that they
use the Kvasir-SEG for training. The challenge organizers
have provided unseen 160 images in the “Medico automatic
polyp segmentation challenge” and released 200 images in
the “Endotect challenge” to test the participant’s approaches.
For the Kvasir-instrument dataset, we experimented with the
official split provided by the organizers. The detail explanation
of these datasets and the baseline results can be found in [10]–
[13].

B. Evaluation metrics

For evaluation purposes, we have chosen standard com-
puter vision metrics such as Dice Coefficient (DSC), mean
Intersection over Union (mIoU), Precision, Recall, Specificity,
Accuracy, and Frame-per-second (FPS). More explanation of
these metrics can be found in [10]–[13].

C. Implementation details

We have implemented the NanoNet using Keras3 with
TensorFlow [40] as backend. The experiments were run on
the Experimental Infrastructure for Exploration of Exascale
Computing (eX3), NVIDIA DGX-2 machine. The code im-
plementation of NanoNet can be found here4. As the model
has very few low trainable parameters, we have set a batch size
of 16. We have resized the dataset images to 256×256 pixels
for better utilization of the GPU, and it also helps to reduce
the training time. The model is trained on 200 epochs with the
Nadam optimizer [41] and dice coefficient as the loss function.
The learning rate for the optimizer is set to 1e−4. We prefer to
choose a low learning rate to update the parameters slowly and
carefully. The learning rate is reduced by a factor of 0.1 when
the validation loss does not decrease in 10 consecutive epochs.
It helps to improve model performance. Additionally, we have
used an early stopping mechanism to prevent over-fitting.

1https://osf.io/dv2ag/
2https://www.dropbox.com/sh/hr46vieykbmvmkk/AAAs

V8ECG0wq51Fpw3rYU 5a?dl=0
3https://keras.io/
4https://github.com/DebeshJha/NanoNet



5

TABLE II: Performance evaluation of the proposed networks and recent SOTA methods on KvasirCapsule-SEG

Method Parameters DSC mIoU Recall Precision F2 Accuracy FPS
ResUNet (GRSL’18) [38] 8,227,393 0.9532 0.9137 0.9785 0.9325 0.9677 0.9386 17.96
ResUNet++ (ISM’19) [24] 4,070,385 0.9499 0.9087 0.9762 0.9296 0.9648 0.9334 15.39
NanoNet-A (Ours) 235,425 0.9493 0.9059 0.9693 0.9325 0.9609 0.9351 28.35
NanoNet-B (Ours) 132,049 0.9474 0.9028 0.9682 0.9308 0.9593 0.9324 27.39
NanoNet-C (Ours) 36,561 0.9465 0.9021 0.9754 0.9238 0.9629 0.9297 29.48

TABLE III: Performance evaluation of the proposed networks and recent SOTA methods on Kvasir-SEG [10]

Method Parameters DSC mIoU Recall Precision F2 Accuracy FPS
ResUNet (GRSL’18) [38] 8,227,393 0.7203 0.6106 0.7602 0.7624 0.7327 0.9251 17.72
ResUNet++ (ISM’19) [24] 4,070,385 0.7310 0.6363 0.7925 0.7932 0.7478 0.9223 19.79
NanoNet-A (Ours) 235,425 0.8227 0.7282 0.8588 0.8367 0.8354 0.9456 26.13
NanoNet-B (Ours) 132,049 0.7860 0.6799 0.8392 0.8004 0.8067 0.9365 29.73
NanoNet-C (Ours) 36,561 0.7494 0.6360 0.8081 0.7738 0.7719 0.9290 32.17

TABLE IV: Performance evaluation of the proposed networks and recent SOTA methods on the Medico 2020 dataset [11]

Method Parameters DSC mIoU Recall Precision F2 Accuracy FPS
ResUNet (GRSL’18) [38] 8,227,393 0.6846 0.5599 0.7235 0.7236 0.6961 0.9231 18.54
ResUNet++ (ISM’19) [24] 4,070,385 0.6925 0.5849 0.8249 0.6840 0.7434 0.8995 19.47
NanoNet-A (Ours) 235,425 0.7364 0.6319 0.8566 0.7310 0.7804 0.9166 28.07
NanoNet-B (Ours) 132,049 0.7378 0.6247 0.8283 0.7373 0.7685 0.9223 29.04
NanoNet-C (Ours) 36,651 0.7070 0.5866 0.8095 0.7089 0.7432 0.9148 32.66

TABLE V: Performance evaluation of the proposed networks and recent SOTA methods on the Endotect 2020 dataset [12]

Method Parameters DSC mIoU Recall Precision F2 Accuracy FPS
ResUNet (GRSL’18) [39] 8,227,393 0.6640 0.5408 0.7510 0.6841 0.6943 0.9075 26.55
ResUNet++ (ISM’19) [24] 4,070,385 0.6940 0.5838 0.8797 0.6591 0.7597 0.8841 18.58
NanoNet-A (Ours) 235,425 0.7508 0.6466 0.8238 0.7744 0.7773 0.9255 27.19
NanoNet-B (Ours) 132,049 0.7362 0.6238 0.8109 0.7532 0.7646 0.9252 29.91
NanoNet-C (Ours) 36,651 0.7001 0.5792 0.8000 0.7159 0.7380 0.9091 32.98

TABLE VI: Performance evaluation of the proposed networks and recent SOTA methods on Kvasir-Instrument [13]

Method Parameters DSC mIoU Recall Precision F2 Accuracy FPS
UNet (Baseline) [39] - 0.9158 0.8578 0.9487 0.8998 0.9320 0.9864 20.46
DoubleUNet (Baseline) [25] - 0.9038 0.8430 0.9275 0.8966 0.9147 0.9838 10.00
ResUNet++ (ISM’19) [24] 4,070,385 0.9140 0.8635 0.9103 0.9348 0.9140 0.9866 17.87
NanoNet-A (Ours) 235,425 0.9251 0.8768 0.9142 0.9540 0.9251 0.9887 28.00
NanoNet-B (Ours) 132,049 0.9284 0.8790 0.9205 0.9482 0.9284 0.9875 29.82
NanoNet-C (Ours) 36,561 0.9139 0.8600 0.9037 0.9452 0.9139 0.9863 32.18

D. Data augmentation

We use data-augmentation on the training set to increase
diversity and to improve the generalization of our model. Data
augmentation techniques such as random cropping, random
rotation, horizontal flipping, vertical flipping, grid distortion,
and many more are used. We have used an offline data
augmentation technique. The validation and testing set is not
augmented and is directly resized into 256× 256.

V. RESULT AND DISCUSSION

In this section, we provide the experimental results for
the segmentation task of the endoscopic image dataset. We
have used performance metrics such as DSC and mIoU, and
FPS as the main evaluation metrics. We also calculate recall,
precision, F2, and overall accuracy to support a complete set
of metrics. Table II, Table III, Table IV, Table V, and Table VI
show the results of the NanoNet model experiments using
different parameters. The results are compared with the recent
SOTA computer vision methods.

The quantitative results in these tables show that NanoNet
consistently outperforms or performs nearly equal to its com-
petitors in terms of performance. The quantitative results also
show that NanoNet can produce real-time segmentation (i.e.,
produces at least close to 30 FPS for each dataset present in
the Tables). This is one of the major contributions of the work.
The other strength of the work lies in the parameter use. From
Table II, we can observe that the best performing NanoNet
(i.e., NanoNet-A) uses nearly 35 times less parameters as
ResUNet [38]. Similarly, NanoNet-C uses 225 times less
parameters as compared to that of ResUNet and also produces
better DSC, mIoU and FPS with the Kvasir-SEG.

The qualitative results are displayed in Figure 3. The first,
second, and third columns show the image, ground truth,
and prediction masks, respectively. Similarly, the name of the
dataset is provided on the left side. One example image for
each dataset is shown. The qualitative results with diversified
classes of medical datasets show that NanoNet can produce
accurate segmentation results with different types of lesions
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Fig. 3: Qualitative results of NanoNet-A on five different
datasets

(polyps) and therapeutic tools. The example images and the
prediction also show that NanoNet produces good segmenta-
tion masks for large, medium, and small polyps (see Figure 3).
From the qualitative results, we can derive and conclude that
NanoNet produces good results with small-sized polyps but
produces over-segmentation for the large-sized lesions upon
detail dissection. For future work, one could create a specific
dataset consisting of a set of small and large-sized polyps to
explore this further.

From both evaluation metrics and qualitative results, the
improvement is remarkable. Thus, the proposed NanoNet
architecture is simple, compact, and provides a robust solution
for real-time applications, as it produces satisfactory perfor-
mance despite having fewer parameters.

VI. CONCLUSION

In this paper, we proposed a novel lightweight architecture
for real-time video capsule endoscopy and colonoscopy image
segmentation. The proposed NanoNet architecture utilizes a

pre-trained MobileNetV2 model and a modified residual block.
The depthwise separable convolution is the main building
block of the network and allows the model to achieve high
performance with minuscule trainable parameters. The exper-
imental results on varied endoscopy datasets demonstrate the
strength of our model compared to SOTA models with respect
to their speed and performance. The presented model has the
potential to enable easier roll out of deep learning models
in clinical systems due to fewer parameters, competitive
accuracy, and low-latency. In addition, the model does not
require any sort of initialization, post-processing, or temporal
regularization, considered as another strength of this work. In
the future, we will design an encoder lighter than the currently
used pre-trained MobilNetV2. Moreover, we aspire to utilize
the currently built segmentation module in the clinic and study
the efficacy of our designed model.
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Abstract. Gastrointestinal (GI) pathologies are periodically screened,
biopsied, and resected using surgical tools. Usually, the procedures and
the treated or resected areas are not specifically tracked or analysed dur-
ing or after colonoscopies. Information regarding disease borders, devel-
opment, amount, and size of the resected area get lost. This can lead to
poor follow-up and bothersome reassessment difficulties post-treatment.
To improve the current standard and also to foster more research on the
topic, we have released the “Kvasir-Instrument” dataset, which consists
of 590 annotated frames containing GI procedure tools such as snares,
balloons, and biopsy forceps, etc. Besides the images, the dataset includes
ground truth masks and bounding boxes and has been verified by two
expert GI endoscopists. Additionally, we provide a baseline for the seg-
mentation of the GI tools to promote research and algorithm develop-
ment. We obtained a dice coefficient score of 0.9158 and a Jaccard index
of 0.8578 using a classical U-Net architecture. A similar dice coefficient
score was observed for DoubleUNet. The qualitative results showed that
the model did not work for the images with specularity and the frames
with multiple tools, while the best result for both methods was observed
on all other types of images. Both qualitative and quantitative results
show that the model performs reasonably good, but there is potential
for further improvements. Benchmarking using the dataset provides an
opportunity for researchers to contribute to the field of automatic endo-
scopic diagnostic and therapeutic tool segmentation for GI endoscopy.
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Endoscopic tools · Convolutional neural network · Benchmarking

1 Introduction

Minimally Invasive Surgery (MIS) is a commonly used technique in surgical
procedures. The advantage of MIS is that small surgical incisions are made in
the patient for endoscopy that causes less pain, reduced time of the hospital
stay, fast recovery, reduced blood loss, and less scaring process as compared
to the traditional open surgery. The nature of the operation is complex, and
the surgeons have to precisely tackle hand-eye coordination, which may lead to
restricted mobility and a narrow field of view [5].

However, unlike the treatment of accessory organs such as liver and pan-
creas, no incision is required forGastrointestinal (GI) tract organs (oesophagus,
stomach, duodenum, colon, and rectum). GI procedures also include both min-
imally invasive surveillance and treatment (including surgery) procedures. A
varied number of tools are used as per the requirement of these procedures. For
example, balloon dilatation to help open the GI surface, biopsy forceps for tissue
sample collection, polyp removal with snares, and submucosal injections.

A computer and robotic-assisted surgical system can enhance the capability
of the surgeons [9]. It can provide the opportunity to gain additional information
about the patient, which can be useful for decision making during surgery [6].
However, it is difficult to understand the spatial relationship between surgical
instruments, cameras, and anatomy for the patient [11]. In GI endoscopy, it is
vital to track and guide surgeons during tumor resection or biopsy collection
from a defined site and help to correlate the biopsied samples and treatment
locations post-diagnostic and therapeutic or surgical procedures. While most
datasets and automated-algorithm developments for instrument segmentation
are mostly focused on laparoscopy-based surgical removal, automatic guidance
of tools for GI surgery has not been addressed before.

New developments in the area of robot-assisted systems show that there is
potential for developing a fully automated robotic surgeon [14]. The da Vinci
robot is a surgical system that is considered the de-facto standard-of-care for
certain urological, gynecological, and general procedures [4]. Thus, it is critical
to have information regarding intra-operative guidance, which plays an essential
role in decision making. However, there are specific challenges, such as limited
field of view and difficulties with the surgeons handling the instruments during
surgery [13]. Therefore, image-based instrument segmentation and tracking are
gaining more and more attention in both robotic and non-robotic minimally
invasive surgery. Previous work targeting instrument segmentation, detection,
and tracking on endoscopic video images failed on challenging images such as
images with blood, smoke, and motion artifacts [13]. Other reasons that make
semantic segmentation of surgical instruments a challenging task are the presence
of images containing shadows, specular reflections, blood, camera lens fogging,
and the complex background tissue [14]. The segmentation masks of these images
can be useful for instrument detection and tracking.
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Similarly, in the GI tract procedures, from tissue sample collection to surgi-
cal removal of pathologies is performed in low field-of-view areas. Visual clutter
such as artifacts, moving objects, and fluid, hinders the localisation of the target
site during surgical procedures. Additionally, currently, there is no way of cor-
relating the tissue sample collection with biopsied location and assessing surgi-
cal procedure effectiveness or even post-treatment recovery analysis. Automated
localisation and tracking of tools can help guide the endoscopists and surgeons to
perform their tasks more effectively. Also, post-procedure video analysis can be
done using these automated methods to track such tools, thus enabling improved
surgical procedures or surveillance and their post-assessment. Currently, this is
an open problem in the research community, where most procedures are not
automated in GI tract endoscopy.

While there is an open research question for automated tool detection and
guidance in GI procedures, there is a lack of available public datasets. We aim
to initiate the development of automated systems for the segmentation of GI
tract diagnostic and therapeutic endoscopy tools. This research direction will
enable tracking and localisation of essential tools used in endoscopy and help to
improve targeted biopsies and surgeries in complex GI tract organs. To accom-
plish this, and to address the lack of publicly available labeled datasets, we have
publicly released 590 pixel-level annotated frames that comprise of tools such as
balloon dilation for facilitating the opening of GI organs, biopsy forceps for tis-
sue sample collection, polyp removal with snares, submucosal injections, radio-
frequency ablation of dysplastic mucosa using probes and some other related
surgical/diagnostic procedures. The released video frames will allow for building
automated Machine Learning (ML) algorithms that can be applied during clini-
cal procedures or post-analyses. To commence this effort, we provide a baseline
benchmark on this dataset. U-Net [12] is a common semantic segmentation based
architecture for medical image segmentation tasks. In this paper, we therefore
present results utilising two U-Net based architectures. The provided dataset
is open and can be used for research and development, and we invite medi-
cal imaging, computer vision, ML and multimedia researchers to develop novel
algorithms on the provided dataset. The main contributions of this paper are:

– The release of 590 annotated images with bounding boxes and segmentation
masks of GI diagnostic and surgical tool dataset. To the best of our knowledge,
this is the first dataset of segmented tools used in the GI tract.

– A benchmark of the provided dataset using the U-Net [12] and Double-
UNet [10] architectures for semantic segmentation is provided.

2 Related Work

Surgical vision is evolving as a promising technique to segment and track instru-
ments using endoscopic images [6]. To gather researchers on a single platform, the
Endoscopic vision (EndoVis) challenge has been organized since 2015 at Med-
ical Image Computing and Computer Assisted Intervention Society (MICCAI)
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Table 1. Similar available datasets

Dataset Content Task type Procedure

Instrument
segmentation
and tracking (2015) [6]

Rigid and robotic
instruments

Segmentation
and tracking

Laparoscopy

Robotic Instrument
Segmentation (2017) [4]

Robotic surgical
instruments

Binary segmentation,
part based
segmentation,
instrument
segmentation

Abdominal
porcine

Robotic Scene
Segmentation (2018) [3]

Surgical
instruments
and other

Multi-instance
segmentation

Robotic
nephrectomy

Robust Medical
instrument
segmentation (2019) [13]

Laparoscopic
instrument

Binary segmentation,
multiple instance
detection, multiple
instance segmentation

Laparoscopy

Kvasir-Instrument (Ours) Diagnostic and
therapeutic tools
in endoscopic
images

Binary segmentation,
detection and
localization

Gastroscopy
& colonoscopy

with an exception in 2016. The EndoVis challenge hosts different sub-challenges.
The year-wise information about the hosted sub-challenge can be found on the
challenge website1.

Bodenstedt et al. [6] organized “EndoVis 2015 Instrument sub-challenge”
for developing new techniques and benchmarking ML algorithms for segmen-
tation and tracking of the instruments on a common dataset. The organizers
challenged on two different tasks, i.e., (1) Segmentation and (2) Tracking. The
goal of the challenge was to address the problem related to segmentation and
tracking of articulated instruments in both laparoscopic and robotic surgery2.
A comprehensive evaluation of the methods used in instrument segmentation
and tracking task for minimally invasive surgery is summarized in this work [6].
The extensive evaluation showed that deep learning works well for instrument
segmentation and tracking tasks.

In 2017, a follow up to the previous 2015 challenge was organized called
“Robotic Instrument Segmentation Sub-Challenge”3. The challenge was part
of the Endoscopic vision challenge that was organized at MICCAI 2017. This
challenge offered three tasks: (1) Binary segmentation, (2) Parts based segmenta-
tion, and (3) Instrument type segmentation. The goal of the binary segmentation

1 https://endovis.grand-challenge.org/.
2 https://endovissub-instrument.grand-challenge.org/EndoVisSub-Instrument/.
3 https://endovissub2017-roboticinstrumentsegmentation.grand-challenge.org/.
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task was to separate the image into an instrument and background. Parts seg-
mentation challenged the participants to divide the binary instrument into a
shaft, wrist, and jaws. Type segmentation challenged the participants to iden-
tify different instrument types. A detailed description of the challenge tasks,
dataset, methodologies used by ten participating teams in different tasks, chal-
lenge design, and limitation of the challenge can be found in the challenge sum-
mary paper [4].

In 2019, a similar challenge called “Robust Medical Instrument Segmentation
Challenge 2019”4 was organized by Roß et al. [13]. This challenge offered three
tasks (1) Binary segmentation, (2) Multiple instance detection, and (3) Multiple
instance segmentation. The challenge was focused on addressing two key issues
in surgical instruments, Robustness and Generalization, and benchmark medi-
cal instrument segmentation and detection on the provided surgical instrument
dataset. Endoscopic artefact detection challenge (EAD2019) challenge focused
on endoscopic artifact detection primarily but also included instrument class
in their detection, segmentation, and “out-of-sample” generalisation tasks. The
challenge outcome revealed that most methods performed well for instrument
detection and segmentation class [2]. However, this dataset mostly consisted of
large biopsy forceps.

In Table 1, we present available instrument datasets in the field of tool seg-
mentation. All of the datasets were designed for hosting challenges. The training
dataset is released for all the datasets (except ROBUST-MIS); however, the test
dataset is not provided by the challenge organizers. Thus, it makes it difficult
to calculate and compare the results on the test dataset. However, experiments
are still possible by splitting the training dataset into train, validation, and test-
ing sets. The Robust Medical instrument segmentation dataset is yet not public.
However, the participants who have participated in the challenge have the oppor-
tunity to download the training dataset. Usually, there are certain practicalities
to download the dataset, such as signing the agreement and getting permission
from the owner, which takes time, and it is inconvenient. Moreover, to partici-
pate in the challenge, the participants have to signup in a particular year, and
usually, it often takes a very longtime before they publish the dataset. Thus, the
significance of the datasets becomes less as the technology is changing rapidly.
More information on available instrument datasets, contents, and offered tasks
by the organizers and about the availability can be found from Table 1.

The literature review shows that there are only a few open-access datasets for
MIS instrument segmentation. Moreover, to the best of our knowledge, GI tract
tools have never been explored. This is the first attempt to provide the commu-
nity with a curated and annotated public dataset that comprises diagnostic and
therapeutic tools in the GI tract. We believe that the presented dataset and the
widely used U-Net based algorithm benchmark will encourage the researchers to
develop robust and efficient algorithms using the provided dataset that can help
clinical procedures in endoscopy.

4 https://robustmis2019.grand-challenge.org/.
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Fig. 1. Distribution of Kvasir-Instrument dataset. On left: Small (green), medium
(blue) and large (pink) sized tool clusters. On right: sample images with variable tool
size in images. (Color figure online)

3 Kvasir-Instrument Dataset

In this section, we introduce the Kvasir-Instrument dataset with details on how
the data was collected, the annotation protocol, and the dataset’s structure. The
dataset was collected from endoscopic examinations performed at Bærum Hospi-
tal in Norway. The unlabelled images’ frames are selected from the HyperKvasir
dataset [7].

HyperKvasir provides frame-level annotations for 10,662 frames for 23 differ-
ent classes. However, the majority of the images (99,417 frames) are not labeled.
We trained a model using the labeled samples of this dataset and tried to predict
the classes of the unlabeled samples. Although our algorithm [15,16] could not
classify all the images correctly; however, we were able to classify the presence
of instrument or tool out of thousands of provided image frames. However, in
order to perform segmentation, pixel-wise masks and bounding boxes were miss-
ing. This is what is provided in the proposed dataset, and below, we present the
acquisition and annotation protocols used in the data preparation:

3.1 Data Acquisition

The images and videos were collected using standard endoscopy equipment from
Olympus (Olympus Europe, Germany) and Pentax (Pentax Medical Europe,
Germany) at Bærum Hospital, Vestre Viken Hospital Trust, Norway. All the data
used in this study were obtained from videos for procedures that had followed
the patient consenting protocol of Bærum Hospital. Additionally, no patient
information was available. We have performed a random naming for each publicly
released image for further effective annonymisation.
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Fig. 2. Kvasir-Instrument dataset: first two rows represent frames with biopsy forceps,
the middle row consist of metallic clip, the fourth row is a radio-frequency ablation
probe and the last row depicts the crescent and hexagonal shaped snares for polyp
removal.

3.2 Annotation Strategy

We have uploaded the Kvasir-Instrument dataset to labelbox5 and labeled the
Region of Interest (ROI) in the image frames, i.e., the ROI of diagnostic and

5 https://www.labelbox.com/.
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therapeutic tools in our cases, and generated all the ground truth masks. Figure 2
shows the example images, bounding box, image annotation, and generated
masks for the Kvasir-Instrument dataset. All annotations were then exported
in a JSON format, which was used to generate masks for each of the annota-
tions. Related source codes and more information about the dataset can be found
at https://github.com/DebeshJha/Kvasir-Instrument.

The exported file contained the information of the images along with the
coordinate points that were used for mask and bounding box generation. All
annotations were performed using a three-step strategy:

1. The selected samples were labeled by two experienced research assistants.
2. The annotated samples were cross-validated for their delineation quality

by two experienced GI experts (more than 10 years of work experience in
colonoscopy).

3. The suggested changes were incorporated using the comments from the
experts.

The Kvasir-Instrument dataset includes 590 frames consisting of various GI
endoscopy tools used during both endoscopic surveillance and therapeutic or
surgical procedures. A thorough annotation strategy (detailed above) was used to
create bounding boxes and segmentation masks. The dataset consists of variable
tool size with respect to image height and width, as presented in Fig. 1. The
majority of the tools are small and medium-sized. The sample bounding box
annotation, precise area delineation, and extracted masks are shown in Fig. 2.

Our dataset is publicly available and can be accessed at https://datasets.
simula.no/kvasir-instrument/. It consists of original image samples (in JPEG
format), their corresponding masks (in PNG format), and bounding box infor-
mation (in JSON format).

4 Benchmarking, Results and Discussion

In this section, we explore encoder-decoder based classical models for baseline
algorithm benchmarking, their implementation details for reproducibility, details
on evaluation metric used for quantitative analysis, and results and discussion.

4.1 Baseline Methods

U-Net [12] has been explored in the past through many biomedical segmentation
challenges and has shown strength towards an effective supervised segmentation
model. In this paper, we, therefore, use U-Net based architectures on our Kvasir-
Instrument dataset to provide a baseline result for future comparisons. U-Net
uses an encoder-decoder architecture, that is, a contractive feature extraction
path and expansive path with a classifier to perform binary classification of
each image pixel in an upsampled feature map. In our previous work, we have
shown that the strength of supervised classification can be amplified by using the
output mask from one U-Net [12] architecture to the other by proposing Dou-
bleUNet [10]. In addition, the DoubleUNet architecture uses VGG-19 pretrained
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on ImageNet as one of the encoder blocks, squeeze and excite block, and Atrous
spatial pyramid pooling (ASPP) block. All other components in the network
remain the same as the U-Net. For both networks, dice loss gives a 1 − DSC,
where DSC is the dice similarity coefficient (see Eq. 1 below).

4.2 Implementation Details

We have implemented the U-Net-based and DoubleUNet based architectures
using the Keras framework [8] with TensorFlow [1] as backend running on
the Experimental Infrastructure for Exploration of Exascale Computing (eX3),
NVIDIA DGX-2 machine. We have resized the training dataset into 512× 512.
We set the batch size of 8 for training. Both architectures are optimized by using
Adam optimizer. We have made use of dice loss as the loss function. We split
the dataset using 80% of the dataset for training and the remaining 20% for the
testing (evaluation). The same split is also provided in the dataset for the fur-
ther research. We performed basic augmentation, such as horizontal flip, vertical
flip, and random rotation. Moreover, we have also provided the train-test split
so that others can improve the methods on the same dataset.

4.3 Evaluation Metrics

In this medical image segmentation approach, each pixel of the diagnostic and
therapeutic tool either belongs to a tool or non-tool region. The Dice similar-
ity coefficient (DSC) is the mainly used for result evaluation in medical image
segmentation. Additionally, we calculate other standard metrics such as Jaccard
similarity coefficient (JC) (also known as the intersection over union (IoU)), pre-
cision, recall, overall accuracy, F2, and frames per second (FPS). Using tp, fp,
tn, and fn to represent the true positives, false positives, true negatives, and
false negatives, respectively, the mathematical formulas for them are as follows:

DSC =
2 · tp

2 · tp + fp + fn
(1)

JC or IoU =
tp

tp + fp + fn
(2)

Recall (r) =
tp

tp + fn
(3)

Precision (p) =
tp

tp + fp
(4)

F2 =
5p × r

4p + r
(5)

Overall accuracy (Acc.) =
tp + tn

tp + tn + fp + fn
(6)

Frame Per Second (FPS) =
#frames

sec
(7)
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Table 2. Baseline results for tool segmentation

Method JC DSC F2-score Precision Recall Acc. FPS

U-Net [12] 0.8578 0.9158 0.9320 0.8998 0.9487 0.9864 20.4636

DoubleUNet [10] 0.8430 0.9038 0.9147 0.8966 0.9275 0.9838 10.0000

Fig. 3. Failed cases: cap region (top) is under-segmented and small clip area is over-
segmented and consist of large number of false positives (bottom).

4.4 Quantitative and Qualitative Results

Table 2 shows the results of the baseline methods for the tool segmentation on
the proposed Kvasir-Instrument dataset. From the table, we can observe that
the UNet achieved a high JC of 0.8578 and DSC of 0.9158, which is slightly
above than the DoubleUNet that yielded JC of 0.8430 and DSC of 0.9038. Also,
UNet achieved a speed of 20.4636 FPS, whereas computational time is double
for DoubleUNet with only 10 FPS. Similarly, both the recall and precision scores
are very comparable for both U-Net (p = 0.8998, r = 0.9487) and DoubleUNet
(p = 0.8966, r = 0.9275).

Figure 3 shows the qualitative result on two challenging sample images. It
can be observed that both UNet and DoubleUNet are under-segmenting the cap
region (top) and over-segmenting the small clip area (bottom). Some parts of
these images are confused because of the presence of saturation areas. However,
both models were able to segment well with most endoscopic tool samples in the
dataset. This is also evident from the quantitative results. However, even better
models are still needed to motivate further research.

4.5 Discussion

From the experimental results in Table 2, we can validate that the classical U-
Net architecture outperforms DoubleUNet model. Additionally, U-Net is 2×
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faster than the DoubleUNet. This is because U-Net uses basic convolution
blocks, whereas DoubleUNet uses pre-trained encoders, ASPP, squeeze, and
excite blocks, all of which increase the inference latency. Here, the UNet is opti-
mized by dice loss instead of binary cross-entropy loss, which showed improved
performance during our experiments.

Further, fine-tuning on other similar datasets, rigorous data augmentation,
and applying more advanced Deep learning (DL) techniques can improve the
baseline results - eventually achieving the detection, localisation, and segmenta-
tion performance needed to make the technology useful in a clinical environment.
Additionally, the use of DL networks with fewer parameters could increase com-
putational efficiency, thereby enabling real-time systems that can be used in
clinical settings effectively.

5 Conclusion

We have curated, annotated, and publicly released a dataset that contains endo-
scopic tools used in GI examinations and surgical procedures. The dataset con-
sists of images, bounding boxes, and segmentation masks of endoscopy tools used
during different procedures in the GI tract. Additionally, we provided baseline
segmentation methods for the automatic delineation of these tools and have com-
pared them using standard computer vision metrics. In the future, we plan to
continuously increase the amount of data and also call for multimedia challenges
using the presented dataset.
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ABSTRACT
Colorectal cancer is the third most common cause of cancer world-
wide. According to Global cancer statistics 2018, the incidence of
colorectal cancer is increasing in both developing and developed
countries. Early detection of colon anomalies such as polyps is im-
portant for cancer prevention, and automatic polyp segmentation
can play a crucial role for this. Regardless of the recent advancement
in early detection and treatment options, the estimated polyp miss
rate is still around 20%. Support via an automated computer-aided
diagnosis system could be one of the potential solutions for the
overlooked polyps. Such detection systems can help low-cost design
solutions and save doctors time, which they could for example use
to perform more patient examinations. In this paper, we introduce
the 2020 Medico challenge, provide some information on related
work and the dataset, describe the task and evaluation metrics, and
discuss the necessity of organizing the Medico challenge.

1 INTRODUCTION
The goal of Medico automatic polyp segmentation challenge the
benchmarking of polyp segmentation algorithms on new test im-
ages for automatic polyp segmentation that can detect and mask
out polyps (including irregular, small or flat polyps) with high
accuracy. The main goal of the challenge is to benchmark dif-
ferent computer vision and machine learning algorithms on the
same dataset that could promote to build novel methods which
could be potentially useful in clinical settings. Moreover, we em-
phasize on robustness and generalization of the methods to solve
the limitations related to data availability and method compari-
son. The detailed challenge description can be found here https:
//multimediaeval.github.io/editions/2020/tasks/medico/.

After three years of organizing the Medico Multimedia Task [6,
17, 18], we present the fourth iteration in the series. With a focus on
assessing human semen quality last year [6], this year we build on
the 2017 [18] and 2018 [17] challenges of automatically detecting
anomalies in video and image data from the GI tract. We introduce
a new task for automatic polyp segmentation. In the prior gastroin-
testinal (GI) challenges, we classified the images into various classes.
We are now interested in identifying each pixel of the lesions from
the provided polyp images in this challenge.

The task is important because colorectal cancer (CRC) is the third
most leading cause of cancer and fourth most prevailing strain in
terms of cancer incidence globally [2]. Regular screening through

Copyright 2020 for this paper by its authors. Use permitted under Creative Commons
License Attribution 4.0 International (CC BY 4.0).
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Figure 1: Polyps and corresponding masks from Kvasir-SEG

colonoscopy is a prerequisite for early cancer detection and pre-
vention of CRC. Regardless of the achievement of colonoscopy
examinations, the estimated polyp miss rate is still around 20% [12],
and there are large inter-observer variabilities [13]. An automated
computer-aided diagnosis (CADx) system detecting and highlight-
ing polyps could be of great help to improve the average endoscopist
performance.

In recent years, convolutional neural networks (CNNs) have
advanced medical image segmentation algorithms. However, it
is essential to understand the strengths and weaknesses of the
different approaches via performance comparison on a common
dataset. There are a large number of available studies on automatic
polyp segmentation [3–5, 8, 9, 11, 14, 20]. However, most of the
conducted studies are performed on a restricted dataset which
makes it difficult for benchmarking, algorithm development and
reproducible results. Our challenge is utilizing the publicly available
Kvasir-SEG dataset [10]. The entire Kvasir-SEG dataset is used for
training and an additional and unseen test dataset for benchmarking
the algorithms.

In summary, the Medico 2020 challenge can support building fu-
ture systems and foster open, comparable and reproducible results
where the objective of the task is to find efficient solutions automatic
polyp segmentation, both in terms of pixel-wise accuracy and pro-
cessing speed.

For the clinical translation of technologies, it is essential to design
methods on multi-centered and multi-modal datasets. We have
recently released several gastrointestinal endoscopy [1, 15, 16],
wireless capsule endoscopy [19], endoscopic instrument [7], and
polyp datasets [10]. Thus, we have put in significant effort to address
the challenges related to lack of public available datasets in the field
of GI endoscopy.

2 DATASET
The Kvaris-SEG [10] training dataset can be downloaded from https:
//datasets.simula.no/kvasir-seg/. It contains 1,000 polyp images and
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Figure 2: Examples polyps from the test images

their corresponding ground truth mask as shown in Figure 1. The
dataset was collected from real routine clinical examinations at
Bærum Hospital in Norway by expert gastroenterologists. The
resolution of images varies from 332 × 487 to 1920 × 1072 pixels.
Some of the images contain a green thumbnail in the lower-left
corner of the images showing the scope position marking from the
ScopeGuide (Olympus) (see Figure 2). We annotate another separate
dataset consisting of 160 new polyp images and use the resulting
dataset as the test set to benchmark the participants’ approaches.
Figure 2 shows some examples of test images used in the challenge.

3 TASK DESCRIPTION
The participants are invited to submit their solutions for the two
following tasks: segmentation and efficiency (speed).

3.1 The automatic polyp segmentation task
This task invites participants to develop new algorithms for segmen-
tation of polyps. The main focus is to develop an efficient system
in terms of diagnostic ability and processing speed and accurately
segment the maximum polyp area in a frame from the provided
colonoscopic images.

There are several ways to evaluate the segmentation accuracy.
The most commonly used metrics by the wider medical imaging
community are the correct Dice similarity coefficient (DSC) or
overlap index, and the mean Intersection over Union (mIoU),
also known as the Jaccard index. In clinical applications, the gas-
troenterologists are interested in pixel-wise detail information ex-
traction from the potential lesions. The metrics such as DSC and
mIoU are used to compare the pixel-wise similarity between the
predicted segmentation maps and the original ground truth of the
lesions.

The DSC is a metric for comparison of the similarities between
two given samples. If tp, tn, fp, and fn represent the number of true
positive, true negative, false positive and false negative per-pixel
predictions for an image, respectively, then the DSC is given as

DSC =
2 · 𝑡𝑝

2 · 𝑡𝑝 + 𝑓 𝑝 + 𝑓 𝑛

Furthermore, the IoU is then defined as the ratio of intersection of
two metrics over a union of two corresponding metrics. The mean
IoU computes IoU of each semantic class of an image and calculate
the mean over each classes. The IoU is defined as:

IoU =
𝑡𝑝

𝑡𝑝 + 𝑓 𝑝 + 𝑓 𝑛

Moreover, in the polyp image segmentation task (i.e., a binary
segmentation task), precision (positive predictive value) shows
over-segmentation, and recall (true positive rate) shows under-
segmentation. Over-segmentation means that the predicted image
covers more area than the ground truth in some part of the frame.
The under-segmentation implies that the algorithm has predicted
less polyp content in some portion of the image compared to its
corresponding ground truth. We also encourage participants to
calculate precision and recall, and these are given by:

Precision =
𝑡𝑝

𝑡𝑝 + 𝑓 𝑝

Recall = 𝑡𝑝

𝑡𝑝 + 𝑓 𝑛
.

The main metric for evaluation and ranking of the teams is mIoU.
There is a direct correlation between mIoU and DSC. Therefore,
we have only used one metric. If the teams have the same mIoU
values, then the teams will be further evaluated on the basis of the
higher value of the DSC. For the evaluation, we ask the participants
to submit the predicted masks in a zip file. The resolution of the
predicted masks must be equal to the test images.

3.2 The algorithm speed efficiency task
Real-time polyp detection is required for live patient examinations
in the clinic. It can gain gastroenterologist attention to the region
of interest. Thus, we also ask participants to participate in the effi-
ciency task. The algorithm efficiency task is similar to the previous
task, but it puts a stronger emphasis on the algorithm’s speed in
terms of frames-per-second.

Submissions for this task will be evaluated based on both the al-
gorithm’s speed and segmentation performance. The segmentation
performance (the segmentation accuracy) will be measured using
the same mIoU metric as described above for the first task, whereas
speed will be measured by frames-per-second (FPS) according
to the following formula:

𝐹𝑃𝑆 =
#𝑓 𝑟𝑎𝑚𝑒𝑠

𝑠𝑒𝑐
For this task, we require participants to submit their proposed
algorithm as part of a Docker image so that we can evaluate it on
our hardware. We evaluate the performance of the algorithm on
the Nvidia GeForce GTX 1080 system. For the team ranking, we set
a certain mIoU as threshold for considering it as a valid efficient
segmentation solution and rank according to the FPS.

4 DISCUSSION AND OUTLOOK
Currently, there is a growing interest in the development of CADx
systems that could act as a second observer and digital assistant
for the endoscopists. Algorithmic benchmarking is an efficient ap-
proach to analyze the results of different methods. A comparison
of different approaches can help us to identify challenging cases in
the data. We then can discriminate the image frames into simple,
moderate, and challenging images. Later on, we can target to de-
velop models on the challenging images that are usually missed out
during a routine examination to design better CADx systems. We
hope that this approach would help us to design better performing
algorithms/models that may increase the efficiency of the health
system.
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Abstract. Deep Neural Networks (DNNs) have become the de-facto
standard in computer vision, as well as in many other pattern recogni-
tion tasks. A key drawback of DNNs is that the training phase can be
very computationally expensive. Organizations or individuals that can-
not afford purchasing state-of-the-art hardware or tapping into cloud
hosted infrastructures may face a long waiting time before the training
completes or might not be able to train a model at all. Investigating novel
ways to reduce the training time could be a potential solution to alle-
viate this drawback, and thus enabling more rapid development of new
algorithms and models. In this paper, we propose LightLayers, a method
for reducing the number of trainable parameters in DNNs. The proposed
LightLayers consists of LightDense and LightConv2D layers that are as
efficient as regular Conv2D and Dense layers but uses less parameters.
We resort to Matrix Factorization to reduce the complexity of the DNN
models resulting in lightweight DNN models that require less computa-
tional power, without much loss in the accuracy. We have tested Light-
Layers on MNIST, Fashion MNIST, CIFAR 10, and CIFAR 100 datasets.
Promising results are obtained for MNIST, Fashion MNIST, and CIFAR-
10 datasets whereas CIFAR 100 shows acceptable performance by using
fewer parameters.

Keywords: Deep learning · Lightweight model · Convolutional neural
network · MNIST · Fashion MNIST · CIFAR-10 · CIFAR 100 · Weight
decomposition

1 Introduction

Deep learning (DL) techniques have revolutionized the field of Machine Learning
(ML) and gained immense research attention during the last decade. Deep neu-
ral networks provide state-of-the-art solution in several domains such as image
recognition, speech recognition, and text processing [20]. One of the most pop-
ular techniques within deep learning is Convolutional Neural Network (CNN),
which possesses a structure that is well-suitable specially for image and video
processing. A CNN [16] comprises a convolution layer and dense layer. CNN has

c© Springer Nature Switzerland AG 2021
Y. Zhang et al. (Eds.): PDCAT 2020, LNCS 12606, pp. 285–296, 2021.
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emerged as powerful techniques for solving many classification [14] and regres-
sion [12] tasks. Additionally, CNN has produced promising results in various
applications areas, including in the medical domain, with applicability in dia-
betic retinopathy prediction [3], endoscopic disease detection [23], and breast
cancer detection [19].

Recently, developing deeper and larger architectures has been a common
trend in the development of state-of-the-art methods [4]. Most of the time, we
can observe that deeper networks especially with large and complex datasets
lead to better performance. One of the major drawbacks of CNNs are that they
often require an immense amount of training time compared to other classi-
cal ML algorithms. Hyperparameter optimization for fine-tuning the model is
another challenging task that increases dramatically the overall training time
to achieve optimum results from any model. CNN models often require power-
ful Graphical Processing Units (GPUs) for training, which can span over days,
weeks, and even months, with no guarantee that the model will produce satis-
factory results. A long training process also consumes a lot of energy and is not
considered environmentally friendly. Furthermore, long training is demanding in
terms of resources as a large amount of memory is required which renders it
difficult to deploy on low-power devices [11]. The requirements for the expensive
hardware and high training time complicate the use of models with large num-
ber of trainable parameters to be deployed on portable devices or conventional
desktops [20].

A potential way to address these issues is the introduction of lightweight
models. A lightweight model can potentially be built by reducing the number
of trainable parameters within the layers. In an effort towards reducing the
training time and complexity of CNN models, we propose LightLayers, which
is a combination of LightDense and LightConv2D layers, that focuses on CNNs
and more particularly on creating both a lightweight convolutional layer and a
lightweight dense layer that are both easy to train. Lightweight CNN models are
computationally cheap and can be used in various applications for carrying out
online estimation. Therefore, the main goal of this paper is to present a general
model to reduce the number of parameters in a CNN model so that it can be
used in various image processing or other applicable tasks in the future.

The main contributions of the paper are:

– LightLayers, a combinationofLightConv2DandLightDense layers, is proposed.
Both layers are based on matrix decomposition for reducing the number of
trainable parameters of the layers.

– We have investigated and tested the proposed model with four different
publicly available datasets: MNIST [16], Fashion MNIST [26], and
CIFAR10 [13], CIFAR100 [13], and we have showed that the proposed method
is competitive in terms of both accuracy and efficiency when the number of
training parameters used are taken into consideration.

– We experimentally show that good accuracy can be achieved by using a rel-
atively small number of trainable parameters with MNIST, Fashion MNIST,
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and CIFAR 10 datasets. Moreover, we found there was a significant reduction
in the number of trainable parameters as compared to Conv2D.

2 Related Work

In the context of reducing the cost of network model training, several approaches
have been presented. For example, Xue et al. [27] presented a Deep Neural Net-
work (DNN) technique for reducing the model size while maintaining the accu-
racy. For achieving this goal, they used singular value decomposition (SVD)
on the weight matrix in DNN, and reconstructed the model based on inherent
sparseness of the original matrices. The application of DNNs for mobile applica-
tions has become increasingly popular. The computational and storage limitation
should be taken into account while deploying DNN on such devices.

To address this need, Li et al. [17] proposed two techniques for effectively
learning from DNNs with a smaller number of hidden nodes and smaller num-
ber of senones set. The details about these techniques can be found in the lit-
erature [17]. Similarly, Xue et al. [28] introduced two SVD based techniques to
solve the issue related to DNN personalization and adaptation. Garipov et al. [8]
developed a tensor factorization framework for compressing fully connected lay-
ers. The focus of their work was to compress convolutional layers which would
potentially excel in image recognition tasks by reducing the memory complexity
and high computational cost. Later, Kim et al. [10] proposed an energy-efficient
kernel decomposition architecture for binary-weight CNNs.

Ding et al. [7] proposed CIRCNN, an approach for representing the weights
and processing neural networks using block-circulant matrices. CIRCNN uti-
lizes Fast Fourier Transform based fast multiplication operation which simul-
taneously reduces the computational and storage complexity causing neg-
ligible loss in accuracy. Chai et al. [25] proposed a model for reducing
the parameters in DNNs via product-of-sums matrix decomposition. They
obtained good accuracy on the MNIST and Fashion MNIST datasets with a
smaller number of trainable parameters. Another similar work is by Agrawal
et al. [2], where they designed a lightweight deep learning model for human
activity recognition that is sufficiently computationally efficient to be deployed
on edge devices. For more recent works on matrix and tensor decomposition, we
refer the reader to [6,15].

Kim et al. [11] proposed a method for compressing CNNs to be deployed as
a mobile application. Mariet et al. [18] proposed another efficient neural net-
work architecture that reduces the size of neural networks without hurting the
overall performance. Novikov et al. [20] converted dense weight matrices of fully
connected layers to Tensor Train [21] format such that the number of parameters
are reduced by a huge factor by preserving the expressive power of the layer.

Lightweighted networks have gained attention in computer vision (for
instance, in the area of real-time image segmentation [9,22,24,29]). Real-time
applications are growing because the lightweight models can be an efficient
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Fig. 1. Comparative diagram of Conv2D layer and LightConv2D layer.

solution for resource constraints and mobile devices. Only a lightweight model
demands lower memory that leads to a lower computation and faster speed.
Therefore, developing a lightweight model can be a good idea for achieving real-
time solutions, and it can be used for other applications too.

The above studies show that there is great potential for lightweight networks
for computer-vision tasks. With large amounts of training data, it is likely that
a model with huge numbers of trainable parameters will outperform the smaller
models—if one can afford the high training costs and resource demands at infer-
ence time. However, there is a need for models with low-cost computational
power and small memory footprints [11], especially for mobile applications [11]
and portable devices. In this respect, we propose LightLayers that is based on the
concept of matrix decomposition. LightLayers uses fewer trainable parameters
and shows the state-of-the-art tradeoff between parameter size and accuracy.

3 Methodology

In this section, we introduce the proposed layers. Figure 1 shows the comparison
of a Conv2D and a LightConv2D layer. In the LightConv2D layer, we decompose
the weight matrix W into W1 and W2 on the basis of hyperparameter k, which
leads to a reduction of the total number of trainable parameters in the network.
We follow the same strategy for the LightDense layer. The block diagram of the
LightDense layer is shown in Fig. 2.

The main objective of building the model is to compare our LightLayers (i.e.,
the combination of LightConv2D and LightDense layers) with the conventional
Conv2D and SeparableConv2D layers. For comparing the performance of the
various layers, we have built a simple model from scratch. The block diagram
of the proposed model is shown in Fig. 3. We used the same hyperparameters
and setting for all the experiments. For the LightLayers experiments, we used
LightConv2D and LightDense layers (see Fig. 3). For the other experiments, we
replaced LightConv2D with Conv2D or SeparableConv2D and LightDense with
a regular Dense layer.
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Fig. 2. Comparative diagram of Dense layer and LightDense layer.

Fig. 3. Block diagram of the architecture used for comparison of the proposed Light-
layers with regular convolution and dense layers. In the case of regular layers, we use
regular convolution and dense layers instead of Lightlayers.

The model architecture used for experimentation (see Fig. 3) comprises
two 3 × 3 convolution layers, each followed by a batch-normalization and ReLU
non-linearity as the activation function. We have introduced 2 × 2 max-pooling,
which reduces the spatial dimension of the feature map. We have used three
similar blocks of layers in the model followed by the GlobalAveragePooling,
LightDense layers with k = 8, and a softmax activation function for classifying
the input image.

3.1 Description of Convolution Layers

Conv2D. A convolution layer is the most common layer used in any computer
vision task and is applied extensively. This layer uses a multidimensional kernel
as the weight, which is used to perform convolution operation on the input to
produce an output. If the bias is used, then a 1D vector is added to the output.
Finally, the activation is applied to introduce the non-linearity into the neural
network. In this paper, we worked on a 2D convolution layer, which uses a 4D
tensor as the weight.

Output = Activation((Input ⊗ Weight) + Bias) (1)

In the above equation, ⊗ represents the convolution operation, and weight rep-
resents the kernel.
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Dense Layer. A dense layer is the regular, deeply connected neural-network
layer. It is the most common and frequently used layer. It is also known as a
fully-connected layer as each neuron receives input from the previous layer.

Output = Activation((Input ⊕ Weight) + Bias) (2)

In the above equation, ⊕ represents the matrix multiplication instead of convo-
lution operation as above.

Separable Conv2D. Separable convolution, also known as depth-wise convo-
lution, is used in our experiment. We use depth-wise separable 2D convolution
to compare the performance of our model. It first applies a depth-wise spa-
tial convolution, i.e., performing a convolution operation on each input channel
independently. After that, it is followed by a point-wise convolution, i.e., a 1× 1
convolution. Pointwise, convolution controls the number of filters in the output
feature maps.

4 Experimental Setup

For the experiments, we use the same number of layers, filters, filter sizes, and
activation functions in every model for the individual dataset. We have modified
the existing Dense and Conv2D layer in such a way that the number of train-
able parameters decreases with some decrease in the accuracy of the model. In
particular, we use three types of layers for this experiment, i.e., Conv2D, Sep-
arableConv2D, and LightLayers. First, we run the model using Conv2D layers.
The Conv2D layer is replaced by SeperableConv2D and run again. Again, we
replace SeperableConv2D with the LightLayers and run the model.

In the modified layers, we introduced the hyperparameter k to control the
number of trainable parameters in the LightDense and LightConv2D layer. In the
LightDense layer, we set k to 8. In the LightConv2D layer, k varies between 1 to
6, and more could be set depending on the requirement. The values of the k are
chosen empirically. We only replace the Conv2D layer with the LightConv2D
layer and Dense layer with the LightDense layer of the proposed lightweight
model. The rest of the network architecture remains the same.

4.1 Implementation Details

We have implemented the proposed layers using the Keras framework [5] and
TensorFlow 2.2 [1] as backend. The implementation can be found at GitHub1.
We performed all the experiments on an NVIDIA GEFORCE GTX 1080 sys-
tem, which has 2560 NVIDIA CUDA Cores with 8 GB GDDR5X memory. The
system was running on Ubuntu 18.04.3 LTS. We used a batch size of 64. All the
experiments were run, keeping all the hyperparameters (i.e., learning rate, opti-
mizer, batch size, number of filters, and filter size) the same. We have trained
all the models for 20 epochs. After each convolution layer, batch normalization
is used, which is activated by the Rectified linear unit (ReLU).

1 https://github.com/DebeshJha/LightLayers.
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4.2 Datasets

To evaluate LightConv2D layer and LightDense layer, we have performed exper-
iments using various datasets.

MNIST Database. Modified National Institute of Standards and Technology
(MNIST) [16] is the primary dataset for computer vision tasks introduced by
LeCun et al. in 1998. MNIST comprises 10 classes of handwritten digits with
60, 000 training and 10, 000 testing images. The resolution of the images in the
MNIST dataset is 28 × 28. There is a huge recent advancement in ML and
DL algorithms. However, the MNIST remains a common choice for learners and
beginners. The reason is that it is easy to deploy, test, and compare an algorithm
on a publicly available dataset. The dataset can be downloaded from http://
yann.lecun.com/exdb/mnist/.

Fashion MNIST Database. Fashion MNIST [26] is a 10 class of 70, 000
grayscale images of size 28 × 28. Xiao et al. released a novel image dataset
that could be used for benchmarking ML algorithms. Their goal was to replace
the MNIST database with a new database. The images of the Fashion MNIST
database are more challenging as compared to the MNIST database. It contains
natural images such as t-shirt/top, trouser, pullover, dress, coat, sandal, shirt,
sneaker, bag, and ankle boot. The database can be downloaded from https://
github.com/zalandoresearch/fashion-mnist.

CIFAR-10 Database. CIFAR-10 [13] is a commonly established dataset for
computer-vision tasks. It is especially used for object recognition tasks. CIFAR-
10 contains 60, 000 color images of size 32 × 32. It also has 10 classes of images.
Each class contains 6, 000 images per class. The classes contain datasets of cars,
birds, cats, deer, dogs, horses, and trucks. The dataset can be downloaded from
https://www.cs.toronto.edu/∼kriz/cifar.html.

CIFAR-100 Database. CIFAR-100 [13] is also collected by the team of Alex
Krizhevsky, Vinod Nair, and Geoffrey Hinton. This database is similar to the
previous CIFAR-10 database. The 100 classes of the database consist of images
such as beaver, dolphin, flatfish, roses, clock, computer keyboard, bee, forest,
baby, pine, tank, etc. Each class of the database contains 600 images each. This
dataset contains 500 training examples and 100 testing examples per class. The
dataset can be found on the same webpage as CIFAR-10.

5 Results

In this section, we present and compare the experimental results of the Conv2D,
SeperableConv2D, and LightLayers models on the MNIST, Fashion MNIST,
CIFAR-10, and CIFAR 100 datasets. Table 1 shows the summary of result
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Table 1. Results on MNIST test dataset (Number of epochs = 10, Batch size = 64,
Learning rate = 1e-3, Number of filters = [8, 16, 32]).

Method Parameters Test Accuracy Test Loss

Conv2D 18,818 0.9887 0.018

SeparableConv2D 3,611 0.9338 0.2433

LightLayers (K = 1) 2,649 0.9418 0.1327

LightLayers (K = 2) 4,392 0.9749 0.0554

LightLayers (K = 3) 6,135 0.9775 0.0513

LightLayers (K = 4) 7,878 0.9720 0.0704

Table 2. Results on Fashion MNIST test dataset (Number of epochs = 10, Batch
size = 64, Learning rate = 1e-3, Number of filters = [8, 16, 32]).

Method Parameters Test accuracy Test loss

Conv2D 18,818 0.9147 0.1468

SeparableConv2D 3,611 0.8725 0.3175

LightLayers (K = 1) 2,649 0.789 0.6752

LightLayers (K = 2) 4,392 0.8452 0.4247

LightLayers (K = 3) 6,135 0.8695 0.3708

LightLayers (K = 4) 7,878 0.8623 0.6184

LightLayers (K = 5) 9,621 0.8820 0.2810

LightLayers (K = 6) 11,364 0.8733 0.3986

comparison of Conv2D, SeperableConv2D, and LightLayers on MNIST dataset.
Based on Conv2D and SeperableConv2D, we propose Layers and show improve-
ment over both layers. The concept of LightLayers is based on weight matrix
decomposition. This is the main motivation behind comparison of the proposed
layers with Conv2D and SeperableConv2D.

The hyperparameters used are described in the caption of the Table 1. We
can see that the result of the proposed LightLayers is comparable to that of
Conv2D and SeperableConv2D in terms of test accuracy. When we compare the
LightLayers with Conv2D, in terms of the number of parameters used, it uses
only 1

3 of parameters of Conv2D, which is more efficient with only 1% drop in
terms of test accuracy. LightLayers with hyperparameter k = 3 achieves the
highest test accuracy. However, for the other values of k as well there is only
minimal variation in test accuracy.

Table 2 shows the results for different layers for the model trained on the
Fashion MNIST dataset. From the table, we can observe that the proposed model
(LightLayers) with hyperparameter k = 5 uses only half of the parameters with
around 3% drop in terms of test accuracy with the Fashion MNIST dataset.
However, when we compare the quantitative results with SeperableConv2D, our
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Table 3. Evaluation results on test set of CIFAR10 dataset (Number of epochs = 20,
Batch size = 64, Learning rate = 1e-4, Number of filters = [8, 16, 32, 64]). The ‘Params’
in the bold represents total number of parameters.

Method Parameters Test accuracy Test loss

Conv2D 76,794 0.6882 0.9701

SeparableConv2D 14,440 0.5953 1.3263

LightLayers (K = 1) 5,937 0.3686 1.6723

LightLayers (K = 2) 9,592 0.4596 1.5372

LightLayers (K = 3) 13,247 0.4937 1.5287

LightLayers (K = 4) 16,902 0.5319 1.3214

LightLayers (K = 5) 20,557 0.5576 1.2122

Table 4. Evaluation on CIFAR100 test set (Number of epochs = 20, Batch size =
64, Learning rate = 1e − 4, Number of filters = [8, 16, 32, 64]).

Method Parameters Test accuracy Test loss

Conv2D 82,644 0.3262 2.6576

SeparableConv2D 20,290 0.2207 3.2108

LightLayers (K = 1) 6,747 0.0275 4.2391

LightLayers (K = 2) 10,402 0.0398 4.1836

LightLayers (K = 3) 14,057 0.0559 4.0304

LightLayers (K = 4) 17,712 0.0551 3.9978

LightLayers (K = 5) 21,367 0.0589 4.0009

proposed LightLayers achieves better test accuracy with the trade-off in number
of trainable parameters.

Table 3 shows the results on the CIFAR 10 dataset. On this dataset as well,
the proposed method is 3.75 times computationally efficient in terms of param-
eters it uses. However, there is a drop in accuracy of around 13%. Nevertheless,
for some tasks the efficiency can be more important than the reduced accuracy.

Similarly, we have trained and tested the proposed model on the CIFAR 100
dataset, where the test accuracy of the proposed layers is much lower as com-
pared to the Conv2D. This is obvious because CIFAR 100 consists of 100 classes
of images that are difficult to generalize with such a small number of trainable
parameters. However, the total number of parameters used is still around 4 times
less than that of Conv2D. The total number of trainable parameters for Conv2D
is 82,644, and for LightLayers, it is only 21,367. We refer to Table 4 for more
details on the test accuracy and test loss.

From the experimental results, we are convinced that LightLayers has the
following advantages:
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– It requires less trainable parameters than Conv2D, which is an important fac-
tor to implement in different applications where heavy trainable parameters
could not be beneficial.

– Due to less parameters, the space taken by the weight file is smaller, which
makes it more suitable to devices where storage space is limited.

6 Ablation Study

Let us consider that the input size is 784, and the number of output features is 10.
Therefore, the weight matrix W is 784×10 resulting in 7, 840 trainable parameters.
Now, in the LightDense layer, we decompose the weight matrix W into two smaller
matrix W1 and W2 of lower dimension using the hyperparameter k.

Here, W1 = [784, k] and W2 = [k, 10] values from the above example, the
total number of trainable parameters in the LightDense layer becomes 786 × k
+ k × 10. Now, if k = 1, then trainable parameters are 796, and if k = 2 the
number of trainable parameters becomes 1, 588, and so on.

Next, consider the weight decomposition in the LightConv2D layer. If the
input is 32 × 32 × 3, the number of filters is 32, and the kernel size is 3 × 3,
then the filters size becomes 3× 3× 3× 32. This means that the total number of
trainable parameters is 864. Now, we will decompose the kernel W into W1 and
W2 using hyperparameter k. Here, W1 is 3× 3× 3×k and W2 is 3× 3×k × 32.
If k is 1, then the total number of trainable parameters becomes 27+288, which
is equal to 315.

From the ablation study, we deduce that the number of trainable parameters
used is less in LightLayers compared to the Conv2D and Dense layers. Overall,
we can argue that the proposed LightLayers approach has the potential to be a
powerful solution to solve the problem of excessive parameter used by traditional
DL approaches. However, our LightLayers model needs further improvement for
successfully implementing it on a larger dataset with high resolution images. We
can conclude that further investigating matrix weight decomposition is impor-
tant and other similar studies are necessary to reach the goal of lightweight
models in the near future.

7 Conclusion

In this paper, we propose the LightLayers model, which uses matrix decompo-
sition to help to reduce the complexity of the DLN. With the extensive experi-
ments, we observed that changing the value of hyperparameter k yields a trade-
off between model complexity in terms of the number of trainable parameters and
performance. We compare the accuracy of the LightLayers model with Conv2D.
An extensive evaluation shows the tradeoffs in terms of parameter uses, accu-
racy, and computation. In the future, we want to train LightLayers on other
publicly available datasets. We also aim to develop efficient techniques for find-
ing the optimal value of k automatically. Further research will be required to
find suitable algorithms and implementations that will scale this approach to a
biomedical dataset.
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improvement on maximum Mathew correlation coefficient (MCC) from 82.68% in 2017 to 93.98% in 2018 

and 95.20% in 2019 challenges, and a significant increase in computational speed over consecutive years. 
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1. Introduction 

Gastrointestinal (GI) cancers contribute to a large part of 

cancer-related deaths worldwide. Colorectal Cancer (CRC) ranks 

third in terms of cancer incidences and second in terms of mor- 

tality ( Bray et al., 2018 ). The 5-year survival rates for colon cancer 

is 68% and that of stomach cancer is only up to 44% ( Asplund et al., 

2018 ). Detection and removal of pre-cancerous lesions provides 

the opportunity to prevent cancer and improve the survival rate 

to almost 100% ( Levin et al., 2008 ). Early diagnosis and treat- 

ment can be facilitated by regular screening of patients at average 

risks before the disease becomes symptomatic. Screening of high- 

prevalence areas of infection, such as stomach and the large bowel 

(CRC), is particularly important to prevent cancer through early de- 

tection. The endoscopic procedures are the gold-standard for the 

diagnosis of GI abnormalities and cancers ( Pogorelov et al., 2018b ). 

The design of an automated Computer Aided Detection (CADe) and 

Computer Aided Diagnosis (CADx) system that can be integrated 

into the clinical workflow is essential ( Suzuki, 2012 ), however, it 

requires careful evaluation of the built methods on a benchmark 

dataset. Additionally, these methods need to be assessed for their 

clinical applicability such as generalization in context to patient 

variability, and real-time processing capability. 

This paper presents a comprehensive analysis of the results of 

Multimedia for Medicine Task (Medico) Task at MediaEval 2017 

( Riegler et al., 2017 ) (Medico 2017), Medico Task at MediaEval 2018 

( Pogorelov et al., 2018b ) (Medico 2018), and the BioMedia Grand 

Challenge 2019 ( Hicks et al., 2019a ) at ACM Multimedia (BioMedia 

2019). These challenges pose four clinically relevant rigorous tasks 

on GI endoscopic images and videos that include: 

1. Algorithm performance evaluation through a frame level “clas- 

sification task” (CADx) for multi-class GI tract findings 

2. An “efficiency task” to evaluate the methods designed to 

achieve a trade-off between speed and accuracy 

3. An “automated reporting task” on patient endoscopy video to 

analyse the efficacy of the built methods on videos 

4. A “hardware task” to benchmark algorithms on the same sys- 

tem 

1.1. Relevance of GI challenges 

The Medico 2017 was the first challenge that utilizes a multi- 

class dataset (eight classes) for GI endoscopic image classifica- 

tion. The challenge was based on a multi-center, multi-modal, and 

multi-organ dataset that includes 8,0 0 0 endoscopic images col- 

lected, annotated, and verified by experienced endoscopists from 

four hospitals in Norway. With the success of the first challenge, 

we further collected and annotated 14,033 endoscopic images that 

were used at the Medico Task 2018 and the BioMedia Challenge 

2019. The goal of organizing these challenges is to benchmark en- 

doscopic image classification Machine Learning (ML) approaches 

with the specific focus on speed and robustness of the meth- 

ods, which are essential for any clinical translation. These chal- 

lenges have encouraged us to annotate and further release the 

dataset such as Kvasir-Capsule ( Smedsrud et al., 2020 ), Kvasir-SEG 

( Jha et al., 2020 ) and Hyper-Kvasir dataset ( Borgli, 2020 ). 

1.2. Motivation of the study 

The introduction of new imaging technology and progress in 

Artificial Intelligence (AI) system for detailed observation and in- 

terpretation to improve the diagnostic capability of medical im- 

ages has motivated a wide range of multimedia researchers. GI 

endoscopy requires the integration of experienced endoscopists’ 

knowledge to overcome the missed classification of diseases that 

subsequently ensure effective early disease detection. This could 

significantly reduce the miss-detection rate during an endoscopy 

examination. Therefore, there is a need for efficient CADx systems 

that can support endoscopists in real-time to locate clinically rel- 

evant markers and regions that are overlooked during the endo- 

scopic procedure. A CADx system could reduce the workload of ex- 

pert endoscopists during the examinations. Moreover, it could also 

aid inexperienced endoscopists for decision-making, which would 

significantly help to solve the problem of inter- and intra-observer 

variability in clinical endoscopies worldwide. Furthermore, the au- 

tomatic reporting generated by AI methods can help reduce an en- 

doscopist’s workload, thereby improving their productivity and fo- 

cus for critical cases. 

Most designed computer vision methods and datasets focus on 

a limited set of lesions and very often limited to a specific organ. 

In practice, in particular to GI organs, routine surveillance can in- 

clude multiple organs. For example, an upper GI surveillance can 

include oesophagus, stomach and first part of duodenum while 

lower GI can include small intestine to large intestine. Similarly, 

disease types can vary from organ to organ which will make it 

hard to detect all lesion occurrence at multiple GI locations in any 

surveillance. At times, both gastroscopy (upper GI endoscopy) and 

colonoscopy (lower GI endoscopy) are recommended for some pa- 

tients. In these scenarios, the methods built with one specific or- 

gan or disease type is likely to have minimal clinical applicability 

and would not provide thorough clinical evaluation. We aimed to 

curate multi-organ gastroscopy datasets and challenge researchers 

to design methods for a comprehensive and challenging real-world 

dataset. 

1.3. Task descriptions 

Each challenge included four tasks. The teams were required to 

participate in the main “classification” task. However, the remain- 

ing three tasks were optional. Below, we briefly describe each task. 

1.3.1. Classification task (required) 

The goal of this task is to evaluate the classification methods 

for classifying anatomical landmarks (e.g., z-line, pylorus, cecum), 

pathological findings (esophagitis, polyps, ulcerative colitis), polyp 

removal cases (dyed and lifted polyps, dyed resection margins), 

and normal and regular cases (e.g., normal colon mucosa, stool, in- 

strument etc.) inside the GI tract. This is to address the require- 

ment for high classification accuracy needed for the development 

of computer-aided tools in the GI endoscopy. The teams are ranked 

based on their classification algorithm accuracy on 16 classes of GI 

dataset (refer Fig. 1 ). 

The participants were instructed to design, train, and imple- 

ment a classifier on the available training dataset. Subsequently, 
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Fig. 1. Examples images from the 16 classes of Medico 2018 and BioMedia 2019 

dataset. 

the test dataset was released where the participants could test 

their model and predicted labels were sent to the organizers for 

evaluation. For the task submission, the participants were asked to 

create a “.csv” file. The “.csv” file should contain information about 

the image label prediction in a single line starting with the “name 

of the predicted file”, “predicted label” and “model’s confidence of 

the prediction”. Different standard metrics were used to evaluate 

these methods that are detailed in Section 4 . 

1.3.2. Efficiency task (optional) 

Real-time performance of algorithms is required for clinical ap- 

plicability of the methods. Analysis of the GI procedure in real- 

time can provide an opportunity for the experts to acquire feed- 

back in real-time. However, fast inference models often compro- 

mise in accuracy. Thus, the goal for the efficiency task was to de- 

sign the model that provides the best trade-off between speed and 

accuracy. 

In most high-resolution GI endoscopes, the standard frame rates 

is over 45 Frames per second (FPS). Therefore, this task is aimed 

at building an efficient lightweight model that has the least la- 

tency in the inference time. For this task, the participants were 

required to capture processing time in millisecond for the infer- 

ence of each test image on their system and report this time along 

with the GPU/CPU architecture to the organizers. The task submis- 

sion procedure is quite similar to the classification task with only 

one difference, i.e., in efficiency task, the “processing time (in mil- 

lisecond) for each image” must be included in the “.csv” file after 

the model’s confidence in the prediction line. The metrics for cal- 

culating “classification performance” in both classification and effi- 

ciency tasks are the same, however, with an additional FPS metric 

for the efficiency task. FPS was estimated from the average time 

reported by each team. A final ranking was computed by using a 

weighted score based classification accuracy metric and FPS (refer 

Section 4.2 ). It is to be noted that the participating team can sub- 

mit the same or different models for classification and efficiency 

tasks for all 3 challenges. 

1.3.3. Automatic report generation task (optional) 

Among several responsibilities one of the crucial task of gas- 

troenterologists is to generate endoscopic procedure reports after 

each endoscopy session. The World Endoscopy Organization (WEO) 

recommends using Minimal Standard for Reporting (MSR) and 

Minimal Standard Terminology (MST) for describing the endoscopic 

findings. This is often time-consuming and requires huge amount 

of administrative work ( Woolhandler and Himmelstein, 2014 ). In 

addition, due to the inter operator variability, there is a large varia- 

tion in such reporting which leads to inconsistent interpretation of 

findings and reporting mechanism ( Aabakken et al., 2014 ). Intend- 

ing to generate the standardized endoscopy reports automatically, 

we have offered this task in MediaEval and Biomedia challenges 

( Hicks et al., 2019b ). A systematic and structured report prepara- 

tion that describes the endoscopic findings can play a vital role in 

the development of an fast, automated and accurate reporting sys- 

tem. This will enable to accelerate the clinical procedures and min- 

imize operator variability. The extensive use of GI endoscopy for 

diagnosis and treatment demands the requirement of standardized 

and user-friendly automated reporting systems at present. 

In the presented task, the participants were required to au- 

tomatically generate a text report of the endoscopic procedure 

that describes the detected findings according to the WEO proto- 

col ( Hicks et al., 2019b ). The organizers provided the description 

(list of requirements) of what should be generated in the report. 

The assessment follows the list of requirements, and the reports 

were manually checked by two of the medical partners. We pro- 

vided three videos for Medico 2017 and Medico 2018 for an auto- 

matic report generation task. For the BioMedia 2019, the number 

of videos was increased to six. The medical experts checked the 

practical usefulness of the report in terms of the medical domain 

(hospital). 

1.3.4. Hardware task (optional) 

In BioMedia 2019, we introduced the hardware task. In this 

challenge, the participants were asked to submit a docker image 

that included checkpoint of the trained model and test script for 

their submission. The requirement for this submission included the 

model trained in the classification task (Task 1). Each docker sub- 

mission was then run on the test images by the organizers on 

NVIDIA GTX 1080 Ti GPU. This provided an opportunity to bench- 

mark the built methods on the same hardware by an independent 

organizing team. Both the accuracy and speed were taken into ac- 

count for the ranking of the methods for this task. The detailed 

information on the submission procedure can be found here. 1 

2. Related work 

While automatic classification, detection and segmentation of 

various GI lesions and anatomical landmarks have been recently 

studied, most of these focus on colonoscopy data that include 

polyp detection and segmentation ( Poon et al., 2020; Lee et al., 

2020; Song et al., 2020; Yamada et al., 2019; Akbari et al., 2018; Jha 

et al., 2021 ), intestinal cancer detection ( Wan et al., 2019 ), stomach 

lesion detection ( Krebs et al., 2020 ) and ulcerative colitis detection 

( Khorasani et al., 2020 ). However, the very nature of GI endoscopic 

procedures can range from esophageal to stomach to small and 

large intestine. Some recent works have taken this into account 

and have designed models for multi GI organ classification and de- 

tection ( Thambawita et al., 2020; Iakovidis et al., 2018; Ali et al., 

2020a; Chheda et al., 2020; Poudel et al., 2020 ). 

In addition to the research from the individual research group, 

recently, a few challenges have been initiated in the field of GI 

1 https://github.com/stevenah/biomedia- 2019- submission- evaluation . 
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Table 1 

Overview of GI endoscopy challenges. Here, WL = White Light Endoscopy, NBI = Narrow Band Imaging, WCE = Wireless capsule endoscopy, FL = Fluorescence Endoscopy. 

The total number of images and videos offered at different task are summed and presented in ‘Size’ class. 

Challenge Name Organ Modality Findings Size Dataset Availability 

Automatic Polyp Detection in 

Colonoscopy videos 2015 

( Bernal et al., 2017 ) 

Colon WL Polyps 808 images & 38 

videos 

By request 

Medico 2017 ( Riegler et al., 2017 ) Entire GI WL Polyps, esophagitis, ulcerative colitis, 

z-line, pylorus, cecum, dyed polyp, dyed 

resection margins, stool 

8,000 images Open academic 

GIANA 2017 ( Bernal and 

Aymeric, 2017 ) 

Colon WL Polyps & angiodysplasia 3462 images & 

38 videos 

By request 

GIANA 2018 ( Angermann et al., 

2017; Bernal et al., 2018 ) 

Colon WL, WCE Polyps & small bowel lesions 8,262 images & 

38 videos 

By request 

Medico 2018 ( Pogorelov et al., 

2018b ) 

Entire GI WL Blurry-nothing, colon-clear, 

dyed-lifted-polyp, dyed-resection-margin, 

esophagitis, instrument, normal-cecum, 

normal-pylorus, normal z-line, 

out-of-patient, polyp, retroflex-rectum, 

retroflex-stomach, stool-inclusion, 

stool-plenty, ulcerative-colitis 

14,033 images Open academic 

EAD 2019 ( Ali et al., 2019 ) Entire GI & 

bladder 

NBI, WL, FL, WCE Blur, bubbles, contrast, imaging artefact, 

saturation, specularity, instrument 

2,192 images Open academic 

BioMedia 2019 ( Hicks et al., 

2019a ) 

Entire GI WL Blurry-nothing, colon-clear, 

dyed-lifted-polyp, dyed-resection-margin, 

esophagitis, instrument, normal-cecum, 

normal-pylorus, normal Z-line, 

out-of-patient, polyp, retroflex-rectum, 

retroflex-stomach, stool-inclusion, 

stool-plenty, ulcerative-colitis 

14,033 images Open academic 

EAD 2020 ( Ali et al., 2019 ) Entire GI & 

bladder 

NBI, WL, FL, WCE Blur, bubbles, blood, contrast, imaging 

artefact, saturation, specularity, 

instrument 

2,916 images Open academic 

EDD 2020 ( Ali et al., 2020a ) Entire GI NBI, WL Barrett’s esophagus, high-grade dysplasia, 

suspicious (low-grade), polyp, cancer 

386 images Open academic 

endoscopy that uses either still images or both still images and 

videos. Several ML based methods have been proposed on these 

endoscopy challenge datasets. However, most of the endoscopy 

challenges focused only on colorectal polyp and cancer localiza- 

tion, detection and segmentation ( Bernal et al., 2017 ). Additionally, 

the used datasets are either scarce (only 386 image frames were 

released for 5 disease classes in ( Ali et al., 2020a )) or have not 

been benchmarked on the same dataset for different challenges 

over time (for example, EndoVis2015 challenge on Early Barrett’s 

cancer detection 

2 ). As a result, the conclusions drawn from these 

challenges are not comparable from one challenge to the other. In 

addition, many such datasets are not publicly available, making it 

difficult for further analysis and comparison ( Wang et al., 2018; 

Bernal et al., 2017; Bernal and Aymeric, 2017; Angermann et al., 

2017; Bernal et al., 2018 ). 

To address the need of benchmarking methods on the same 

dataset, different international challenges have been organized. 

Polyp detection challenge on colonoscopy videos was organized by 

( Bernal et al., 2017 ) at IEEE International Symposium on Biomed- 

ical Imaging (ISBI), and Medical Image and Computing and Com- 

puter Assisted Intervention (MICCAI) conference in 2015 3 . The or- 

ganizers released 808 still images and 38 videos. A comprehensive 

study of the results on this dataset from 8 different participating 

teams concluded that there was still a potential for improvement 

( Bernal et al., 2017 ) in the polyp detection task. 

Our team organized the first MediaEval Medico challenge in 

2017 ( Riegler et al., 2017 ) that aimed to compare baseline for 

computer vision classification methods. With over 8,0 0 0 annotated 

video frames consisting of multiple endoscopic findings for the en- 

tire GI tract, including pre- and post-treatment patients and eight 

different categories, we established a first comprehensive dataset 

2 https://endovissub- barrett.grand- challenge.org . 
3 https://polyp.grand-challenge.org/ . 

that mimics various endoscopic procedures as a whole. Bernel 

et al. launched GIANA challenge (2017 and 2018) 4 where they 

broaden the scope of their past challenge by including additional 

tasks such as detection of lesions in Wireless Capsule Endoscopy 

(WCE), polyp detection, and polyp segmentation task. However, 

their task assignment was still focused on colonoscopy data only. 

To further quantify and improve baseline methods and promote 

algorithm development, we organized a consecutive Medico task 

2018 challenge ( Pogorelov et al., 2018b ). This challenge had an ex- 

tended dataset of 14,033 GI endoscopy frames and aimed at clas- 

sifying 16 class categories for multiple GI endoscopy organs. For 

better longitudinal analysis and method benchmarking, we used 

the same dataset to organize a recent BioMedia challenge 2019 

( Hicks et al., 2019a ). Another challenge in 2019 dedicated for arte- 

fact detection and segmentation in endoscopy (EAD2019, ( Ali et al., 

2020b )) released more than 2,192 still endoscopy frames that in- 

cluded multi-organ and multi-center data and aimed at classify- 

ing 6 different artefact classes 5 . A comprehensive analysis of the 

methods evaluated on EAD2019 challenge revealed the need for 

more quantifiable metrics and the requirement of clinical applica- 

bility tests with current Deep Learning (DL) approaches. The same 

team launched EndoCV2020 challenge 6 this year with an additional 

sub-challenge on “Endoscopy disease detection (EDD2020)”. Even 

though this sub-challenge incorporated multi-organ and multi- 

modal endoscopy data, the released dataset has only 386 anno- 

tated frames and was included only 5 class categories ( Ali et al., 

2020a ). Table 1 presents the overview of GI challenges held and 

imaging modalities used over past 5 years. 

In summary, there is still a need for comprehensive algorithm 

benchmarking datasets in GI endoscopy, especially due to the var- 

4 https://giana.grand-challenge.org/ . 
5 https://ead2019.grand-challenge.org/ . 
6 https://endocv.grand-challenge.org . 
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ied nature of endoscopic findings and abnormalities. Mainly, as 

most current datasets are limited by sample size, single modal- 

ity and single organ data, methods built on them cannot be ap- 

plied to wider endoscopy settings and GI organs. Additionally, most 

of these datasets are not easily accessible as they require special 

permissions and email correspondences prior to their use. Such a 

practice could discourage computational scientists to built and val- 

idate their method on these benchmarks. 

Motivated by the success of DL techniques in other medical 

imaging domains, we initiated collaborations with four hospitals 

in Norway to collect, curate, annotate, and publish open-access 

datasets. Medico 2017, Medico 2018, and Biomedia 2019 are few 

attempts to fulfill the challenges related to method comparison for 

the multi-class GI endoscopy and to address the lack of availability 

of publicly available datasets. In this paper, we detail on our three 

challenge datasets from 2017 to 2019 under “MediaEval Medico GI 

Endoscopy Challenge Dataset” and provide a comprehensive analy- 

sis of their outcomes. 

3. Medico GI-endoscopy challenge datasets 

3.1. Medico 2017 

The dataset for Medico 2017 consists of both images and videos. 

The “Kvasir” dataset ( Pogorelov et al., 2017b ) is a multi-class 

dataset consisting of 1,0 0 0 images per class with a total of 8,0 0 0 

images altogether for eight different classes. These classes con- 

sist of pathological findings (esophagitis, polyps, ulcerative colitis), 

anatomical landmarks (z-line, pylorus, cecum), and normal and 

regular findings (normal colon mucosa, stool), and polyp removal 

(post-treatment) cases (dyed and lifted polyps, dyed resection mar- 

gins). 

In the Medico 2017, the entire dataset was divided into train- 

ing and test dataset. The training and test set consists of 4,0 0 0 

images each. The participants were provided with pre-split train- 

test categories for all 8 classes with 500 images per class in each 

split. However, the labels for test set were not provided. The im- 

age size varied from 720 × 576 up to 1920 × 1072 pixels taken 

from a high-resolution Olympus endoscope. Some of the images 

in the dataset contained a green box in the left-bottom corner 

of the image showing the position of the scope inside the bowel 

( Pogorelov et al., 2017b ) (see Fig. 1 ). In addition, we provided a 

separate folder with the extracted visual global features (GFs) for 

each of the images that included global features such as Joint Com- 

posite Descriptor (JCD), Tamura, ColorLayout (CL), edge histogram 

(EH), AutoColorCorrelogram, and Pyramid Histogram of Oriented 

Gradients (PHOG) ( Lux and Chatzichristofis, 2008 ). 

Three videos containing polyps, bleeding, and Z-line were pro- 

vided for automatic report generation task. The videos contain the 

diseases or findings included in the Kvasir dataset. The aim was 

to use the video cases to generate automated text reports that de- 

scribed the findings in all three videos. 

3.2. Medico 2018 

The Medico 2018 dataset is the combination of the 

Kvasir dataset ( Pogorelov et al., 2017b ) and Nerthus dataset 

( Pogorelov et al., 2017c ). The Medico 2018 dataset consists of 16 

classes. Fig. 1 shows the sample images used in Medico 2018 

and BioMedia 2019. Initially, the training dataset that consisted 

of 5,293 images was released. The participants were asked to 

develop the algorithms based on this dataset. Later on, 8,740 test 

images were released. The Medico challenge 2018 dataset contains 

the images from the previous challenge and 6,033 additional 

images and eight new classes. The additional classes used in the 

task are colon-clear, stool-inclusions, stool-plenty, blurry-nothing, 

Fig. 2. Example of extracted frame from each of the 6 videos provided to the par- 

ticipants for for automatic report generation task. 

out-of-patient, and the pre-, while and therapeutic findings such 

as dyed-lifted-polyps, dyed-resection-margins, and the instrument 

class ( Pogorelov et al., 2018b ). Both the training and test datasets 

were imbalanced (refer Fig. 3 ) due to increased class numbers and 

very few samples for some classes, for example, only four images 

for out-of-patient class while 613 samples were present for the 

polyp class. In addition to this, similar to the 2017 challenge, we 

provided the same three videos for the text-report generation task. 

3.3. BioMedia 2019 

The BioMedia 2019 consisted of the same two types of datasets 

as proposed in the 2018 challenge. However, in addition to the 

classification task, we increased the total number of videos to 

six for the report generation tasks, we also included a hardware 

task for fair comparison of submissions. The details on the im- 

age dataset is the same as for 2018 presented above and in sum- 

mary Fig. 3 . The video dataset consisted of six videos ranging from 

720 × 576 to 1920 × 1072 pixels. The length of the video varies 

from 51 s up to 5 min and 11 s. A sample of an extracted video 

frame from each video dataset for the automatic report generation 

task is shown in Fig. 2 . The tasks on the videos were similar to 

those of the image frames. The details about the video dataset is 

presented in Table 2 . More details about the dataset can be found 

in our task overview paper ( Hicks et al., 2019a ). 

The participants had a total of three months for submission in 

all of the challenges. The test datasets were provided one month 

after the release of the training dataset. The challenge datasets can 

be found here ( Pogorelov et al., 2017b; 2017c ). 

4. Evaluation metrics 

Standard evaluation metrics used to quantify image classifi- 

cation methods such as recall, precision, F1-score and accuracy 

( Eq. (1) –(4) ) were used for all three challenges. To determine the 

final score and rank of the participating teams, we used Matthews 

correlation coefficient (MCC) ( Matthews, 1975 ), which provides a 

Table 2 

An overview of video dataset with expected findings, length, and reso- 

lution provided for automatic report generation ( Hicks et al., 2019a ). 

Expected Findings Length Resolution 

Esophagitis 00:51 1920 × 1072 

Stool 00:02 1920 × 1072 

Polyp resection, bleeding 02:00 720 × 576 

Bleeding ulcer, instrument 01:08 1280 × 1024 

Polyp, lifting and resection, instrument 05:11 720 × 576 

Normal colon 00:57 720 × 576 
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Fig. 3. Summary of the Medico 2018 and BioMedia 2019 dataset. 

reliable statistical measure and can handle class imbalance prob- 

lems in datasets. MCC can be computed from the confusion matrix 

of true and false positives and negatives (see Eq. (5) ). 

Recall (REC) = 

T P 

T P + F N 

(1) 

Specificity (SP EC) = 

T N 

T N + F P 
(2) 

Precision (P REC) = 

T P 

T P + F P 
(3) 

Accuracy (AC C ) = 

T P + T N 

T P + T N + F P + F N 

(4) 

MCC = 

(T P × T N) − (F N × F P ) √ 

n 

, (5) 

where n = (T P + F N)(T N + F P )(T P + F P )(T N + F N) 

F 1 -score (F 1) = 2 × (p × r) 

p + r 
(6) 

Frame Per Second (F P S) = 

1 

sec/ f rame 
(7) 

In the above equations, p is precision, r is recall, and TP , FP , TN , 

FN represent true positives, false positives, true negatives, and false 

negatives, respectively, for the classification outputs. If the MCC 

values are equal for more than one team, the efficiency task cri- 

teria was considered where we considered processing speed of the 

algorithms, and the amount of the training data used to obtain the 

best result ( Pogorelov et al., 2018b ). The participants were allowed 

to submit the results up to five runs in total. The more detailed de- 

scriptions of the challenge can be found on their respective chal- 

lenge webpages. 7 , 8 , 9 

4.1. Metrics for classification task 

The classification task aimed at achieving higher accuracy for 

the multi-class classification task of the GI endoscopy findings and 

diseases. To perform a complete and thorough evaluation of this 

task, we provided all standard classification metrics, including sen- 

sitivity, specificity, precision, accuracy, and F1-score. However, due 

to the class imbalance in some classes, MCC was used for ranking 

the participants. 

4.2. Metrics for efficiency task 

The goal of the efficient classification task is to score the par- 

ticipants based on the test time recorded for their algorithm. The 

main motivation behind this task is to identify the clinical usability 

of these methods as speed is one of the required criteria. For this 

task, we used the FPS estimation of each method on the provided 

image dataset. 

The same evaluation metrics “MCC,” was used. The “speed” was 

calculated based on the average time the algorithm takes to clas- 

sify the single image in milliseconds. The submissions were ranked 

on the basis of the combination of “classification performance”

and “speed”. For balancing the two requirements, a threshold of 

85% was set on specificity and sensitivity ( Pogorelov et al., 2018a ) 

that is a standard threshold for an automatic detection system for 

colonoscopies in industry. Only those submissions that reached or 

surpassed this threshold was considered as a valid submission. If 

more than one teams have the same time, higher sensitivity and 

7 http://www.multimediaeval.org/mediaeval2017/medico/ . 
8 http://www.multimediaeval.org/mediaeval2018/medico/ . 
9 https://github.com/kelkalot/biomedia-2019 . 
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Table 3 

Summary information of participating teams in Medico 2017, Medico 

2018, and the BioMedia 2019, ‘X’ = Team participated, ‘-’ = No par- 

ticipation. 

Chal. Team Name Task 1 Task 2 Task 3 Task 4 

2017 HKBU X X - - 

ITEC-AAU X X - - 

SLC-UMD X X - - 

FAST-NU-DS X X - - 

SIMULA X X - - 

2018 LesCats X X - - 

RUNE X - - - 

UMM-SIM X - - - 

ParaNoMundo X X - - 

AAUITEC X - - - 

SIMULA X X - - 

FAST-NU-DS X X - - 

NOAT X - - - 

HKBU X X - - 

S@M X - - - 

HCMUS X X - - 

2019 uniaugsburg X X X X 

CIISR X - X X 

DeepBlueAI X X - - 

Mcdull X - - - 

HCMUS X X - - 

specificity were taken as the better performing one ( Hicks et al., 

2019a ). 

4.3. Automatic report generation task 

Teams participating in this task were asked to provide the gen- 

erated text report describing the detection results on the pro- 

vided video dataset. Two medical experts ranked these automat- 

ically generated reports. To aid the senior gastroenterologists in 

their assessment, they were provided with five team ranking pro- 

tocols. These included: 

1. Does the provided report has clarity and pass the confidence 

from a clinical point of view? 

2. Limitations of the generated report (if any) 

3. How useful would the report be in the clinic? 

4. Did the teams incorporated any useful suggestions for improve- 

ment or additions? 

5. Did the teams provide any useful findings as other comments 

in their report? 

5. Participating methods 

Table 3 summarizes the participation of each team with ‘X’ de- 

noting the information about the participants who participated in 

the particular task for 2017, 2018, and 2019 challenges and the 

tasks posed in the consecutive years. A wide range of methods 

were developed in each challenge for which a summary is pro- 

vided in Table 4 . 

5.1. Methods used in Medico 2017 

In this challenge, there were 5 participating teams that included 

the organizers. However, the organizers submissions were not con- 

sidered in the ranking of the challenge. Below we briefly describe 

method of each team. 

HKBU: Team HKBU ( Liu et al., 2017 ) designed a two-stage learn- 

ing strategy for the classification of GI endoscopy images. In the 

first stage, they used a manifold learning method called Bidi- 

rectional Marginal Fisher Analysis (BMFA) to project the original 

dataset to a low dimensional space with the key discriminant in- 

formation being well preserved. In the second stage, a multi-class 

Support Vector Machine (SVM) was used for the classification. 

ITEC-AAU: The method proposed by team ITEC-AAU 

( Petscharnig et al., 2017 ) used an Inception-like Convolutional Neu- 

ral Network (CNN) architecture with a GoogleNet ( Szegedy et al., 

2015 ) backbone. Data augmentation with fixed-cropping was also 

used on both training and test datasets. This step provided an 

advantage for obtaining low inference time. 

SCL-UMD: Transfer learning-based feature extraction technique 

was used by team SCL-UMD ( Agrawal et al., 2017 ). The team used 

pre-trained CNN models that included VGGNet ( Simonyan and Zis- 

serman, 2014 ) and Inception-v3 trained on ImageNet ( Deng et al., 

2009 ) dataset and fine-tune them on the provided training data. 

The obtained features were combined with the features pro- 

vided by the organizers. Their best model was the combination 

of three features, namely, baseline features provided by orgnaiz- 

ers, Inception-V3 features, and VGGNet features. A multi-class 

SVM classifier was trained on these extracted features. The hyper- 

parameter of SVM was tuned using 5-fold cross-validation in the 

training dataset. The optimal kernel choice for SVM was a linear 

kernel in their case. 

FAST-NU-DS: Team FAST-NU-DS ( Naqvi et al., 2017 ) used an en- 

semble of texture features for classification of GI endoscopic im- 

ages. The main motivation of their approach was to combine in- 

formation from various local features that included Haralick tex- 

ture features and local binary patterns for successful classification. 

These features were selected at the training stage using a 10-fold 

cross-validation strategy. A Logistic Regression (LR) classifier was 

used to train the model. The outputs of the model were combined 

using a majority voting strategy. 

SIMULA: Team SIMULA ( Pogorelov et al., 2017a ) approached the 

task by utilizing both GFs and CNNs. For GFs based approach, 6 

GF were experimented with a random tree, Random Forest (RF), 

and Logistic Model Tree (LMT) classifiers from the WEKA software 

( Hall et al., 2009 ). The best classification results were obtained 

for LMT. Similarly, for the CNN based approach, the team experi- 

mented with the Inception-v3 and ResNet-50 ( He et al., 2016 ) pre- 

trained on ImageNet ( Deng et al., 2009 ). Their best performing ap- 

proach was using extracted features from fine-tuned ResNet-50 ar- 

chitecture pre-trained on ImageNet and LMT classifier. 

5.2. Methods used in Medico 2018 

10 teams participated in the Medico 2018. Additionally, there 

was 1 submission from the organizers team, however, this was not 

considered in the ranking. Below we briefly present methods for 

each participating team. 

FAST-NU-DS: Team FAST-NU-DS ( Khan and Tahir, 2018 ) inves- 

tigated various combinations of Haralick texture features, LIRE 

features, and Deep features. Deep features were extracted using 

VGG19 pre-trained on the ImageNet dataset. Various models were 

then trained using an ensemble of classifiers, including LR, RF, and 

extremely random trees. Each model was trained using 10-fold 

cross-validation of the training data and with various combinations 

of features. On test data, the best results were obtained from the 

combination of Haralick and LIRE features. 

HCMUS: Team HCMUS ( Hoang et al., 2018 ) used a combina- 

tion of residual neural network and Faster R-CNN model (both pre- 

trained on ImageNet) for classification of the GI endoscopic images. 

Their approach included data preparation, augmentation, and clas- 

sification. As a data preparation step, regions containing symptoms 

of diseases were annotated to train the abnormality localization 

module. Additionally, some labels of the development dataset were 

cleaned, and dataset augmentation strategies were applied to bal- 

ance the number of images between different classes. Their best 

result was obtained by ResNet-101 and Faster R-CNN trained on 

the re-labeled training dataset combined with their augmented in- 

strument dataset. This is because the instrument class has rela- 
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Table 4 

Summary of the participating teams algorithm for Medico 2017, and Medico 2018, and the BioMedia 2019. Here, ED = Eigen decomposition, GD = Gradient Descent, SMO = Sequential minimal optimization, BMFA = Bidirectional 

Marginal Fisher Analysis, SGD = Stochastic gradient descent. 

Challenge Team Name Algorithm Backbone Nature Choice Basis Data Aug. Loss function Optimizer GPU/CPU 

HKBU ( Liu et al., 2017 ) BMFA + νSVM N/A Cascade Context-speed No Hindge loss ED SMO Intel 

Quad-Core 

i7 

Medico 2017 ITEC-AAU ( Petscharnig et al., 2017 ) CNN (Pre-trained Network) GoogleNet General Speed Yes - - - 

SLC-UMD ( Agrawal et al., 2017 ) CNN (Pre-trained Network) Inception-v3, VGGNet Ensemble Accuracy No Hindge loss SGD N/A 

FAST-NU-DS ( Naqvi et al., 2017 ) Texture feature + LIRE 

features + LRC 

N/A Ensemble Accuracy Yes Cross-entropy N/A Intel Core 

i5-10600 

SIMULA ( Pogorelov et al., 2017a ) ResNet + LMT Inception-v3, ResNet-50 Combined 

feature 

Accuracy No Cross-entropy - GTX 1080Ti 

HCMUS ( Hoang et al., 2018 ) ResNet + Faster R-CNN ResNet-101 Feature 

pyramid 

Accuracy Yes Cross-entropy Adam Tesla K80 

ParaNoMundo ( Dias and Dias, 2018a ) DenseNet DenseNet-201 General Accuracy No Cross-entropy SGD N/A 

Medico 2018 UMM-SIM ( Kirkerød et al., 2018 ) GAN + InceptionResNet-v2 InceptionResNet-v2 cascade Accuracy No Cross-entropy Adam GTX 1080Ti 

S@M ( Thambawita et al., 2018 ) ResNet + DenseNet + MLP ResNet-152, DenseNet-161 Ensemble Accuracy Yes Cross-entropy SGD GTX 1080Ti 

AAUITEC ( Taschwer et al., 2018 ) GF + GoogleNet+ L-SVM GoogleNet Combined 

feature 

Accuracy No - - - 

LesCats ( Hicks et al., 2018 ) DenseNet DenseNet-169 Ensemble Accuracy Yes Cross-entropy Nadam GTX 1080Ti 

FAST-NU-DS ( Khan and Tahir, 2018 ) GF + Majority voting(LR, 

RF, ETC) 

N/A Ensemble Accuracy-Speed No - GD Tesla K80 

NOAT ( Steiner et al., 2018 ) Global feature + CNN N/A Combined 

feature 

Speed No Cosine distance - - 

RUNE ( Borgli et al., 2018 ) DenseNet DenseNet-169 General Accuracy Yes Cross-entropy SGD GTX 1080Ti 

SIMULA ( Ostroukhova et al., 2018 ) InceptionNet Inception-v3 General Accuracy-Speed Yes Cross-entropy RMSprop GTX 1080Ti 

HKBU ( Ko et al., 2018 ) WDE + CS-NN N/A Cascade Context No - ED Intel 

Quad-Core 

i7 

CIISR ( Meng et al., 2019 ) ResNet + Softmax ResNet-50 General Accuracy-speed Yes Cross-entropy Adam Tesla P4 

Biomedia 2019 Mcdull ( Chang et al., 2019 ) ResNet + SE-ReNeXt + 

Attention-Inceptionv3 

ResNet-34 Feature 

pyramid 

Accuracy-speed Yes Focal loss, 

Cross-entropy 

Adam Tesla P100 

uniaugsburg ( Harzig et al., 2019 ) MobileNet MobileNet-V2, DenseNet-121 General Accuracy-Speed Yes Cross-entropy Adam TITAN XP 

HCMUS ( Hoang et al., 2019 ) ResNet + Faster R-CNN ResNet-101 Feature 

pyramid 

Accuracy Yes Cross-entropy Adam GTX 1080Ti 

DeepBlue ( Luo et al., 2019 ) 10 pre-trained CNN from 

ImageNet 

SE_ResNeXt50, 

SE_ResNeXt101, SENet154, 

DenseNet201, DenseNet161, 

ResNet152, ResNet101, 

ResNet34, InceptionV4 and 

Inception-ResNetV2 

Ensemble Accuracy Yes Cross-entropy SGD RTX 2080 Ti 

8
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tively fewer samples compared to other classes. Their team won 

the Medico 2018 challenge for the classification task. 

ParaNoMundo: Team ParaNoMundo ( Dias and Dias, 2018b ) 

evaluated 10 CNN architectures all of which were pre-trained on 

ImageNet. Their best model included DenseNet-201 ( Huang et al., 

2017 ) and ResNet. On the test dataset, DenseNet-201 outperformed 

ResNet by a small margin on F1-score and MCC metrics. However, 

the ResNet model was two times faster than DenseNet-201. 

UMM-SIM: Team UMM-SIM ( Kirkerød et al., 2018 ) used an un- 

supervised context-aware Conditional Generative Adversarial Net- 

work (CGAN) ( Denton et al., 2016; Goodfellow et al., 2014 ) as 

data pre-processing step to remove the green corners of the im- 

age marked by “ScopeGuide” with the probe marking (see some 

image samples from Figs. 1 and 2 ). They used CGAN to regenerate 

the areas covered by the green area to help model perform better 

on the clean dataset. For the image classification task, they used an 

Inception-ResNet-v2 ( Szegedy et al., 2017 ) with softmax classifier. 

AAUITEC: For classifying GI disease and findings, team AAUITEC 

( Taschwer et al., 2018 ) used early fusion and late fusion strategies. 

In the early fusion strategy, they combined GFs and CNN-based 

features, and for the late fusion strategy, they applied soft vot- 

ing for combining the output of multiple classifiers. Their approach 

that resulted in their top score out of five runs was the combina- 

tion of GFs extracted using LIRE ( Lux and Chatzichristofis, 2008 ) 

and GoogleNet features. With the combined features, linear SVM 

performed best compared to KSVM, RF, RF-KSVM-LR, and the LR 

classifiers. 

NOAT: Team NOAT ( Steiner et al., 2018 ) classified the GI images 

in three steps. First, pre-trained DL models were used for the ex- 

traction of features. Then, LIRE was used for indexing these gen- 

erated features. In the final step, the team searched for the index 

of the most similar images using a cosine distance function. Out 

of the four submitted runs, they achieved the best results with the 

integer features using bit sampling and a hashing technique. 

S@M: Team S@M ( Thambawita et al., 2018 ) made a comprehen- 

sive evaluation by using a ML-based approach to DL based solution 

for the multi-class classification of GI tract findings. For the ML- 

based solution, the extracted GFs were passed through a simple 

logistic classifier and a LMT classifier. They performed an exten- 

sive study by using different pre-trained models and combinations 

of the pre-trained models. Their best model was the combination 

of ResNet-152 and DenseNet-161 along with the additional multi- 

layer perceptron for the classification of the provided 16 classes. 

Their team held the second position in the classification task. 

LesCats: Team LesCats ( Hicks et al., 2018 ) hypothesized that 

pre-training the models with a medical dataset could outper- 

form models pre-trained on ImageNet ( Deng et al., 2009 ) for the 

provided dataset. Out of the submitted models, they found that 

a DenseNet-169 pre-trained on ImageNet performed best. They 

found that the large and diverse datasets were better to pre-train 

on rather than smaller datasets, even if they were similar to the 

target domain. 

RUNE: Team RUNE ( Borgli et al., 2018 ) approached the task 

with a specific focus on automatic hyperparameter optimization 

and data pre-processing. They used Bayesian optimization for op- 

timizing their pre-trained CNN model. As a pre-processing step, 

they added extra images to the “out-of-patient” class and also per- 

formed a split on the “esophagitis” class into lower and upper. 

The classes, “esophagitis” and “z-line”, would often be confused, 

so this split was meant to improve their classification performance 

by making the image distribution space smaller for the esophagitis 

class. They achieved the best results with DenseNet-169, standard 

gradient descent optimizer, and a delimiting layer of 0. 

SIMULA: Team SIMULA ( Ostroukhova et al., 2018 ) presented a 

method proposed by the organizer team. Their main motivation to 

approach the task was to provide a baseline for method compari- 

son. They used the Inception-v3 model pre-trained on ImageNet. 

To address the imbalanced dataset, they added randomly dupli- 

cated images to the classes with fewer image samples. Their best 

model was the one trained using the balanced training set and a 

non-prioritized classifier. 

HKBU: Team HKBU ( Ko et al., 2018 ) approached the task with 

a particular focus on dimensionality reduction. They used a two- 

stage learning strategy, which first performs the weighted discrim- 

inant embedding (WDE) to project the original data to a low- 

dimensional feature subspace and then utilizes the cost-sensitive 

nearest neighbor (CS-NN) method in the learned subspace for dis- 

ease prediction. 

5.3. Methods used in BioMedia 2019 

There were five participating teams in the BioMedia 2019. The 

methods of each participating team are summarized below. 

CIISR: Team CIISR ( Meng et al., 2019 ) participated in the clas- 

sification task for which they used data enhancement techniques 

to address the class imbalance problem. Augmentation techniques, 

such as flipping, rotation, cropping, and color change were used. 

Their best performing model used ResNet-50 that was pre-trained 

on ImageNet with a softmax classifier. 

Mcdull: The core idea of team Mcdull ( Chang et al., 2019 ) was 

learning different f eature representations for multi-label images 

using CNN-based models. The team only participated in the classi- 

fication task. They experimented with a variety of different models, 

including ResNet-34 ( He et al., 2016 ), SE-ReNeXt ( Xie et al., 2017 ) 

and attention-Inception-v3 ( Szegedy et al., 2016 ), but found that 

attention-Inception-v3 achieved the best performance. All models 

were trained using multi-epoch fusion and adaptive thresholding 

techniques with an automatic data augmentation scheme. 

Uniaugsburg: The main objective of the team Uniaugsburg 

( Harzig et al., 2019 ) was to design an improved approach for en- 

doscopic image classification that could potentially run on mo- 

bile phones and also generate reports based on the findings of 

the algorithm. They participated in all four tasks. For the classi- 

fication task, DenseNet121 ( Huang et al., 2017 ) achieved the best 

result. For the efficiency task, the team proposed MobileNet-V2 

( Sandler et al., 2018 ) with a width multiplier of 1.0 for an effi- 

cient detection model. For the automatic report generation task, 

they used the same model that was used for the classification task. 

However, they extended this model with class activation maps 

(CAM) ( Zhou et al., 2016 ) to detect the spatial location (one of top- 

left, top-right, bottom-left, bottom-right, or center) for the classi- 

fication. In combination with a per-frame classification, they were 

able to generate a report consisting of three clinically relevant sec- 

tions (main findings, brief summary, and a detailed summary). 

HCMUS: Team HCMUS ( Hoang et al., 2019 ) used stacked model 

of ResNet-101 ( He et al., 2016 ) pre-trained on the ImageNet 

( Deng et al., 2009 ), and a Faster R-CNN ( Ren et al., 2015 ). For the 

classes having a limited number of training samples, such as in- 

struments class, they cropped the area covered by the disease or 

instruments and their edges. Consequently, these patches were put 

randomly with affine transformed patches on top of various im- 

ages from the other classes. Such data augmentation techniques 

enhanced their performance for both the classification and local- 

ization of class categories. In order to reduce the confusion be- 

tween various types of abnormalities that appeared in the same 

image, the team used multiple classifiers, introducing a multi-task 

learning approach. An ablation study revealed the effectiveness of 

this technique and the data augmentation strategy. 

DeepBlue: Team DeepBlue ( Luo et al., 2019 ) used 10-fold cross- 

validation to train ten different models pre-trained on the Ima- 

geNet dataset leading to ten sub-models. They utilized the data 

augmentation technique to overcome the class imbalance in the 
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Table 5 

Team performances for 2017 Medico Classification task. 

Reference TP TN FP FN REC SPEC PREC ACC MCC F1 

HKBU ( Liu et al., 2017 ) 2811 26811 1189 1189 0.7027 0.9575 0.7027 0.9256 0.6626 0.7027 

FAST-NU-DS ( Naqvi et al., 2017 ) 3066 27066 934 934 0.7665 0.9666 0.7665 0.9416 0.7331 0.7665 

ITEC-AAU ( Petscharnig et al., 2017 ) 3021 27021 979 979 0.7552 0.9650 0.7552 0.9388 0.7202 0.7552 

SIMULA ( Pogorelov et al., 2017a ) - - - - 0.8260 0.9750 0.8290 0.9570 0.8020 0.8260 

SLC-UMD ( Agrawal et al., 2017 ) 3390 27390 610 610 0.8475 0.9782 0.8475 0.9618 0.8257 0.8475 

Table 6 

Team performance for Medico Efficiency task 2017. Method design is based on the trade-off between the accuracy and speed of each algorithm. 

Reference TP TN FP FN REC SPEC PREC ACC MCC F1 FPS 

HKBU ( Liu et al., 2017 ) 2908 26908 1092 1092 0.7270 0.9610 0.7270 0.9317 0.6946 0.7270 2.2 

FAST-NU-DS ( Naqvi et al., 2017 ) 2981 26981 1019 1019 0.7452 0.9636 0.7452 0.9363 0.7114 0.7452 2.3 

ITEC-AAU ( Petscharnig et al., 2017 ) 3021 27021 979 979 0.7552 0.9650 0.7552 0.9388 0.7202 0.7552 1.4 

SIMULA ( Pogorelov et al., 2017a ) 3248 27248 752 752 0.8120 0.9731 0.9530 0.7851 0.7856 0.7851 46.0 

SLC-UMD ( Agrawal et al., 2017 ) 3390 27390 610 610 0.8475 0.9782 0.8475 0.9618 0.8257 0.8475 1.3 

challenge dataset. Each of these models was used to obtain the 

probability of prediction maps, which was then combined and 

used as data for learning an adaptive ensemble model. They used a 

linear weight, RF, and LightGBM to learn the relationship between 

the new data and the labels. Their ensemble model showed that 

LightGBM produced best MCC. 

6. Results 

In this section, we present the results of all 21 participating 

teams over the past three years of our GI endoscopy challenges. 

Below we condense the outcomes of each team’s method. It should 

be noted that only the best scores from the allowed five runs are 

provided for each task. 

6.1. Medico 2017 

All teams participated in classification, and speed task, while 

there was no submission for the hardware tasks, and report task. 

The average MCC value of all five teams for the classification task 

on the provided test dataset was 0.7487, with the score ranging 

from 0.6626 up to 0.8257. A detailed breakdown of the 2017 chal- 

lenge can be found in Tables 5 and 6 . We observe that team SCL- 

UMD ( Agrawal et al., 2017 ) obtained the best MCC score of 0.8257, 

which is over 16% increment over HKBU ( Liu et al., 2017 ) who 

used Bidirectional Marginal Fisher Analysis (BMFA) features and 

an SVM classifier. Team SIMULA ( Pogorelov et al., 2017a ) achieved 

the second-best MCC score and fastest inference time. Both SCL- 

UMD and SIMULA used Inception-v3 model with one additional 

CNN model. The high FPS obtained by team SIMULA was due to the 

use of residual networks, in particular ResNet-50, unlike SLC-UMD 

team who used VGGNet, which has nearly six times the parame- 

ters when compared to ResNet50. A similar trend for the results 

can be seen for the algorithm efficiency task in Table 6 . 

6.2. Medico 2018 

The 2018 challenge was similar to the one held in 2017 but had 

an increase of images and classes (14,033 images and 16 classes). 

The average MCC score for the 11 participating teams was 0.8175, 

with the score ranging from a minimum of 0.5357 to a maximum 

of 0.9398. Tables 7 and 8 presents the detailed results of the 2018 

challenge. It can be seen that team HCMUS ( Hoang et al., 2018 ) 

had increment of 40.3% over team HKBU ( Ko et al., 2018 ) which 

used a combination of Weighted Discriminant Embedding (WDE) 

and cost-sensitive nearest neighbor (CS-NN) for GI endoscopy im- 

age classification. Team S@M achieved the second-highest MCC of 

0.9397, with only a marginal gap of 0.0 0 01 than the winning team. 

The winning team HCMUS ( Hoang et al., 2019 ) used a combination 

of Residual Neural Network (RNN) and Faster R-CNN to obtain an 

MCC score of 0.9398. 

Six teams participated in the algorithm efficiency task. 

Table 8 shows the average FPS and classification metrics for the 

best performing run for each of the participating teams. In GI 

endoscopy, any team with above 45 FPS can be considered to 

have real-time system building capability. Therefore, methods from 

LesCats ( Hicks et al., 2018 ), FAST-NU-DS ( Khan and Tahir, 2018 ), 

and HKBU ( Ko et al., 2018 ) are considered efficient to be used in 

a real-time system. However, among these three teams, LesCats 

( Hicks et al., 2018 ) has the best MCC score with a reasonable 

speed. Therefore, we consider the method proposed by team 

LesCats as the best method for the algorithm efficiency task. To 

achieve this, LesCats used AlexNet ( Krizhevsky et al., 2012 ). 

6.3. BioMedia 2019 

The structure of the BioMedia 2019 is similar to that of Medico 

2018. A slight change in hardware task was made by introducing 

Docker-based submission (please see Section 1.3.4 for details). A 

detailed breakdown of the 2019 challenge results can be found in 

Table 9 , Table 10 , and Table 11 . In the 2019 challenge, the average 

MCC for all submitted runs was 0.9287, with scores ranging from 

0.8542 to 0.9520. All teams participated in the classification task, 

of which team Mcdull ( Chang et al., 2019 ) achieved the best result 

for the classification task. 

Three teams participated in the algorithm efficiency task. An 

FPS ≥ 45 can be considered real-time performance. Team DeepBlue 

( Luo et al., 2019 ) achieved highest MCC and near real-time FPS of 

41.51 by utilizing 10 pre-trained ImageNet models and LightGBM. 

Only two teams participated in the automatic report generation 

task, namely team uniaugsburg and team CIISR. The submitted re- 

ports were manually evaluated by two senior gastroenterologists, 

where the usefulness in a real-world clinical environment and the 

correctness of the reporting were the most important criteria. 

A defined protocol stated in Section 4.3 as used to assess the 

report generation task. The submission that was found most use- 

ful and accurate by both clinical experts was by the team uniaugs- 

burg ( Harzig et al., 2019 ). Fig. 4 illustrates the sample of the gener- 

ated report by this team for one of the videos (out of 6 videos) for 

the automatic report generation task. The report provides a brief 

summary of the detected findings (frame-level classification) in the 

provided video and a more detailed summary that includes times- 

tamps for each. Furthermore, by using class activation maps of the 

predictions, they also provided an approximate location of where 
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Table 7 

Results of 2018 Medico Classification task ( Pogorelov et al., 2018b ). 

Reference TP TN FP FN REC PREC SPEC ACC MCC F1 

LesCats ( Hicks et al., 2018 ) 513.12 8160.62 33.12 33.12 0.9218 0.9378 0.9959 0.9924 0.9325 0.9236 

RUNE ( Borgli et al., 2018 ) 510.37 8150.87 35.37 35.37 0.8572 0.8708 0.9956 0.9918 0.9280 0.8555 

UMM-SIM ( Kirkerød et al., 2018 ) 501 8148.5 45.25 45.25 0.8433 0.8514 0.9944 0.9896 0.9082 0.8367 

ParaNoMundo ( Dias and Dias, 2018a ) 496.06 8143.56 50.18 50.18 0.8205 0.8414 0.9938 0.9885 0.8983 0.8114 

AAUITEC ( Taschwer et al., 2018 ) 492.06 8139.56 54.18 54.18 0.8673 0.8826 0.9933 0.9876 0.8897 0.8662 

SIMULA ( Ostroukhova et al., 2018 ) 474.18 8121.68 72.06 72.06 0.8236 0.8281 0.9911 0.9835 0.8539 0.8145 

FAST-NU-DS ( Khan and Tahir, 2018 ) 358.75 8006.25 187.5 187.5 0.6203 0.7173 0.9767 0.9570 0.6302 0.5868 

NOAT ( Steiner et al., 2018 ) 314.43 7961.93 231.81 231.81 0.4219 0.5146 0.9717 0.9469 0.5368 0.3913 

HKBU ( Ko et al., 2018 ) 315.31 7962.81 230.93 230.93 0.5005 0.4916 0.9715 0.9471 0.5357 0.4829 

S@M ( Thambawita et al., 2018 ) 516.62 8164.12 29.62 29.62 0.9361 0.9319 0.9963 0.9932 0.9397 0.9297 

HCMUS ( Hoang et al., 2018 ) 516.75 8164.25 29.5 29.5 0.9281 0.9426 0.9963 0.9932 0.9398 0.9342 

Table 8 

Results of 2018 Medico Efficiency task ( Pogorelov et al., 2018b ). Method design is based on the trade-off between the accuracy and speed of each algorithm. 

Reference TP TN FP FN REC PREC SPEC ACC MCC F1 FPS 

LesCats ( Hicks et al., 2018 ) 498.68 8146.18 47.56 47.56 0.8986 0.8993 0.9941 0.9891 0.9035 0.8883 624.24 

ParaNoMundo ( Dias and Dias, 2018a ) 495.25 8142.75 51 51 0.8194 0.8379 0.9937 0.9883 0.8965 0.8096 8.61 

FAST-NU-DS ( Khan and Tahir, 2018 ) 454.43 8101.93 91.81 91.81 0.7527 0.8160 0.9888 0.9789 0.8132 0.7522 43328.71 

HKBU ( Ko et al., 2018 ) 315.31 7962.81 230.93 230.93 0.5005 0.4916 0.9715 0.9471 0.5357 0.4829 3744.38 

HCMUS ( Hoang et al., 2018 ) 516.75 8164.25 29.5 29.5 0.9281 0.9426 0.9963 0.9932 0.9398 0.9342 23.14 

Table 9 

Result of the BioMedia challenge 2019 Classification task ( Hicks et al., 2019a ). 

Reference TP TN FP FN PREC REC SPEC ACC MCC F1 

CIISR ( Meng et al., 2019 ) 7570 129888 1167 1167 0.8664 0.8664 0.9911 0.9833 0.8542 0.8664 

DeepBlue ( Luo et al., 2019 ) 8329 130647 408 408 0.9533 0.9533 0.9969 0.9941 0.9480 0.9533 

HCMUS ( Hoang et al., 2019 ) 8269 130587 468 468 0.9464 0.9464 0.9964 0.9933 0.9406 0.9464 

Mcdull ( Chang et al., 2019 ) 8360 130678 377 377 0.9569 0.9569 0.9971 0.9946 0.9520 0.9569 

uniaugsburg ( Harzig et al., 2019 ) 8291 130609 446 446 0.9490 0.9490 0.9966 0.9936 0.9490 0.9105 

Table 10 

Results of BioMedia challenge 2019 Algorithm Efficiency task ( Hicks et al., 2019a ). Method design is based on the trade-off between the accuracy and 

speed of each algorithm. 

Reference TP TN FP FN PREC REC SPEC ACC MCC F1 FPS 

DeepBlue ( Luo et al., 2019 ) 8270 130588 467 467 0.9465 0.9465 0.9964 0.9933 0.9406 0.9465 41.51 

HCMUS ( Hoang et al., 2019 ) 8269 130587 468 468 0.9464 0.9464 0.9964 0.9933 0.9406 0.9464 3.61 

uniaugsburg ( Harzig et al., 2019 ) 8108 130426 629 629 0.9280 0.9280 0.9952 0.9910 0.9201 0.9280 3238.87 

Table 11 

Results of BioMedia challenge 2019 Hardware task ( Hicks et al., 2019a ). 

Reference TP TN FP FN PREC REC SPEC ACC MCC F1 FPS 

CIISR ( Meng et al., 2019 ) 7570 129888 1167 1167 0.8664 0.8664 0.9911 0.9833 0.8542 0.8664 98.90 

uniaugsburg ( Harzig et al., 2019 ) 8108 130426 629 629 0.9280 0.9280 0.9952 0.9910 0.9201 0.9280 1271.97 

the detected finding was located in the frame. For the hardware 

task, we had only 2 teams in which uniaugsburg ( Harzig et al., 

2019 ) obtained the best MCC and FPS (see Table 11 ). 

Fig. 5 shows a plot of the MCC scores presented by each par- 

ticipant over the three challenges. When we compare the results 

from 2017 to the results from 2019, we see an average increase 

of MCC by 18%, and an increase of the best performing MCC by 

12.63%. This improvement highlights the progress achieved toward 

developing an automated system in the field of GI endoscopy and 

also creates a benchmark for similar challenges in the future. 

7. Discussions 

We organized the first GI endoscopy challenge that offered 

the largest multi-class dataset for classification and algorithm ef- 

ficiency evaluation. Additionally, the automatic report generation 

task was also an initiative to reduce the endoscopist burden and 

minimize operator dependence. Below, we provide detailed discus- 

sions on findings and limitations of our 2017, 2018 and 2019 chal- 

lenges. 

7.1. Challenge methods 

Table 4 presents the summary of different approaches used 

in all three challenges. To better understand these methods we 

categorized each method based on their nature (cascaded net- 

works, general CNN models, ensemble models, combined feature 

approaches, and feature pyramid models) and basis-of-choice that 

included speed, accuracy, and context choices. Below we provide 

insight on methods capability for some of the best methods used 

in these challenges. 

For 2017 challenge ( Tables 5 and 6 ), two teams used classical 

ML approach while the three (out of five) teams explored CNN 

based approach. Ensemble method designed by the team SLC-UMD 

(Inception-V3 ( Szegedy et al., 2015 ) and VGGNet ( Simonyan and 

Zisserman, 2014 )) and the combined feature approach used by 

the team SIMULA secured the best results on the final MCC met- 
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Fig. 4. Generated report for polyp resection, bleeding videos from automatic report 

generation task. 

ric for classification (0.8257 and 0.8020, respectively). This im- 

provement was nearly 10% more than the other general CNN- 

based method (e.g., team ITEC-AAU). Similarly, ensemble of com- 

bined feature approaches also made a mark on the score chart 

in 2018 and 2019 challenges (see Tables 7 and 9 ). Team HCMUS 

that used a box regression network together with the feature ex- 

traction network won the challenge in 2018, while team Mcdull 

won the 2019 challenge where they fused several network back- 

bones and implemented a attention mechanism with Inception- 

V3 architecture. These results demonstrate that while ensemble or 

fused feature-based methods resulted in improved performances, 

the choice of each network in these methods affect the algorithm 

performance, reliability and usability. For example, the choice of 

Inception-v3 and VGGNet by SLC-UMD limits the depth of fea- 

ture extraction and risk of vanishing gradient problem. Addition- 

ally, VGGNet has extremely high number of trainable parameters 

(e.g., VGG-16 ( Simonyan and Zisserman, 2014 ) has roughly 138 mil- 

lion) compared to the ResNet-50 counterpart (only 23 million). 

Clearly, in this context, the approach taken by SIMULA team has 

more strength where they exploited ResNet-50 that includes fea- 

ture fusion through skip-connection and less number of trainable 

parameters compared to VGGNet. Table 6 for algorithm efficiency 

task also demonstrates this case where the computational speed is 

largely compromised in the method presented by SLC-UMD (FPS of 

1.3 only) compared to near real-time speed for team SIMULA with 

FPS of 46.0. 

Most methods that topped the evaluation chart for 2018 and 

2019 used ensemble or feature fusion networks. Similar to 2017, 

the network choices can be seen to be have a direct consequence 

on the applicability issue and model strength. For e.g., the win- 

ning team HCMUS used the detection method for classification 

task using deeper ResNet-101 ( He et al., 2016 ) model (44.5 mil- 

lion parameters) as backbone and bounding box regressor network 

which showed serious consequence in compromise in speed (FPS 

of only 23.14) when tested for efficiency task (refer Table 8 ). On 

contrary, LesCats which used DenseNet-169 ( Huang et al., 2017 ) 

(14.3 million) with fewer parameters than ResNet models and em- 

bodied skip-connections without fusion has a clear advantage in 

terms of trade-off between computation speed and accuracy. It 

can be observed in Table 8 that the MCC for team LesCats is 

0.9035 at FPS of 624.24 compared to MCC of 0.9398 with just 

over 23 FPS for HCMUS. The choice of method by LesCats has 

clearly more strength and provided a promise for real-time clinical 

applicability. 

Again, for 2019 ( Table 9–11 ), the model choice as well as the 

GPU choices ( Table 4 ) directly implicated the strength of each 

designed method and its clinical applicability such as speed. For 

example, the best performing team on classification task (MCC 

= 0.9520) fused several feature extraction backbones including 

ResNet and SE-ResNeXt ( Hu et al., 2018 ) and several Inception-V3 

( Szegedy et al., 2015 ) models (24 million parameters) for atten- 

tion mechanism (see Fig. 6 ). The second best method with MCC 

= 0.9490 on classification task used MobileNet-V2 ( Howard et al., 

2017 ) (6.9 million parameters only) and efficient DenseNet-121 

model (reduced parameters compared to ResNet). Due to the 

choice of the models a best trade-off between speed and accuracy 

was observed when tested for algorithm efficiency where the team 

used only MobileNet-V2. For this task, the team obtained a real- 

time performance with FPS of 3238.87 at a competitive MCC score 

of 0.9201. While the second best DeepBlue used 10 sub-models 

Fig. 5. MCC score comparison of different participating teams in Medico 2017, Medico 2018, and BioMedia 2019 challenges. On left individual team scores (bar plot), and on 

the right statistics of each year submission (box plot). 
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Fig. 6. Best architecture in Medico 2018 “classification task” Team Mcdull ( Chang et al., 2019 ). 

( Fig. 7 ) with 10 cross-fold validation resulting in improved MCC 

score but with a sacrifice in speed achieving FPS of only 41.51. 

For the hardware task (i.e., methods tested on the same NVIDIA 

GTX 1080 Ti GPU), uniaugsburg team which used light weight 

model MobileNet-V2 ( Howard et al., 2017 ) (6.9 million param- 

eters only) provided a real time application strength of FPS of 

1271.98 with MCC above 0.92. Similarly, for other teams which 

used only single model, their accuracy also depended on the model 

choice itself. For example, team RUNE that used DenseNet-169 

( Huang et al., 2017 ) has nearly 7% improvement over team SIM- 

ULA that used Inception-V3 model. Compared to DL methods, all 

classical ML methods including the teams that utilized ensemble 

or fusion networks (e.g., team Fast-Nu-DS in 2017 and 2018, and 

NOAT and HKBU in 2018) resulted in a worse performance even 

though they provided a promise for real-time application (for e.g., 

teams HKBU and Fast-NU-DS in Table 8 ). There is no surprise that 

no team in 2019 competition used classical ML approaches. It is 

to be noted that other metrics such as precision, recall, specificity 

and accuracy appear to be proportional to the MCC metric used for 

evaluating the methods in these challenges and hence have been 

tabulated but not discussed here. 

Even though only two teams participated in our automated re- 

port generation task, it provided an evidence of the strength of 

automated methods and their clinical usability for reporting (e.g., 

location of disease or anatomy, timestamp in video, % of occur- 

rence of different findings (see Fig. 4 )). While, manual post-analysis 
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Fig. 7. The architecture of the best performing team in Biomedia 2019 challenge (Team DeepBlue ( Luo et al., 2019 )). 

of the acquired raw videos is close to impossible, and evidently 

most recorded procedures are almost never re-visited for retro- 

spective case understanding, our automated report generation task 

demonstrated an utmost feasibility and strength of the deep learn- 

ing methods that can be utilized to obtain clinically valuable au- 

tomated reporting and provide a potential for post-analysis of pa- 

tients. However, the reliability of such approaches need to be rig- 

orously studied in the future. 

7.2. Challenge outcomes and clinical applicability 

As detailed in the previous section, each method had its 

strengths and weaknesses based on their choice of the approach. A 

major outcome of each year’s challenge revealed several interest- 

ing findings, such as the evolution of methods in the classification 

task, their ability to provide reliable accuracy when evaluated on 

the same machine (robustness test) and their inference speed. In 

Table 12 , we ranked each team based on these important criteria. 

When a longitudinal comparison was done, methods submitted in 

2018 and 2019 surpassed those in 2017. Similarly, most top-ranking 

methods were from 2019. 

In the literature, there are several useful recommenda- 

tions towards developing clinically acceptable CADx systems for 

colonoscopy ( Mori et al., 2017 ) or polyp detection ( Bernal et al., 

2017 ). For example, models performing over 64 FPS can be in gen- 

eral considered to provide real-time performance, which is very 

critical in a clinical environment. The clinical applicability of these 

methods is one important dissection in Table 12 (refer to the last 

column), which is based on accuracy (MCC Rank), speed, and ro- 

bustness (RR) ranks. In our ranking, it can be observed that team 

DeeepBlue had the best clinical translation capability with 41.51 

FPS in speed and 1st and 2nd ranks in the robustness and accu- 

racy, respectively. Similarly, team uniaugsburg from 2019 challenge 

and team HCMUS from 2018 achieved 2nd rank in our clinical ap- 

plicability test. It is to be noted that HCMUS ranked 1st in the ro- 

bustness rank while uniaugsburg ranked 1st in the speed rank and 

only 3rd in the robustness rank. However, developed methods by 

all the teams in 2017 have low clinical translation capability. 

Fig. 8. Confusion matrix plot of Team S@M ( Thambawita et al., 2020 ). A-P repre- 

sents class labels. 

7.3. Limitations of Medico challenges 

7.3.1. Analysis of the failed classes 

In this section, we analyze the results based on performance of 

each class of the dataset. 

Esophagitis vs normal Z-line . In most of the presented ap- 

proaches in the three challenges, the significant misclassification 

was observed between ‘esophagitis’ and ‘normal-z-line’ classes. In 

Fig. 8 , it can be observed that the esophagitis class (B) and the 

normal-z-line class (C) were the most confused classes. The same 

problem was observed for all teams ( Hicks et al., 2018; Meng et al., 
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Table 12 

Clinical applicability of the participants methods that considers MCC, efficiency, and speed 

into account. Here Clas. = MCC classification, AR = MCC Algorithm Robustness, RR = 

Robustness-rank, SR = Speed-rank, Rank = MCC Rank, CAR = Clinical applicability rank 

and na = not available. 10 is the imputed rank for speed and robustness ranks. 

Year Team Clas. AR Speed RR SR Rank CAR 

2017 HKBU 0.6626 0.6946 2.2 4 10 18 8 

FAST-NU 0.7331 0.7114 2.3 3 10 16 7 

ITEC-AAU 0.7202 0.7202 1.4 1 10 17 7 

SIMULA 0.8220 0.7856 46 10 2 14 5 

SLC-UMD 0.8257 0.8257 1.3 1 10 15 7 

2018 LesCats 0.9325 0.9035 624 3 1 7 3 

RUNE 0.928 na na na na 8 na 

UMM-SIM 0.9082 na na na na 9 na 

ParaNoMundo 0.8983 0.8965 8.61 1 10 10 4 

AAUITEC 0.8897 na na na na 11 na 

FAST-NU-DS 0.6302 0.8132 43329 10 1 19 7 

NOAT 0.5368 na na na na 20 na 

HKBU 0.5357 0.5357 3744.4 1 1 21 6 

S@M 0.9397 na na na na 6 na 

HCMUS 0.9398 0.9342 23 1 3 5 2 

2019 CIISR 0.8542 0.8542 98.9 1 1 12 3 

DeepBlue 0.948 0.9406 3226 1 1 2 1 

HCMUS 0.9406 0.9406 3.6 1 10 4 4 

Mcdull 0.9520 na na na na 1 na 

uniaugsburg 0.9490 0.9201 1272 3 1 3 2 

2019; Dias and Dias, 2018b; Agrawal et al., 2017 ). One of the rea- 

sons is their location as they both exist very close to each other 

(see Fig. 9 ). 

Dyed-resection-margins vs dyed-lifted-polyp Other significant 

challenges were observed in the ‘dyed-resection-margins’ (class E) 

and ‘dyed-lifted-polyps’ (class D) classes. This is again evident from 

confusion matrix Fig. 8 . For the Medico test dataset, there were a 

total of 64 misclassification for these two classes in the method of 

Team S@M ( Thambawita et al., 2020 ). Similar problems were also 

seen in other teams performance. The primary reason for misclas- 

sification can be due to similarity between these two classes, for 

example, in terms of their color properties (see Fig. 1 , first row, 

fourth column, and second-row first column). The other reasons 

behind the class confusion in both the above cases can be due to 

the model choice, use of simple data augmentation, and choice of 

the loss function. 

7.3.2. Limitations of the study 

The curated dataset consisted of green patches that are present 

in the real clinical endoscopy data used for location guidance by 

endoscopists. However, this may have affected some of the meth- 

ods’ performance due to the confusion of these local patches with 

other classes that consisted of a similar green patch. Additionally, 

in terms of color and semantic features, some chosen class labels 

were very similar (e.g., class B - Esophagitis and class C - normal-z- 

line). There can be presence of label biases due to presence of both 

instrument class and disease class category as well. As a result, 

the conducted study is susceptible to algorithmic errors due to 

Fig. 9. Example frames from ‘Esophagitis’ and ‘Normal-zline’ class. 

dataset complexity. Additionally, very similar images were present 

even though they were taken from different videos. This can create 

pseudo data balance due to which algorithms can fail to general- 

ize. Even though we have taken a larger patient cohort, the ability 

of methods to generalize on different endoscopic data or on a dif- 

ferent patient cohort can result in unpredictable outcomes. Other 

limitation of our challenges was not having an automated leader- 

board as a result the prediction maps sent by the teams may be 

sub-optimal and could have error in some metrics especially in in- 

ference time reporting. Similarly, manual scoring of the report gen- 

eration task can be prone to human errors and biases. 

7.4. Trust, safety, and interpretability of methods 

With the hardware and software advancements over past years, 

it is evident from the presented challenge series that a significant 

improvement on reliability of methods is observed over time (see 

Fig. 5 ). However, with the case variability it is also vital to incor- 

porate more challenges in the dataset to be addressed. We almost 

doubled data in 2017 in 2018 and 2019 challenges. 

Other important issue is the assessment of methods on real 

clinical settings where the negative samples are tremendously 

higher than in the curated data for research and development. Of- 

ten patient safety is of direct concern as wrong detection of any le- 

sion can result in wrong procedure. Thus, an assessment of meth- 

ods on real-world clinical scenarios is needed. With the report 

generation task in 2019, we attempted to address this issue by 

providing 6 raw videos to the participating teams. Though this at- 

tracted only only two participating teams, efficacy and reliability 

of methods were tested. 

Confusion between similar looking samples which are easily 

distinguishable by the human but methods may fail to interpret 

due to the lack of enough samples in training is a common prob- 

lem (e.g., failed cases presented in Section 7.3 ). It is therefore vi- 

tal to improve interpretability of the methods by injecting more 

negative samples to improve context-awareness of methods. In all 

challenges of this series, while most methods were designed to 

regress heavily on the presented features using heavy augmenta- 

tion similar to natural scene domain, a more careful approaches 

must be built for clinical videos or images, particularly in en- 

doscopy, by preserving both geometric and contextual features dur- 
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ing any transformation strategy. Additionally, including temporal 

awareness (e.g., use of LSTMS ( Xiao et al., 2018 ) for sequences) or 

use of metric learning approaches by understanding the embed- 

ding distances (e.g., use of few-shot learning ( Tian et al., 2020 )) 

can be next step forward to improve reliability of methods. Both 

of these were not exploited by any team in these challenges. 

7.5. Future steps and strategies 

The three consecutive challenges revealed a progress in method 

development, and competence of teams to achieve improved 

scores. However, the choice-of-methods still depended on fine- 

tuning approaches and use of off-the-shelf methods. Almost all 

teams that used DL approaches used pre-trained methods that 

were trained on natural images (e.g., ImageNet dataset). Only a few 

team tried to use medical image datasets. A major challenge in the 

medical imaging community is the availability and accessibility of 

large datasets. As a result, the complex medical features cannot be 

learnt. This becomes more prominent problem when the images 

are merged for multi-class classification as in our case. To this note, 

we have been working immensely on increasing the dataset size 

and at the same time making it accessible for researchers. Our ef- 

fort has lead to the HyperKvasir ( Borgli, 2020 ), open-access dataset 

that contains 110,079 images and 373 videos and Kvasir-Capsule, 

an open access video capsule endoscopy dataset that consists of 18 

videos which can be used for extraction of 4,820,739 image frames 

( Smedsrud et al., 2020 ). While, clinical image data are vague and is 

prone to severe distortions when generated using adversarial net- 

works or performing unrealistic data augmentation, it is vital step 

in overcoming the unreliability of built technologies in this regime. 

A second key strategy that we have learnt from our challenges 

is to provide algorithm performances on different baseline ap- 

proaches so that the teams do not have to try off-the-shelf meth- 

ods by themselves, giving them more time to better design the 

methods to overcome the limitations of ML approaches on pro- 

vided GI dataset. 

Finally, it is important to address the clinical applicability of 

each developed method and independently rank teams based on 

their merit of clinical usability. A metric can be a weighted score 

between speed, accuracy and robustness. Additionally, the built 

models can be tested on the real clinical environment for its ac- 

curacy, speed and reliability tests in real-world clinical settings. 

For this we intend to use clinical hardware systems and integrate 

these models during endoscopy procedures and confirm the relia- 

bility with the clinical expert on both easy and hard cases. 

8. Conclusion 

A comprehensive evaluation, comparison, and summarization of 

different presented methods in the MediaEval Medico 2017, Medi- 

aEval Medico 2018, and BioMedia 2019 challenges are presented in 

this paper. Varied methodologies were used: from traditional Ma- 

chine Learning methods based on global features to recent state- 

of-the-art Convolutional Neural Network methods. Several teams 

also demonstrated the use of specialized data augmentation tech- 

niques. Here, we have provided an overview of several baseline 

methods using standard computer vision metrics on a common 

publicly available benchmark dataset. We advocate that using such 

a systematic approach of method evaluation and analysis is neces- 

sary and provides the best practice towards method development 

in GI endoscopy imaging. 

Each year we observed significant improvements in both both 

classification and algorithm robustness tasks. More importantly, 

the efficiency results of Medico task 2018 and BioMedia 2019 show 

that it is possible to achieve real-time for GI endoscopy. The auto- 

matic reporting task was one of the first effort to communicate the 

algorithmic findings with clinical experts. Thus, this study high- 

lighted the significance of collaboration between endoscopists and 

computer scientists to develop a meaningful medical image analy- 

sis tools that can assist endoscopists to reduce their clinical work- 

load. 

The study also highlighted the need for the collection of larger 

endoscopic image dataset that incorporates wider class categories, 

and different modalities. We showed that both objective and sub- 

jective metrics are critical for obtaining insights in the developed 

methods and their reliability for use in clinical settings. From the 

different submissions, we observed that there is a trade-off be- 

tween speed and accuracy. So, we ranked each team based on 

these scores and provided an average score determining their clin- 

ical relevance rank. Our analysis showed that teams that achieved 

one of the highest classification accuracy ranked lower than team 

with a modest accuracy. 

Further research direction includes investigation on tackling the 

challenges related to integration of multi-modality, multi-centered 

and multi-organ data and feedback from endoscopists for devel- 

oping more robust systems. A consensus should be reached to 

improve understanding and interpretability of the results of CNN 

models. A potentially optimized combination of them could be 

helpful to build clinically useful method. 
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HyperKvasir, a comprehensive 
multi-class image and video dataset 
for gastrointestinal endoscopy
Hanna Borgli1,3,15, Vajira thambawita  1,2,15, Pia H. Smedsrud1,3,6,15, Steven Hicks1,2,15, 
Debesh Jha1,7,15, Sigrun L. Eskeland4, Kristin Ranheim Randel3,10, Konstantin Pogorelov8, 
Mathias Lux11, Duc tien Dang Nguyen5, Dag Johansen7, Carsten Griwodz3, 
Håkon K. Stensland3,8, Enrique Garcia-Ceja  13, Peter t. Schmidt9,14, Hugo L. Hammer1,2,15, 
Michael a. Riegler1,15,16, Pål Halvorsen  1,2,15,16 ✉ & thomas de Lange  4,6,12,15,16

Artificial intelligence is currently a hot topic in medicine. However, medical data is often sparse 
and hard to obtain due to legal restrictions and lack of medical personnel for the cumbersome and 
tedious process to manually label training data. These constraints make it difficult to develop systems 
for automatic analysis, like detecting disease or other lesions. In this respect, this article presents 
HyperKvasir, the largest image and video dataset of the gastrointestinal tract available today. the data 
is collected during real gastro- and colonoscopy examinations at Bærum Hospital in Norway and partly 
labeled by experienced gastrointestinal endoscopists. The dataset contains 110,079 images and 374 
videos, and represents anatomical landmarks as well as pathological and normal findings. The total 
number of images and video frames together is around 1 million. Initial experiments demonstrate the 
potential benefits of artificial intelligence-based computer-assisted diagnosis systems. The HyperKvasir 
dataset can play a valuable role in developing better algorithms and computer-assisted examination 
systems not only for gastro- and colonoscopy, but also for other fields in medicine.

Background & Summary
The human gastrointestinal (GI) tract is subject to numerous different abnormal mucosal findings ranging from 
minor annoyances to highly lethal diseases. For example, according to the International Agency for Research 
on Cancer (https://gco.iarc.fr/today/fact-sheets-cancers), the specialized cancer agency of the World Health 
Organization (WHO), GI cancer globally accounts for about 3.5 million new cases each year. These cancer types 
usually have combined mortality of about 63% and 2.2 million deaths per year1–3.

Endoscopy is currently the gold-standard procedure for examining the GI tract, but its effectiveness is con-
siderably limited by the variation in operator performance4–6. This causes, for example, an average 20% polyp 
miss-rate in the colon7. Thus, improved endoscopic performances, high-quality clinical examinations, and sys-
tematic screening are significant factors to prevent GI disease-related morbidity and deaths. The recent rise of 
artificial intelligence (AI)-enabled support systems has shown promise in giving healthcare professionals the 
tools needed to provide quality care at a large scale8,9. The core of an efficient AI-based system is the combination 
of quality data and algorithms which teach a model to solve real-world problems like detecting pre-cancerous 
lesions or cancers in images. Today’s AI-based systems are predominantly using a subfield of AI called machine 
learning (ML), which usually requires training on thousands of data samples to perform well on any given task. 
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However, health data is often sparse and hard to obtain due to legal constraints and structural problems in data 
collection. Nevertheless, an increasing number of promising AI solutions aimed for diagnostics in endoscopy10–17 
are being developed. The datasets used for these systems, like CVC18,19 and the ASU-Mayo polyp database20, are 
rather small in the context of ML research. In other non-medical ML areas, datasets such as ImageNet21 consists 
of 14 million images. Table 1 gives an overview of all, to the best of our knowledge, existing datasets of images and 
videos from the human GI tract. As can be observed, they are rather small, and often limited to polyps. Several of 
these have also lately become unavailable.

The images and videos in HyperKvasir were collected prospectively from routine clinical examinations per-
formed at a Norwegian hospital from 2008 to 2016. We retrieved the images from the Picsara image documenta-
tion database (CSAM, Norway), a plug-in to the electronic medical record system, in 2016. As a first step, 4,000 of 
these images were labeled into eight different classes by medical experts and published as the Kvasir dataset22. The 
dataset was later extended to 8,000 images. Using Kvasir, researchers all over the world have started developing 
different ML models and AI systems for GI endoscopy23–38. Moreover, the Kvasir dataset has been used to organ-
ize international competitions, i.e., the Medico Task at MediaEval in 201739 and 201840 and the ACM Multimedia 
2019 BioMedia Grand Challenge41.

Based on the lessons learned from publishing the Kvasir dataset and organizing competitions, it became clear that 
one of the biggest challenges in medical AI is still data availability. Data is hard to retrieve from the health care systems, 
approvals from medical committees are hard to get, medical experts have limited time, and there are no efficient tools 
to label such data. Therefore, with HyperKvasir, we significantly increase both the amount of labeled medical data for 
supervised learning and also release a large amount of unlabeled data. The new dataset contains 110,079 images and 
374 videos from various GI examinations, resulting in 1 million images and frames in total. Regarding the value of 
unlabeled data, recent work in the ML community has shown remarkable improvements to tackle the challenge of 
lack of data. Instead of learning from a large set of annotated data, algorithms can now learn from sparsely labeled and 
unlabeled data. This technique is known as semi-supervised learning and has lately been successfully applied in differ-
ent medical image analyses42. Examples of semi-supervised learning are self-learning43,44 and neural graph learning45, 
which both make use of unlabeled data in addition to a small number of labeled data to extract additional informa-
tion43,44,46. We believe these new algorithms might be the development needed to make AI even more useful for med-
ical applications. The unlabeled data of HyperKvasir is intended to be used in medical and technical communities to 
explore semi-supervised and unsupervised methods, and users of the data might even consider employing their own 
local experts to provide labels . Subsequently, in addition to the data description, we provide a baseline analysis using 
the labeled classes of the dataset and feasible future research directions for researchers interested in using the dataset.

Methods
The image and video data were collected using standard endoscopy equipment from Olympus (Olympus Europe, 
Germany) and Pentax (Pentax Medical Europe, Germany) at the Department of Gastroenterology, Bærum 
Hospital, Vestre Viken Hospital Trust, Norway. Vestre Viken provides health care services to 490,000 people, of 
which 189,000 are covered by Bærum hospital. Parts of the collected data were annotated with class labels and 
segmentation masks. The annotations were done by at least one experienced gastroenterologist from Bærum 

Dataset Findings Size Availability

CVC-35618 Polyps 356 images† by request●

CVC-ClinicDB19 (also named CVC-612) Polyps 612 images† open academic

CVC-VideoClinicDB18 (also named CVC-12k) Polyps 11954 images† by request●

CVC-ColonDB62 Polyps 380 images†ψ by request●

Endoscopy Artifact detection 201963 Endoscopic Artifacts 5,138 images open academic

ASU-Mayo polyp database20 Polyps 18,781 images† by request●

ETIS-Larib Polyp DB64 Polyps 196 images† open academic

KID65◊ Angiectasia, bleeding, inflammations, polyps 2371 images and 47 videos open academic●

GIANA 201766◊ Polyps & Angiodysplasia 3462 images and 38 videos by request

GIANA 201867,68◊ Polyps & Small bowel lesions 8262 images and 38 videos by request

GASTROLAB69 GI lesions Some 100s of images and 
few videos open academic♣

WEO Clinical Endoscopy Atlas70 GI lesions 152 images by request♣

GI Lesions in Regular Colonoscopy Data Set71 GI lesions 76 images† by request

Atlas of Gastrointestinal Endoscope72 GI lesions 1295 images unknown●

El salvador atlas of gastrointestinal
video endoscopy73 GI lesions 5071 video clips open academic♣

Kvasir22
Polyps, esophagitis, ulcerative colitis, Z-line, 
pylorus, cecum, dyed polyp, dyed resection 
margins, stool

8000 images open academic

Kvasir-SEG49 Polyps 1000 images† open academic

Nerthus74 Stool - categorization of bowel cleanliness 21 videos open academic

Table 1. An overview of existing GI datasets. †Including ground truth segmentation masks. ◊Video capsule 
endoscopy. ●Not available anymore. ψContour. ♣Not really a dataset usable for machine learning. It is more a 
medical atlas or database for education with a several low-quality samples of various findings in the GI tract.
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hospital, the Cancer Registry of Norway or Karolinska University Hospital in Sweden, and one or more experi-
enced persons working in the medical field such as a junior doctor or Ph.D. student. Though several physicians 
have assessed each labeled data record of the dataset, there is a chance that some of the assessments might be 
biased by the well-known observer variation, particularly regarding subtle changes like low-grade reflux eso-
phagitis and ulcerative colitis. Such discrepancies have been demonstrated in previous studies47,48. To tackle this 
further, we decided to combine some of the findings that are prone to bias into one class (details about the classes 
and combinations can be found in the data records descriptions). Finally, a large number of unlabeled images are 
provided.

The study was approved by Norwegian Privacy Data Protection Authority and exempted from patient consent 
because the data were fully anonymous. All metadata was removed, and all files renamed to randomly generated 
file names before the internal IT department at Bærum hospital exported the files from a central server. The study 
was exempted from approval from the Regional Committee for Medical and Health Research Ethics - South East 
Norway since the collection of the data did not interfere with the care given to the patient. Since the data is anon-
ymous, the dataset is publicly shareable based on Norwegian and General Data Protection Regulation (GDPR) 
laws. Apart from this, the data has not been pre-processed or augmented in any way.

Class labels per image. The method for labeling images can be split into three distinct steps. First, experi-
enced gastroenterologists involved in the project decided which classes should be included in the labeling pro-
cess, based on medical relevance and the data collected. The selected classes were described in detail by medical 
experts. Second, two junior doctors or Ph.D. students working in the field annotated a subset of the images to 
the provided classes. Once this pre-labeling step was done, the medical experts checked the labels and adjusted 
when necessary. Cases where no consent could be found were discarded and replaced with new images from the 
dataset. The first dataset we created consisted of 4,000 images from eight classes22. This was later extended to 8,000 
images for the same eight classes. For HyperKvasir, the dataset is further extended to 10,662 images and 23 classes. 
In total, HyperKvasir contains 110,079 images (10,662 labeled and 99,417 unlabeled images) from the GI tract.

Segmentation masks per image. HyperKvasir includes images with corresponding segmentation masks 
and bounding boxes for 1,000 images from the polyp class. To create the segmentation masks, we uploaded 1,000 
polyp images to the Labelbox platform (https://www.labelbox.com/). Labelbox is a tool that allows pixel-accurate 
labeling of image regions. First, a junior doctor and a Ph.D. student pre-segmented the 1,000 images. A gastroen-
terologist subsequently went trough all images verifying and correcting the pre-labeled segmentation masks. A 
detailed description of the annotation process and an example use-case of the dataset can be found in49,50.

Descriptions per video. To get the labels per video, we uploaded the video data to a video annotation plat-
form provided by Augere Medical AS (Oslo, Norway). Each video was analyzed and labeled by an experienced 
gastroenterologist. The class labels selected by the gastroenterologist were representing the main finding in the 
video as accurately as possible. For example, if the video contained footage of a polyp, the label for that video 
would be polyp. Additionally, there are examples of multiple findings in the same video. If so, these and more 
detailed descriptions are included in the video-labeling.csv file.

Data Records
The full HyperKvasir51 dataset, with all its images, videos and metadata, is available from the Open Science 
Framework (OSF) via the link https://doi.org/10.17605/OSF.IO/MH9SJ. The dataset is also available at https://
datasets.simula.no/hyper-kvasir. HyperKvasir is open access and licensed under a Creative Commons Attribution 
4.0 International (CC BY 4.0). In total, the dataset consists of four main data records. The records are labeled 
images, segmented images, unlabeled images, and labeled videos. All the various labeled classes are shown in 
Fig. 1, i.e., 16 classes from the upper GI tract (Fig. 1a) and 24 classes from the lower GI tract (Fig. 1b). The dataset 
has a size of circa 66.4GB (not including metadata files and segmentation masks), 32.5GB for videos and 33.9GB 
for images. An overview of all data records in the dataset is given in Table 2. Some of the images and videos con-
tain a picture in picture (green thumbnail in the lower left corner) which represents the Olympus ScopeGuideTM 
(Olympus Europe, Germany), used by the endoscopist to get a topographic view of the colon. Details about image 
and video resolutions and video frame rates can be found in the Figs. 2 and 3. The following subsections provide 
additional details for each data record.

Labeled images. In total, the dataset contains 10,662 labeled images stored using the JPEG format, where 
Fig. 4 shows the 23 different classes representing the labeled images and the number of images in each class. A 
CSV file is provided (image-labels.csv) giving the mapping between the image (file name) and the labeling for 
each image. These classes are structured according to location in the GI tract and the type of finding as shown in 
Fig. 5. We defined four main categories of findings where the first and the third are found both in the upper an 
lower GI tract:

•	 Anatomical landmarks: Anatomical landmarks are characteristics of the GI tract used for orientation dur-
ing endoscopic procedures. Furthermore, they are used to confirm a complete extent of the examination. 
Landmarks exist both in the upper GI tract (esophagus, stomach and duodenum) and in the lower GI tract 
(terminal ileum, colon and rectum). However, in the small bowel, there are no specific landmarks to be used 
for topographical localization of a lesion.

•	 Quality of mucosal views: Complete visualization of all the mucosa is crucial not to overlook pathological 
findings. In the colon, there exist a classification for the quality of the mucosal vizualisation, the Boston Bowel 
Preparation Scale (BBPS)52.
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•	 Pathological findings: All parts of the gastrointestinal tract can be affected by abnormalities or findings 
due to disease. Most pathological findings can be seen as more or less obvious changes in the intestinal wall 
mucosa. These findings are classified according to the Minimal Standard Terminology, defined by the World 
Endoscopy Organization53.

•	 Therapeutic interventions: When a lesion or pathological finding is detected, a therapeutic intervention is 
frequently required to treat the condition, e.g., lifting and resecting a polyp, dilation of a stenosis or injection 
of a bleeding ulcer.

Each class and the images belonging to it is stored in the corresponding folder of the category it belongs to. For 
example, the ’polyp’ folder in the category pathological findings in the lower GI tract contains all polyp images, 

Fig. 1 Image examples of the various labeled classes for images and/or videos.

Data Record # Files Description Size (MB)

Labeled images 10,662 images 23 classes of findings 3,960

Segmented Images 1,000 images Segmentation masks 
for polyp findings 57

Unlabeled Images 99,417 images Unlabeled 29,940

Videos 374 videos 30 different classes 32,539

Table 2. Overview of the data records in the HyperKvasir dataset.
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Fig. 2 Resolution of the 110,079 images in HyperKvasir.
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the ’barrett’s’ folder in the category pathological findings in the upper GI tract contains all images of Barrett’s 
esophagus, etc. As observed in Fig. 2, the number of images per class are not balanced, which is a general chal-
lenge in the medical field due to the fact that some findings occur more often than others. This adds an additional 
challenge for researchers, since methods applied to the data should also be able to learn from a small amount of 
training data. Below, we detail each class further.

Upper Gastrointestinal tract. The upper GI tract examined by endoscopy includes the esophagus, stomach, and 
duodenum. Below, we give a description of the various classes of findings found here.

As seen in Fig. 5, we have labeled three classes of anatomical landmarks in the upper GI tract. The normal 
Z-line is the anatomical junction between the squamous epithelium of the esophagus and columnar epithelium 
of the stomach. A normal Z-line is located at the same level as the gastroesophageal junction. Retroflex stomach 
means that the endoscope is retroflexed, looking back to visualize the cardia and fundus in the upper parts of the 
stomach. The pylorus is the anatomical junction between the stomach and duodenal bulb, and a sphincter regu-
lating the emptying process of the stomach into the duodenum.

All the following classes are defined as pathological findings in the upper GI tract. Reflux esophagitis is an 
inflammation mostly affecting the lower third of the esophagus, near the Z-line. Reflux esophagitis can be graded 
according to the Los Angeles (LA) classification54. The esophagitis LA classification is defined into four classes as 
(A) mucosal breaks shorter than 5mm, without continuity across mucosal folds where subtle changes can be diffi-
cult to differentiate from a normal Z-line; (B) mucosal breaks longer than 5mm that does not extend between the 

Fig. 3 Statistics of the 374 videos in HyperKvasir.

Fig. 4 The number of images in the various HyperKvasir labeled image classes according to the file folders.
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tops of two mucosal folds; (C) one (or more) mucosal break that is continuous between the tops of two or more 
mucosal folds, but which involves less than 75% of the circumference; and (D) one (or more) mucosal break that 
is continuous between the tops of two or more mucosal folds and involves more than 75% of the circumference. 
We have split esophagitis into two classes because there exists an important observer variation in the assessment 
of low grade esophagitis47. The two classes are esophagitis A and esophagitis B-D. This binary classification of 
the images makes it possible to assess whether mis-classification between normality and esophagitis only concern 
grade A. Barrett’s esophagus represents a metaplastic transformation of the squamous epithelium of the esopha-
gus into a gastric like columnar epithelium. Barrett’s esophagus is considered a premalignant condition, meaning 
it might develop into cancer. Biopsies showing the presence of specialized intestinal metaplasia confirms the diag-
nosis. Barrett’s esophagus can be graded according to the Prague classification, describing the circumferential and 
longitudinal extension of the disease55. We have split the images of Barrett’s esophagus into two classes. Barrett’s 
long-segment and Barrett’s, short-segment esophagus where a short segment is characterized by a longitudinal 
extension of less than 3 cm55.

Lower gastrointestinal tract. The lower GI tract examined by colonoscopy includes the terminal ileum (last part 
of the small bowel), the colon and the rectum (the large bowel). Below, we describe the classes of the lower GI 
tract in the dataset.

We have labeled three classes of anatomical landmarks in the lower GI tract. The ileum is the distal 2/3 of 
the small bowel, recognized by visible intestinal villi. Endoscopically, the ileum cannot be distinguished from 
other parts of the small bowel. During colonoscopy, the distal 5–20 cm of the ileum, named terminal ileum, 
can be reached and examined. The visualization of the terminal ileum confirms complete colonoscopy. Cecum 
is the proximal end of the large bowel and is characterized by the visualization of the appendiceal orifice and the 
ileo-cecal valve. Complete examination of the whole colon can only be confirmed if the medial wall of the cecum 
has been visualized, that is the area between the appendiceal orifice and the ileo-cecal valve. The most distal part 
of the rectum is one of the blind zones of the colon. Therefore, the endoscope is retroflexed in the rectum to vis-
ualize the dentate line and the circumference of the proximal orifice of the anal canal, which is called retroflex 
rectum.

The quality of the mucosal views is a key quality indicator and should always be evaluated because a clean 
bowel is essential to detect pathological findings. In this respect, the degree of bowel cleansing during a colonos-
copy is described by the Boston Bowel Preparation Scale (BBPS)56. BBPS consists of four different degrees which 
are: (BBPS 0) unprepared colon segment with no mucosa seen due to solid stool that cannot be cleared; (BBPS 
1) portions of the mucosa of the colon segment seen, but other areas of the colon segment not well seen due to 
staining, residual stool and/or opaque liquid; (BBPS 2) minor amount of small fragments of stool and/or opaque 
liquid, but mucosa of colon segment seen well; and (BBPS 3) entire mucosa of colon segment seen well with no 
residual fragments of stool or opaque liquid. The bowel cleansing is deemed adequate if the BBPS score is 2 or 3 
in all three segments of the colon after flushing. Therefore, we have labeled our images into the two BBPS 0-1 and 
BBPS 2-3 classes where class 0–1 represents inadequate bowel preparations, and the class 2–3 represents adequate 
bowel preparation. Moreover, a frequent finding in persons above the age of 50 years are pockets in the colon wall 
called diverticula and if numerous called diverticulosis. Sometimes stool is impacted in these diverticula and may 
increase the risk of diverticulitis. In the dataset, this is presented in the impacted stool class.

Fig. 5 The various image classes structured under position and type, also the structure of the stored images.
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The following classes are defined as pathological findings in the lower GI tract. Ulcerative colitis is a chronic 
inflammatory bowel disease often debuting in the twenties. The degree and extent of the disease is determined by 
colonoscopy and can be classified according to the Mayo Score57. The Mayo Score for ulcerative colitis is defined: 
(Score 0) inactive, where the mucosa only has normal vascular patterns; (Score 1) mild with erythema, decreased 
vascular pattern, mild friability; (Score 2) moderate with erythema, absent vascular pattern, mild friability, ero-
sions; and (Score 3) severe with spontaneous bleeding and ulcerations. For ulcerative colitis, we provide six differ-
ent labeled classes, both the Mayo Score classes (Ulcerative colitis 1/2/3) and some classes in-between where it is 
difficult to determine the exact class and because previous studies have shown important observer variation in the 
assessment of the degree of inflammation (Ulcerative colitis 0-1/1-2/2-3)48. Polyps are most frequently neoplas-
tic lesions of the large bowel. They have mainly three different shapes; protruding in the lumen, flat or excavated 
according to the Paris Classification58. Their size vary from 1 mm to several cm. The prevalence increases with 
age. The most common types of polyps are premalignant and can transform into cancer. Thus, it is important to 
discover polyps and remove the suspicious polyps during endoscopy. Hemorrhoids are pathologically swollen 
veins in the anus or lower rectum. When present in the rectum, they are called internal hemorrhoids, and when 
found in the anus, they are called external hemorrhoids.

Finally, therapeutic interventions show treatments of detected pathological findings. It includes for example 
lifting and removal of neoplastic tissue (polyps) and injection therapy of bleeding ulcer. The dyed lifted polyps 
class contains images of polyps lifted with submucosal injection using a solution containing indigo carmine. This 
is done prior to polyp resection for better diagnosis and easier resection. The dye is recognized by the blue color 
underneath the polyp. After resection of dyed polyps with a snare, the resection margins and site appears blue 
due to the indigo carmine solution. Images of these type of resection margin are presented in the dyed resection 
margins class.

Segmented images. For the set of segmented images, we provide the original image, a segmentation mask 
and a bounding box for 1,000 images from the polyp class. In the mask, the pixels depicting polyp tissue, the 
region of interest, are represented by the foreground (white mask), while the background (in black) does not con-
tain polyp pixels. The bounding box is defined as the outermost pixels of the found polyp. For this segmentation 
set, we have two folders, one for images and one for masks, each containing 1,000 JPEG-compressed images. The 
bounding boxes for the corresponding images are stored in a JavaScript Object Notation (JSON) file. The image 
and its corresponding mask have the same filename. The images and files are stored in the segmented images 
folder. It is important to point out that the images of polyp class from the Kvasir dataset had duplicates in the 
images folder. These duplicates were replaced by high-quality polyp images from the colon and segmented.

Unlabeled images. In total, the dataset contains 99,417 unlabeled images. The unlabeled images can be 
found in the unlabeled folder which is a subfolder in the image folder, together with the other labeled image 
folders. In addition to the unlabeled image files, we also provide the extracted global features and possible unsu-
pervised clustering assignments in the HyperKvasir Github repository as Attribute-Relation File Format (ARFF) 
files. ARFF files can be opened and processed using, for example, the WEKA machine learning library, or they can 
easily be converted into Comma-Separated Values (CSV) files.

Labeled videos. The labeled videos are recorded for clinical purposes and thus represent daily practice. In 
total, 374 videos are provided in the dataset, which correspond to 9.78 hours of videos and 889,372 video frames 
that can be converted to images if needed. In total, an experienced gastroenterologist have identified 30 classes 
of findings, and Fig. 6 shows how many videos we have identified for each class. The class describes the video as a 
whole using the main finding, but additionally, many videos include more than one category and several classes 
where, for example, a single video can contain polyps, dyed lifted polyps and dyed resection margins. The video 
file format is Audio Video Interleave (AVI), and they are stored in the folder called labeled videos. As seen in 
Fig. 7, the videos are further organized and stored according to either upper or lower GI tract and then the four 
main categories as for the labeled images described above. In addition to the video files, a CSV file is provided 
(video-labels.csv) containing the videos’ videoID and labeling. Here, the VideoID contains the corresponding 
video file name, and the labeling includes the upper or lower location, the category and the class with some 
detailed descriptions of the video. Below, we describe the new classes per category for the in total 60 videos from 
the upper GI tract and the 60 videos from the lower GI tract.

Upper Gastrointestinal tract. As seen in Fig. 7, we have many of the same classes for videos and for images, but 
since we have labeled all our videos, more classes are added for both the upper and lower GI-tract. In the upper 
GI tract, the three classes of anatomical landmarks (Z-line, Pylorus and Retroflex stomach) are described in the 
section for labeled images above. In the category of pathological findings, both Barrett’s esophagus and esophagi-
tis are also described above, but here we also added some new classes. The first is polyps where the description 
above of polyps in the colon is also valid for the upper GI-tract. In addition, five new classes not previously 
described are included. Mucosal ulcers are quite common in the upper GI tract. Ulcers are nearly always caused 
by Helicobacter pylori infection, ulcerogenic medication, or cancer. Ulcers are characterized according to the 
Forrest classification to predict the risk of bleeding59. Forrest I represents ongoing bleeding, Forrest II presents 
some signs of previous bleeding; and Forrest III does not show any sign of bleeding. The second class Gastric 
antral vascular ectasia (GAVE) represents dilated small superficial vessels in the mucosa of the gastric antrum. 
These lesions may cause chronic bleeding and subsequent anemia and are frequently treated by argon plasma 
coagulation (APC) to prevent further bleeding. Varices (dilated veins) in both the esofagus and the fundus of the 
stomach are most frequently caused by chronic liver diseases complicated with liver cirrhosis. The varices repre-
sent a major risk for severe bleeding. Cancer of the esophagus and the stomach are common findings in the upper 



8Scientific Data |           (2020) 7:283  | https://doi.org/10.1038/s41597-020-00622-y

www.nature.com/scientificdatawww.nature.com/scientificdata/

GI-tract. The last class gastric banding perforated shows a rare finding, which is the complication of previous 
gastric banding operation where the band perforates the wall of the stomach. The category of therapeutic interven-
tions are introduced for the Upper GI-tract especially because they are nearly always best illustrated by videos and 
can also serve important educational purposes. Since most of the therapeutic interventions are presented as sec-
ondary to a pathological finding we only include Endoscopic Retrograde Choleangio-Pancreatografi (ERCP) 
a procedure to treat gall-duct abnormalities as an independent class. However, other common therapeutic inter-
ventions such as the two thermal methods; APC and heatherprobe as well as injection therapy with adrenaline 
and application of hemospray to stop bleeding can be found under second findings in the csv file. In the category 
quality of mucosal view, we also added a footage showing reduced view due to opaque liquid in the stomach or air 
bubbles in the duodenum. Reduced view increases the risk of missing lesions. In opposite, optimal view demon-
strates excellent visualization of the duodenum.

Lower Gastrointestinal tract. The videos from the lower GI tract illustrate mainly the same categories and classes 
as the labeled images. Nevertheless, they increase the diversity of the dataset. The category anatomical landmarks 
differs from the labeled images as it only contains the cecum class and does not include the classes of terminal 
ileum and retroflex rectum, only defined as second findings. The two categories pathological findings and thera-
peutic intervention also are a bit different compared to the labeled images. In the category pathological findings, 
we still have the above described polyps and hemorrhoids classes. However, all classes of ulcerative colitis are 
merged to colitis and also includes ischemic colitis and infectious colitis. The new class colorectal cancer, the 
second most deadly cancer worldwide60, was added. Colorectal cancer may present itself in different ways in the 
colon, from tiny lesions with a diameter of 1 cm to larger tumors obstructing the entire lumen of the bowel and 

Fig. 6 The number of videos in the various HyperKvasir labeled video classes according to the file folders.

Fig. 7 The various video classes structured under position and type, which is also the structure of the video 
folders.
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cover bowel segments of several centimeters. Moreover, parasites, a common finding of small worms moving 
around in the colon, are more often encountered in tropical areas. Stenosis is characterized by a narrow obstruc-
tion of the bowel caused either by inflammation or malignant diseases. Large neoplastic lesions like cancers 
are surgically resected and subsequently an anastomosis is made to restore normal bowel function. The anas-
tomosis can be visualized during follow-up colonoscopies. A feared complication after large bowel surgery is 
anastomotic leakage, potentially causing smaller or larger cavities of anastomotic leak especially in the rectum. 
The last decade mini-invasive endoscopic therapeutic interventions has to some extent replaced traditional and 
laparoscopic surgery regarding the treatment of large polyps and stenosis of the colon. The classes dyed lifted 
polyp and dyed resection margin are described under labeled images but videos improve the illustration of the 
technique. Three new classes are presented showing removal of polyps by simple snare resection or endoscopic 
mucosal resection (EMR). To prevent or stop bleeding after these resections, clip placement of metallic clips are 
illustrated. Self expanding stents are used to open and dilate either benign or malignant stenosis. Finally, in the 
quality of mucosal views category, we have removed the impacted stool class we have for images, and include only 
the above described BBPS 0-1 and BBPS 2-3 classes. Here, it is also worth noting that many of the videos in BBPS 
2-3 are perfectly clean (BBPS 3), i.e., as then described in the csv-file, these contain videos of normal mucosa (also 
marked as finding 2) which can be extracted in normal images or videos when needed.

technical Validation
To demonstrate the technical quality of the dataset, we performed multiple experiments to provide some baseline 
metrics and to give some insight into the dataset’s statistical qualities. If the reader wants information about clas-
sification and segmentation approaches and experiments comparing state of the art methods using parts of this 
dataset, the reader is referred to other studies49.

Baseline for supervised image classification. The presented dataset is suited for a variety of different 
tasks, one of which is image classification. As a preliminary step to evaluate how state-of-the-art methods perform 
on the labeled part of HyperKvasir, we performed a series of experiments based on methods that have previously 
achieved good results on GI tract image classification. The purpose of these experiments is merely to give exam-
ple baseline results to be used by future researches to compare and measure their results. In total, we ran five 
experiments using different methods. The methods were primarily selected from the best performing methods 
presented at the MediaEval Medico Task39,40. Each method is based on deep convolutional neural networks, which 
is currently state-of-the-art within image classification. Common for all experiments is that the images were 
resized to 224 × 224 before being fed into the networks. All networks are based on common architectures, slightly 
modified to accommodate our task of classifying 23 different classes of images. The specifics of each method is 
further explained below:

•	 Pre-Trained ResNet-50 is a TensorFlow implementation of the ResNet-50 architecture using ImageNet ini-
tialized weights. The network was trained in two steps. First, an initial training over 7 epochs, and then a 
fine-tuning step over 3 epochs which only trained the layers after the 100th index. Images were loaded using 
a batch size of 32, and the weights were optimized using Adam with a learning rate of 0.001.

•	 Pre-Trained ResNet-152 is a PyTorch implementation of the ResNet-152 architecture using ImageNet initial-
ized weights. The network was trained over 50 epochs using a batch size of 32, and optimized using Stochastic 
gradient descent (SGD) with a learning rate of 0.001. No fine-tuning was used for this method.

•	 Pre-Trained DenseNet-161 is a PyTorch implementation of the standard DenseNet-161 architecture using 
ImageNet initialized weights. The network was trained over 50 epochs using a batch size of 32, and optimized 
using SGD with a learning rate of 0.001. No fine-tuning was used for this method.

•	 Averaged ResNet-152 + DenseNet-16138,61 is an approach that combines the ResNet-152 and DenseNet-161 
approach by averaging the output of both models as the final prediction. Both models were trained simulta-
neously by backpropagating the averaged loss through both models. Overall, the networks were trained for 
50 epochs using a batch size of 32. SGD was used to optimize the weights with a learning rate of 0.001. Both 
the ResNet-152 and DenseNet-161 models were initialized using the best weights of the above Pre-Trained 
ResNet-152 and Pre-Trained DenseNet-161 implementations.

•	 ResNet-152 + DenseNet-161 + MLP38,61 is similar to the previous method using both ResNet-152 and 
DenseNet-161 to generate a prediction. However, instead of averaging the output of each model, this method 
uses a simple multilayer perceptron (MLP) to estimate the best way to average the output of each model. 
All networks were trained simultaneously over 50 epochs using a batch size of 32. The weights were opti-
mized using SGD with a learning rate of 0.001. Both the ResNet-152 and DenseNet-161 models were initial-
ized using the best weights of the above two implementations of Pre-Trained ResNet-152 and Pre-Trained 
DenseNet-161.

Each method was evaluated using standard classification metrics including the macro-averaged and 
micro-averaged F1-score, precision, and recall. Additionally, we calculated the Matthews correlation coefficient 
(MCC) for each experiment using the multi-class generalization which is also known as the RK. The results in 
Table 3 show that each method beats the random and majority class baseline by a large margin. However, the 
presented numbers also indicate that there is room for improvement. Looking at the confusion matrices in Fig. 8, 
we see that some classes are harder to identify than others. For example, there is a lot of confusion surrounding 
the difference between the grades of ulcerative colitis and esophagitis. Furthermore, there is also some confusion 
between specific classes such as dyed lifted polyps and dyed resection margins, and distinguishing Barrett’s from 
esophagitis or a normal Z-line. At least the confusion between classes of Z-line, esophagitis and Barrett’s esophagus 
is similar to the human variation in the assessment of these lesions. Thus, it is challenging to create a ground truth.
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Method

Macro Average Micro Average

Precision Recall F1-score Precision Recall F1-score MCC (RK)

Pre-Trained ResNet-50 0.589 0.536 0.530 0.839 0.839 0.839 0.826

Pre-Trained ResNet-152 0.639 0.605 0.606 0.906 0.906 0.906 0.898

Pre-Trained DensNet-161 0.640 0.616 0.619 0.907 0.907 0.907 0.899

Averaged ResNet-152 + DenseNet-161 0.633 0.615 0.617 0.910 0.910 0.910 0.902

ResNet-152 + DenseNet-161 + MLP 0.612 0.606 0.605 0.909 0.909 0.909 0.902

Random Guessing 0.044 0.038 0.034 0.044 0.044 0.044 0.000

Majority Class 0.004 0.043 0.008 0.108 0.108 0.108 N/A

Table 3. Average results for the five tested classification approaches, i.e., average of the results for the two splits.

Fig. 8 Confusion matrices for Averaged ResNet-152 + DenseNet-161 and Pre-Trained DenseNet-161 
including both splits. These confusion matrices were selected based on their performance. Averaged ResNet-152 
+ DenseNet-161 achieved the best micro-averaged results while the Pre-Trained DenseNet-161 achieved the 
best macro-averaged result. The color codes represent the percentages of the total number of images within each 
class. The labeling of the classes is as follows: (A) Barrett’s; (B) bbps-0-1; (C) bbps-2-3; (D) dyed lifted polyps; 
(E) dyed resection margins; (F) hemorrhoids; (G) ileum; (H) impacted stool; (I) normal cecum; (J) normal 
pylorus; (K) normal Z-line; (L) oesophagitis-a; (M) oesophagitis-b-d; (N) polyp; (O) retroflex rectum; (P) 
retroflex stomach; (Q) short segment Barrett’s; (R) ulcerative colitis grade 0-1; (S) ulcerative colitis grade 1-2; 
(T) ulcerative colitis grade 2-3; (U) ulcerative colitis grade 1; (V) ulcerative colitis grade 2; (W) ulcerative colitis 
grade 3.
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Composition of unlabeled data. In order to show the approximate composition of the unlabelled data, we 
present some initial experiments to analyze the provided data which do not have annotated labels from medical 
experts We used our pre-trained classification model to simply classify the unlabeled data to indicate how many 
of the labeled classes are in the unlabeled data and to get an overall idea about data distribution of the 99,417 
images. In particular, we used the best two classification models from the previous experiments, i.e., Pre-Trained 
DenseNet-161 and Averaged ResNet-152 + DenseNet-161 using split_0 and split_1 from the previous experi-
ment. The result are shown in Fig. 9. In the results, we can observe that a large number of predictions are assigned 
to the class normal pylorus, while a smaller number of predictions are assigned to the classes hemorrhoids and 
ulcerative colitis grade 1-2. However, these predictions are similar to that of the class-level accuracies of the ML 

Fig. 9 Unlabeled image data predictions for Averaged ResNet-152 + DenseNet-161 and Pre-Trained DenseNet-161.
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model on the labeled data. Therefore, we can assume that the classes which achieved a high number of correct 
predictions on the labeled images are also more accurate on the unlabeled data. In contrast, it is hard to make 
any conclusions on the labels which had a low number of predictions as the models are not accurate enough. For 
future work, researchers could go trough the classifications of the unlabeled data and, for example, create a larger 
labeled dataset or perform failure analysis to find out why classes were confused or miss-classified. The class labels 
created during this experiments are available in the GitHub repository.

Validation Summary
In the technical validation section, we provided baseline metrics and gave insight into the dataset’s statistical 
qualities to demonstrate it’s technical quality. With the large number of images available in HyperKvasir, we 
encourage other researchers to investigate and develop new and improved methods for the medical domain. 
This also includes an improved methodology for creating the ground truth in classes where there is a substantial 
inter-observer variation in the assessment, which might be used by other researchers to increase the number of 
labels and segmentations for the dataset.

Usage Notes
In our research on detecting, classifying, and segmenting normal and abnormal findings in the GI tract, we have 
collected, to the best of our knowledge, the largest and most diverse dataset. These data are made available as a 
resource to the research community enabling researchers not only to have the ability to research the detection or 
classification of various GI findings but also differentiate between severity of the findings.

In short, we have used the labeled data to research the classification and segmentation of GI findings using 
both computer vision and ML approaches to potentially be used in live and post-analysis of patient examinations. 
Areas of potential utilization are analysis, classification, segmentation, and retrieval of images and videos with 
particular findings or particular properties from the computer science area. The labeled data can also be used 
for teaching and training in medical education. Having expert gastroenterologists providing the ground truths 
over various findings, HyperKvasir provides a unique and diverse learning set for future clinicians. Moreover, the 
unlabeled data is well suited for semi-supervised and unsupervised methods, and, if even more ground truth data 
is needed, the users of the data can use their own local medical experts to provide the needed labels. Finally, the 
videos can in addition be used to simulate live endoscopies feeding the video into the system like it is captured 
directly from the endoscopes enable developers to do image classification.

The dataset includes a series of scripts and text files that aim to help researchers quickly get started using the 
dataset for standard ML tasks such as classification. These are available at the GitHub repository for the dataset: 
http://www.github.com/simula/hyper-kvasir. Moreover, we provide three official splits of the dataset that can be 
used for cross-validation experiments. Keeping splits consistent between methods helps maintain a fair compar-
ison of results. The scripts used to generate the plots, split data into different folds, and generate annotation files 
are included for reproducibility and transparency. These files may also be used to further experiment with the 
dataset. Finally, we include the files used to create our preliminary experiments.

There is currently a lot of research being performed in the field of GI image and video analysis, and we wel-
come and encourage future contributions in this area. This is not limited to using the dataset for comparisons and 
reproducibility of experiments, but also publishing and sharing new data in the future.

Code availability
In addition to releasing the data, we also make available the code used in the experiments. All code and additional 
data required for the experiments are available on GitHub at http://www.github.com/simula/hyper-kvasir.
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Artificial intelligence (AI) is predicted to have profound effects on the future of video capsule endoscopy 
(VCE) technology. The potential lies in improving anomaly detection while reducing manual labour. 
Existing work demonstrates the promising benefits of AI-based computer-assisted diagnosis systems 
for VCE. They also show great potential for improvements to achieve even better results. Also, medical 
data is often sparse and unavailable to the research community, and qualified medical personnel rarely 
have time for the tedious labelling work. We present Kvasir-Capsule, a large VCE dataset collected from 
examinations at a Norwegian Hospital. Kvasir-Capsule consists of 117 videos which can be used to 
extract a total of 4,741,504 image frames. We have labelled and medically verified 47,238 frames with a 
bounding box around findings from 14 different classes. In addition to these labelled images, there are 
4,694,266 unlabelled frames included in the dataset. The Kvasir-Capsule dataset can play a valuable role 
in developing better algorithms in order to reach true potential of VCE technology.

Background & Summary
The small bowel constitutes the gastrointestinal (GI) tract’s mid-part, situated between the stomach and the large 
bowel. It is three to four meters long and has a surface of about 30 m2, including the villi’s surface. As part of the 
digestive system, it plays a crucial role in absorbing nutrients1. Therefore, disorders in the small bowel may cause 
severe growth retardation in children and nutrient deficiencies in children and adults1. This organ may be affected 
by chronic diseases, like Crohn’s disease, coeliac disease, and angiectasias, or malignant diseases like lymphoma 
and adenocarcinoma2,3. These diseases may represent a substantial health challenge for both the patients and the 
society, and a thorough examination of the lumen is frequently necessary to diagnose and treat them4. However, 
due to its anatomical location, the small bowel is less accessible for inspection by flexible endoscopes commonly 
used for the upper GI tract and the large bowel. Since early 2000, video capsule endoscopy (VCE)5 has been used, 
usually as a complementary test for patients with GI bleeding4. A VCE consists of a small capsule containing a 
wide-angle camera, light sources, batteries, and other electronics. The patient swallows the capsule capturing a 
video as it moves passively throughout the GI tract. A recorder, carried by the patient or included in the capsule, 
stores the video before a medical expert examines it after the procedure.

VCE devices exist in various versions and brands such as Given Imaging (Medtronic), Ankon Technologies, 
Chongqing Science, IntroMedic, CapsoVision, and Olympus. The frame rate typically varies between 1 and 30 
frames per second, capturing in total between 50 and 100 thousand frames, with pixel-resolutions in the range of 

1SimulaMet, Oslo, norway. 2Oslo Metropolitan University, Oslo, norway. 3University of Oslo, Oslo, norway. 
4Department of Medical Research, Bærum Hospital, Gjettum, norway. 5University of Bergen, Bergen, norway. 
6Augere Medical AS, Oslo, norway. 7Uit the Arctic University of norway, tromsø, norway. 8Karolinska institutet, 
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10Klagenfurt University, Wörthersee, Austria. 11Medical Department, Sahlgrenska University Hospital-Mölndal 
Hospital, Göteborg, Sweden. 12Department of Molecular and clinical Medicine, Sahlgrenska Academy, University 
of Gothenburg, Göteborg, Sweden. 13Sintef Digital, Oslo, norway. 14Department of Gastroenterology, Skåne 
University Hospital, Malmö Lund University, Malmö, Sweden. 15these authors contributed equally: Pia H. Smedsrud, 
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256 × 256 to 512 × 512. Some of the vendors have software to remove duplicated frames due to slow movement. 
However, a large number of frames need to be analysed by a medical expert, resulting in a tedious and error-prone 
operation. In the related area of colonoscopy, operator variation and detection performance are reported prob-
lems6–8 resulting in high miss rates9. In VCE analysis, essential findings are missed due to lack of concentration, 
insufficient experience and knowledge10–12. Furthermore, physicians may have trouble handling the associated 
technology, and infrequent VCE use leads to lack of confidence13, resulting in inter-observer and intra-observer 
variations in the assessments12.

The technical developments for automated image and video analysis have sky-rocketed, and multimedia solu-
tions in medicine show tremendous potential14,15. An increasing number of promising machine learning solutions 
are being developed for automated diagnosis of colonoscopies16–23 using open datasets24–27. Regarding automated 
VCE data analyses, machine learning approaches also produce promising results regarding detection and clas-
sification rates28–35. Machine learning, or artificial intelligence (AI) in general, is likely to have profound effects 
on the VCE technology’s future, not only for improving variation and detection rates but also for estimating the 
capsule’s localisation13,36.

Regardless of promising initial results, there is room for improvements in detection rate, reduced manual 
labour, and AI explainability. Large amounts of data are needed37,38, particularly annotated data35, and access to 
these data are often scarce39. As shown in Table 1, very few, small VCE datasets are made publicly available, and 
several have become unavailable. We have previously published the HyperKvasir dataset27. Nevertheless, this and 
similar datasets containing images from colonoscopies and esophagogastroscopies are not applicable because they 
do not depict the small bowel, characterised by the intestinal villi displaying a different surface than the rest of the 
bowel. Also, the image resolution and the frame rate of VCEs are much lower. The small bowel is not air inflated 
during a VCE examination, as is the case with traditional colonoscopies. Different optics are also used, and the 
movement of the capsule is uncontrolled in contrast to flexible endoscopes used during manual examinations.

Therefore, we present a large VCE dataset, called Kvasir-Capsule, consisting of 117 videos with 4,741,504 
frames and 14 classes of findings. The dataset contains labelled images and their corresponding full videos, and 
also unlabelled videos. Recent work in the machine learning community has shown significant improvements 
regarding sparsely labelled and unlabelled data value. Semi-supervised learning algorithms are successfully 
applied in different medical image analyses40,41 using self-learning42,43 and neural graph learning44. Finally, we 
provide a baseline analysis and outline possible future research directions using Kvasir-Capsule.

Methods
The VCE videos were collected from consecutive clinical examinations performed at the Department of Medicine, 
Bærum Hospital, Vestre Viken Hospital Trust in Norway, which provides health care services to 490,000 people, 
of which about 200,000 are covered by Bærum Hospital. The examinations were conducted between February 
2016 and January 2018 using the Olympus Endocapsule 10 System45 including the Olympus EC-S10 endocapsule 
(Fig. 1a) and the Olympus RE-10 endocapsule recorder (Fig. 1b). Originally, the videos were captured at a rate of 
2 frames per second, in a resolution of 336 × 336, and encoded using H.264 (MPEG-4 AVC, part 10). The videos 
were exported in AVI format using the Olympus system’s export tool packaged and encapsulated in the same 
H.264 format, i.e., the frame formats are the same, but the frame rate specification is changed to 30 fps by the 
export tool.

Initially, a trained clinician analysed all videos using the Olympus software, selecting thumbnails from lesions 
and normal findings as part of their clinical work. In spring 2019, all the 117 anonymous videos and thumbnails 
were exported from a stand-alone workstation using the Olympus software. The Olympus video capsule system 
has user-friendly functionalities like Omni-selected Mode, skipping images that overlap with previous ones.

All metadata were removed and files renamed with randomly generated file names, before exporting the vid-
eos and thumbnails that were shared. Thus, data in the dataset are fully anonymized, as approved by Privacy Data 
Protection Authority and in accordance with relevant guidelines and regulations of the Regional Committee for 
Medical and Health Research Ethics - South East Norway. The data has not been pre-processed or augmented 
in any way apart from this. Subsequently, for clinical analyses of the videos, a central expert reader selected 
and categorized thumbnails with pathological findings. These thumbnails were traced to their corresponding 
video segments and the videos were uploaded to a video annotation platform (provided by Augere Medical AS, 
Norway) for efficient viewing and labelling. Next, three master students labelled and marked the findings with 
bounding boxes for each frame. The bounding boxes were designed to include the entire lesion and as little as 
possible of the surrounding mucosa. If the students were unsure about the labelling, the expert reader verified the 
frames. All labels regarding anatomical structures and normal clean mucosa were then confirmed by one junior 

Dataset Findings Size Availability

KID54 Angiectasia, bleeding, inflammations, polyps 2,371 images + 47 videos open academic•

GIANA 201755 Angiectasia† 600 images by request

GIANA201856,57 Polyps and small bowel lesions† 8262 images + 38 videos by request

CAD-CAP58,59 Normal frames, fresh blood, vascular lesion, 
ulcerative and inflammatory lesions 25,000 images by request◇

Gastrolab60 Crohns diseases, small bowel (video)+ GI lesions Few hundred images and videos open academic•

Table 1. An overview of existing VCE datasets from the GI tract. †Including ground truth segmentation masks. 
•Not available anymore. ◇The Computer-Assisted Diagnosis for CAPsule endoscopy (CAD-CAP) Database - 
used for the angiectasia detection.
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medical doctor and the expert reader. Finally, all the annotations were once more verified by the expert reader 
and subsequently validated by a second expert reader. If the second reviewer disagreed with the annotations, the 
first reviewer reassessed the images to see whether he then agreed with the second reviewer to get an agreement. 
After the validation process by the second reviewer there was a disagreement on twenty-six findings in seven 
examinations; nineteen concerning erroneous terminology of the class lymphoid hyperplasia which was changed 
to lymphangiectasia. The other seven were related to the interpretation of the finding. After reviewing these find-
ings, the first reviewer agreed with the second one to finally reach a perfect agreement. After this procedure, the 
video frames were exported as images. Hence, a total of four medical persons have selected, analysed and verified 
the data, and a total of 47,238 frames are labelled.

The Norwegian Privacy Data Protection Authority approved the export of anonymous images for the creation of 
the database, without consent from participants. It was exempted from approval from the Regional Committee for 
Medical and Health Research Ethics - South East Norway. Since the data is anonymised and all metadata removed, 
the dataset is publicly shareable based on Norwegian and General Data Protection Regulation (GDPR) laws.

Data Records
The Kvasir-Capsule dataset is available from the Open Science Framework (OSF)46. Table 2 gives an overview 
of all data records in the dataset. In total, the dataset consists of 4,741,621 main data records, i.e., 47,238 images 
with labels and bounding box masks, the 43 corresponding labelled videos (the videos from which the images are 
extracted), and 74 unlabelled videos (from which labelled images have not been extracted). 4,694,266 unlabelled 
images can further be extracted from all the videos combined. All the various labelled classes are shown in Fig. 2. 
The dataset has a total size of circa 89 GB. Note that the unlabelled images are not extracted and included in the 
uploaded data due to unnecessary duplication of data, but can easily be extracted from the videos.

The dataset is stored according to the data records listed above, and described in more detail below. We have a 
“labelled images” catalogue which contains archive files of each labelled class of images. We have a “labelled vid-
eos” catalogue which contains all the videos where we have annotated findings from, and an “unlabelled videos” 
catalogue containing the videos that are not annotated.

Labelled images. In total, the dataset contains 47,238 labelled images stored using the PNG format, where 
Fig. 3 shows the 14 different classes representing the labelled images and the number of images in each class. The 
provided metadata.csv comma-separated value (CSV) file gives the mapping between file name, the labelling 
for the image, the corresponding video, and the video frame number. Moreover, the CSV file gives information 
about the bounding box outlining the finding. Some samples are given in Fig. 4 where the first line gives the 
type of each element in the lines below. This means that the file filename of the labelled image which is the frame 
frame_number extracted from the video_id video. Moreover, the finding is from the category finding_category and 
class finding_class. Finally, the four xi, yi pairs are the four pixel coordinates for the bounding box, e.g., in the first 
three lines they are empty, meaning that there is no finding with a bounding box in this labelled image. There is 
one line in the file per each labelled image.

Fig. 1 VCE equipment used for data collection.

Data Record # Files

Labelled images 47,238

Labelled videos 43

Unlabelled images 4,694,266

Unlabelled videos 74

Table 2. Overview of the data records in the Kvasir-Capsule dataset.
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We defined two main categories of findings, namely anatomy and luminal findings. Each category, their classes 
and belonging images are stored in their corresponding folder. As observed in Fig. 3, the number of images per 
class is not balanced. This is a global challenge in the medical field because some findings are more common than 
others, which adds a challenge for researchers since methods applied to the data should also be able to learn from 
a small amount of training data.

Categories of findings. We have organised the dataset in two main categories with their corresponding 
classes according to the World Endoscopy Association Minimal Standard Terminology version 3.0 (MST 3.0), 
though we have not included the subcategories or intermediate level to simplify the dataset47.

Anatomy. The category of Anatomy contains anatomical landmarks characterising the GI tract. These land-
marks may be used for orientation during endoscopic procedures. However, for small bowel VCE their role is 
to verify the passage of the capsule trough the entire small bowel to confirm a complete examination. We have 
labelled three anatomical landmarks, the first two delineate the upper (proximal) and lower (distal) end of the 

Fig. 2 Image examples of the various labelled classes for images. Images (a) to (c) are from the Anatomy 
category, and images (d) to (n) are from the Luminal findings category.
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small bowel, respectively. The pylorus is the anatomical junction between the stomach and small bowel and is 
a sphincter (circular muscle) regulating the emptying of the stomach into the duodenum. The ileocecal valve 
marks the transition from the small bowel to the large bowel and is a valve preventing reflux of colonic contents, 
stool, back into the small bowel. The third one, the ampulla of Vater, is the junction between the duodenum and 
the gall duct.

Luminal findings. Endoscopic examinations may detect various luminal findings, this include the subcategories 
content of the bowel lumen, the aspect of the mucosa and mucosal lesions (pathological findings) that could be 
either flat, elevated or excavated. These subcategories are not shown in the dataset. Normally, the small bowel 
contains only a certain amount of yellow or brown liquid considered as clean mucosa. However, larger amounts 
of content may preclude a complete visualisation of the mucosa crucial to verify normal mucosa and detection 
of all pathological(abnormal) findings. For the lumen content assessment, we have labelled five classes. Normal 
clean mucosa depicts clean small bowel with no or small amount of fluid and mucosa with healthy villi and no 
pathological findings. This class can also double as a “normal” class versus the pathological luminal finding class 
(see below). The class reduced mucosal view shows small bowel content reducing the view of the mucosa, like 
stool or bubbles. However, lesions in the upper GI tract or small bowel may bleed, causing the appearance of 
blood - fresh colouring the liquid red. In cases with minimal bleeding, one may observe small black stripes called 
blood - hematin on the mucosal surface. The foreign body class include tablet residue or retained capsules which 
can also be observed in the lumen.

Abnormalities, called lesions or pathological findings, in the small bowel can be seen as changes to the 
mucosal surface. Typical mucosal changes sometimes cover larger segments, such as a reddish appearance called 
erythematous mucosa, is labelled as erythema. The mucosal wall can also have different focal lesions. The classes 
of lesions represented in the Kvasir-Capsule dataset are angiectasias; small superficial dilated vessels causing 
chronic bleeding and subsequently anaemia. It mostly occurs in people with chronic heart and lung diseases48. 
Excavated lesions erode to different extents the surface of the mucosa. Most common are erosions, covered by a 
tiny fibrin layer, while larger erosions are called ulcers. As an example, Crohn’s disease is a chronic inflammation 
of the small bowel characterised by ulcers and erosions of the mucosa. It may cause strictures of the lumen, mak-
ing the absorption and passage of nutrients difficult49. Lymphangiectasia, which represents dilated lymphoid 
vessels in the mucosal wall, and polyps, which may be precancerous lesions, are visible as protruding from the 
mucosal wall.

Labelled videos. Labelled videos are the full 43 videos from which we extracted the above mentioned 
labelled image classes. In total, these videos correspond to approximately 19 hours of video and 47,238 labelled 
video frames. Several segments of each video was labelled, and these segments are what was exported as the 
labelled images. As previously mentioned, one can find the frame number and video of origin of each extracted 
image in the CSV-file. Even though we already have extracted the most interesting frames (images) found by the 
clinicians from these videos, they do contain 1,932,047 non-labelled frames that could be interesting in future 
research. One could also extract the video sequences around the various findings.

Fig. 3 The number of images in the various Kvasir-Capsule labelled image classes.

Fig. 4 Samples from the metadata.csv CSV file.
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Unlabelled videos. We also provide 74 videos, which contain approximately 25 hours of video and 2,762,219 
video frames, without any labels. As previously mentioned, unlabelled data can still have great value. Sparsely 
labelled or unlabelled data can be important for recently emerging semi-supervised learning algorithms. These 
videos are of the same format and quality as the labelled videos, except we do not provide any annotations. This 
means that users of the dataset can either use medical experts to provide further labels, or use the data in unsu-
pervised or semi-supervised learning approaches.

technical Validation
To evaluate the technical quality of Kvasir-Capsule, we performed a series of classification experiments. We trained 
two CNN-based classifiers to classify the labelled data. Both architectures have previously shown excellent per-
formance on classifying GI-related imagery from traditional colonoscopies50,51, and should be a good benchmark 
for VCE-related data. The two algorithms are based on standard CNN architectures, namely DenseNet-16152 and 
ResNet-15253. All experiments were performed over two-fold cross-validation using categorical cross-entropy 
loss with and without class weighting. We also used weighted sampling, which balances the dataset by removing 
and adding images for each class based on a given set of weights. To ensure a fair and robust evaluation, no video 
is shared between splits. Thus, the frames used for training were independent from the frames used for validation. 
This also means that there are frames depicting the same finding in each split which then are related to each other, 
but no related frames distributed across the splits. The effect should therefore be similar to traditional data aug-
mentation techniques used by many researchers today such as multiple rotations, angles and crops.

The purpose of these experiments is two-fold. First, we create a baseline for future researchers using the 
Kvasir-Capsule dataset. Second, by using an algorithm that has previously shown good results on classifying GI 
images, we evaluate how challenging the task of categorizing VCE-related data is. Note that for the classification 
experiments, we removed the blood - hematin, ampulla of Vater, and polyp classes due to the small number of 
findings. The results for the two classification algorithms are shown in Table 3 and confusion matrices for the best 
average MCC value in Fig. 5. We estimated micro-averaged and macro-averaged values for precision, recall and 
F1-score for each method. The Matthews correlation coefficient (MCC) was calculated using the multi-class gen-
eralization, also called the RK. In short, if TP, TN, FP, and FN are the true positives, true negatives, false positives, 
and false negatives, respectively, these metrics are defined as follows26:

Precision. This metric is also frequently called the positive predictive value, and shows the ratio of samples that 
are correctly identified as positive among the returned samples (the fraction of retrieved samples that are relevant):

= =
+

precision TP
of all returned samples

TP
TP FP#

Recall. This metric is also frequently called sensitivity, probability of detection and true positive rate, and it is 
the ratio of samples that are correctly identified as positive among all existing positive samples:

= =
+

recall TP
of all positives

TP
TP FN#

Method

Macro average Micro average

Precision Recall F1-score Precision Recall F1-score MCC

Normal CEL

DensNet-161 (fold 0) 0.2165 0.2341 0.1923 0.7375 0.7375 0.7375 0.3707

DensNet-161 (fold 1) 0.3493 0.3158 0.2996 0.7327 0.7327 0.7327 0.4604

Avereage 0.2829 0.2749 0.2459 0.7351 0.7351 0.7351 0.4156

ResNet-152 (fold 0) 0.3302 0.2401 0.1970 0.7203 0.7203 0.7203 0.3520

ResNet-152 (fold 1) 0.3431 0.2805 0.2789 0.7481 0.7481 0.7481 0.4718

Average 0.3367 0.2603 0.2379 0.7342 0.7342 0.7342 0.4119

Weighted CEL

DensNet-161 (fold 0) 0.2933 0.2939 0.2523 0.7195 0.7195 0.7195 0.3998

DensNet-161 (fold 1) 0.3163 0.2914 0.2581 0.6991 0.6991 0.6991 0.4054

Average 0.3048 0.2927 0.2552 0.7093 0.7093 0.7093 0.4026

ResNet-152 (fold 0) 0.2136 0.2872 0.2186 0.6568 0.6568 0.6568 0.3588

ResNet-152 (fold 1) 0.3033 0.2799 0.2478 0.6890 0.6890 0.6890 0.3966

Average 0.2585 0.2836 0.2332 0.6729 0.6729 0.6729 0.3777

Weighted sampling

DensNet-161 (fold 0) 0.2525 0.2794 0.2315 0.7332 0.7332 0.7332 0.4111

DensNet-161 (fold 1) 0.3463 0.2830 0.2806 0.7400 0.7400 0.7400 0.4547

Average 0.2994 0.2812 0.2560 0.7366 0.7366 0.7366 0.4329

ResNet-152 (fold 0) 0.2637 0.2930 0.2334 0.7324 0.7324 0.7324 0.4088

ResNet-152 (fold 1) 0.3088 0.2619 0.2417 0.7316 0.7316 0.7316 0.4520

Average 0.2862 0.2774 0.2375 0.7320 0.7320 0.7320 0.4304

Table 3. Results for all classification experiments. Experiments were done with and without weighted cross-entropy 
loss (CEL) and using a weighted sampling technique. Bold numbers represent the best average value of that column.



7Scientific Data |           (2021) 8:142  | https://doi.org/10.1038/s41597-021-00920-z

www.nature.com/scientificdatawww.nature.com/scientificdata/

F1 score (F1). A measure of a test’s accuracy by calculating the harmonic mean of the precision and recall:

F score precision recall
precision recall

TP
TP FP FN

1 2 2
2

= ×
×
+

=
+ +

Matthews correlation coefficient (MCC). MCC takes into account true and false positives and negatives, 
and is a balanced measure even if the classes are of very different sizes. For the multiclass classification generali-
zation, it is often called the Rk statistic. In following equation, tk is the number of times class k actually occurred, 
pk is the number of times class k was predicted, c is the total number of samples correctly predicted, and s is the 
total number of samples:

=
× − ∑ ×

− ∑ × − ∑
MCC

c s p t

s p s t( ) ( )
k
K

k k

k
K

k k
K

k
2 2 2 2

The micro and macro averages are different ways to average metrics calculated over multiple classes. The 
macro average is the arithmetic mean of all the scores of different classes, i.e., calculates the metric per class and 
then calculates the average of these over the number of classes. For example, it is defined for precision as the sum 
of precision scores for all classes (precicion1 + … + precicionn) divided by the number of classes (n). The micro 
average is not counting class wise first, but looking at the total number of true and false findings. For example, for 
precision, it is defined as sum of true positives (TP1 + … + TPn) for all the n classes divided by the all returned 
positive predictions (TP1 + FP1 + … + TPn + FPn).

Considering the results, we experience that classifying VCE data is quite a challenging task. For example, 
several of the classes are erroneously predicted as Normal clean mucosa. On the other hand, the class with the 
most accurate predictions is also Normal clean mucosa, reaching 85% in fold one and 91% in fold two. This is 
expected as the class comprise approximately 73% of the labelled images. This points out the challenges of making 
reliable systems as there are multiple aspects to consider, e.g., the resolution of VCE frames are lower compared 
to gastro- or colonoscopies, and many of the findings are subtle where even clinicians have difficulties differen-
tiating between the classes. As noticed when comparing the images in Fig. 2, several findings are hard to see and 
easily mixed. For example, erosions can often be mistaken as small residues, and it can be difficult to differentiate 
normal mucosa from slight erythema. Thus, these results show the potential of AI-based analysis, but also further 
motivates the need to publish this dataset for more investigations and research into better specific algorithms for 
VCE data. The code used to conduct all experiments, produce all plots, and the images contained in each split 
are available on GitHub (https://github.com/simula/kvasir-capsule), i.e., to increase reproducibility and facilitate 
researches to perform comparable experiments on the Kvasir-Capsule dataset.

Usage Notes
To the best of our knowledge, we have collected the largest and most diverse public available VCE dataset. 
Kvasir-Capsule is made available to enable researchers to develop detection or classification methods of various 
GI findings using for example computer vision and machine learning approaches. As the labelled findings also 
include bounding boxes, areas of potential use are analysis, classification, segmentation, and retrieval of images 
and videos of particular findings or properties. Moreover, the ground truths of various findings by the expert gas-
troenterologists provide a unique and diverse learning set for future clinicians, i.e., the labelled data can be used 
for teaching and training in medical education.

Fig. 5 Confusion matrices for the best average MCC value which is from the weighted sampling technique. The 
labeling of the classes is as follows: (A) Angiectasia; (B) Blood - fresh; (C) Erosion; (D) Erythema; (E) Foreign 
Body; (F) Ileocecal valve; (G) Lymphangiectasia; (H) Normal clean mucosa; (I) Pylorus; (J) Reduced Mucosal 
View; (K) Ulcer.
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The unlabelled data is well suited for semi-supervised and unsupervised machine learning methods, and, if even 
more ground truth data is needed, the users of the data can have medical experts provide the needed labels. In this 
respect, recent work has shown remarkable improvements in the area of semi-supervised learning, also success-
fully applied in medical image analyses40. Instead of learning from a large set of annotated data, algorithms learn 
from sparsely labelled and unlabelled data. Self-learning42,43 and neural graph learning44 are both examples using 
unlabelled data in addition to a small amount of labelled data to extract additional information41–43. In an area with 
scarce data, these new algorithms might be the technology needed to make AI truly useful for medical applications.

An important note in general for this type of AI-based detection systems is that one should be careful about 
how the dataset is split into for example training and test sets in order to avoid having related frames in several 
of the sets. This will give an unfair effect on the results. Thus, the splits should be completely different, probably 
even at the level of patients. As described below, an example of such a split in found in our GitHub repository (see 
below in the Code Availability section).

Currently, there is substantial research in GI image and video analysis. We welcome future contributions such 
as using the dataset for comparisons and reproducibility of experiments and further encourage publishing and 
sharing of new data. Kvasir-Capsule is licensed under a Creative Commons Attribution 4.0 International (CC BY 
4.0) License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as 
long as you give appropriate credit to the original authors and the source.

Code availability
In addition to releasing the data, we also publish code used for the baseline experiments. All code and additional 
data required for the experiments, including our splits into training and test datasets, are available on GitHub via 
http://www.github.com/simula/kvasir-capsule.
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Abstract: Precise and efficient automated identification of gastrointestinal (GI) tract

diseases can help doctors treat more patients and improve the rate of disease de-

tection and identification. Currently, automatic analysis of diseases in the GI tract

is a hot topic in both computer science and medical-related journals. Nevertheless,

the evaluation of such an automatic analysis is often incomplete or simply wrong.

Algorithms are often only tested on small and biased datasets, and cross-dataset

evaluations are rarely performed. A clear understanding of evaluation metrics and

machine learning models with cross datasets is crucial to bring research in the field

to a new quality level. Toward this goal, we present comprehensive evaluations of

five distinct machine learning models using global features and deep neural networks

that can classify 16 different key types of GI tract conditions, including pathological

findings, anatomical landmarks, polyp removal conditions, and normal findings from

images captured by common GI tract examination instruments. In our evaluation,

we introduce performance hexagons using six performance metrics, such as recall,

precision, specificity, accuracy, F1-score, and the Matthews correlation coefficient to

demonstrate how to determine the real capabilities of models rather than evaluating

them shallowly. Furthermore, we perform cross-dataset evaluations using different

datasets for training and testing. With these cross-dataset evaluations, we demon-

strate the challenge of actually building a generalizable model that could be used

across different hospitals. Our experiments clearly show that more sophisticated per-

formance metrics and evaluation methods need to be applied to get reliable models

rather than depending on evaluations of the splits of the same dataset—that is, the

performance metrics should always be interpreted together rather than relying on a

single metric.
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1 INTRODUCTION
Cancer is one of the leading causes of death worldwide and a significant barrier to life expectancy [12]. In
particular, the gastrointestinal (GI) tract can be affected by a variety of diseases and abnormalities [52]. Using
data from the Global Cancer Observatory,1 Bray et al. [12] estimated that, for 2018, there would be around
5 million new luminal GI cancer incidences and about 3.6 million deaths due to GI cancer.2 The most frequently
diagnosed GI cancers in 2018 for new cases were colorectal cancer (CRC) (6.1%), stomach cancer (5.7%), liver
cancer (4.7%), rectum cancer (3.9%), and esophageal cancer (3.2%) out of 36 types of cancers [12].

Gastroscopy and colonoscopy are the most successful medical procedures for GI endoscopy examinations.
Among both, colonoscopy has been proven to be an effective preventative method by improving declination in
the occurrence of Colorectal Cancer (CRC) by 30% [41]. During a colonoscopic procedure, an endoscopist inserts
a colonoscope carefully through the anus to examine the rectum and colon. A tiny wide-angle video camera
mounted at the end of the colonoscope captures a live video signal of the internal mucosa of the patient’s colon.
The endoscopist uses the video signal for real-time diagnosis of the patient, where one of the primary goals is
to identify and remove abnormalities such as polyps [77].

The current EU guidelines [74] recommend GI tract screening for all people older than 50 years. Such regular
screenings can be of great significance for early detection and prevention of cancer inside the GI tract, but they
are challenging due to many factors. Moreover, a colonoscopy examination is entirely an operator-dependent
screening procedure [63]. The detection rate of GI tract lesions mostly relies on the clinical experience of the
gastroenterologist. The shortage of experienced gastroenterologists, and the clinicians’ tiredness and lack of
concentration during the colonoscopic examination, can lead to missing polyps that otherwise would be de-
tected [68]. The estimated miss rate for the subject undergoing a colonoscopy examination is 25% [39].

Although considerable work has been done to develop and improve systems for automatic polyp detection,
the performance of existing solutions is still behind that of an expert endoscopist [7, 16, 44, 75, 76]. Most of the
published works in the field use non-public datasets or develop models from too-small training, validation, and
test sets [7, 75, 76]. The performance metrics used to measure the performance of methods are also not sufficient
(e.g., see the first part of Table 1). Thus, it is difficult for researchers to compare and reproduce some of the
present related works. Moreover, the state-of-the-art research in this field does not present the generalizability
of their solutions using cross-dataset evaluations. As a result, it creates a distrust for applying these machine
learning (ML) solutions in practice.

An automatic and efficient computer-aided diagnosis (CAD) system in a clinic could assist medical experts
during the endoscopic and colonoscopy procedure to improve the detection rate by finding unrecognized lesions
and act as a second observer by providing better insights to the gastroenterologist concerning the presence and
types of lesions. With this inspiration, we conducted five experiments to classify 16 classes of GI tract conditions

1https://gco.iarc.fr.
2We have considered the statistic of esophagus, stomach, colon, rectum, anus, gallbladder, and pancreas.
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Table 1. Overview of the Related Work

Reference Year REC PREC SPEC ACC MCC F1 Rk FPS
Hwang et al. [27] 2007 0.9600 0.8300 — — — — — 15
Li & Meng [40] 2012 0.8860 — 0.9620 0.9240 — — — —
Zhou et al. [83] 2014 0.7500 — 0.9592 0.9077 — — — —
Wang et al. [76] 2014 0.8140 — — — — — — 0.14
Mamonov et al. [43] 2014 0.4700 — 0.9000 — — — — —
Wang et al. [77] 2015 0.9770 — — 0.9570 — — — 10
Riegler et al. [57] 2016 0.9850 0.9388 0.7250 0.8770 — — — ∼300
Shin & Balasingham [63] 2017 0.9082 0.9271 0.9176 0.9126 — — — —
Riegler et al. [58] 2017 0.9850 0.9390 0.7250 0.8770 — — — ∼75
Yu et al. [78] 2017 0.5005 0.4917 — 0.9471 — 0.4830 0.5357 —
Pogorelov et al. [54] 2017 0.8260 0.8290 0.9750 0.9570 — 0.8260 0.8020 46
Agrawal et al. [1] 2017 — — — 0.9610 0.8260 0.8470 — —
Naqvi et al. [45] 2017 — 0.7665 0.9660 0.9420 0.7360 0.7670 — —
Petscharnig et al. [48] 2017 0.7550 0.7550 0.9650 0.9390 0.7200 0.7550 0.7240 —
Pogorelov et al. [52] 2017 0.9060 0.9060 0.9810 0.9690 — — — 30
Yuan et al. [79] 2018 0.8180 0.7232 — — — 0.7431 — —
Wang et al. [75] 2018 0.9438 — 0.9592 — — — —
Mori & Kudo [44] 2018 >0.9000 — >0.9000 — — — — —
MediaEval 2018 Medico Task [53] (The following experiments were done using the 2018 Medico dataset.)
Hoang et al. [25] 2018 0.9281 0.9426 0.9963 0.9932 0.9312 0.9342 0.9398 23
Hicks et al. [24] 2018 0.9218 0.9378 0.9959 0.9924 0.9228 0.9236 0.9325 624
Borgli et al. [10] 2018 0.8572 0.8708 0.9956 0.9918 0.8555 0.8555 0.9280 —
Kirkerød et al. [36] 2018 0.8433 0.8514 0.9944 0.9896 0.8366 0.8367 0.9082 —
Dias & Dias [18] 2018 0.8205 0.8414 0.9938 0.9885 0.8146 0.8114 0.8983 8.61
Taschwer et al. [70] 2018 0.8673 0.8826 0.9933 0.9876 0.8641 0.8662 0.8897 —
Ostroukhova et al. [46] 2018 0.8236 0.8281 0.9911 0.9835 0.8115 0.8145 0.8539 1E-100
Khan & Tahir [33] 2018 0.6203 0.7173 0.9767 0.957 0.6025 0.5868 0.6302 43329
Steiner et al. [64] 2018 0.4219 0.5146 0.9717 0.9469 0.3901 0.3913 0.5368 —
Ko et al. [37] 2018 0.5005 0.4916 0.9715 0.9471 0.4608 0.4829 0.5357 0.5357
Thambawita et al. (Ours) [71] 2018 0.9361 0.9319 0.9963 0.9932 0.9283 0.9297 0.9397 —
REC, recall (sensitivity); ACC, accuracy; MCC, Matthews correlation coefficient; F1, F1-score; Rk, Rk correlation coefficient; FPS, frames per
second.
The results of the Medico Task may slightly vary compared to the proceeding note papers because of different ways of calculating the
multi-class performance metrics by the organizers. The highest score for the MediaEval 2018 Medico Task is marked in bold.

for the Medico Multimedia Task at MediaEval 2018 [53]. One example for each of the 16 classes is depicted in
Figure 1.

In this work, we focus on identifying the limitations of generalizing ML models across different datasets and
how to interpret the evaluation metrics in that context. For this, we are using global feature (GF)-based and deep
learning (DL)-based methods that performed well at the 2018 Medico Task [53], where one specific dataset was
used. In addition, here we explore the different performance metrics of both methods (GF and deep learning
(DL)) to identify the limitations of each. We show that combined complex deep neural network (DNN) mod-
els outperform other methods. Finally, we explore how multi-class models perform on polyp and non-polyp
detection with and without retraining the model for the two specific classes. The effects of retraining for classi-
fying the sub-categories of the same dataset and using them in other datasets are analyzed in detail to identify
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Fig. 1. Sample images of GI findings. Each image represents one of the 16 classes from the dataset used for the Medico 2018
Challenge [50, 51].

the cross-dataset generalization capabilities of our models. We emphasize that a large number of performance
measures do not show the real performance of ML models. We also highlight the necessity of having cross-dataset
evaluations to determine the real capabilities of ML models before using them in clinical settings.

To study cross-dataset bias and metrics interpretation, our contributions are as follows:

(1) We present five ML classification models to classify multi-class findings (anatomical landmark, patholog-
ical findings, polyp removal conditions, and normal findings) of the GI tract. Using a limited imbalanced
dataset, we experiment with approaches ranging from Global Feature (GF) approaches to simple Deep
Neural Network (DNN) and complex DNN approaches with transfer learning. Moreover, we present a de-
tailed evaluation using six performance metrics to show the real classification performance of ML models.
In addition, we analyze and present detailed evaluation results of using multi-class classification ML mod-
els for classifying binary classes (sub-classes of the multi-class categories) with and without retraining to
evaluate the generalizability of our models. We emphasize the difficulties of using well-performing ML
methods in cross-datasets as a result of the reluctance of ML models to cross-dataset generalization. We
present this negative impact with the aid of another evaluation using the receiver operating characteristic
(ROC) curve and the precision-recall (PR) curve of the best model. We also demonstrate when a Receiver
Operating Characteristic (ROC) curve is good to use and when it is better to use a PR curve.

(2) With the preceding point, we emphasize the requirement of detailed cross-dataset evaluations to identify
generalizability of ML models before using them as universal models in live applications. Because good
performance measures with a single dataset do not necessarily imply good real-world performance, we
argue that researchers should present cross-dataset evaluations for building a generalizable model rather
than presenting performance values for the test datasets, which is separated from the same training data
source.

Moreover, with respect to the 2018 Medico Task [53], our best DNN method achieved the highest recall, speci-
ficity, and accuracy for multi-class classification of the GI tract findings. We achieved a Matthews correlation
coefficient (MCC) (0.0029 less) and an Rk correlation coefficient3 (0.0001 less) nearly equal to the winning team.
With this achievement, we demonstrate all of the steps, from designing to training and testing, for reaching such
performance using this model and its expandability using different pre-trained networks.

3The Rk correlation coefficient and the MCC were the most important considered metrics for winning the 2018 Medico Task.

ACM Transactions on Computing for Healthcare, Vol. 1, No. 3, Article 17. Publication date: June 2020.



GI Tract Abnormality Classification with Cross-Dataset Evaluation • 17:5

In Section 2, we present related work and the performance of relevant existing solutions. Section 3 discusses
the methodology used for our GF-based approaches and the theoretical foundation for our work. The DNN-based
approaches are similarly described in Section 4. Our experimental results are presented and analyzed in Section 5,
followed by a discussion in Section 6 on how our results can be helpful to other researchers. In Section 7, we
conclude our findings.

2 RELATED WORK
Many methods and algorithms have been proposed for GI tract disease detection/classification using videos and
images from colonoscopy and gastroscopy as input. The problem of polyp detection has by far received the most
attention by researchers. Images and videos of polyps and other abnormalities inside the GI tract are usually
collected using a specific-purpose camera and imaging system, like ScopeGuide from Olympus. The information
gathered from these types of devices may be of great significance for later examination and must be handled with
great care. Polyps generally have characteristics different from the normal surrounding healthy tissue and are
often easy for clinicians to detect. There are several good datasets available for training and testing on polyps
(the details about the available polyp dataset can be found in other works [16, 30]), and binary classification
methods are relatively straightforward to implement.

The other active research efforts include developing an automatic and real-time detection system for GI bleed-
ing, ulcerative lesion, blood-based abnormality, tumor, and angiectasia, and for multi-class data of the GI tract
that comprise anatomical landmarks (e.g., z-line, pylorus, and cecum), pathological findings (e.g., esophagitis and
ulcerative colitis), and normality and regular findings (e.g., normal colon mucosa and stool). Suitable datasets
for research in these areas are less developed and lack adequate content. Similarly, presented performance mea-
sures in these areas are not adequate because of not presenting enough performance metrics or not presenting
cross-dataset evaluations.

Table 1 presents an overview of important works related to GI disease detection/classification and the 2018
Medico Task [53] using Computer-Aided Diagnosis (CAD), from automatic polyp detection to multi-class disease
detection and classification systems. The dataset used for the experiments in the first half of the Table 1 is
different. Therefore, the results cannot be directly compared; however, the results in the lower half of the table
can be compared, as the algorithms are tested on the same dataset.

Most of the research in the medical field only focuses on designing an automated disease detection system for
detecting or classifying specific disease or abnormality, such as polyp detection or ulcer detection. Because pa-
tients may suffer from more than one type of disease at the time, a working multi-class disease detection system
will help treatment. The performance of existing multi-abnormality detection systems is, however, not satisfac-
tory and cannot assist doctors in CAD in real time while undergoing colonoscopies. Furthermore, these research
works have not evaluated all performance metrics at once to analyze the real behavior of their classification
models. Yet none of the preceding methods have performed cross-dataset evaluations to prove the capabilities
for using the ML models in real CAD systems.

For handcrafted (HC) feature-based methods, image descriptors like global or local image features (e.g., color,
texture, and edges) are extracted, and later on, various ML classifiers (e.g., logistic model tree (LMT) [71], ran-
dom forest classifier [43], or support vector machine (SVM) [76]) are employed to perform analysis using these
features. HC descriptors (manually designed features) are useful for the gastroenterologist while identifying spe-
cific abnormality regions inside the GI tract. For instance, as blood has a particular range of chromaticity, we
can specify a specific chromaticity range where features of bleeding abnormality seem to be concentrated [31].
Riegler et al. [58] achieved an F1-score of 0.909 with a GF-based approach and an F1-score of 0.875 with a DL-
based approach with a multi-class GI tract dataset. With the ASU-Mayo polyp dataset, the GF-based approach
achieves an F1-score of 0.961, whereas the DL-based approach could obtain 0.936. They further suggested that
the combination of both approaches may lead to improved performance. In addition, previous work by Riegler
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et al. [56] reveals that although only detecting whether a frame contains an irregularity or not, GFs can beat
local features—for instance, they can at least reach the same results with regard to detection/classification and
perform better than local features with regard to processing speed. In all of these works, researchers presented
performance metrics using a test dataset selected from the same dataset used for the training data. Therefore,
these results do not reflect the actual practical performance of the proposed methods.

A few past studies used information such as the color and texture of polyps to sketch HC descriptors [2, 3,
13, 28, 29, 32, 68]. The other category of methods for automated polyp detection used shape, intensity, edge,
and spatio-temporal information. For instance, Hwang et al. [27] appropriated elliptical shape features to detect
the occurrence of polyps in colonoscopy videos. Bernal et al. [7] proposed a polyp detection technique by
utilizing a polyp region descriptor, which is dependent on the depth of the valley image and introduced a region
growing method to detect polyps in colonoscopy images. Bernal et al. [8] additionally used valley information
and enhanced their approach by improving the polyp localization results to almost 30%. Bernal et al. [6] also
performed additional evaluations using valley information and demonstrated better performance, especially for
smaller polyps and decreased the polyp miss rate. Park et al. [47] utilized spatio-temporal features for automatic
polyp detection. The recently completed related work that uses the cross-sectional profile to detect protruding
polyps automatically is the polyp detection system Polyp-Alert [77], which can provide near real-time feedback
during colonoscopies. However, the system is limited to polyp detection and is slow for live examinations.
Tajbakhsh et al. [68] proposed a method for automatic polyp detection from colonoscopy videos that uses
context information to remove non-polyp and shape information to localize polyp reliably. Riegler et al. [58]
utilized various GFs and achieved high precision and recall above 90%. Yuan et al. [79] employed a bottom-up and
top-down saliency approach for automated polyp detection. Although these research works discuss improving
the performance of ML models, they have not evaluated the performance of the ML models with cross-datasets.

As convolutional neural network (CNN) architectures have achieved exceptional gains in medical image and
video analysis tasks, more recent work on polyp detection is mainly based on Convolutional Neural Networks
(CNNs). Tajbakhsh et al. [67] proposed a 2D-CNN method for polyp detection by learning discriminative spatial
and temporal features. Yu et al. [78] proposed a 3D fully convolutional network to deal with the challenges
related to automatic polyp detection for colonoscopy videos. Zhang et al. [81] suggested an enhanced single-shot
multi-box detector (SSD) called SSD-GPNet for detecting gastric polyps, which have the potential for achieving
real-time detection up to 50 FPS using Nvidia Titan V. Furthermore, they use GPDNet [82] to classify three
classes of pre-cancerous gastric disease.

Researchers have also compared HC and DL methods. For instance, Pogorelov et al. [52] and Riegler et al. [58]
compared several (HC- and DL-based) localization methods. Pogorelov et al. [49] evaluated their approach uti-
lizing HC and DL methods on different available datasets for real-time polyp detection. Their best model with a
generative adversarial network (GAN) obtained detection specificity of 94% and accuracy of 90.9%. The preceding
research works presented good performance for predicting polyps, whereas Pogorelov et al. [49] presented eval-
uation results of the models with cross-datasets. However, having overlapped data sources in the cross-datasets,
the shown results do not reveal the real performance in cross-dataset evaluations.

The pre-trained models, along with transfer learning mechanisms, are also becoming popular because of their
capability to outperform state-of-the-art algorithms even with less training data, where the limited size of the
medical dataset for experiments has always been a problem to yield better results. For the detection and local-
ization of the polyps [9, 69], the pre-trained models with a CNN mechanism also achieve promising results. A
comparison of DL with GFs for GI tract disease detection has also been presented. Pogorelov et al. [54] presented
17 different methods for multi-class classification of GI tract data with the limited number of the training dataset.
They used both GFs and DL approaches in their work. They achieved the best result with modified ResNet50
features using the LMT classifier. They reached an Rk value of 80.2% and an F1-score of 82.6% with 2,000 training
and 2,000 test datasets.
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Comparing with the polyp detection approaches, the research on multi-class disease detection/classification
on a complete GI tract system is minimal. However, for multi-class disease detection/classification (including
polyp detection) inside the GI tract, we note a few contributions made in this area. For example, the authors of
numerous works [1, 10, 18, 24, 25, 33, 36, 37, 46, 48, 64, 70] presented their approach in classifying disease inside
the GI tract utilizing the Kvasir dataset and the MediaEval Medico 2018 dataset. The latter is a combination of
the Nerthus [50] and Kvasir [51] datasets.

Hicks et al. [24] show how fine tuning a CNN model using transfer learning with data from different source
domains affects classification performance. In their case, extending the generic ImageNet dataset with medi-
cal images from the LapGyn4 and Cataract-101 dataset, they obtained a high Matthews Correlation Coefficient
(MCC) score of 0.9228. For the 2018 Medico Task, we proposed solutions based on GFs and DL-based methods
for multi-class classification of GI tract findings [71]. Our best model was a combination of two pre-trained net-
works, ResNet-152 and Densenet-161, along with a multi-layer perceptron (MLP). Here, we obtained an MCC of
94.21%, an F1-score of 94.58%, and an accuracy of 99.32%. This was one of the best results in the MediEval 2018
Medico Task Challenge. We discuss the model introduced by Thambawita et al. [71] in detail in this article and
reproduce similar results. Based on those models, we provide and discuss the requirement of detailed evaluations
using multiple performance metrics and cross-dataset evaluations.

Recent related works show promising results in terms of evaluation metrics, such as both sensitivity and speci-
ficity despite various challenges (e.g., difficulties arise due to a dataset obtained from different modalities). The
limitation with most of the recent approaches is that they target only specific problems, like bleeding detection
or polyp detection. Current systems are either (i) too narrow for a flexible, multi-disease detection/classification
system; (ii) tested only on a limited datasets, too small to show whether the systems would work well in hospi-
tals, (iii) provide low processing performance for a real-time system or ignore the system performance entirely;
(iv) problematic with regard to overfitting of the specific dataset and lead to unreliable results; or (v) tested using
datasets that are not publicly available, making it difficult to compare the approaches with others.

In some cases, GF-based approaches produce better results. For some methods, DL performs better. The CNN
approaches and pre-trained network with transfer learning mechanism approaches have the best results in most
of the cases. Reusing already existing DL architectures and pre-trained models leads to excellent results in, for
example, the ImageNet classification tasks. For example, the HC feature-based approach works well for true
negative (TN) detection/classification tasks.

To reduce the damage of the dataset bias problem, Khosla et al. [34] directed their experiments for both classi-
fication tasks and detection problems. They used different datasets from different domains in the training stage
to generalize the features extracted from their ML model. However, SVM was used as the main algorithm, and
the DNN dataset bias problem was not addressed.

With the goal of making researchers aware of the dataset bias problems, Torralba and Efros [72] did informative
research using basic datasets and basic ML models with the classification and detection task of computer vision.
Initially, they trained a simple linear Support Vector Machine (SVM) to make a simple classifier to name a given
dataset from 12 different datasets, which have nearly the same categories. They were inspired by the research
done by Dollár et al. [20] to detect pedestrians. The result of the experiment for dataset classification shows a
clear diagonal in the confusion matrix (CM). This implies that there are clear dataset bias features, and that these
datasets have the same categories. Therefore, researchers want to apply cross-dataset generalization for avoiding
dataset bias behavior of ML models. Moreover, they discussed selection bias, capture bias, category or label bias,
and negative bias as the main factors for the dataset bias. This directs our research to do additional experiments
to identify the significant factors of the cross-domain data generalization in the medical domain, which is more
critical than the general image classification.

The classification of GI diseases is more complicated than a simple real-world object classification task where
one detects faces or recognizes characters. Typical GI tract datasets are heavily imbalanced—for example, the
2018 Medico Task dataset consists of 16 classes of anatomical landmarks, pathological findings, polyp removal
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Fig. 2. Block diagram of the proposed method 1 and method 2. The pipeline starts with the input of images. GFs are extracted
using the LIRE framework. These features are then used for two different classification algorithms (the SL model for method
1 and LMT for method 2).

cases, and normal and regular findings, where the polyp class has a maximum of 613 images, and the instrument
class has a minimum of only 4 images. Additionally, medical datasets are captured using different endoscopic
instruments, and some of the images can be noisy, blurry, over- or under-exposed, and interleaved, and can have
superfluous information within the image, contain borders, and be affected by specular reflections caused by the
instrument light source. Some of the images may have bleeding, whereas other images can be partially covered
by stool or mucus. Moreover, the organs from mouth to anus can have multiple lesions showing different dis-
eases, abnormalities, and internal injuries. Thus, the preceding situation leads to the necessity of distinguishing
between various classes of GI tract findings. In this scenario, not only high precision and recall but also high ac-
curacy and MCC become essential for developing an automated generalizable multi-class classification system.
This implies the real requirement of measuring and analyzing all performance metrics at once. Furthermore, to
prove the generalizability of models, cross-dataset evaluations are required.

3 GF-BASED APPROACHES
GFs or descriptors are features computed over the whole image or covering a regular sub-section of an image.
GFs represent the overall properties of an image and are often used in image retrieval, image compression,
image classification, object detection, and image collection search and distance computing [54]. Examples of GFs
are shape matrix, histogram-oriented gradients (HOGs), Co-HOG, and invariant moments (Hu, Zernike). The
LIRE [42] framework can be used to extract HC GFs such as texture, color distribution, and the histogram of
brightness. The most commonly used GFs include joint composite descriptor (JCD), Tamura, color layout (CL),
edge histogram (EH), autocolor correlogram, pyramid histogram of oriented gradients (PHOGs), color and edge
directivity descriptor (CEDD, local binary patterns, and scalable color (SC). Figure 2 shows the architecture of
the proposed GF-based methods (1 and 2). These methods use six selected GFs and the best ML classifiers for the
provided dataset.

Feature engineering is among the most crucial and challenging parts for approaching any ML and computer
vision problem. Based on the findings of Pogorelov et al. [54] and Riegler et al. [59], we choose to used JCD,
Tamura, CL, EH, autocolor correlogram, and PHOG. The combinations of these features represent the overall
properties of the images. We can even add more GFs, but doing so may increase the noise to the image features,
which again would hurt the classification performance. Moreover, we have formulated the problem of GI tract
anomaly classification as a multi-class (16-class) classification of different findings including anomalies, land-
marks, and clinical markings. With the provided dataset, we computed the GFs of each image. A multi-class
classification problem is a general and well-studied ML problem, and there is a variety of methods available to
solve this issue with higher performance. Therefore, we sent the extracted GFs to many available ML classifiers.
The whole experiment was completed with the development dataset. The 2018 Medico Task [53] shows the best
classification rates with SimpleLogistic (SL) [38] and LMT [38] classifiers.
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3.1 Method 1: The SL Classifier
In method 1, we combine the SL classifier from the Weka software [22] to build a linear logistic regression (LR)
model with the LogitBoost [21] utility for determining attributes. The SimpleLogistic (SL) classifier can deal with
binary class classification, multi-class classification, missing class, and nominal class. It can handle different types
of attributes, such as binary attributes, nominal attributes, date attributes, missing values, unary attributes, and
empty nominal attributes [38]. In a linear LR classifier, a simple (linear) model fits the data, and the method of
model fitting is pretty stable, leading to low variances.

LogitBoost is utilized for determination of the most appropriate attributes in the data at the time of executing
LR, which is done by performing a simple regression in every iteration before it converges to a solution of max-
imum likelihood. Therefore, LogitBoost, with a simple regression function that acts as a base learner, is utilized
for fitting the logistic models. The optimum number of iterations associated with the LogitBoost algorithm to
function is cross validated, which leads to the automatic selection of the attribute [65]. The SL classifier has a
built-in attribute selection (if the default parameter is not changed): it stops computing simple linear regression
models (i.e., performing LogitBoost iterations) when the cross-validated classification error no longer decreases.
With the extracted features using LIRE, the SL classifier has not only the highest classification accuracy but
also takes the lowest classification time (i.e., lowest computational complexity) when compared with other ML
classification algorithms.

3.2 Method 2: The LMT
In method 2, we use the Logistic Model Tree (LMT) classifier from the Weka software. The LMT is a classifica-
tion model related to a supervised training algorithm, which is a combination of LR and decision tree learning
techniques [38, 62]. Thus, the LMT is considered an analogue model for solving classification problems. In the
logistic variant, information gain is utilized for splitting, the LogitBoost algorithm generates an LR model at each
node in the tree, and the CART algorithm [62] is utilized for pruning the tree.

The LMT uses a cross-validation (CV) technique to find several LogitBoost iterations to prevent overfitting of
the training data. The LogitBoost algorithm accomplishes additive LR, which is achieved by least-square fits for
every class M [19], which is shown in Equation (1):

LM (x ) =
n∑

i=1
βi + β0. (1)

Here, βi denotes the coefficient of the ith component of the vector x, and n denotes number of features. The LMT
model uses the linear LR method to calculate the posterior probabilities of the leaf nodes [38], which is shown
in Equation (2):

LM (X ) = − exp (LM (X ))
∑D

M=1 exp (LM (X ))
. (2)

Here, D denotes the number of classes, and L M(X) stands for the least-square fits. The least-square fits L M(X)
are transformed in such a way that ∑D

M=1 exp(LM (X )
)

is equal to zero.

4 DL APPROACHES
For our transfer learning approaches, we selected two DNNs: ResNet-152 [23] and DenseNet-161 [26] based on
the top-1 error rate and top-5 error rate for the ImageNet [17, 61] classification as given in the PyTorch documen-
tation [14]. Then, we chose ResNet-152 as the base model of the first DL approach, and this base model experiment
was done under method 3 (the model is illustrated in Figure 3). This selection was made based on preliminary
experiments. In the preliminary experiments, ResNet-152 showed better performance than DenseNet-161. This
DenseNet-161 was in second place in the performance ranking when we compared stand-alone pre-trained DL
models.
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Fig. 3. Block diagram of method 3. The input is an image that is passed to a ResNet-152 neural network. A final softmax
layer outputs the scores for the 16 classes.

Fig. 4. Block diagram of method 4. The input image is in parallel passed to a ResNet-152 and a DenseNet-161 neural network.
Two separate softmax layers calculate separate 16-class scores, which are finally combined.

Fig. 5. Block diagram of method 5. It is similar to method 4, but instead of a single step to combine the output scores of the
two neural networks, two fully connected layers are utilized.

In DL methods 4 and 5 (as illustrated in Figures 4 and 5), we used both pre-trained ResNet-152 and DenseNet-
161 using the ImageNet dataset. In the following sections, we discuss data pre-processing mechanisms and
training mechanisms used for all three DL methods. In later sections, we discuss these methods one by one
with their fine-tuning mechanisms with more comprehensive explanations.

For the transfer learning methods, we use the data pre-processing tool of the PyTorch library to (i) resize input
images, (ii) crop marginal annotations of the medical images, (iii) normalize the pixel values of input images, and
(iv) apply random image transformations. Regarding image resizing, all images of the dataset were resized into
224 × 224 because ResNet-152 and DenseNet-161 accept images with these dimensions. By applying the central-
cropping transformation of PyTorch, we minimized unnecessary effects for the final predictions of DNNs affected
from annotated marks (green boxes) of the medical images as shown in Figure 1(b), (n), and (o). Center cropping
did not remove important information from the images because we cropped down to 224 × 224 from 256 × 256.
Our experiments show that removing the whole green box, such as those in Figure 1(b), (n), and (o), from the
images by applying a larger crop size is not advisable, because for some images, too much content of the finding
is lost with a large crop size. When applying the normalization function to the input images, a standard deviation
(σ ) of 0.5 and a mean (μ) of 0.5 were used with the normalization function in PyTorch. The mathematical equation
used in this function is given in Equation (3), and c represents the three channels R, G, and B of input images.
The input represents a tensor of pixel values of each layer. We used random transformations, random horizontal

ACM Transactions on Computing for Healthcare, Vol. 1, No. 3, Article 17. Publication date: June 2020.



GI Tract Abnormality Classification with Cross-Dataset Evaluation • 17:11

flips, random vertical flips, and random rotations from PyTorch as data augmentation techniques.

inputc =
inputc − μc

σc
; where c = [0, 1, 2] (3)

For training all DNNs, the transfer learning mechanism was used. Then, we used cross-entropy loss [15] with
weighted classes as given in Equation (4) to calculate the loss values of the DNNs:

loss (x , class ) = weiдht[class] × ���−x[class] + ln ���
∑

j

exp(x[j])���
��� . (4)

In this equation, the weight parameter value is calculated inversely proportional to the image count in the cor-
responding class. In other words, class weight values are high when the classes have fewer images. However,
the inbuilt cross-entropy function given in PyTorch is used instead of implementing it from scratch. While doing
preliminary experiments, we observed that there was not any effect from weighted cross-entropy loss. Then, we
used the normal cross-entropy loss (Equation (5)) function for calculating the loss of the DNNs:

loss (x , class ) = − ln
(

exp(x[class])∑
j exp(x[j])

)
= −x[class] + ln ���

∑

j

exp (x[j])��� . (5)

As the optimizer of all DNNs, the stochastic gradient descent (SGD) [11] method with a momentum [66] was
applied. We selected this optimizer because of its stable learning mechanism in contrast to the highly unstable
learning pattern of other methods [35, 60, 80], as they show fast convergence.

During the training procedure, we changed the learning rate manually based on the progress of learning
curves rather than using the inbuilt learning rate schedulers of PyTorch. Initially, we began with a high learning
rate. Then, the learning rate was reduced by a factor of 10 if the training process did not show good progress in
the learning curves. Finally, model weights of the best epoch based on the best validation accuracy were saved
to use in the inference stage.

4.1 Method 3: DNN Approach Based on ResNet-152
Method 3 is the base method that uses only ResNet-152. A block diagram of this is illustrated in Figure 3. In this
method, the last layer of ResNet-152 is modified to output 16 classes of the 2018 Medico Task from 1,000 classes
of ImageNet. Usually, we freeze first layers (there is not a logical way to select the number of layers to freeze)
of pre-trained networks when we do transfer learning. Then, we train the last and the new layers using the new
domain data. Finally, the entire network is trained after unfreezing all parameters of the network (a method
known as fine tuning).

We performed preliminary experiments to identify the influence of the preceding freezing-unfreezing tech-
nique compared to using simple fine tuning. Both techniques showed the same performance at the end of the
training process, and we could not gain any performance benefit from the freezing-unfreezing method, as using
the simple fine-tuning method was faster. Therefore, we decided to use the simple fine-tuning method for all
experiments.

In method 3, we started the training process with a learning rate of 0.001. Then, the learning rate was decreased
by a factor of 10 if we could not see any performance improvement for the validation dataset. We repeated this
change of learning rate until the model came to a good stable position. In this experiment, the SGD method was
used as the optimization method with a momentum of 0.9.

4.2 Method 4: DNN Approach Based on ResNet-152 and DenseNet-161
In method 4, as illustrated in Figure 4, we used two pre-trained networks on ImageNet: ResNet-152 and DenseNet-
161. These networks were retrained separately into the Medico dataset using the same procedure used in
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Fig. 6. Block diagram of the proposed parallel DNN merging. The training process is split into a pre-training (pre-training
of individual models) and post-training step (training the whole network architecture).

method 3. Before this retraining, the networks were modified to classify the 16 classes. Then, we calculated
an average probability of the two probability vectors (VResnet_152 and VDensenet_161) output by the two sep-
arate networks: ResNet-152 and DenseNet-161. By calculating the average of these two probability vectors
(Vanswer =

1/2
(
VResnet_152 +VDensenet_161

) , we accepted the cumulative probability decision rather than the in-
dividual decision. Using the average from these two networks, we expected to have a good decision with high
confidence. For example, if the two networks return high probability values for the same class, the class proba-
bility value (confidence of classifying to that class) is high. However, when one network has a high probability
and the other network has a low probability for a specific class, then the final probability value is around 0.5.
This value infers that confidence about the particular class is not good enough for the final decision.

In this model, the probability of the final answer depends on the average values rather than the highest prob-
ability value returned from one of the two models. Here, the problem is that the prediction suggested from the
highest probability value of one model may be the correct class compared to the selected category from the
average. Finally, we trained the model using a learning rate of 0.001. In addition, we decreased the learning rate
by a factor of 10 when the model did not show convergence. A momentum of 0.9 with SGD was used as in
method 3.

4.3 Method 5: DNN Approach Based on ResNet-152, DenseNet-161, and MLP
Method 5 was designed to overcome the problem of method 4. The block diagram of this method is illustrated
in Figure 5. The simple averaging method was not enough to make a final decision when the two networks
provided two different answers. As a solution, an Multi-Layer Perceptron (MLP) was introduced instead of the
simple averaging method. Then, we trained only this MLP with the pre-trained ResNet-152 and DenseNet-161
for the Medico dataset to decide the final prediction based on the probabilities that come from two networks.
More details about designing this complex model are discussed in Sections 4.3.1 and 4.3.2.

4.3.1 Extendable Method 5. In this section, we show how we can improve accuracy using multiple cumulative
probabilistic decisions by extending method 5 into N ≥ 2 DNNs. In this general model, as illustrated in Figure 6,
we divide the whole training process into the following four steps: (1) pre-training of individual models, (2)
model selection for merging, (3) merging models with an MLP, and (4) post-training and fine tuning. Let NETS =
{net1,net2, . . . ,netN } be the set of pre-trainer networks using the ImageNet dataset and POi be the returned
probability vector for model neti .

In step 1 (pretraining), we train each DNN neti ∈ NETS as much as possible using the transfer learning mech-
anism until it gives the best predictions as described in method 3 (using different loss functions; loss1 to lossN ).
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The DNNs have their unique prediction capabilities within the given classification problem. Then, we analyze
the CM of the best outcome of each DNN.

In step 2 (selection), we select networks that give different diagonals of CMs (the diagonal of a CM represents
correct classifications) compared to other CMs of selected DNNs. If the diagonal of CM of network neti = CMi ,
then we select networks that have CMi � CMj ; j = [1, 2, . . . , i − 1, i + 1, . . . ,N ]. The goal of this comparison is
to identify DNN models that have different classification performances compared to each other. Equal diagonals
of CMs do not imply that the networks are identical for their classifications, because there might be models
that give the same diagonal numbers but lead to different classifications for a given image. If the case of equal
diagonals occurs, we have to compare correctly classified images to identify the differences. The number of DNNs
selected for the final training may or may not be equal to the initial number of pre-trained DNNs depending on
similarities in some of the CMs.

In step 3 (merging), we use an MLP to merge all outputs of the selected DNNs. The MLP consists of M layers
that take ∑N

i=1 lenдth_o f (POi ) number of inputs and output Pout probability vector according to the given clas-
sification problem. Then, step 4 can be started by freezing all the pre-trained DNNs and training only the new
MLP until it shows a good validation performance. Optionally, we can retrain the whole model without freezing
any layer if we cannot achieve a performance improvement by training only the new MLP.

4.3.2 Method 5 Used by This Research Work. According to the procedure discussed in Section 4.3.1, our im-
plementations of method 5 were designed using two parallel networks (N = 2): ResNet-152 and DenseNet-161.
Then, we analyzed two CMs, which came from ResNet-152 and DenseNet-161. These two networks were pre-
trained according to the given classification problem. BecauseCMResnet_152 � CMDensenet_161, we combined the
two networks with an MLP. This comparison of CMs was done visually using colormaps. However, if the visual
inspection of CMs is hard, mathematical operations can be used. Moreover, if the CMs are equal completely,
a manual inspection of the classified images is required to identify the differences of model classifications. Af-
ter combining, we froze two DNNs to proceed to the post-training step. In our experiments, the input layer of
the MLP consisted of 32 input nodes. The output of the MLP was a probability vector with 16 values, which is
equal to the number of classes of the Medico dataset. We used two fully connected layers, with 32 neurons and
16 neurons. In the post-training step, we started training only the MLP with a learning rate of 0.01. To do the
post-training, multi-class cross-entropy loss and Stochastic Gradient Descent (SGD) were used.

5 RESULTS
In this section, we discuss the experimental setup, datasets, and results obtained from our experiments. Using
these presented results, we emphasize that high scores for performance metrics do not always show the actual
performance of ML methods. To show this, we present well-performing ML models that achieved good results
for their performance values. Using cross-dataset testing, we present a detailed analysis of evaluation metrics to
emphasize that they are not always representative to identify the real performance of models.

For all experiments, we used the same hardware platform with an Intel Core i7 eighth-generation processor
with 16 GB of DDR4 RAM and an 8-GB NVIDIA GeForce 1080 GPU. However, we practiced two different software
frameworks for implementing our methods. To implement the GF-based methods (1 and 2), we used the Weka
framework [22]. We used the PyTorch framework for the DNN-based methods (3, 4, and 5).

5.1 Datasets
For the work performed in this article, we used the following four datasets: the 2018 Medico dataset [55], CVC-
356-plus (a modified version of CVC-356 [6, 7, 73]), CVC-612-plus (a modified version of CVC-612 [6, 7, 73]),
and CVC-12k [4, 5]. The training and testing datasets of the 2018 Medico Task were derived from the Kvasir
dataset [51] and Nerthus dataset [50], consisting of 16 classes as shown in Table 2. These images consist of
different anatomical landmarks (z-line, pylorus, cecum), pathological findings (esophagitis, polyps, ulcerative
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Table 2. Summary of the 2018 Medico Dataset

Type Images in the Development Set (#) Images in the Test Set (#)
Blurry-nothing 176 39
Colon-clear 267 1,070
Dyed-lifted-polyps 457 590
Dyed-resection-margins 416 583
Esophagitis 444 483
Instruments 36 165
Normal-cecum 416 604
Normal-pylorus 439 569
Normal-z-line 437 636
Out-of-patient 4 6
Polyps 613 423
Retroflex-rectum 237 194
Retroflex-stomach 398 399
Stool-inclusions 130 508
Stool-plenty 366 1,920
Ulcerative-colitis 457 551
The first column shows the names of the different findings. The second and third columns show the number of
images in the development and test sets.

Table 3. Overview of the Datasets Used for Our Experiments

Dataset Training Testing Images (#) Polyps (#) Non-Polyps (#)
2018 Medico—Development X — 5,906 613 5,293
2018 Medico—Testing — X 8,740 423 8,317
CVC-356-plus X X 2,285 356 1,929∗
CVC-612-plus X X 1,316 612 704
CVC-12k — X 11,954 10,025 1,929
∗We replaced this image set with a new image set (with 1,171 images) extracted from a clear colon video collected from
the Bærum Hospital, Norway, in the second stage of this research to avoid the overlap between the training data and
the testing data.
In total, we have five different datasets, but the Medico dataset is split into a development part and a test part for
the challenge. The training and testing columns indicate how the dataset was used in the experiments. Polyps and
non-polyps indicate the number of findings. Medico and CVC-356-plus represent a bias toward non-findings. CVC-
612-plus is a quite balanced dataset, and CVC-12k presents a bias toward findings. Datasets were chosen based on these
distributions to represent common cases in medical imaging datasets.

colitis), endoscopic polyp removal cases (dyed and lifted polyp, dyed resection margin), and normal findings
(normal colon mucosa, stool) in the GI tract. The dataset also contains images with different degrees of the Boston
Bowel Preparation Scale (BBPS), ranging from 0 to 3. Some of the original images contain the endoscope position
marking probe. These are seen as a small green box located in the bottom corners, showing its configuration
and location of the image frame. The images used in the study were captured using an electromagnetic imaging
system (Scopeguide, Olympus, Europe) [51]. In Table 3, we present a summary of the uses of the 2018 Medico
dataset and other datasets for polyp and non-polyp classifications.

The Medico development dataset was used to train our ML models in the first stage. However, this dataset
consists of a highly imbalanced number of images, as summarized in Table 2. Within this, the out-of-patient
class had only 4 images to train our models. Therefore, only in the first stage, we used an additional 30 images
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Fig. 7. Ratios of findings to non-findings in the datasets (polyp/non-polyp). The X axis represents the different datasets used
for the binary classification. The Y axis represents the percentage of polyps and non-polyps. The numbers inside the bars
show the actual number of polyp and non-polyp images.

that were selected randomly from the Internet to fill this class in the training dataset. These were images of
flowers, vehicles, and other general stuff in our everyday life and did not have any relationship with this class.
The advantage of this technique is discussed in the discussion of Section 6.

When we discussed the ML models’ generalizability in the second part of the article, we used the CVC datasets
to retrain and test our models. The CVC-356-plus dataset is the modified version of the CVC-356 [6, 7, 73]
dataset that has only polyp images. In that modification, we added 1,929 non-polyp images from the CVC-12k
[4, 5] dataset to the CVC-356 dataset and created a new dataset called CVC-356-plus. Similarly, the CVC-612-plus
dataset was created by extending the CVC-612 dataset [6, 7, 73]. For this CVC-612-plus dataset, we added 704
non-polyp images extracted from new GI tract videos collected by the Bærum Hospital, which is part of the
Vestre Viken Hospital Trust in Norway. The content of the CVC-12k dataset underwent a minor reorganization
by filtering and grouping polyp and non-polyp images into two separate folders. However, the content and
number of images in CVC-12k were not otherwise changed. Therefore, we refer to it by its common name.

In the second part of our research, we used the CVC-356-plus and CVC-612-plus datasets for retraining our
models to classify polyps and non-polyps. In only this part of the research, we replaced 1,929 non-polyp images
of the CVC-356-plus dataset with 1,171 newly extracted images from a clean and healthy colon video collected
from the same hospital. We did this modification to avoid the overlap between the non-polyp images of the
CVC-356-plus training dataset and the CVC-12k testing dataset.

For the dataset preparation stage, we focused on the number of polyp and non-polyp images in each dataset
to analyze the correlation between the data distribution and the model performance. A bar graph of this data
distribution is illustrated in Figure 7. We chose to include different proportions for the number of polyps and non-
polyps to keep diversity of data percentages in each test case. In the CVC-356-plus dataset, the polyp percentage
is low compared to the non-polyp percentage. In the CVC-612-plus dataset, percentages of polyps and non-polyps
are around 50%. In contrast, the CVC-12k dataset has a higher polyp percentage than the non-polyp percentage.
Due to this, we can study the effects of data imbalance in the training and testing datasets on the performance
and interpretability of the metrics.

5.2 Analyzing Results
We discuss our results in two main sections: (i) the 16-class classification task based on the 2018 Medico Task
and (ii) the polyp and non-polyp classification task to analyze generalizability of ML models.
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Table 4. Evaluation Results of the 2018 Medico Task (as Provided
by the Organizers of the 2018 Medico Task) [71] for the Five

Methods Used in This Article

Method REC PREC SPEC ACC MCC F1
1 0.8457 0.8457 0.9897 0.9807 0.8353 0.8456
2 0.8457 0.8457 0.9897 0.9807 0.8350 0.8457
3 0.9376 0.9376 0.9958 0.9922 0.9335 0.9376
4 0.9400 0.9400 0.9960 0.9925 0.9360 0.9400
5 0.9458 0.9458 0.9964 0.9932 0.9421 0.9458

Based on the official results, method 5 was the best one based on the MCC score.

Fig. 8. Performance comparison of all five classification models for the 16 classes of the 2018 Medico test dataset. Methods
1 and 2 are similar in results but different from the other three methods (note that measurements start at 0.75).

5.2.1 16-Class Classification. In this 16-class classification task, the training dataset of the 2018 Medico Task
was split into a 70% training dataset and a 30% validation dataset. Then, the test data given by the organizers
was used to test the performance of five methods for classifying 16 classes of the GI tract findings.

We evaluated our five models based on the results collected by the organizers. The evaluated results of the main
five models are tabulated in Table 4. With an MCC score of 0.9421, method 5 showed the best performance for
classifying the 16 classes of GI tract findings. However, our GF-based approaches did not show results competitive
with the DNN methods. The GF model introduced in method 1 could reach an MCC score of 0.8353. This result
showed the best performance record for a GF-based method. A clear performance difference between the GF-
based methods and the DNN-based methods can be seen in Figure 8. In this plot, we compared this performance
difference using six performance measures: recall (REC), precision (PREC), specificity (SPEC), accuracy (ACC),
MCC, and F-score (F1). According to this plot, it is clear that the areas of the hexagons covered by the GF methods
are smaller than the areas covered by DNN methods. These results imply that three DL methods outperform two
GF methods.

The CM of method 5 collected from the organizers of the 2018 Medico Task is tabulated in Table 5 for the
in-depth investigation. According to the CM, we can identify two main bottlenecks to improve the performance
of method 5. The first one is misclassification between esophagitis and normal-z-line, and the second one is
misclassification between dyed-lifted-polyps and dyed-resection-margins. Therefore, images from these classes
were manually examined to identify the reasons for these misclassifications. For the conflict between esophagitis
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Table 5. CM of Method 5 (Our Best Model) Based on the Medico Test Dataset

Actual Class
A B C D E F G H I J K L M N O P

Pr
ed

ic
te

d
Cl

as
s

Ulcerative-colitis (A) 500 — — — – — — — 39 — 3 — 1 1 — 7
Esophagitis (B) 3 432 48 — — — — — — — — — — — — —
Normal-z-line (C) 1 121 513 — — — — — — — — — 1 — — —
Dyed-lifted-polyps (D) 1 — — 522 31 — — — — — 2 — — — — 34
Dyed-resection-margins (E) — — — 33 532 — — — — — 1 — — — — 17
Out-of-patient (F) — — — — 1 5 — — — — — — — — — —
Normal-pylorus (G) 3 3 2 — — — 559 — — — 2 — — — — —
Stool-inclusions (H) — — — — — — — 501 7 — — — — — — —
Stool-plenty (I) 1 — — — — — — — 1,918 — — — — — — 1
Blurry-nothing (J) 1 — — — — — — — 1 37 — — — — — —
Polyps (K) 10 — — 1 — — 1 — — — 358 6 — 1 — 46
Normal-cecum (L) 18 — — — — — — — — — 6 578 — — — 2
Colon-clear (M) 1 — — — — — — 5 — — — — 1,063 — 1 —
Retroflex-rectum (N) 3 — — — — — — — — — 2 — — 188 1 —
Retroflex-stomach (O) — — — — — — 1 — — — — — — 2 395 1
Instruments (P) — — — — — — — — — — — — — — — 165

The diagonal value represents true predictions (number of images) of the model. A through P are the classes corresponding to the class
names in the first column. The most confusion can be observed between classes B and C, and classes D and E. Looking at the images, we
can see that they are quite similar in their visual features (colors, texture, etc.).

and normal-z-line, the reason is the very close locations of these two landmarks in the GI tract. However, the
confusion between dyed-lifted-polyps and dyed-restrictions is caused because of the same color patterns and the
same texture structures of both types of images. With these limitations, method 5 showed the best performance
with an MCC of 0.9421, which was the important measurement to win the 2018 Medico Task. Based on the MCC
value, we won second place in the 2018 Medico Task. The winning team [25] relabeled the development dataset
and also generated more images out of the provided instruments class by placing the instrument as a foreground
over the images of dyed-lifted-polyps, dyed-resection-margins, and ulcerative colitis to balance the instrument
class for improving performance. However, we developed the model by only using the images provided by the
task organizers for a fair comparison of the approaches with the limited dataset. Then, our next experiments were
conducted to find the reusability of these well-performed models in different datasets with polyp and non-polyp
categories (sub-categories of the 16 classes of primary tasks).

5.2.2 Polyp and Non-Polyp Classification Using the Pre-Trained Models. The following analysis was performed
to identify the polyp classification ability of our five models on the same test dataset and different CVC datasets.
The 16-class classification results collected from the Medico Task organizers were analyzed to calculate polyp
detection performance in the Medico test data. Moreover, our models were tested with the CVC-356-plus, CVC-
612-plus, and CVC-12k datasets without any modifications to the five models to compare the performance of
polyp detection.

According to the correct and incorrect classifications of polyps and non-polyps in the test datasets, the first
large column of Table 6 was calculated to measure the polyp detection performance of five models. In this eval-
uation process, all 15 classes except the polyp class were considered as the non-polyp classification because the
number of outputs is 16 in the first models. For comparison, the MCC values of these tests are plotted in Figure 9.
This graph shows that the polyp detection performance of the same dataset (the testing dataset of the Medico
Task) is higher than on the completely new datasets (CVC-356-plus, CVC-612-plus, and CVC-12k) for both the
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Table 6. Polyp Classification Results with and without Retraining for All Datasets and Methods

Without Retraining With Retraining to 2-Class Classification
M REC PREC SPEC ACC MCC F1 REC PREC SPEC ACC MCC F1

Te
st

D
at

as
et 1 0.7834 0.4899 0.9635 0.9558 0.5987 0.6028 0.9550 0.9630 0.6740 0.9553 0.5430 0.9590

2 0.7834 0.4899 0.9635 0.9558 0.5987 0.6028 0.9540 0.9630 0.6840 0.9537 0.5400 0.9580
3 0.9733 0.8088 0.9897 0.9890 0.8819 0.8835 0.9813 0.6577 0.9772 0.9773 0.7934 0.7876
4 0.9599 0.8467 0.9922 0.9908 0.8969 0.8997 0.9813 0.7384 0.9845 0.9843 0.8440 0.8427
5 0.9572 0.8463 0.9922 0.9907 0.8954 0.8984 0.9706 0.7516 0.9857 0.9850 0.8470 0.8471

CV
C-

35
6-

pl
us 1 0.3089 0.1053 0.5158 0.4835 −0.127 0.1571 0.8450 0.7990 0.1700 0.8446 0.0750 0.7780

2 0.3089 0.1053 0.5158 0.4835 −0.127 0.1571 0.8510 0.8420 0.2070 0.8512 0.1930 0.7930
3 0.7865 0.3738 0.7569 0.7615 0.4198 0.5068 0.8118 0.5547 0.8797 0.8691 0.5978 0.6591
4 0.6713 0.4003 0.8144 0.7921 0.4010 0.5016 0.6517 0.4150 0.8305 0.8026 0.4068 0.5071
5 0.6685 0.4837 0.8683 0.8372 0.4737 0.5613 0.6713 0.6408 0.9305 0.8902 0.5906 0.6557

CV
C-

61
2-

pl
us 1 0.7696 0.7969 0.8295 0.8016 0.6008 0.7830 0.6980 0.8070 0.6530 0.6983 0.4740 0.6590

2 0.7696 0.7969 0.8295 0.8016 0.6008 0.7830 0.7220 0.8170 0.6800 0.7218 0.5140 0.6910
3 0.8415 0.6242 0.5597 0.6907 0.4137 0.7168 0.8382 0.6136 0.5412 0.6793 0.3932 0.7086
4 0.8627 0.6559 0.6065 0.7257 0.4803 0.7452 0.8578 0.6890 0.6634 0.7538 0.5265 0.7642
5 0.8137 0.6501 0.6193 0.7097 0.4379 0.7228 0.8007 0.7061 0.7102 0.7523 0.5104 0.7504

CV
C-

12
k

1 0.4858 0.8391 0.5158 0.4907 0.0012 0.6154 0.1650 0.7880 0.8370 0.1651 0.0130 0.0530
2 0.4858 0.8391 0.5158 0.4907 0.0012 0.6154 0.1650 0.8210 0.8380 0.1699 0.0290 0.0630
3 0.6112 0.9289 0.7569 0.6347 0.2722 0.7373 0.6033 0.9631 0.8797 0.6479 0.3558 0.7419
4 0.6236 0.9458 0.8144 0.6544 0.3241 0.7517 0.6459 0.9519 0.8305 0.6757 0.3539 0.7696
5 0.5936 0.9591 0.8683 0.6379 0.3401 0.7333 0.5576 0.9766 0.9305 0.6178 0.3595 0.7099

M, method.
For training, 2018 Medico development data was used. We can observe that for some datasets, retraining seems to improve performance.

Fig. 9. Polyp and non-polyp classification capabilities (based on MCC) of all five methods that were trained using 2018
Medico development data to classify 16 classes. For most cases, methods 3 through 5 perform best. For the CVC-612-plus
test data, methods 1 and 2 perform best.
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GF-based approaches and the DNN approaches. This is the first analysis, and we emphasize that it shows that
researchers need to do cross-dataset evaluations to prove the real capabilities of ML models.

From the first column of Table 6 and Figure 9, it is clear that the performance of the GF methods for different
datasets (CVC-356plus, CVC-612-plus, and CVC-(356+612) dataset) is unpredictable because it presents huge
value fluctuations in the graph with a negative MCC value. This shows the incapability of GF methods to make
predictions on different datasets. The negative values of MCC in this experiment, such as −0.127 for the CVC-
356-plus dataset, indicate that there is no agreement or only a non-relevant relationship between target and
prediction. An MCC around zero would mean that the classifier is deciding randomly, and MCCs above zero
would indicate correct classification. The closer to –1 or 1, the stronger the indication for being wrong or correct,
respectively. However, the polyp detection performance of the GF-based methods in the CVC-612-plus dataset
outperforms the DNN methods with an MCC value of 0.6008, whereas the best DNN method shows an MCC value
of 0.4803. This prediction accuracy of the GF methods can be identified as an erroneous prediction, because the
performance of this method for the other two CVC datasets shows poorer MCC scores than those of DNN-based
approaches. Moreover, the DNN-based approaches show considerable steady MCC values for all new datasets,
implying that the DNN methods are more generalizable than the GF methods.

Because the performance gap between the 16-class classification and polyp classification showed differences,
we retrained our models to classify only the polyp and non-polyp classes. Therefore, our next experiments
were performed to test how retraining our five ML models to classify polyps and non-polyps will influence
performance.

For the retraining experiments, we first retrained the two GF methods with new ARFF files generated for
polyp and non-polyp categories. Second, in the retraining stage of the three DNN methods, we changed only the
last layer into two outputs. However, we did not change the loss function from categorical cross-entropy into
binary cross-entropy because two-class categorical cross-entropy is equal to binary cross-entropy. Moreover, we
retained the original optimization functions. Then, we retrained all five models using the same Medico dataset,
which has only polyp and non-polyp classes. The results of these experiments are tabulated in the right columns
of Table 6.

The results in Table 6 show that it can be difficult to evaluate the models and interpret the results after re-
training for two-class classification. All MCC values of the five methods tested on the CVC-356-plus data show
improvements. Similarly, for the CVC-612-plus test data, methods 4 and 5 show performance improvements
from MCC values of 0.4803 and 0.4379 to 0.5265 and 0.5104, respectively. In contrast, methods 1, 2, and 3 show
a performance drop, which is indicated by MCC values 0.6008, 0.6008, and 0.4137 reduced to 0.4740, 0.5140, and,
0.3932, respectively. Therefore, we extended our experiment by introducing additional retraining options with
the CVC-356-plus and CVC-612-plus datasets. After that, the retraining process can be categorized as retraining
the models to classify polyps and non-polyps using (i) only the same Medico training dataset (as tabulated in
Table 6), (ii) the Medico dataset with the CVC-356-plus dataset, (iii) the Medico dataset with the CVC-612-plus
dataset, and (iv) the Medico dataset with the CVC-356-plus and CVC-612-plus datasets. Then, our testing datasets
are limited to two datasets: the Medico test dataset and the CVC-12k dataset. Results related to these new retrain-
ing processes can be seen in Table 7. When the models are trained using the balanced CVC-612-plus dataset in
combination with the 2018 Medico development data, the DNN models show better MCC values (0.8189, 0.8555,
and 0.8606) for methods 3, 4, and 5, respectively. This is true for the Medico test data and the two smaller CVC
datasets. Moreover, the MCC values for the CVC-12k test data also achieve the best MCC values of 0.1421, 0.1418,
and 0.1802 for methods 3, 4, and 5. An important observation from the CVC-12k dataset is also that looking at all
other metrics but MCC and specificity could mislead to the assumption that the results are good—for example,
scores above 0.8 for accuracy, which is often used as the only indicator for performance in similar studies.

In the first comparison, we plotted performance changes for the retraining with the different training datasets
and tested them on the Medico test dataset. The changes in the Recall (REC), Precision (PREC), Specificity (SPEC),
Accuracy (ACC), MCC, and F-score (F1) values can be seen as hexagon plots in Figure 10(a), (c), (e), (g), and (i),
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Fig. 10. Polyp and non-polyp classification using the proposed ML methods: 1, 2, 3, 4, and 5. The first column (sub-figures
(a, c, e, g, i)) shows the results of the Medico test dataset, and the second column (sub-figures (b, d, f, h, j)) shows the results
of the CVC-12k dataset. The methods are represented as follows: (a) and (b) for method 1, (c) and (d) for method 2, (e) and
(f) for method 3, (g) and (h) for method 4, and (i) and (j) for method 5, respectively.
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Table 7. Evaluation Results on Using CVC-356-plus and CVC-612-plus Combined as Training
Data with Retraining to Classify Polyps and Non-Polyps

MedicoTest Data CVC-12k
M REC PREC SPEC ACC MCC F1 REC PREC SPEC ACC MCC F1

Re
tra

in
in

g
D

at
as

et
sw

ith
M

ed
ic

o
D

at
a

CV
C-

35
6-

pl
us 1 0.9550 0.9610 0.6230 0.9549 0.5160 0.9570 0.5840 0.7040 0.3090 0.5836 −0.084 0.6320

2 0.9520 0.9620 0.6710 0.9521 0.5260 0.9560 0.5810 0.7100 0.3360 0.5807 −0.065 0.6310
3 0.9626 0.6630 0.9781 0.9775 0.7887 0.7852 0.8423 0.8565 0.2665 0.7494 0.1052 0.8493
4 0.9599 0.7526 0.9859 0.9848 0.8427 0.8437 0.9192 0.8481 0.1441 0.7941 0.0810 0.8822
5 0.9706 0.7773 0.9876 0.9868 0.8623 0.8633 0.8694 0.8507 0.2068 0.7625 0.0802 0.8599

CV
C-

61
2-

pl
us 1 0.9510 0.9590 0.6270 0.9508 0.4970 0.9540 0.5840 0.7030 0.3040 0.5842 −0.087 0.6320

2 0.9530 0.9610 0.6430 0.9530 0.5160 0.9560 0.6400 0.6970 0.2240 0.6395 −0.117 0.6660
3 0.9652 0.7092 0.9823 0.9816 0.8189 0.8177 0.9325 0.8546 0.1752 0.8103 0.1421 0.8918
4 0.9572 0.7766 0.9877 0.9864 0.8555 0.8575 0.9336 0.8544 0.1731 0.8109 0.1418 0.8922
5 0.9626 0.7809 0.9879 0.9868 0.8606 0.8623 0.9486 0.8571 0.1778 0.8242 0.1802 0.9005

CV
C-

{3
56

+6
12

} 1 0.9500 0.9600 0.6480 0.9503 0.5050 0.9540 0.6180 0.6930 0.2280 0.6179 −0.129 0.6520
2 0.9500 0.9610 0.6710 0.9503 0.5170 0.9550 0.7200 0.7010 0.1820 0.7199 −0.105 0.7100
3 0.9733 0.5909 0.9699 0.9700 0.7458 0.7354 0.9537 0.8479 0.1109 0.8177 0.1028 0.8977
4 0.9545 0.7596 0.9865 0.9851 0.8443 0.8460 0.9543 0.8463 0.0995 0.8164 0.0874 0.8971
5 0.9599 0.7771 0.9877 0.9865 0.8571 0.8589 0.9278 0.8462 0.1239 0.7981 0.0699 0.8851

The 2018 Medico test dataset and the CVC-12k dataset are the test datasets. Using the balanced CVC-612-plus as training data, we achieve
the best results. Combining CVC-356-plus and the CVC-612-plus does not improve performance. Overall, the performance is better on the
Medico test dataset.

which correspond to methods 1, 2 ,3, 4, and 5, respectively. In these plots, T1 is used to present performance
values before retraining the ML models into 2-class classification (binary classification). In this case, 15 classes
except for the polyp class of the 16 classes were considered as the non-polyp class, and the polyp class is counted
as the same polyp class. Furthermore, from T2 to T5, lines are used to present models with only two outputs.
The T2 plot represents models’ performance for the retraining using the Medico training dataset. Similarly, T3,
T4, and T5 represent the retraining process using the Medico dataset and the CVC-356-plus dataset, the Medico
dataset, and the CVC-612-plus dataset, and the Medico dataset, the CVC-356-plus dataset, and the CVC-612
dataset, respectively.

In the second series of experiments in this session, the same experiments were performed and tested on the
CVC-12k dataset. The results obtained from these experiments are tabulated in Tables 6 and 7. Then, relevant
results from these tables are plotted in Figure 10(b), (d), (f), (h), and (j). These plots use line notations similar to
the preceding experiments.

Using the plot series in Figure 10, we can examine the reusability of ML models to classify polyps and non-
polyps, which are sub-classes of the primary classes on the task. For example, if we compare plots in Figure 10(a)
and (b), then we can know how method 1 performs to classify polyps and non-polyps within the test dataset the
same as the training dataset and within an entirely new dataset. While investigating these plots, the proportion
of the number of polyps and non-polyps is an important factor in explaining the shape of these hexagon plots.

If we compare the GF methods (Figures 10(a) through (d)) and the DL methods (Figures 10(e) through (j)), it
is clear that the DL methods outperform the GF methods in both the Medico Task and polyp classification task
introduced in this article. This implies that the DL methods are capable of extracting deep features that cannot be
extracted by manual feature extraction methods used by the GF methods. With the retraining process in the GF
methods, we can see performance differences between the Medico dataset and the CVC-12k dataset. The main
conclusion that we make is that GF-based methods are not able to capture the underlying patterns that would
allow for efficient classification; thus, their performance is low.
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Fig. 11. ROC and Precision-Recall Curve (PRC) curves for method 5 trained on the CVC-356-plus and CVC-612-plus datasets
as mentioned in the legends. Testing datasets are the CVC-12k and Medico test datasets. Overall, good performance can be
observed in both ROC and PR curves. For CVC-12k, the PR curve shows the interesting case of a high random baseline for
a biased dataset.

Plots in the first and second columns in Figure 10 show completely different behaviors for the same retraining
process when we use different test datasets. The test dataset for the first column comes from the same domain
as the training data, and the test dataset for the second column comes from the completely new domain, such
as the CVC-12k dataset. To investigate these unusual performance changes, we generated and examined ROC
and PR curves for the best DNN model (method 5). The ROC and PR curves for method 5 with the Medico test
data (for the plot in Figure 10) are depicted in Figure 11(a) and (c). Similarly, the ROC and PR curves for method
5 with CVC-12k data (for the plot in Figure 10) are plotted in Figure 11(b) and (d).

Analysis of ROC curves is more robust for ML models that are used with balanced datasets, whereas PR curves
are more valuable for ML methods when the methods engage with imbalanced datasets. However, we have used
both curves in this paper to investigate the behavior of these curves while we are using highly imbalanced
datasets. Consequently, the PR curves show completely different baseline values of 0.0483 for the Medico test
dataset and 0.8386 for the CVC-12k dataset. The small baseline value arises in the plot in Figure 11(c) as a result
of small polyps to the non-polyp proportion in the Medico test dataset. Conversely, the high baseline value in
Figure 11(d) appears there as an effect on a high ratio of polyps to non-polyps.

To get a better understanding of the above plots, we selected the plots in Figure 10(i) and (j), and ROC
and PR curves in Figure 11. With this selection, first, we analyzed T1 and T2 from the hexagon plots and the
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Table 8. Method 5: Training Only the MLP vs. the Complete DNN

Test Training Only the MLP Training the Whole DNN
Data T REC PREC SPEC ACC MCC F1 REC PREC SPEC ACC MCC F1

M
ed

ic
o

Te
st

D
at

a T1 0.9572 0.5859 0.9698 0.9692 0.7357 0.7269 0.9706 0.7773 0.9876 0.9868 0.8623 0.8633
T2 0.9599 0.7804 0.9879 0.9867 0.8591 0.8609 0.9626 0.7809 0.9879 0.9868 0.8606 0.8623
T3 0.9626 0.6316 0.9749 0.9744 0.7684 0.7627 0.9599 0.7771 0.9877 0.9865 0.8571 0.8589

CV
C-

12
k T1 0.6984 0.8972 0.5842 0.6799 0.2184 0.7854 0.8694 0.8507 0.2068 0.7625 0.0802 0.8599

T2 0.7588 0.8993 0.5583 0.7265 0.2565 0.8231 0.9486 0.8571 0.1778 0.8242 0.1802 0.9005
T3 0.7614 0.8933 0.5272 0.7236 0.2352 0.8221 0.9278 0.8462 0.1239 0.7981 0.0699 0.8851

T, the additional training dataset that was added to the Medico dataset; T1, Medico dataset + CVC-356-plus; T2, Medico dataset + CVC-612-
plus; T3, Medico dataset + CVC-356-plus + CVC-612-plus.

corresponding ROC and PR curves. Although T2 shows a performance loss compared to T1 in Figure 10(i),
Figure 10(j) shows that T2 achieves a performance improvement over T1. Next, we look for the reasons for these
performance changes.

In method 5, the model with the 16 outputs corresponding to T1 has 15 choices to classify non-polyp images.
Similarly, the Medico test dataset has more non-polyp images than polyp images. However, the model corre-
sponding to T2 has a 50% chance to classify both polyps and non-polyps. As a result, the model of T1 shows
better performance than the model of T2 in Figure 10(i). Because this shows a slight performance change, we
cannot see the same difference in ROC and PR curves in Figure 11(a) and (c). In contrast, T2 in the plot in
Figure 10(j) shows performance improvement when the model has a 50:50 chance for classifying polyps and
non-polyps. This improvement occurred as a result of a large number of polyps in the CVC-12k dataset. The
ROC and PR curves in plots in Figure 11(b) and (d) show this performance difference precisely. In other words,
the model of T2 has a better chance of classifying polyps compared to the 1/16th chance in the model of T1.

The retrained models corresponding to T3, T4, and T5 do not show considerable performance changes for the
Medico test dataset, as we can see from plots in Figure 10(i), (a), and (c). Conversely, the retraining method used
in T3, T4, and T5 for the CVC-12k dataset shows large performance changes in the plots in Figure 10(j), (b), and
(d). However, these methods show an overall performance loss. More comparisons on these plots are discussed
in Section 6.

For the following experiments, we analyzed method 5 even further. The main focus of this analysis is to
understand the behavior of the best model for training only the MLP versus training the whole DNN. In this
experiment, we collected results for two main test datasets: the Medico test dataset and the CVC-12k dataset.
Then, we collected performance measures from the two training mechanisms: training only the MLP and training
the whole DNN. Furthermore, results were tabulated in Table 8, and corresponding graphs were depicted in
Figure 12 to analyze them.

The first row of Figure 12 shows the differences in the performance of testing with the Medico test data.
In the second row, it presents the performance changes for the CVC-12k dataset. The dotted lines in plots in
Figure 12 represent training MLP. Similarly, the dashed lines represent training the whole DNN. The three plots
of each row represent results of retraining the model with the Medico training data and CVC-356-plus dataset,
the Medico training data and CVC-612-plus dataset, and the Medico training data and both CVC-356-plus and
CVC-612-plus datasets, respectively.

According to the plots in Figure 12(a) through (c), it is clear that retraining the whole DNN can be used to
improve the overall performance of the DNN model because we can see performance improvement in these plots
except in Figure 12(b), which shows closely equal performance metrics. However, in test cases with the CVC-12k
dataset, it shows a completely new behavior for retraining the whole DNN as depicted in Figure 12(d) through (f).
These plots show large changes in the performance hexagons with considerable positive improvements for the
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Fig. 12. Behavior of the complex DNN method (method 5) while training only MLP compared to training the whole DNN.
The first row shows the effects for both cases when the test dataset is the Medico test data, and the second row shows
the result when the test dataset is the CVC-12k dataset. T1, T2, and T3 represent the training dataset used for the model.
(T1, Medico training dataset + CVC-356; T2, Medico training dataset + CVC-612; T3, Medico training dataset + CVC-356 +
CVC-612.)

recall and considerable performance loss for the specificity values. This experiment also shows that researchers
could be misled by the performance monitoring process of DNN methods using a single dataset. In other words,
according to the first row of the figure, researchers may conclude that retraining the whole DNN is a positive
factor. However, the results of the second row prove that it is not always true by showing performance losses
for the same technique.

The results presented in plots in Figure 12 show difficulties in adapting ML models for cross-dataset general-
ization with a different perspective. In that experiment, the performance loss in specificity, which is a parameter
of reflecting True Negative (TN) detection, shows that method 5 is affected by imbalanced data in the CVC-12k
dataset. The main reason for the effect is that the CVC-12k dataset contains a lower percentage of negative
images compared to positive ones. This reflects an important factor to take into account when developing gen-
eralizable ML models, which is that the ratio of negative and positive findings needs to be taken into account
when looking at metrics. Metrics such as MCC are better suited to interpret results. In terms of ROC compared
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to the PR curve, the results show that the PR curve reflects the performance of the model more realistically than
ROC.

6 DISCUSSION
In this section, we present our findings and point out several important considerations for future research. Our
discussion follows the same sequence as our contributions in this article.

In our experiments, combinations of ResNet-152, DenseNet-161, and an additional MLP produced the best
result for the Medico 2018 dataset. The reported results from this model for the Medico Task led us to hold
second place based on the MCC values calculated by organizers, and there was only a tiny gap of around 0.0029.
Furthermore, the winning team of this competition used additional data items that were made by photo-editing
tools for the imbalanced classes, such as the out-of-patients class. In contrast to this, our method 5 works well
without using manually annotated data items because of the procedure we followed to implement and train that
model. The procedure of implementing such a complex model is described step by step in Section 4.3, and anyone
can follow these steps to get a well-performing DL model in a classification task.

In addition to the implementation and the procedure used in method 5, the data-filling mechanism used to fill
the out-of-patient imbalance class shows impressive performance gain. This method is preferred when one class
has a small number of data items in a multi-class classification task. In our work, without annotating more data
ourself, which also requires the help of medical experts, we prefer to use random images from the Internet, as
described in Section 5.1. This is an efficient way to add more data items without spending more time on manual
annotation or creating synthetic data items. The preceding method works because the random images influence
the ML models to make a wider range of possibilities to classify images into a particular class.

Dyed-lifted-polyps, dyed-resection-margins, esophagitis, and normal-z-line raised classification conflicts in
our best method (method 5). If we could overcome these conflicts, then the model would perform better than
the current recorded performance in the 2018 Medico Task. To identify the reasons for these classification con-
flicts, we manually investigated the images of these classes. If we compare sample images of dyed-lifted-polyps
(Figure 1(c)), dyed-resection-margins (Figure 1(d)), esophagitis (Figure 1(e)), and normal-z-line (Figure 1(i)), then
we can identify that this conflict was caused as a result of similar texture and shapes of these images. To over-
come this problem, researchers can select only the images that made the conflict and train a new DL model to
classify them into the correct classes. Then, this model can be added to the model introduced in method 5 using
the property of its expandability.

Can we use our best DL model for real systems in hospitals to classify GI findings? Or can we use the state-of-
the-art ML classification models introduced by researchers in real applications? Toward answering this question,
this article focuses on deep evaluations of the proposed methods as one of the main contributions. Regularly,
researchers present the performance of their classification models using only a test dataset, which was reserved
from the dataset used to produce the training data. In addition, they measure the performance by selecting only
a few measurements out of the REC, PREC, SPEC, ACC, MCC, and F1. However, we emphasize the requirements
of an in-depth analysis of all of these six parameters at once to identify the real performance of ML models.
Several of the works listed in Table 1 do not use this methodology as part of their evaluations. This makes it
difficult to reason about the real-world performance of the proposed methods and how they compare with other
methods. In this article, we also consider the importance of evaluating ML models with cross-datasets.

Why do we need cross-dataset evaluations? To explain this requirement, we consider the research work done
by Wang et al. [75]. They presented an area under the ROC curve of 0.984 and a per-image sensitivity of 94.38 for
polyp detection. In our first look, these results show a good DL model. Similarly, our results in Figure 10(i) and
11(a) and (c) reflect the same impression in the first look because it shows excellent performance as a DL model.
However, after analyzing cross-dataset performance for polyp detection with a completely new dataset like CVC-
12k, we recognized that performance gain is not enough for applying it in real applications. Therefore, from this
work, we emphasize that researchers want to consider cross-dataset evaluations thoroughly before applying
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their solutions in real-world applications. Otherwise, the selection bias, the capture bias, and the category bias
(label bias) problems may appear in the results. Then, we may end up with the wrong conclusion about research
works. All of these facts imply that more research must be performed to improve the generalizability along with
the performance improvement on a single dataset or single data source.

7 CONCLUSION
We studied cross-dataset bias and evaluation metrics interpretation in ML using five methods and four different
datasets within the field of GI endoscopy as respective use case. In particular, we performed an extensive study of
ML models in the context of medical applications based on a use case of GI tract abnormality classification across
different datasets. The main conclusion and resulting recommendation is that a multi-center or cross-dataset
evaluation is important, if not essential, for ML models in the medical field to obtain a realistic understanding of
the performance of such models in real-world settings.

We found that the combination of DNN ResNet-152 and DenseNet-161 with an additional MLP performed best
on both the validation and test datasets. This model shows that a combination of multiple pre-trained DNN mod-
els can have better capabilities to classify images into the correct classes because of their cumulative decision-
making capabilities. We also proposed an evaluation method using six measures: REC, PREC, SPEC, ACC, MCC,
and F1. Moreover, we suggest that these measures should be presented all at once using hexagon plots that con-
vey a complete view of real performance. It is our hope that these tools can enable a more realistic evaluation
and comparison of ML methods.

Furthermore, we presented cross-dataset evaluations to identify the generalizability of our ML models, empha-
sizing the fact that achieving high scores for evaluation metrics does not always represent the real performance
of ML models and should be interpreted with care. By evaluating the ML models with cross-datasets experiments,
we showed the complexity of understanding the real functional performance of the models. The state-of-the-art
research works that perform classification cannot be used in practical applications because of their lack of gen-
eralizability. Based on the experimental results, we conclude that researchers should focus on implementing and
researching generalizable ML models with cross-dataset evaluations. Rather than presenting metrics calculated
from a simple training and testing split of the data, we suggest to always rely on cross-dataset evaluation to obtain
a real-world representative indication of model performance. This is especially important in a medical context
because one has to make sure that the obtained models are reliable and not just perform well on a specific dataset.

Finally, we want to point out that the lack of generalization, as evidenced by the poor result for cross-dataset
evaluation presented in this article, rises a very important question: in the context of cross-dataset or multi-
center studies, is it really possible to have generalizable ML models? This is something that we ourselves plan
to investigate further in future work, and it is ou hope that other researchers in computer science and medicine
will do the same or at least have the question in their mind when performing similar studies.
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Abstract. Colonoscopy is the gold standard for examination and de-
tection of colorectal polyps. Localization and delineation of polyps can
play a vital role in treatment (e.g., surgical planning) and prognostic
decision making. Polyp segmentation can provide detailed boundary in-
formation for clinical analysis. Convolutional neural networks have im-
proved the performance in colonoscopy. However, polyps usually pos-
sess various challenges, such as intra-and inter-class variation and noise.
While manual labeling for polyp assessment requires time from experts
and is prone to human error (e.g., missed lesions), an automated, accu-
rate, and fast segmentation can improve the quality of delineated lesion
boundaries and reduce missed rate. The Endotect challenge provides an
opportunity to benchmark computer vision methods by training on the
publicly available Hyperkvasir and testing on a separate unseen dataset.
In this paper, we propose a novel architecture called “DDANet” based
on a dual decoder attention network. Our experiments demonstrate that
the model trained on the Kvasir-SEG dataset and tested on an unseen
dataset achieves a dice coefficient of 0.7874, mIoU of 0.7010, recall of
0.7987, and a precision of 0.8577, demonstrating the generalization abil-
ity of our model.

Keywords: Polyp segmentation, Deep Learning, Convolutional neural
network, Benchmarking

1 Introduction
Colorectal cancer is one of the leading causes of cancer. Colonoscopy is a stan-
dard medical procedure for the surveillance examination and treatment. Regular
screening and removal of pre-cancerous lesions through colonoscopy is essential
for early cancer detection and prevention. Studies suggest that the miss-rate of
adenoma is between 6 to 27% [1].

The automatic segmentation of the suspected areas with lesions in colonoscopy
images can play a crucial role, and identifying each colon pixel can significantly
impact clinical settings. With the increase of publicly available datasets, dom-
inant methodology such as convolutional neural network, improved hardware,
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and collaboration between computational and clinical communities to tackle the
problems in endoscopic imaging through computer vision tasks is gaining mo-
mentum than ever before. An automatic polyp detection or surveillance system
can help to achieve low-cost design solutions and save time of clinicians allowing
them to use their time to look into more severe cases.

In this respect, the Endotect challenge [8] offers three tasks, namely, detection
of Gastrointestinal (GI) tract images, efficient detection on the same images,
and automatic polyp segmentation. The detection and efficient detection task
are based on the HyperKvasir dataset [5], and the segmentation is based on
the Kvasir-SEG dataset [12]. Out of these three tasks, we participated in the
“segmentation task”, where the goal was to generate an automatic segmentation
of the polyps for the unseen dataset.

In this paper, we propose a novel deep learning architecture, called Dual
Decoder Attention Network (DDANet), for automatic polyp segmentation. It
follows an encoder-decoder scheme and incorporates a single encoder that is
shared by two parallel decoders, where the first decoder acts as a segmentation
network and the second decoder acts as an autoencoder network. The autoen-
coder network helps to strengthen the feature maps in the encoder network. It is
used as an auxiliary task training, which is used to generate an attention map.
This attention map is used in each decoder to improve the semantic representa-
tion of the feature maps. This, in turn, helps to improve the performance of the
entire network. The proposed DDANet is fed with an RGB input image,where it
predicts the segmentation mask and the reconstructed grayscale image. The ar-
chitecture is efficient in terms of Frame per Second (FPS) and also has a decent
evaluation score. These metrics are the requirement for the real-world settings
toward developing a Computer Aided Diagnosis (CADx) system.

2 Related Work

Automatic polyp segmentation task is a well-defined computer vision problem.
Recently, there have been several competitions [4, 3, 2, 10] and individual ef-
forts [7, 13, 11, 6, 9] toward building a CADx system for the polyp segmentation.
With these competitions and individual efforts, polyp segmentation is becoming
more and more mature. However, comparing models and results of the many
individual approaches is difficult due to the use of diverse (often publicly non-
available) datasets and different hardware. In this respect, competitions provide
an opportunity to benchmark and compare the designed methods with other
competitors’ on the same dataset. Moreover, the evaluation metrics are inde-
pendently calculated by the organizers, including the ranking decision of each
team.

The competitions can help us to define the strengths and weaknesses of each
method. It also provides us with an opportunity to disseminate methods and
discuss the results collectively in the same space. Through this year’s Endo-
tect challenge, we provide a novel solution to develop more efficient algorithms
that can be useful to build an automatic polyp segmentation system. Our archi-
tecture is composed of an autoencoder branch in addition to the segmentation
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Fig. 1: DDANet architecture and its components.

branch, which is different from other encoder-decoder based network (for exam-
ple, UNet [14], ResUNet++ [13], DoubleUNet [11]). The benefit of incorporating
autoencoder in the network can be seen from the quantitative and qualitative
results.

3 DDANet

In this section, we will first describe each component of our DDANet and then
detail the overall proposed DDANet architecture.

3.1 Residual block

As the network depth increases, the performance also increases to a certain limit
as the gradients can be effectively calculated. However, after a certain depth, the
performance of the model may be impacted due to the vanishing or exploding
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gradients as the gradients become either zero or too large. By introducing a
skip-connection in residual learning, the problem of the vanishing or exploding
gradients has been solved. Our residual block (see Figure 1a) consists of two 3×3
convolutions, each followed by a batch normalization and a Rectified linear unit
(ReLU) activation function. The residual learning introduces a shortcut connec-
tion or identity mapping, which connects the input with the residual block’s
output. The identity mapping tries to learn an identity function since the input
is directly passed to the output. It also helps in a better flow of the gradients
during the backpropagation.

3.2 Squeeze and Excitation block

A Convolutional Neural Network (CNN) is used to extract features from an
image and then transform the image into a feature map. A problem with CNNs
is that they treat every feature channel as equally important. To overcome this
problem, we introduce a squeeze and excitation layer, which acts as a channel-
wise attention mechanism. It re-weights every feature channel accordingly to
create a more accurate feature map. In this way, the overall network becomes
more sensitive towards essential features that improve the network performance
significantly. The squeeze and excitation network mainly consists of two steps. In
the first step, the feature maps are compressed using the global average pooling
function to generate a compressed representation for the feature maps. While,
in the second step, a 2-layered neural network is used, where features are first
reduced and then expanded. This generates a feature vector, which is used to
scale the feature channels.

3.3 The DDANet architecture

The proposed architecture named DDANet follows an encoder-decoder design
similar to ResUNet++ [13]. The DDANet combines the strength of the residual
learning and the squeeze and excitation network. The proposed DDANet is a fully
convolutional network that consists of a single encoder shared by dual decoders.
The encoder network consists of a 4 encoder block, whereas each decoder network
also consists of 4 decoder block (see Figure 1d).

The RGB input image is first fed into the encoder network (see Figure 1b),
which encodes it into an abstract feature representation while gradually down-
sampling it. The output of the encoder network is fed to both decoders (see
Figure 1c), where it is followed by a 4×4 transpose convolution that doubles its
spatial dimensions. After that, the image is concatenated with an appropriate
feature maps from the encoder network using the skip connection. These skip
connections fetch the features from earlier layers at their original resolution,
which increases their feature representation strength. The skip connections also
act as an alternative path for the gradient flow and are often beneficial for model
convergence.

Two residual blocks are then used to learn the necessary feature required
by the network during back-propagation. The output of the second decoder
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block (autoencoder branch) follows a 1× 1 convolution and a sigmoid activation
function to generates an attention map. This attention map is multiplied by the
output of the first decoder block (segmentation branch), which acts as an input
for the next decoder block in the segmentation branch. The final decoder block’s
output is passed through a 1× 1 convolution and a sigmoid activation function,
where the first decoder outputs a segmentation mask, and the second outputs
the reconstructed grayscale image.

4 Experimental Setup

In this section, we present the implementation details and datasets used in this
work.

4.1 Implementation Details

The proposed DDANet architecture is implemented in the PyTorch 1.6 frame-
work1. For training the DDANet, we used an NVIDIA DGX-2 machine that uses
an Nvidia V100 Tensor Core GPUs.During training, we have used an input image
resolution of 512× 512. We use a combination of binary cross-entropy and dice
loss for calculating the loss between the predicted masks and the ground-truth
masks. We have used binary cross-entropy in the case of predicting the grayscale
image. An Adam optimizer was used with a learning rate of 1e−4. The models
were trained for 200 epochs.

4.2 Datasets

The Kvasir-SEG [12] dataset was used for training the model. We have used
88% of the dataset for training and the remaining 12% images for development-
test-set. Kvasir-SEG consists of 1000 polyp images, ground truth segmentation
masks, and bounding boxes. A separate test dataset with 200 images was pro-
vided for prediction. However, the ground truth for this dataset was not provided
by the organizers. The exact number of images used for the training and testing
can also be found in our GitHub repository. More details about the dataset and
the baseline results on it can be found in [12].

5 Results

Table 1 shows the results of the DDANet trained and validated on Kvasir-SEG.
Additionally, evaluation scores on the test dataset can also be found here. The
evaluation metrics for the challenge was Dice Coefficient (DSC). However, we
have also calculated other commonly used metrics such as mean Intersection
over Union (mIoU), recall, precision, and FPS. The DDANet obtained a DSC
of 0.8576, a mIoU of 0.7800, a recall of 0.8880, and a precision of 0.8643. All
the metrics suggest that our method performs quite well on the Kvasir-SEG
dataset. When we compare the results with our previous results [13, 12], where

1https://github.com/nikhilroxtomar/DDANet
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Table 1: Quantitative results on Kvasir-SEG and unseen (Challenge) dataset.

Dataset Method DSC mIOU Recall Precision FPS

Kvasir-SEG DDANet 0.8576 0.7800 0.8880 0.8643 69.59

Unseen (Challenge) DDANet 0.7874 0.7010 0.7987 0.8577 70.23

Fig. 2: Qualitative results of the DDANet on the Kvasir-SEG test dataset. The
blue line divides the segmentation and the reconstruction part. Columns 4 and
5 show the reconstruction part that was used in the DDANet as an auxiliary
task.

the DSC values were 0.8133, and 0.7877, DDANet achieves a higher DSC of
0.8576. However, we can not compare directly with this work with our previous
works as a different train-test split of the dataset is used.

Figure 2 shows the qualitative results of the DDANet on Kvasir-SEG. The
figure shows that the proposed DDANet is able to segment both larger and
smaller polyps. However, the figure also shows the challenges in identifying the
flat polyps, which is one of the open issues in the field of development of CADx
systems for colonoscopy. From the quantitative results on development and un-
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seen test dataset, we can say that the proposed method is comprehensive in
producing reliable segmentation output.

6 Discussion
The qualitative results (see Figure 2) show that the proposed model was able
to segment polyps ranging from large to small (Figure 2), but still, challenges
remain within some polyps (for example, flat or sessile). We can also see a nearly
perfect reconstruction of the grayscale image. In the future, we would like to use
image super-resolution instead of just a grayscale image reconstruction.

From all the results, we can see that our method achieves high precision and
recall evaluation scores on both the Kvasir-SEG validation dataset and on the
unseen test dataset (see Table 1). Additionally, we also achieved a DSC of 0.7874
on the unseen dataset. Thus, high DSC, recall, and precision results validate our
proposed method. Moreover, our approach is quite fast with an average FPS of
70.23. Thus, the results show that our method can identify polyps in real-time.

7 Conclusion
The Endotect challenge [8] aims to benchmark various computer-vision ap-
proaches on the HyperKvasir dataset containing GI images and videos. Here,
we have proposed the DDANet architecture for automatic polyp segmentation,
and the proposed architecture provides good results in the segmentation task.
We have obtained a high precision, recall, DSC, mIoU, and FPS. However, there
are large rooms for improvements. We intend to further improve the architecture
by applying post-processing and analyzing the optimal parameters in the future.
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Abstract
Polyp segmentation is crucial for the diagnosis of colorectal cancer. Early detection and removal of polyps
can prolong the life of patients and reduce the mortality rate. Despite near expert-label performance with
applying the deep learning method in polyp segmentation tasks, the generalization of such models in
the clinical environment remains a significant challenge. Transfer learning from a large medical dataset
from the same domain is a common technique to address generalizability. However, it is difficult to find
a similar large medical dataset. In this work, we investigate the feasibility of building a generalizable
model for polyp segmentation using an ensemble of four MultiResUNet architectures, each trained on
the combination of the different centered datasets provided by the challenge organizers. Our method
achieved a decent performance of 0.6172 ± 0.0778 for the multi-centered dataset. Our findings show
that significant work needs to be done to design a robust segmentation model for the development of a
clinically acceptable system.

Keywords
Generalization, colonoscopy, convolutional neural network, polyp segmentation, health informatics

1. Introduction

The medical world concerned with the digestive system is currently in the midst of an uprising
wave of increased adaption and technology usage for automatic analysis and decision support.
With the increase of publicly available datasets, adapted methodologies such as convolutional
neural networks, improved hardware, and increased collaboration of computer scientists and
medical communities, this development is gaining more momentum than ever before. Global
Cancer Statistics 2020 (GLOBOCAN 2020) estimated colorectal cancer as the third most fre-
quently diagnosed cancer. Colorectal cancer accounts for 10.0% of total cancer, which is only 1%
below to the most frequently caused cancer, i.e., female breast cancer (11.7%) and lung cancer
(11.4%) [1]. Screening and removal of adenomatous polyps and other precancerous anomalies is
one of the best working methods for the early detection and avoiding colorectal cancer-based
mortality and incidence [2].
Deep learning-based methods have gained popularity in the development of the computer-

aided diagnosis (CADx) system for detection of the colorectal polyps [3, 4, 5]. The successful
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deployment of a CAD system for polyp segmentationwould require a trainedmodel that achieves
high performance on unseen datasets irrespective of different hospitals, cohort populations, and
imaging protocol. However, deep learning algorithms are data-driven. The desired generalizable
algorithms would require large, high-quality, and diverse datasets samples to train algorithms.
Creating such datasets requires expert endoscopists and computer scientists for labeling and
pixel-wise annotations. In general, there are only a few publicly available datasets. Although
some studies report high performance on a specific dataset, the dataset is not publicly released [5,
3]. Therefore, it is challenging to develop a generalizable polyp segmentation model with a
limited or single-center dataset.
Challenges and competitions are a good technique to access and explore new datasets for

experimentation. It is also a fair way to compare methods, analyze, and improve the results on
provided dataset. Additionally, challenges provide a solution for the lack of dataset availability
and help develop reliable and clinically applicable methods. We participated in the EndoCV2021
challenge1 to explore a multi-center dataset and develop a generalizable polyp segmentation
CADx system. Our goal is to investigate and develop a generalizable model, compare our results
with the other participants in the challenge, and observe our model’s behavior.

The EndoCV2021 challenge offered two different tasks, namely, Detection generalization chal-
lenge and Segmentation generalization challenge. We only participated in the Segmentation
generalization challenge. We used an ensemble model as our solution for the segmentation
generalization challenge. The main motivation behind using ensemble methods was that it
showed winning results in the different challenges [6, 7]. For our solution, we made an ensemble
of four MultiResUNet [8] model. In short, the main contribution of our work are as follows:

• We explore a convolutional neural network-based model for the generalizable polyp
segmentation task with a multi-center dataset. In this study, the training dataset is
collected from five different medical institutions from five different countries, and test
data comes from independent institutions.

• Our work reveals that the proposed deep learning model has significant challenges with
the images having bleeding, adenomas, and covered by dyed. The model mostly showed
over-segmentation or failed miserably with such scenarios. We highlight these cases that
are among the significant challenges for developing a generalizable algorithm for the
polyp segmentation task.

The remainder of this paper is organized into five sections. Section 2 provides a short overview
of the related work. Section 3 gives an overview Methodology, and Section 4 describes the
experimental setup. Section 5 presents the results obtained using the challenge dataset. Finally,
we summarize and conclude the paper in Section 6.

2. Related Work

CNN-based architectures for polyp segmentation have been a common strategy for the de-
velopment of the CADx system. We briefly describe the work on polyp segmentation and
generalizability in the below subsection.

1https://endocv2021.grand-challenge.org/



2.1. Polyp segmentation

There has been several study on colorectal polyp segmentation [5, 3, 8, 6, 9]. Most of the work
have proposed an architecture based on U-Net [10]. There have been also work on improving
the segmentation performance on the publicly available dataset [11, 4, 12] to the real-time
performance [13, 14, 3]. Although mostly retrospective studies were conducted [5, 13], there
has also been work that carried prospective randomized controlled studies [15, 16]. However,
most of the studies were conducted on the dataset from a single center. The experiments on
multi-center datasets have often been ignored.

2.2. Generalizibility

In medical image analysis, generalization refers to the ability of the machine learning algorithm
that is trained on specific interventions in specific health centers should be able to perform
well over other interventions or different health center [7]. Poor generalizability has become
one of the major issues for the clinical translation of the deep learning methods into clinical
practise [17]. Meta-learning under a few-shot setting has gained popularity in developing a
generalizable deep learning model and resolve the issue of data scarcity [18, 19].

In our previous study [4], due to the lack of a publicly available multi-center dataset, we have
used a trained dataset on one publicly available dataset [20] and tested it against another [21]
to observe the generalization capability. Additionally, we have also mixed the datasets from
two or more institutions to observe the model’s generalization capability. This is our first work
where we have the opportunity to train the model with a multi-center dataset (five different
center datasets) and benchmark on the completely new dataset.

3. Methodology

To address the generalizability problem in polyp segmentation, we used an ensemble of the four
MultiResUNet [8] models. As each folder of the dataset has images from a unique center, we use
a different subset of the dataset to train each of the MultiResUNet models. The MultiResUNet
is an encoder-decoder architecture, which is an improvement over the existing U-Net [10]
architecture. It combines the strength of the U-Net and improving it by replacing the existing
components with more effective components such as “MultiRes block” and “Res Path”. The
MultiResUNet consists of four encoder blocks, four decoder blocks, and a bridge connecting
them. The encoder takes the input image, encodes it, and extracts more useful features from
it. Later these features are passed to the decoder, where they are upsampled and concatenated
with the feature maps from the skip connection. Finally, these features are used to generate a
segmentation mask for the input image. The additional block to form MultiResUNet models is
briefly described below.

3.1. MultiRes block

The MultiRes block is the major component used in the MultiResUNet [8] architecture. It is
the replacement of the convolution block, i.e., two 3 × 3 convolution used in the U-Net. The



MultiRes block is inspired from the Inception architecture [22] which consists of multiple
parallel convolutions with 3 × 3, 5 × 5, and 7 × 7 kernel size. These multiple parallel convolutions
help in capturing objects with different shapes and sizes. Using the bigger 5 × 5 and 7 × 7
kernel size increases the memory requirement. Therefore, these bigger kernels are factorized
and replaced by multiple 3 × 3 convolutions. The MultiRes block begins with a single 3 × 3
convolution, which is followed by two 3×3 convolutions which are combined together to get the
resultant effect of a 5 × 5 convolution. Next again are the multiple 3 × 3 convolutions which are
repeated to give the resultant effect of a 7×7 convolution. The outputs from these convolutional
blocks are concatenated together to have different scale feature maps. A residual connection is
also used, which connects the input to the concatenated output.

3.2. Res path

The introduction of the skip connection in the U-Net architecture proves to be a significant
contribution towards improving semantic segmentation performance. These skip connections
enable the flow of information from the encoder to the decoder that is lost during the pooling
operation. The simple concatenation of the features from the encoders to the decoders is flawed.
For example, the first skip connection contains the low-level features from the early layers,
which are fused with high-level features in the decoder. Therefore, there is a semantic gap
between the features that being merged. To resolve this semantic gap, some convolutional layers
and shortcut connections are being introduced as the skip connection in the MultiResUNet,
called the “Res path”.

3.3. MultiResUNet Architecture

The MultiResUNet [8] architecture begins by feeding the input image to the first encoder, which
consists of the MultiRes block, followed by a 2 × 2 max-pooling with a stride value of 2. The
max-pooled feature maps are passed on to the next encoder, and this process is repeated four
times. In each step, the number of filters doubles, and the spatial resolution reduces by half.
The output of the MultiRes block acts as the skip-connection, which first passes through the
Res path and joins the decoder block. Inside each Res path, the number of convolution blocks
decreases from 4, 3, 2 to 1 respectively along the four Res paths. The decoder begins with a
2 × 2 transpose convolution, which doubles the feature maps’ spatial dimensions. Next, the
feature maps are concatenated with the output of the Res path. Subsequently, the MultiRes
block is used to learn the semantic representation. Similarly, the network is followed by three
more decoder blocks, where the number of filters decreases and the feature maps resolution
increases. It is then followed by a 1 × 1 convolution with sigmoid activation to generate the
binary segmentation mask.

4. Experiment

To evaluate the performance of the ensemble method, we have performed extensive experiments.
This section describes the dataset, evaluation metrics, training strategy, and implementation
details used in our experimentation. Figure 1 shows the block diagram of the proposed ensemble



Figure 1: Block diagram of the proposed ensemble architecture

method. As explained in Section 3, the input image is fed to the different MultiResUNet models
that produce different segmentation outputs. These predicted outputs from four distinct models
are averaged to get the final mean mask.

4.1. Dataset

EndoCV2021 dataset consists of both a single frame dataset and sequence dataset. The dataset
is captured from five different institutes. Each center dataset is provided in a separate folder.
The training dataset consists of 1452 single image frames. Additionally, the dataset also consists
of 165 negative sequence frames and 490 positive sequence frames, in a total of 655 image
sequences. The sequence frames are taken from videos. Both positive (polyp) and negative
(normal) frames are provided. Each center dataset has a separate image, mask, image with the
bounding box, and bounding box information. All the images and their corresponding masks
are in jpeg format. The dataset is currently only open to be used for EndoCV2021 challenge
participation purpose.

4.2. Evaluation Metrics

The evaluation metric for the detection task is the Average mean precision. Additionally, a
mean deviation is also calculated. For the segmentation tasks, the evaluation metrics such as
F1-score, mean Intersection over Union (mIoU), recall, precision, F2-score, and overall accuracy
is calculated. Additionally, the mean deviation for each of the metrics is also calculated. The
procedure for the calculation can be found at GitHub 2.

4.3. Training strategy

For training, the model1, i.e., MultiResUNet1, the subset from center1, center3, and center4 were
used. Similarly, we used center2, center1, and center4 for training model2 (MultiResUNet2).
Likewise, we used center2, center3, and center1 for training model3. For training model4, we

2https://github.com/sharibox/EndoCV2021-polyp_det_seg_gen



Figure 2: Qualitative results of the four ensemble MultiResUNet[8] models. The example images show
that the ensemble models produce high-quality segmentation maps for different polyp shapes and sizes.

used the images from center2, center3, and center 4. We use the dataset from center5 as the
validation set.

4.4. Implementation Details

We have implemented the MultiResUNet using the Keras with TensorFlow as a backend. The
experiments were run on the Experimental Infrastructure for Exploration of Exascale Comput-
ing(eX3), NVIDIA DGX-2 machine. All four models are trained on 100 epochs using the same
set of hyperparameters. Each model uses an image size of 256 × 256 pixels with a batch size of
8. The dice coefficient is used as the loss function with Adam optimizer. The default learning
1𝑒 − 3 is used to training the model. We also use the ReduceLROnPlateau callback to reduce
further the learning rate for better generalization of the model.

5. Results and Discussion

On the test dataset, we achieved a score of 0.6172 ± 0.0778. Here, 0.6172 is the generalization
score and 0.0778 is the generalization deviation. Figure 2 shows the qualitative results of the
ensemble MultiResUNet model. The first, second and third column shows the input image, their
corresponding ground truth, and the predictions. From the qualitative results, we can see that
the model is performing well on polyp of different shapes and sizes (i.e., small, medium, and
large-sized polyps).

However, a detailed dissection of the validation results shows that the models produce over-
segmentation for the outputs when the input images have bleeding. The model also fails on
challenging images such as flat polyps. The model also has a problem with detecting when
the input images are covered with dyed. Mostly the models show over-segmentation, and
sometimes the model completely fails to produce any segmentation masks. However, a more
detailed conclusion can be made when we can visualize the qualitative results on the test dataset.



6. Conclusion

In this paper, we presented a cascaded MultiResUNet based solution for addressing the general-
izability in polyp segmentation. The model can automatically segment polyp. The experimental
results showed that the ensemble model obtained an evaluation score of 0.6172 ± 0.0778. The
research results open a wide range of research directions to build generalizable model on new
datasets. Moreover, we showed that ensemble models are not always the best choice for biomed-
ical data science challenges. A deep analysis of the qualitative results showed that the model
performs well on polyps of different shapes and sizes. In the future, we plan to explore the
transfer learning from both large natural datasets and from biomedical imaging datasets (polyp
or similar domain datasets) for improving the results on the polyp segmentation tasks.
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Abstract. The EndoTect challenge at the International Conference on
Pattern Recognition 2020 aims to motivate the development of algo-
rithms that aid medical experts in finding anomalies that commonly
occur in the gastrointestinal tract. Using HyperKvasir, a large dataset
containing images taken from several endoscopies, the participants com-
peted in three tasks. Each task focuses on a specific requirement for
making it useful in a real-world medical scenario. The tasks are (i) high
classification performance in terms of prediction accuracy, (ii) efficient
classification measured by the number of images classified per second,
and (iii) pixel-level segmentation of specific anomalies. Hopefully, this
can motivate different computer science researchers to help benchmark
a crucial component of a future computer-aided diagnosis system, which
in turn, could potentially save human lives.
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1 Introduction

The human digestive system is prone to suffer from many different diseases
and abnormalities throughout a human lifetime. Some of these may be life-
threatening and pose a severe risk to a patient’s health and well-being. In most
cases, if the detection of lethal disease is done early enough, it can be treated with
a high chance of being fully healed. Therefore, it is important that all lesions are
identified and reported during a routine investigation of the gastrointestinal (GI)
tract. Currently, the gold-standard in performing these investigations is through
video endoscopies, which is a procedure involving a small camera attached to
a tube that is inserted either orally or rectally. However, there is one major
downside to this procedure. The method is highly dependent on the skills and

c© Springer Nature Switzerland AG 2021
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experience of the person operating the endoscope, which in turn results in a high
operator variation and performance [18,28,47]. This is one of the reasons for high
miss-rates when measuring polyp detection performance, with some miss-rates
being as high as 20% [25]. Polyps are small mushroom-like growths that appear
on the inner-lining of the GI wall and are the leading cause to colorectal cancer.

Automated detection of GI anomalies has been a research topic for at least
two decades, and in the last few years, there have been various AI-based solu-
tions have been proposed using both hand-crafted features and representation
learning methods (such as neural networks). However, even though there are
many approaches for detecting [1,4,7,13,32,33,35,37,42,44,45,48] and segment-
ing [14,23,24] GI findings, even some targeting real-time analysis [2,39,40], there
is room for improvement. One popular way of benchmarking and improving the
state-of-the-art in machine learning is through publicly hosted challenges that
motivate researchers to contribute to a use-case they otherwise would not work
on. For GI automatic image and video analysis, there have been several such
challenges hosted the last few years [3,19,38,41], with each bringing new insights
into the current state of the field.

This year, we present three different tasks for participants to complete. The
tasks are as follows: (i) The detection task which aims for high classification
accuracy among 23 different classes, (ii) the efficient detection task which targets
real-time performance for the same 23 classes of the detection task, and (iii) the
segmentation task that aims to segment polyps in GI images. To participate,
the teams had to solve at least one of the provided tasks. Overall, six teams
participated, where all participants, in one way or another, utilize deep neural
networks to solve the provided tasks. The results vary between teams, but most
are able to achieve satisfactory scores in terms of what is suitable for use in
clinics [36].

We see this as an opportunity to aid medical doctors by helping them detect
lesions through automatic frame analysis done live during endoscopy examina-
tions. The pattern recognition community has a lot of knowledge that could assist
in this task, making this challenge a perfect fit for the International Conference
on Pattern Recognition (ICPR). The work done in this competition, detecting
and segmenting medical findings in the GI tract, has the potential of making
a real societal impact, as it directly affects the quality of care that healthcare
professionals can provide.

2 Dataset Details

For this challenge, we provided the participants with a development dataset that
was to be used to train their algorithms. This year, we provided HyperKvasir [6],
which is a large GI dataset consisting of labeled and unlabeled images taken
from several different GI endoscopies. The dataset is split into four distinct
parts; Labeled image data, unlabeled image data, segmented image data, and
annotated video data. In total, the dataset contains 110, 079 images (see Fig. 1 for
examples) and 374 videos where it captures anatomical landmarks, pathological
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BBPS grade 1-2 BBPS grade 2-3 Dyed-lifted
polyp

Dyed resection
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Fig. 1. One example taken from each of the classes contained within the development
dataset.

findings, and normal findings. The result is more than one million images and
video frames altogether.

For the detection and efficient detection tasks, participants used the 23 classes
provided in the labeled part of the dataset to develop their algorithms. The
number of images per class is not balanced, which is a general challenge in the
medical field due to the fact that some findings occur more often than others.
This adds an additional challenge for researchers since methods applied to the
data should also be able to learn from a small amount of training data. The
participants could also use the unlabeled part of the dataset to further improve
their algorithm by using, for example, a student-teacher approach or the pseudo
labels provided in the HyperKvasir GitHub repository1.

1 https://github.com/simula/hyper-kvasir.
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Fig. 2. Some example images of polyps and their corresponding masks and bounding
boxes.

For the segmentation task, we provide the original image, a segmentation
mask, and a bounding box for 1,000 images containing polyps. An example is
shown in Fig. 2, where we see six samples taken from the segmentation dataset.
For the image masks, the white pixels depict the area of the image containing a
polyp, while the black background pixels do not. The bounding box is defined
as the outermost pixels of the found polyp.

3 Tasks

With the end-goal of helping medical experts detect more lesions, we present
three different tasks that each target a different requirement for in-clinic use. In
the following, we give a detailed description of each task and describe how each
was evaluated using the appropriate metrics. The script used to evaluate each
task is on GitHub2.

3.1 Detection Task

The detection task stems from the requirement of the high detection accu-
racy needed to be viable for use in a clinical setting. Participants are asked
to develop algorithms that achieve high classification scores on the 23 different
classes present in the labeled part of the development dataset (further described
in Sect. 2). Submissions to this task was a comma-separated values (CSV) file,
where each line contained the filename of the predicted image in the test dataset,
the predicted label, and a confidence score ranging from 0 to 1 for the predicted
label.

2 https://github.com/simula/endotect-2020-submission-evaluation.
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For this detection task, we use several standard metrics commonly used to
evaluate classification tasks. We collect all true and false positives and negatives,
and we then calculate metrics such as precision, recall/sensitivity, specificity,
F1, and Matthews correlation coefficient (MCC) for multi-classification (also
called Rk statistic for multiclass classification). The officially reported metric
for evaluating this task is the MCC, which will also be the metric used to rank
the submissions.

3.2 Efficient Detection Task

The efficient detection task focuses on the real-time analysis needed to deliver
instant feedback to doctors performing endoscopies. To satisfy this requirement,
the algorithm must achieve good classification scores while also being able to
classify images as fast as they are put on screen, which is approximately 30
frames per second. For the efficient detection task, we asked participants to
submit a Docker [31] image so that we can evaluate the speed and efficiency of
the proposed algorithm on the same hardware. The Docker image was set up to
produce a submission file similar to the one described for the detection task,
but in addition to the aforementioned value entries, the classification processing
time was also appended to the end of each row. All submissions submitted to
this task were run on what could be considered consumer-grade hardware, that
is, a computer running Arch Linux with an Intel Core i9-10900K processor, an
Nvidia GeForce 1080 Ti graphics processing unit (GPU), and 32 gigabytes of
RAM.

As one could generally achieve higher processing speeds with an algorithm
with lower prediction accuracy, the evaluation used a combination of the MCC
classification score and the number of frames processed per second. The focus
here is on the “speed” aspect of the algorithm, so the only requirement from a
classification standpoint is that it exceeds a set MCC threshold so that it is still
viable for in-clinic use. We set the threshold of 85% as it is considered standard
for automatic detection systems for colonoscopies [36].

3.3 Segmentation Task

In the segmentation task, we asked participants to use the segmented images
provided in the dataset to generate segmentation masks of polyps automatically.
Polyps are clumps of cells that form on the mucosal wall of the GI tract and come
in a variety of shapes and sizes. Polyps are among the most critical findings in an
endoscopy procedure as they are a precursor to different cancer types, including
colorectal cancer, which is one of the most lethal cancer types worldwide [22]. The
motivation behind this task is rooted in the requirement for not only detecting
that a frame contains a polyp, but also showing where it is so that it can be
properly removed. A typical example of a segmented polyp is shown in Fig. 2.

For the evaluation of this task, we use the standard metrics commonly used to
evaluate segmentation tasks. This includes precision, recall, the Dice coefficient,
and the Intersection over Union (IoU, also known as the Jaccard index). The
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metric which will be used to rank submissions will be the IoU. To calculate
the metrics, we use the implementation provided by the Python library scikit-
learn [34].

4 Participants

This year, we received 26 registrations, of which six submitted results. Each par-
ticipating team was allowed to submit as many runs to each task as they wished.
In the following, we give a short summary of each participant’s approach. A more
detailed description of each approach can be found in the teams’ corresponding
challenge papers.

4.1 Team DeepBlueAI

Team DeepBlueAI participated in the detection and segmentation tasks. For
the detection task, they trained a series of (CNNs), of which the best per-
forming approach is an ensemble network consisting of a ResNet-50 [15] with
batch normalization and an EfficientNet B7 [43]. For the segmentation task,
they used two different approaches, namely instance and semantic segmenta-
tion. The instance segmentation approach used the Mask Scoring R-CNN [21]
with ResNeXt-101 [49] as the backbone. As for the semantic segmentation, they
used DeepLab V3 plus [9] with multi-scale training. More information on the
specific implementation for both tasks can be found in [30].

4.2 Team Spearheads

Team Spearheads participated in all three tasks, where two runs were submitted
to the detection and efficient detection tasks, and one run to the segmentation
task. For the detection and efficient detection task, they used a Tiny Darknet
model3, which was trained using an augmented version of the provided develop-
ment dataset. For the segmentation task, they used a standard UNet architecture
trained on the provided segmentation dataset, which was expanded using aug-
mentation by Augmentor [5]. More information about team Spearheads approach
can be found in [11].

4.3 Team NKT

Team NKT participated in the segmentation task, where they submitted one
run. Their approach used a novel CNN-based architecture, which they named
Dual Decoder Attention Network (DDANet). The architecture uses a single
encoder network together with multiple decoders that use a combination of
residual learning [16] and squeeze and excitation networks [20]. A more detailed
explanation of the approach can be found in [46].

3 https://pjreddie.com/darknet/tiny-darknet/.
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4.4 Team aggcmab

Team aggcmab participated in the detection and segmentation tasks, for which
they submitted one run to each. For the detection task, aggcmab used a ResNet-
50x1 with a BiT-M [27] backbone trained with a hierarchical loss function. For
the segmentation task, they use a double encoder-decoder network with a dual
path network [10] for the encoders and a Feature-Pyramid [29] for the decoders.
More information on the specifics of team aggcmab’s approach can be found
in [12].

Table 1. Results for the best runs from the detection task. The table entries are
ordered after the best MCC score.

Team name Macro average Micro average MCC (RK)

Precision Recall F1-score Precision Recall F1-score

howard 0.683 0.646 0.659 0.913 0.913 0.913 0.903

DeepBlueAI 0.629 0.568 0.590 0.874 0.874 0.874 0.860

aggcmab 0.598 0.533 0.558 0.870 0.870 0.870 0.856

FAST-NU-DS 0.453 0.431 0.413 0.603 0.603 0.603 0.568

Spearheads 0.333 0.220 0.223 0.440 0.440 0.440 0.388

Table 2. Results for the best runs from the efficient detection task. Please note that
FPS signifies the average FPS calculated over the provided test dataset.

Team name Macro average Micro average MCC (RK) FPS

Precision Recall F1-score Precision Recall F1-score

howard 0.528 0.496 0.503 0.785 0.785 0.785 0.765 129.748

Spearheads 0.333 0.220 0.223 0.440 0.440 0.440 0.388 49.132

Table 3. Results for the best runs from the segmentation task. The table entries are
ordered after according to the best IoU score.

Team name Precision Recall F1-score/Dice IoU

aggcmab 0.928 0.937 0.920 0.871

DeepBlueAI 0.907 0.947 0.915 0.861

howard 0.915 0.882 0.879 0.822

NKT 0.858 0.799 0.787 0.701

Spearheads 0.801 0.801 0.754 0.656

4.5 Team FAST-NU-DS

Team FAST-NU-DS participated in the detection task, where they submitted
three runs. Their approach used bagging with 11 DenseNet169 models, where the
final classification was made through hard majority voting. More information on
the method can be found in [26].
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4.6 Team howard

Team howard participated in all three tasks, where they submitted one run to
each. For the detection and efficient detection task, they used a CNN based on
the ResNet152 [15] architecture trained with a hybrid loss. During training, they
also applied some data augmentation, namely, contrast augmentation, color shift,
brightness augmentation, flipping, perspective transformation, and blur. For the
segmentation task, their solution is based on Cascade Mask R-CNN [8]. More
information about their solution can be found in [17].

5 Results and Discussion

Tables 1, 2, and 3 show the results for all tasks in the challenge. Looking at
the results for the detection task (Table 1), we see that team howard achieved
the best result with their use of ResNet-152 together with a custom hybrid
loss. They achieved an MCC score of 0.903, 0.043 ahead of DeepBlueAI, who
came in second place. For the efficient detection task (Table 2), only two teams
participated, but also here, team howard achieved the best average frames per
second (FPS) while also keeping the classification performance high. None of
the teams reached the target MCC threshold of 85%, but team howard achieved
an MCC of 0.765 at an FPS of 129, far above the real-time requirement. Thus,
maybe some speed can be traded for a more complex model, achieving a slightly
higher MCC while still reaching a real-time speed of 30 FPS. A common trend in
this task was using neural networks with less parameters, like MobileNet or Tiny
Darknet, to achieve a higher FPS. For the segmentation task (Table 3), team
aggcmab achieved the highest IoU with their double encoder-decoder network
approach. They reached an IoU score of 0.871, which is quite close to the runner
up score of 0.861 submitted by team DeepBlueAI. Overall, the results prove that
deep learning works well for analyzing GI image data and confirms the potential
of computer-assisted detection and segmentation of GI anomalies, but they also
suggest that there is still some room for improvement.

From an organizational perspective, the challenge went smoothly, without
any significant hiccups or sudden difficulties. Docker submissions seem to work
well, but may require some extra effort from the participants, which may explain
why we only got two submissions to the efficient detection task. The difficulty
level of the tasks appears to be quite balanced as the different teams achieved
a variety of scores. Next year, we plan to hold the challenge again, but this
time with an extended evaluation dataset and an additional task for efficient
segmentation.

6 Conclusion

This paper described the EndoTect 2020 challenge, which asked participants to
build algorithms that automatically detect different findings commonly found in
the GI tract. The challenge consisted of three distinct tasks, where participants
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were given a large open dataset composed of videos from real endoscopies. We
believe that computer scientists can make a real impact on the field of medicine,
and the results presented in this paper show that we are at the point where
machine learning algorithms have much potential in helping doctors detect more
diseases.
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ABSTRACT
In this paper, we present our approach for the 2018 Medico Task
classifying diseases in the gastrointestinal tract. We have proposed
a system based on global features and deep neural networks. The
best approach combines two neural networks, and the reproducible
experimental results signify the efficiency of the proposed model
with an accuracy rate of 95.80%, a precision of 95.87%, and an F1-
score of 95.80%.

1 INTRODUCTION
Our main goal for the Medico Task [15] is to classify findings in
images from the Gastrointestinal (GI) tract. This task provides two
types of input data: Global Features (GFs) and original images.
The 2017 Medico Task consisted of a balanced dataset with only
8 classes [12] whereas the current task consists of a highly imbal-
anced dataset with 16 classes [11, 12], i.e., making this years task
more complicated. Different approaches have been used in the last
year medico task [5, 7, 9, 10, 14, 17] based on GFs extractions and
Convolutional Neural Networks (CNN) methods. We extend upon
these solutions and present our solutions based on both GFs and
transfer learning mechanisms using CNN. We achieve best results
combining two CNNs and using an extra multilayer perceptron to
combine the outputs of the two networks.

2 APPROACHES
We approach the problem of GI tract disease detection with small
training datasets using five different methods: two based on GF ex-
tractions, and three based on CNN with transfer learning described
below.
2.1 Global-feature-based approaches
Method 1 and Method 2 use the concept of GFs. For the extraction
of GFs, we use Lucence Image Retrieveal (LIRE) [6]. GFs are easy and
fast to calculate, and can also be used for image comparison, image
collection search and distance computing [14]. Based on [13, 16],
we use Joint Composite feature (JCD), Tamura, Color layout, Edge
Histogram, Auto Color Correlogram and Pyramid Histogram of
Oriented Gradients (PHOG). These features represent the overall
properties of the images. Adding more GFs is possible, but it may
increase the redundant information which can reduce the overall
classification performance.

The extracted features are sent to the different machine learning
classifier for the multi-class classification. Method 1 makes the use

Copyright held by the owner/author(s).
MediaEval’18, 29-31 October 2018, Sophia Antipolis, France

of extracted GFs that are sent to SimpleLogistic (SL) classifier. We
input the same selected set of features to the logistic model tree
(LMT) classifier in Method 2.

2.2 Transfer learning based approaches
Our CNN approaches use transfer learning mechanism with pre-
trained models using the ImageNet dataset [18]. Resnet-152 [3] and
Densenet-161 [4] have been selected, and this selection is based
on top 1-error and top-5-errors rate of pre-trained networks in the
Pytorch [8] deep learning framework.

One of the main problems of the given dataset is the "out of
patient"-category which has only four images while other classes
have a considerable number. The colour distribution of this class
shows a completely different colour domain compared to the other
categories. We identified this difference via manual investigations
of the dataset and moved all four images of this category into the
corresponding validation set folder. Then, the training set folder
is filled with random Google images which are not related to the
GI tract. To overcome the problems of stopping training in a local
minima, we use the stochastic gradient descent [1] method with
dynamic learning rate scheduling. The losses (loss 1 and loss 2
in Figure 1) of CNN methods were calculated for each network
separately. Additionally, horizontal flips, vertical flips, rotations
and re-sizing data augmentations have been applied to overcome
the problem of over-fitting.

Method 3 uses transfer learning with Resnet-152 which has the
top-1-error and top-5-error rates. The last fully connected layer of
Resnet-152, which is originally designed to classify 1000 classes of
the ImageNet dataset, has been changed to classify the 16 classes in
the MEdico task. Usually, the transfer learning freezes pre-trained
layers to avoid back propagation of large errors. This is because
of newly added layers with random weights. However, we did not
freeze the pre-trained layers, because modifying only the last layer
cannot propagate huge errors backwards in transfer learning. The
network was trained until it reached to the maximum validation
accuracy of the validation dataset.

Method 4 extends Method 3 by using two parallel pre-trained
models, Resnet-152 and Densenet-161, to get a cumulative decision
at the end as depicted in Figure 1. The classification is based on an
average of the two output probability vectors. Finally, one loss value
was calculated and propagated for updating weights. However,
this yields a restriction of updating weights of networks Resnet-
152 and Densenet-161 separately as they required. Therefore, we
calculated two different loss values (loss 1 and loss 2 in Figure
1) from each network to update their weights separately. Both
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Figure 1: Block diagram of the CNN methods

networks were trained simultaneously until it reached to the best
validation accuracy by changing hyper-parameters manually.

Method 5 was constructed to overcome the limitation of calcu-
lating the average of the probabilistic output of the two networks
used in Method 4. Instead of calculating the average using the sim-
ple mathematical formula, another multilayer perceptron (MLP)
has been merged with the above network to identify complex math-
ematical formula to get the cumulative decision as illustrated in
Figure 1. Therefore, we passed the probability output of two net-
works (16 probabilities from each network) to a new MLP with 32
inputs, 16 outputs (via sigmoid layer) and one hidden layer with
32 units. In this, we used pre-trained Resnet-152 and Densenet-161
using the dataset and froze them before training the MLP. Then,
we trained only the MLP to identify the best mathematical formula
to get the cumulative decision.

3 RESULTS AND ANALYSIS
We have divided the development dataset into a training set (70%)
and a validation set (30%). For the GFs based approach, ensembles of
six extracted GFs were fetched to all the available machine learning
classifiers (with different parameters) using WEKA[2] library. The
SL and LMT classifiers outperform all other available classifiers for
the dataset. The other promising classifier were Sequential minimal
optimization (RBF kernel), and a combination of PCA with LibSVM
(RBF) classifier.

On validation set, all the CNN methods (3-5) show accuracies of
around 95% and specificities of around 99%. These are always better
than the GFs based extraction methods (1,2) which have accuracies
of around 82% and specificities of around 98%. According to the
task organizers’ evaluation results of the test dataset, Methods 3
to 5 show accuracies and specificities of around 99% again,which
demonstrates our CNN methods are not overfitted with validation
dataset.

Method 5 and 4 with Resnet-152 and Densenet-161 performs bet-
ter compared to the Method 3 which has only Resnet-152 because
of the capability of deciding the final answer based on two answers
generated from two deep learning networks. However, getting a
cumulative decision based on simple averaging function (Method
4) shows poor performance than the decision taken from a MLP
(Method 5). As a result, Method 5 shows better results than method
4 by increasing the accuracy from 0.955 to 0.958. Therefore, Method
5 has been selected as our best method and confusion matrix rep-
resented in Table 1 was generated. An overview of the individual
results obtained from five different experiments along with their
performance metrics is presented in Table 2. Results obtained from
the organizers for the test dataset is presented in the Table 3.

Table 1: The Confusion Matrix of Method 5 in our study
A:blurry-nothing, B:colon-clear, C:dyed-lifted-polyps, D:dyed-resection-margins,
E:esophagitis,F:instruments, G:normal-cecum, H:normal-pylorus, I:normal-z-line,
J:out-of-patient, K:polyps, L:retroflex-rectum, M:retroflex-stomach, N:stool-inclusions,
O:stool-plenty, P:ulcerative-colitis

Predicted class
A B C D E F G H I J K L M N O P

Ac
tu

al
cl

as
s

A 53 _ _ _ _ _ _ _ _ _ _ _ _ _ _ _
B _ 81 _ _ _ _ _ _ _ _ _ _ _ _ _ _
C _ _ 130 7 _ _ _ _ _ _ _ _ _ _ _ 1
D _ _ 3 122 _ _ _ _ _ _ _ _ _ _ _ _
E _ _ _ _ 115 _ _ _ 19 _ _ _ _ _ _ _
F _ _ _ _ _ 10 _ _ _ _ 1 _ _ _ _ _
G _ _ _ _ _ _ 125 _ _ _ _ _ _ _ _ _
H _ _ _ _ _ _ _ 132 _ _ _ _ _ _ _ _
I _ _ _ _ 11 _ _ _ 121 _ _ _ _ _ _ _
J _ _ _ _ _ 1 _ _ _ 3 _ _ _ _ _ _
K _ 1 _ _ _ _ 6 2 _ _ 172 _ _ _ _ _
L _ _ _ _ _ _ 1 _ _ _ _ 71 _ _ _ _
M _ _ _ _ _ _ _ _ _ _ _ 2 118 _ _ _
N _ _ _ _ _ _ _ _ _ _ _ _ _ 39 _ _
O _ _ _ _ _ _ _ _ _ _ _ _ _ _ 110 _
P _ _ _ _ 1 1 2 _ _ _ 4 1 _ _ _ 129

Table 2: Validation results
Method REC PREC SPEC ACC MCC F1 FPS

1 0.855 0.793 0.989 0.816 0.814 0.823 79
2 0.816 0.817 0.984 0.816 0.800 0.815 12
3 0.9536 0.9543 0.9968 0.9536 0.9498 0.9535 64
4 0.9555 0.9563 0.9969 0.9555 0.9519 0.9554 29
5 0.9580 0.9587 0.9971 0.9580 0.9546 0.9580 29

Table 3: Official results

Method REC PREC SPEC ACC MCC F1

1 0.8457 0.8457 0.9897 0.9807 0.8353 0.8456
2 0.8457 0.8457 0.9897 0.9807 0.8350 0.8457
3 0.9376 0.9376 0.9958 0.9922 0.9335 0.9376
4 0.9400 0.9400 0.9960 0.9925 0.9360 0.9400
5 0.9458 0.9458 0.9964 0.9932 0.9421 0.9458

The main considerable point in the confusion matrix in Table 1
is misclassification between categories E: esophagitis and I: normal-
z-line. A large number of misclassifications like 30 images from
the validation set occurred and a manual investigation was done
to identify the reason. We notice that the images of these two
categories were very similar to each other because of the close
location in the GI tract, and identifying these is also a challeng for
physicians.

4 CONCLUSION
In this paper, we presented five different methods for the multi-class
classification of GI tract diseases. The proposed approach are based
on the GFs, and pre-trained CNN with transfer learning mecha-
nism. The combination of Resnet-152 and Densenet-161 with an
additional MLP achieved the highest performance with both the
validation dataset and the test dataset provided by the task organiz-
ers. We show that a combination of pre-trained deep neural models
on ImageNet has better capabilities to classify images into the cor-
rect classes because of cumulative decision-making capabilities. For
future work, we will combine deeper CNNs parallelly to add more
cumulative decision taking capabilities for classifying multi-class
objects. In addition to that, Generative Adversarial Network (GAN)
methods can be utilized to handle imbalance dataset by generating
more data to train deep neural networks.
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Abstract. The holy grail in endoscopy examinations has for a long time
been assisted diagnosis using Artificial Intelligence (AI). Recent devel-
opments in computer hardware are now enabling technology to equip
clinicians with promising tools for computer-assisted diagnosis (CAD)
systems. However, creating viable models or architectures, training them,
and assessing their ability to diagnose at a human level, are complicated
tasks. This is currently an active area of research, and many promising
methods have been proposed. In this chapter, we give an overview of the
topic. This includes a description of current medical challenges followed
by a description of the most commonly used methods in the field. We
also present example results from research targeting some of these chal-
lenges, and a discussion on open issues and ongoing work is provided.
Hopefully, this will inspire and enable readers to future develop CAD
systems for gastroenterology.

Keywords: Gastrointestinal endoscopy · Artificial Intelligence · Neural
Networks · Hand-crafted features · Anomaly detection · Semantic seg-
mentation · Performance

1 Introduction

Numerous abnormal mucosal findings, ranging from minor annoyances to highly
lethal diseases, can be found in the human Gastrointestinal (GI) tract. For ex-
ample, according to the International Agency for Research on Cancer, about 3.5
million luminal GI (esophageal, stomach, colorectal) cancers are detected yearly
in the world [41]. These cancers represent a substantial health challenge for so-
ciety, with a mortality rate of about 63 − 65%, resulting in around 2.2 million
deaths per year [19, 41]. Overall, Colorectal cancer (CRC) is the third most
common cause of cancer mortality for women and men combined [104], and the
other most frequently occurring GI cancers are stomach, liver, pancreatic and
esophageal cancers [18].

For diagnosis and treatment of GI diseases, GI endoscopy is the gold-standard
procedure used to examine the tract for anomalies, and to a certain extent, the
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GI diseases may be prevented by improved endoscopic performance and high-
quality systematic screening in high incidence areas [19]. However, despite the
substantial technical improvement of endoscopes over the last two decades, a
major limitation of the endoscopic examinations is the endoscope operator vari-
ation, depending on the procedural skill, perceptual factors, personality charac-
teristics, experience, knowledge, and attitude deficits [34]. This translates to a
substantial inter-observer variation in the detection and assessment of mucosal
lesions [64, 108]. This causes, for example, an average 20% polyp miss-rate dur-
ing colonoscopies [52]. All these factors could potentially, to some extent, be
alleviated by substantial educational efforts, but not eliminated [88].

In this context, assisted diagnosis using computers has for a long time been
a holy grail. Developments in computer hardware have enabled computationally
demanding yet promising technologies like AI, more specifically its sub-field Ma-
chine Learning (ML), to provide the clinicians with potentially highly accurate
and efficient Computer aided diagnosis (CAD) systems, giving healthcare pro-
fessionals the tools needed to provide quality care at a large scale [102, 86]. At
its core, machine learning involves using algorithms to parse data, learn from it,
and then make predictions, in the medical domain this means detect, segment,
assess or classify a disease. However, there exist several issues which need to
be addressed, both for creating and improving automated diagnosis algorithms.
Developing and assessing a computer’s ability to diagnose at a human level are
complicated tasks, and a potential success depends on various factors which
goes beyond simply determining the accuracy of an algorithm. These challenges
have been an active area of research for about a decade, and a large number of
promising results have been published.

In this chapter, we describe current challenges on the way towards effec-
tive computer-based digital assistant systems. In particular, we focus on GI
endoscopy. We provide examples of proposed methods and tools employing vari-
ous techniques, identify current challenges and give hints for future development
and assessment of CAD systems.

2 GI Endoscopy

To examine the esophagus, stomach, duodenum (upper GI), and the large bowel
and rectum (lower GI), a long, flexible tube is inserted into the mouth and
rectum, respectively. A tiny video camera at the tip of the tube allows the
doctor to view inside of the GI tract in real-time, where findings, as depicted in
figures 1a and 1b can be found.

The small bowel is, due to its anatomical location, less accessible for inspec-
tion by such flexible endoscopes. To easier access these areas of the GI tract,
Video Capsule Endoscopy (VCE) [22] has been introduced as an alternative ex-
amination method [25]. A VCE consists of a small capsule containing one or
more wide-angle cameras. The capsule is swallowed by the patient, and it cap-
tures a video as it moves through the GI tract. The video is extracted, and a
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medical expert assesses it in a potentially tedious and time-consuming process
after the procedure, searching for findings like the ones shown in figure 1c.
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(a) Upper GI tract, esophagus, stomach (Gastroscopy).
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(c) Lower GI tract, small bowel (Capsule endoscopy).

Fig. 1: Examples of various findings in the GI tract including anatomical land-
marks, pathological findings, normal mucosa, therapeutic interventions and med-
ical instruments [14, 96].

Even though these examination procedures allow clinicians to detect GI
anomalies, there is still ample scope for improvements. Looking at the possi-
ble findings depicted in figure 1, it is obvious that it can be hard to detect
and classify the various anomalies potentially found in the various parts of the
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GI tract, either live during a gastroscopy or colonoscopy, or in a post-analysis
of the VCE video. Moreover, there are large operator variations and anomaly
miss-rates reported for both regular endoscopies [34, 52, 64, 108] and capsule
endoscopies [20, 88].

Hence, the hope is that automated analysis can assist medical experts in
real-time anomaly detection, removing variations and increasing detection rates.
Moreover, analysing hours of VCE video, there is also a large potential in saving
medical expert time, by analysing the 4−12 hour long videos in a few minutes by
a fast computer, compared to the usual 45−60 minutes error-prone, fast-forward
analysis performed by medical personnel today. From an analysis point of view,
there are two important requirements for such CAD systems:

1. High detection or segmentation performance in the analysis is important in
order to address the large human miss-rates and variabilities. It is often
measured in terms of metrics like precision, sensitivity (recall), specificity,
accuracy, F1 score, Matthews correlation coefficient (MCC) or similar [98].
This requirement aims at finding all anomalies correctly, i.e., detecting all
findings without false positives or negatives. A more detailed discussion on
metrics is given in section 5.3.

2. An often neglected requirement is fast processing in order to give real-time
feedback during the endoscopy examination, or in the case of VCE, higher
scale of the analysis and a faster feedback on the same amount of processing
resources.

Furthermore, in order to be deployable in a clinical environment, all components
need to be integrated in a pipeline capturing videos or frames from the endoscopy
equipment, via an automatic analysis, to give the clinicians a visual feedback
(and potentially also assisting in generating an examination report according to
medical standards). The system must also be easily integrated into and usable
with the current examination procedures, and of course, the various components
must meet the medical privacy and security regulations.

3 Existing Methods

As mentioned above, a large number of algorithms and models for automated
analysis of GI video and images have already been proposed. In this respect,
when we discuss CAD systems for the GI tract today, people often interchange-
ably talk about detection, localization and segmentation. Here, we therefore first
try to distinguish between the terms as follows:

– Detection is the operation of detecting whether an image belongs to a certain
classification or not. This can be a binary “yes or no” for questions whether
the image or video frame contains a polyp or not. It also includes systems
that classifies the input into multiple classes.

– Localization is to point into the image where the object is located, e.g., using
some type of point markers or making a bounding box around the object of
interest.
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– Segmentation is yet another step further where one determines pixel-wise
whether the pixel belongs to a finding or not, e.g., generating an exact seg-
mentation mask of the finding.

Figure 2 shows an example of detection, localization and detection. As local-
ization is often mixed into both detection and segmentation, we here focus on
detection and segmentation.

Fig. 2: Various ways of indicating a finding (left : detection “just” showing the
image; center : full segmentation mask showing in white all pixels part of the
finding; and right : bounding box making a rectangle around the finding)

3.1 Hand-crafted-feature-based approaches

Automatic detection of GI anomalies has been a topic of research long before
the success of AI and deep neural networks, using what is nowadays often called
traditional computer vision and ML methods, as found in libraries such as
OpenCV [16] and LIRE [69]. Already in 1998, Krishnan et al. [59] proposed
detecting polyps using shape-features in a curvature analysis. In the subsequent
decade, various approaches using a mix of shape, edge, texture, and color fea-
tures appeared. For example, Alexandre et al. [2] detected polyps using a support
vector machine (SVM) on color patterns. Further, using SVMs, Ameling et al. [5]
combined texture and colors, and Park et al. [75] used shape and texture features
in a conditional random field classifier.

Two more recent approaches using hand-crafted techniques are Polyp-Alert [111]
and EIR [85], where the authors also measured analysis time, with the goal of be-
ing able to give real-time feedback during the examination. The Polyp-Alert [111]
system combines edge and texture features. The polyp edge detection algorithm
mainly relies on edge features obtained from the part-based multi-derivative
edge cross-section profile [110]. The EIR [85] system combines a content-based
similarity search with statistical classifiers from the training data. A large num-
ber of image features are tested [87], ending up with a combination of the joint
composite descriptor feature and the Tamura features, due to a good trade-off
between the precision and sensitivity (recall), and the speed of the algorithm. A
search-based classifier is then used to determine if an image contains a finding
of a certain class.
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A detailed overview containing earlier example approaches can be found
in [111, 85]. However, lately, deep learning approaches have outperformed these
hand-crafted approaches and replaced them entirely.

3.2 Deep learning-based approaches

Already in 2001, Karkanis et al. [53] aimed for the detection of lesions in en-
doscopic video using textural descriptors on the wavelet domain supported by
artificial neural network architectures, albeit not using deep architectures. Such
early approaches were tested on tiny data sets, in this case 8 images [53]. More
recent approaches are usually based on deep learning architectures where Con-
volutional Neural Networks (CNNs) are clearly the most popular ones.

Where hand-crafted features rely on extracting predefined properties of an
image, such as color, texture, or shape, CNNs are neural network architectures
using convolutions and pooling operations to automatically learn which fea-
tures are most relevant. CNNs perform well on many different tasks like image
classification, object detection in images, and image generation [56]. Although
they are mostly used for image analysis, they have also proven useful in time-
series research and video analysis. In medicine, architectures like U-Net [89]
have shown promising results in areas like cardiology, colonoscopy, and radiol-
ogy [119, 122, 74]. This also includes gastroenterology, where CNNs are currently
state-of-the-art for analysing colonoscopy videos. The most common application
is the detection and segmentation of polyps, where many CNN-based approaches
have shown excellent results [17, 113, 50]. These approaches have expanded to
other findings as well, like detecting and segmenting ulcers [31]. Furthermore,
due to limited access to medical image and video data, most approaches use
transfer learning. In transfer learning, pre-trained models are used as a starting
point, and refined for the given data set by retraining with some layers trainable
and some frozen [82].

An automated CAD system for the GI endoscopic image segmentation is
a step further than providing “just” detection of anomalies. A predicted seg-
mentation mask (see figure 2) can help point out the area of interest in the
images (frames) that need to be further examined. However, making such per-
pixel predictions is also a more complex task. In this respect, there has been a
considerable amount of work done so far, especially targeting polyps [109, 45, 50,
47, 48, 71, 32, 100, 81], artefacts [3], and endoscopic instruments [90]. In general,
CNN-based approaches perform well with the larger polyps. However, still the
major challenges issues in the field are related to adenomatous polyps or small
and flat polyps. Recent studies are targeting smaller polyps [63, 50], however, it
is yet an open-challenge to solve.

3.3 Unsupervised and semi-supervised approaches

The above presented approaches fall into the category of supervised learning,
meaning that we train the models on a data set with an existing ground truth.
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In this section, we give a glance at newly emerging unsupervised and semi-
supervised methods.

Generative Adversarial Networks (GANs), which were introduced by Good-
fellow et al. [30] in 2014, are becoming increasingly popular in the medical do-
main for generating synthetic data. Different advancements to the original GAN
architecture, such as conditional GAN [72], pix2pix [43], CycleGAN [123], Style-
GANs [54, 55], to mention a few, present different methods, ranging from domain
transformation to high definition image generation. ML researchers in the medi-
cal domain can use GAN models to generate synthetic data to tackle challenges
related to privacy, data deficiency, and data annotation. For example, Young-
hak et al. [93] use a conditional GAN architecture to generate synthetic polyp
images to improve the performance of a deep learning system detecting polyps
in the colon. This methodology is still in its early stages, and it has yet to be
shown to which extent generated data can replace real data and help to improve
performance and shareability.

Another emerging method in the field of medical image analysis, is semi-
supervised learning. Here, the goal is to learn from a small set of labelled data
combined with a larger amount of unlabelled data. Examples include [116, 7,
70, 67]. These models produce promising results, and could also help overcome
the challenge of insufficient labelled data faced by many data-hungry methods.
However, these approaches still struggle with challenges such as low accuracy
and high entropy during early stages of the training process. The models are
also regularized towards high entropy predictions, making it hard to achieve a
high accuracy [120, 117]. It will be interesting to see whether these challenges
can be overcome, and how useful the results will prove to be in the medical
domain.

4 Example results

High detection or segmentation rates are important in order to be clinically rele-
vant, and the typical way the performance is compared. However, due to factors
like different data sets and different equipment, the pure numbers cannot be
directly compared. Still, to give some indications of the state-of-the-art perfor-
mance, we give a set of, by far from complete, examples using standard metrics
like precision, sensitivity (recall), specificity, accuracy, F1 score and MCC for
detection; and Dice similarity coefficient (DSC), Intersection over Union (IoU),
precision and sensitivity for segmentation. A substantial overview of existing ap-
proaches can be found in [61], containing 138 different studies. An explanation
of the different metrics is given Table 1 and further discussed in section 5.3. An-
other source for exploring and comparing different approaches, are the popular
GI detection, classification and segmentation challenges discussed in section 5.6.

A selection of performance examples are given in Table 2. Looking at the
numbers, we see that in the specific tested cases, the computer should be at
the level of the best experts with scores above 90%, i.e., potentially being a
helpful digital assistant during a GI endoscopy examination. Likewise, example
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Table 1: List of commonly used metrics. To define each metric, TP, FP, TN, and
FN represent true positives, false positives, true negatives, and false negatives,
respectively.

Formula Description

accuracy = TP+TN
TP+FP+TN+FN Rate of correct classification. Ratio between cor-

rectly classified samples and all samples.

precision = TP
TP+FP Proportion of retrieved samples which are rele-

vant. Ratio between correctly classified positive
samples and all samples classified as positive.

sensitivity (also known as recall) = TP
TP+FN Proportion of relevant samples which are re-

trieved. Ratio between correctly classified posi-
tive samples and all positive samples.

specificity = TN
TN+FP Negative class sensitivity. Ratio between correctly

classified negative samples and all negative sam-
ples.

F1 = 2×TP
2×TP+FP+FN Harmonic mean of the precision and sensitivity

(recall).

MCC = TP×TN−FP×FN√
(TP+FP )(TP+FN)(TN+FP )(TN+FN)

Pearson’s correlation coefficient [23] for binary
classification.

IoU (also known as Jaccard) = TP
TP+FP+FN Similarity between sets from the size of the inter-

section divided by the size of the union.

DSC = 2TP
2TP+FP+FN Quotient of similarity of two sets. Semi-metric as

it doesn’t satisfy the triangle inequality. Related
to the IoU via S

2−S .

results for lesion segmentation are provided in Table 3, and the numbers are
again encouraging in terms of proving that the used models could be of use in
a medical setting. However, while the results achieved are promising, there are
still several open challenges, including generalizability, overfitting, cross data set
testing and explainability of the results. Moreover, as indicated in the Tables,
hardly any existing research report the speed of the system, meaning that it is
hard to assess the system’s capability to provide a live analysis in the clinic.

5 Open issues and ongoing research

Despite impressive results presented in many of the published papers, even ex-
ceeding what are reported as average detection rates from clinicians, there are
still challenges and open issues. First, for example, Thambawita et al. [98] pre-
sented the issue of overfitting to specific data sets and a lack of generalizability.
This means that a model that performs well on one data set may not perform
at all on another. Furthermore, like other deep neural networks, CNNs are black
boxes, and it is not easy to understand why one input gives a particular result.
There is also a lack of large open data sets that contain annotations for un-
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Table 2: Examples of detection performance from different approaches. The
results show promising performance with numbers above 90%. Unfortunately,
speed is not commonly reported.

P
a
p

e
r

/
s
y
s
t
e
m

D
a
t
a

s
e
t

u
s
e
d

S
e
n
s
it

iv
it

y
(r

e
c
a
ll

)

S
p

e
c
ifi

c
it

y

A
c
c
u
r
a
c
y

P
r
e
c
is

io
n

F
1

M
C

C

S
p

e
e
d

(
fp

s
)

Boughorbel [17] MICCAI-challenge data sets 86.3 - - 73.6 - - -
Kundu [60] 30 Own data set 95.2 98.3 97.9 88.4 - - -
Cho [21] Seoul National University Hospital >87 - >93 - - -
Ghosh [29] VCE videos data set 99.4 99.2 97.9 95.8 - - -
Bell [8] CTC generating 4000 images per patients 89.8 75.5 - - - - -
Pogorelov [76] Kvasir 83.9 98.5 97.2 84.1 85.6 82.8 46
Billah [13] Colonoscopy & Endoscopy vision data set 98.7 98.2 98.3 - - - -
Thambawita [99] Kvasir 95.8 99.7 95.8 95.9 95.8 95.3 29

Table 3: Some examples of different segmentation approaches applied to dif-
ferent data sets. We can clearly see that the performance overall is quite promis-
ing (with all metrics in the range of 70 to 95. Speed is unfortunately not com-
monly reported.
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U-Net [89] MICCAI-PhC-U373 - 92.0 - - -
PraNet [26] CVC-ClinicDB 89.9 84.0 - - -
PolypSegNet [71] CVC-ClinicDB 91.5 86.2 91.1 96.2 -
ResUNet++ [50] CVC-ClinicDB 79.6 79.6 70.2 87.9 -
PraNet [26] Kvasir-SEG 89.8 84.0 - - -
PolypSegNet [71] Kvasir-SEG 88.7 82.5 84.5 91.7 -
ResUNet++ [50] Kvasir-SEG 81.3 79.3 70.6 87.7 -
Double-UNet [45] CVC-ClinicDB 92.4 86.1 84.6 96.0 -

common abnormalities and rarely documented findings to support data-hungry
algorithms like CNNs. Here, we elaborate on a few of these open issues.

5.1 Limited data availability

Available medical data is scarce. However, modern deep learning approaches
usually require a lot of data to perform well, and often, the more variations in
the data, the better the model gets, especially for supervised learning models.
Table 4 shows the data sets available in the field of GI endoscopy. Evidently,
the number of images used for training and testing is small when compared to
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Table 4: Summary of available endoscopic data sets. A further discussion about
data sets are found in [14, 96].
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Kvasir [77] various ⇑⇓ 8,000 - - - variable - †
Nerthus [78] stool (cleanness) ⇓ 5,525 - - - 720× 576 - †
HyperKvasir [14] various ⇑⇓ 110,079 373 - - variable - †
KvasirInstrument [46] instruments ⇓ 590 - 3 3 variable - †
Kvasir-SEG [49] polyps ⇓ 1,000 - 3 3 variable - †
ASU-Mayo [97] polyps ⇓ 18,781 - - - variable - -
CVC-ClinicDB [10] polyps ⇓ 612 - - - 384× 288 - ‡�
CVC-ColonDB [11] polyps ⇓ 380 - - - 574× 500 - -
ETIS Larib Polyp DB [95] polyps ⇓ 196 - - - 1225× 966 - ‡�
SUN Colonoscopy Video DB [73] polyps ⇓ 158,690 - 3 - 1080× 1240 - ?
CVCVideoClinicDB [6, 12] polyps ⇓ 11,954 - - - 384× 288 - -

CAD-CAP [65] various 25,000 - - - - 3 -
KID [58] various 2,371 47 - - - 3 -
KvasirCapsule [96] various ⇓ 4,820,739 118 3 - variable 3 •
Location: ⇑ = upper GI ⇓ = lower GI

Device: † = ScopeGuide, Olympus ‡ = Olympus Q160ALandQ165L
� = Exera IIvideoprocessor • = Olympus EC-S10 endocapsule

the data set from the natural images. This is because it is difficult to obtain
data from the medical domain. The data is often protected and unavailable
due to legal restrictions and lack of medical personnel for the tedious process
of manually extracting and labeling training data. This calls either for better
data sharing processes and culture, or methods more capable of handling small
amounts of data.

This gives rise to several basic challenges: The amount of data is too small to
train a robust model, and the presented results might appear deceivingly good
due to overfitting. Moreover, it is hard to compare results if all experiments are
performed on different data, and practically impossible to reproduce them. Thus,
it is almost impossible to conclude whether one model is better than another. We
must therefore aim for more and open data sets. Table 4 contains an overview
of know available data sets at the time of writing, making a good starting point
for future experiments. Still, more data is needed, especially data containing
pathological outcomes.

5.2 Generalizability

One of the open issues in the field is the GI endoscopy is the generalizability of
ML models, i.e., their ability to perform well on previously unseen data regardless
of source, equipment, etc. Such data can be from either the same distribution as
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the model was trained on, or from a different distribution. Which of the two a
new data sample represents, is not always clear [103, 101]. Although some recent
studies address generalizability of ML models for polyp classification [112, 45],
this must be addressed for any model or system to be deployed into clinical
practice.

Evaluating whether a model is reliable for real world use also requires cross
data set testing, to avoid accepting a model which coincidentally works well
on one specific set of data. The model developers should in general not have
access to the final test data, to avoid bias during testing and development. This
process, known as data blinding, is an important tool in many fields of research,
including medicine [80]. Ideally, the model should be tested for robustness on
data collected separately from the data used during model development and
testing.

Furthermore, distinction should be made between data annotated by medical
experts, referred to as soft ground truth, and data labelled based on a medical
test, referred to as hard ground truth, e.g., pathological examination of a polyp.
The quality of soft ground truth data is limited by how well the medical anno-
tator is trained, and such data is most useful for training models intended to
automate processes. On the other hand, data with hard ground truth labels can
also be used for automating processes, with the added benefit of avoiding anno-
tator error or bias into the model, but it can furthermore be used for obtaining
new knowledge. Note that while, as mentioned above, annotating each image
is time consuming, collecting hard ground truth data is even more demanding,
resulting in a scarcity of such data sets.

In current endoscopy practices, different hospitals use different endoscope sys-
tem for diagnosis and therapy. The most common globally available endoscope
systems are Olympus (Japan), Pentax 90i series (Japan), Fujinon (Japan), and
Karl Storz (Germany) [57]. Moreover, different medical institutes have different
protocols. Therefore, designing generalizable CAD systems is essential for per-
forming well on a variety of institutes. Such systems should always be tested
on several data sets. Discussions regarding challenges and advantages associated
with cross-dataset testing can be found in [98].

5.3 Metrics and evaluation

Evaluating performance is an important step when creating models for clinical
use, and depends strongly on the choice of metric. As shown in Table 1, com-
monly used metrics are precision, sensitivity (recall), specificity, accuracy and
F1 score. Some papers also report AUROC (area under the receiver operating
characteristics). There are several reasons for going beyond the aforementioned
metrics [98]. One challenge frequently encountered in association with medical
data sets, is their tendency to be imbalanced between classes, often having far
more normal images than images with lesions. Because of this, certain metrics
can provide an overly optimistic impression of the actual performance. For in-
stance, a binary classifier can achieve a high accuracy on a data set containing
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few negative instances, by assigning all instances to the positive class. The AU-
ROC is also known to be deceptive for imbalanced classification [91]. In such
cases, the correlation coefficient between the true and predicted classes can be
more informative [15], although no single metric is universally informative or
suited for any imbalanced data problem. Moreover, for detection purposes it is
also a question whether one report per-frame performance, i.e., giving a decision
for every frame in the video, or per-lesion, i.e., giving a correct prediction for
at least one of the frames in the video sequence. Looking at the results from a
technical point of view, a per-frame analysis of often desired, but from the med-
ical point of view, a per-lesion analysis is often sufficient to notify the clinician
of the finding once.

For segmentation performance, commonly used metrics are DSC and the IoU,
also known as the Jaccard index. In clinical use, medical experts are usually in-
terested in pixel-wise detail information about the potential lesion. DSC and IoU
can be used to compare the pixel-wise similarity between the predicted segmen-
tation maps and the ground truth. In addition, precision and sensitivity are used
to evaluate under-segmentation or over-segmentation, where under-segmentation
implies that the model predicts less relevant content in some portion of the image
compared to the ground truth, and over-segmentation that the predicted image
covers more pixels than the ground truth.

As observed in Tables 2 and 3, little research has until now focused on the
required real-time capabilities in order to provide live feedback to clinicians
during the endoscopy examinations. However, there seems to be reported systems
that analyse data faster than the frame-rate threshold, and it has also been given
attention in some of the arranged competitions (see section 5.6). Nonetheless, it is
often a trade-off between speed (model complexity) and detection performance,
indicating that this is still an important issue in future research and development
of CAD systems.

5.4 Automatic report generation

After the endoscopist finishes an endoscopy, a high-quality report should be
generated. This often a time-consuming process, where research shows that ap-
proximately one-sixth of U.S. physicians working time is spent on administra-
tive tasks, taking time away from direct-patient care and lessening job satisfac-
tion [115]. Moreover, there are large variations in endoscopists’ interpretations
of findings as well as reporting styles. This can, and often does, lead to inconsis-
tencies in the final decision [37]. Hence, automated report generation could both
save clinical time and help standardize endoscopy reports, and recent develop-
ment in natural language processing is expected to open up new possibilities in
automatic report generation [86].

A method proposed by Jing et. al. [51] uses neural image captioning to create
reports from x-ray images. In [121], images are analysed by a neural network,
and example images of findings similar to the one at hand and attention maps
are combined to reports. Most approaches focus on image analysis as a basis,
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and combine this with additional information [118, 33, 24]. This of course de-
pends on access to a database containing correct information which can be used
in combination with the images. A significant challenge is different reporting
standards between countries or even hospitals, making it practically impossible
to create a widely adoptable software.

However, for medical experts, automatic text creation might not even be the
most crucial feature of such a software: A more important aspect is their ability
to understand the reasoning and decision of the underlying model, enabling them
to include it in their assessment. This is discussed in the next section.

5.5 Explainability

A well-known challenge associated with deep learning based CAD systems, is
limited explainability due to their inherent complexity [4]. This property has
caused their notoriety as black boxes whose decision-making processes are un-
known, especially to end-users [35]. The need for understanding and explaining
how the systems work and which roles the different data features play in the
decisions, addresses different needs in the different stages of the system’s devel-
opment and use. The developer of the system needs to understand how data
and methods are working together, as understanding and interpretability of the
output helps to determine errors in the data as well as enabling targeted failure
analysis. Particularly, in the context of this AIM, the medical experts require an
explanation of the system’s decision to assure that it concurs with the relevant
medical knowledge.

Deep learning based systems, such as CNNs, have no inherent ways of provid-
ing explanations, meaning that they must either be extended to contain expla-
nation generators, or explanations must be obtained post hoc [38, 1, 39]. A brief
overview of approaches to model explanations is shown in Table 5. Models can be
designed to provide justifications for their decisions as an additional task, e.g.,
via a text justification generator as part of the model architecture [62]. Given
a model without such a design, different approaches are available: Those which
explain the properties of the decision making system itself, and those which
treat the system like a black box and provide explanations based on its emer-
gent behaviour, referred to as model dependent and model agnostic approaches,
respectively. One example of the former is displaying the values of the Deep
Neural Network (DNN)’s internal parameters as a heat map superimposed on
the classification instance [35]. Interpreted correctly, this can provide an under-
standing of the system’s internal decision making process. Such an approach can
also be extended to include information regarding the system induced decision
uncertainty (meaning the part of the uncertainty not associated with the data
collection and selection process), see [114].

Among the model-agnostic methods, the explanation concept LIME (Locally
Interpretable Model-agnostic Explanations) approximates the black-box model
using an interpretable model, such as a linear model, decision tree, or falling rule
list [84]. This is done in the neighborhood of the instance to explain, making the
resulting explanation a local one, given that it applies to a single outcome and
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is based on the particular instance’s characteristics, as is also the case for the
aforementioned model-dependent explanations.

In contrast, global explanations capture and explain the model at large, such
as feature importance ranking. One class of methods capable of producing global
explanations, are those based on the game-theoretic concept of Shapley val-
ues [92], which are currently enjoying a surge of interest in the statistics and
machine learning literature [66, 44, 40, 27]. Shapley values are obtained by eval-
uating the model using all possible combinations of the data features. Hence, the
computational complexity increases with the number of features |f | as 2|f |, and
the calculation involves re-training the model for each subset of features. The
latter is problematic as re-training would result in different model parameters,
highlighting that Shapley values are merely model agnostic, not independent.
The widely used SHAP (SHapley Additive exPlanations) package [68] circum-
vents these challenges in different ways for various model architectures, by cal-
culating approximate values using background samples from the data, and for
deep architectures using a similar approach as the per node attribution rules
from DeepLIFT [94]. The Shapley decomposition can be computed both glob-
ally and locally, and can be formulated [68] as a special case of LIME. Shapley
values can also be used to obtain model-independent explanations [28].

Table 5: The different model explanation approaches regarding when they are
applied: During the model development (in-model) or after the model is finished
(post-model). Explanation methods provide insight into model behaviour either
locally (around a particular prediction) or globally.

Category Description Ex.

In-model Justification text generator as part of model architecture [62]

Post-model

Model dependent GradCam: Display DNN activations on image [35]

Model agnostic
LIME: Yields a locally interpretable model approximating the
full model

[84]

SHAP: Shapley decomposition of a conditional expectation
function of the full model

[68]

Model independent Global non-parametric Shapley decomposition [28]

5.6 Competitions and challenges

There have been a series of different challenges related to automatic analysis
of endoscopy data [9, 79, 36], where CNN-based approaches have been the top-
performing methods for the last few years. The various tasks given have been
to benchmark and develop automated systems to accurately detect, localize,
and segment the abnormalities inside the GI tract. These challenges targeted
different tasks from detection, localization, and segmentation of GI anomalies,
colorectal polyps to artifacts presence in the GI tract (see Table 6). These regular
competitions can help the research community in the field to find to find common
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standards for evaluating models, benchmarking state-of-the-art methods and
tools, and finding new directions to bring the field forward together.

Table 6: List of GI detection, classification and segmentation challenge exam-
ples.

Challenge name URL

MICCAI 2015 Endoscopic Vision https://polyp.grand-challenge.org/databases/
Medico 2017 http://www.multimediaeval.org/mediaeval2017/medico/
Medico 2018 http://www.multimediaeval.org/mediaeval2018/medico/
GIANA 2018 https://giana.grand-challenge.org/Home/
EAD 2019 https://ead2019.grand-challenge.org/
Biomedia 2019 https://github.com/kelkalot/biomedia-2019
Medico 2020 https://multimediaeval.github.io/editions/2020/tasks/medico/
EndoTect 2020 https://github.com/simula/icpr-endotect-2020
EDD Challenge 2020 https://edd2020.grand-challenge.org/
EndoCV 2020 https://endocv.grand-challenge.org

5.7 Clinical verification and emerging commercial systems

Many research groups have presented promising research results and good per-
formance indicators, and several AI-based commercial systems have emerged,
some of which are listed in Table 7. The status of these are mostly unknown,
but for example, the GI Genius system is CE marked, but still lacks US Food
and Drug Administration (FDA) approval, and EndoBRAIN-EYE is approved
only in Japan. For CAD systems to be deployed for real-time examinations in
clinical examination rooms, or to be used for VCE data post analysis, clinical
verification is strictly necessary. Still, at the time of writing, such studies are very
limited. In August 2020, Repici et al. [83] presented a randomized multi-center
trial, concluding that the AI-based CAD increases the adenoma detection rate
(ADR), i.e., the percentage of patients with at least one histologically proven
adenoma or carcinoma, demonstrating the potential of such systems. They ex-
amined 685 patients: 341 patients using the CAD system and 344 patients using
only the traditional manual examination. The system achieved an ADR of 54.8%,
and the control group 40.4%. This demonstrates that AI-based systems can help
detect adenomas, but that further improvements are required to increase de-
tection rates, and to detect a larger number of sessile serrated lesions (at all).
Considering the limitations of the study as well as the presented performance,
it is clear that there are still improvements to made, and more clinical studies
are in order.

Despite significant interest from the industry, proper standards regarding
evaluation methods and reproducibility are widely lacking. In addition, industry
applications seem not to have focused on model explainability or model output
interpretability. These are all crucial ingredients of trustworthy applications, and
industry development will hopefully follow current research trends and focus
more on these in the future.
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Table 7: Emerging commercial products

Product Vendor Year URL

GI Genius AI Medtronic/
Cosmo Pharma

2019 https://www.cosmopharma.com/products/gi-genius

EndoBRAIN-EYE Cybernet 2020 https://www.cybernet.jp/english/documents/pdf/
news/press/2020/20200129.pdf

CAD-Eye Fujifilm 2020 https://www.fujifilm.eu/eu/cadeye
Ai4Gi Ai4Gi 2016? https://ai4gi.com
UltiVision DocBot 2018 https://www.docbot.co/

gastroenterology-and-health
DISCOVERY Pentax 2020 https://www.pentaxmedical.com/pentax/en/95/2/

DISCOVERY-new
ENDO-AID Olympus 2020 https://www.olympus.no/medical/en/

Products-and-Solutions/Products/Product/
ENDO-AID.html

SOMA Augere Medical 2018 https://augere.md

Finally, when a high-performing (research) prototype has been build and
tested, meeting the requirements above, it must be approved for medical use.
Robust evaluation of AI based software before implementation is needed to re-
duce patient and health system risk, establish trust to facilitate wide-spread
adoption. The common term used for such products is AI based software as
a medical device (SaMD). Regulators of the SaMD applications, including the
FDA in the United States, have been guided by the Global Harmonization Task
Force and International Medical Device Regulators Forum (IMDRF). The IM-
DRF has proposed 4 different risk categories for SaMD each with a different
set of requirements for assessing scientific and clinical validity of the technol-
ogy [42]. Within gastroenterology, CADe and CADx technologies have not yet
been classified. The current FDA process for SaMD is derived from its approval
process for medical devices and will be categorized into 3 risk categories: Classes
I, II and III (highest risk) [105]. After risk classification, premarket submission
as a 510(k) pathway or de novo pathway might be relevant to GI based AI tech-
nologies similar to Osteoidetect [107]. Moreover, given that the AI algorithms
are rapidly iterative and continuously learning, it can pose a challenge to the
current regulatory process. The FDA proposed a new system of regulation for
AI technologies in its Digital Health Innovation Action Plan, focused on AI
technologies that rely on continuous learning and adaptation [106]. Regulators
around the world have also recognized the challenges involved with AI algorithms
when applied to medicine and most countries have initiated efforts to develop
policies tailored for SaMD. Many of them share the core principles of designation
of risk, review clinical evidence to demonstrate efficacy and safety, practices to
incorporate evolving AI systems.

6 Summary & Conclusions

In this work, we have introduced the application of automated data analysis
for GI endoscopy, and presented an overview on detection and segmentation
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based approaches to tackle challenges like large lesion miss-rates and inter-
observer variability. Recent studies have shown that deep computer vision-based
approaches seem to have the potential of improving the accuracy and overall
performance in GI endoscopy by providing fully automated CAD systems acting
as an additional digital eye. Nevertheless, there are still several open issues and
challenges which need to be addressed before automatic analyses can be usefully
integrated into clinical practice. These should be regarded as issues requiring
research attention in the field.
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H.B., González, C., Guo, D., Halvorsen, P., Heng, P.A., Hosgor, E., Hou,
Z.G., Isensee, F., Jha, D., Jiang, T., Jin, Y., Kirtac, K., Kletz, S., Leger, S.,
Li, Z., Maier-Hein, K.H., Ni, Z.L., Riegler, M.A., Schoeffmann, K., Shi, R.,
Speidel, S., Stenzel, M., Twick, I., Wang, G., Wang, J., Wang, L., Wang,
L., Zhang, Y., Zhou, Y.J., Zhu, L., Wiesenfarth, M., Kopp-Schneider, A.,
Müller-Stich, B.P., Maier-Hein, L.: Robust medical instrument segmenta-
tion challenge 2019 (2020)

[91] Saito, T., Rehmsmeier, M.: The precision-recall plot is more informative
than the roc plot when evaluating binary classifiers on imbalanced datasets.
PloS one 10(3), e0118432 (2015)

[92] Shapley, L.S.: A value for n-person games. Contributions to the Theory of
Games 2(28), 307–317 (1953)

[93] Shin, Y., Qadir, H.A., Balasingham, I.: Abnormal colon polyp image syn-
thesis using conditional adversarial networks for improved detection per-
formance. IEEE Access 6, 56007–56017 (2018)

[94] Shrikumar, A., Greenside, P., Kundaje, A.: Learning important features
through propagating activation differences. CoRR abs/1704.02685 (2017),
http://arxiv.org/abs/1704.02685

[95] Silva, J., Histace, A., Romain, O., Dray, X., Granado, B.: Toward em-
bedded detection of polyps in wce images for early diagnosis of colorectal
cancer. Int. Jour. of Comput. Assis. Radiol. and Surg. 9(2), 283–293 (2014)

[96] Smedsrud, P.H., Gjestang, H.L., Nedrejord, O.O., Næss, E., Thambawita,
V., Hicks, S.A., Borgli, H., Jha, D., Berstad, T.J.D., Eskeland, S.L., Lux,
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A., Pellisé, M., Sanduleanu-Dascalescu, S., Bastiaansen, B.A., Fockens, P.,
Dekker, E.: Polyp morphology: an interobserver evaluation for the paris
classification among international experts. The American journal of gas-
troenterology 110(1), 180 (2015)



Artificial Intelligence in Medicine: Gastroenterology 27

[109] Wang, P., Xiao, X., Brown, J., Berzin, T., Tu, M., Xiong, F., Hu, X., Liu,
P., Song, Y., Zhang, D., Yang, X., Li, L., He, J., Yi, X., Liu, J., Liu, X.,
Lai, L.: Development and validation of a deep-learning algorithm for the
detection of polyps during colonoscopy. Nature Biotechnology pp. 741–748
(10 2018)

[110] Wang, Y., Tavanapong, W., Wong, J., Oh, J., de Groen, P.C.: Part-
based multiderivative edge cross-sectional profiles for polyp detection in
colonoscopy. IEEE Journal of Biomedical and Health Informatics 18(4),
1379–1389 (2014)

[111] Wang, Y., Tavanapong, W., Wong, J., Oh, J.H., De Groen, P.C.: Polyp-
alert: Near real-time feedback during colonoscopy. Comp. Meth. Progr.
Biomed. 120(3), 164–179 (2015)

[112] Wei, J., Suriawinata, A., Vaickus, L., Ren, B., Liu, X., Lisovsky, M.,
Tomita, N., Abdollahi, B., Kim, A., Snover, D., Baron, J., Barry, E., Has-
sanpour, S.: Evaluation of a deep neural network for automated classifica-
tion of colorectal polyps on histopathologic slides. JAMA Network Open
3, e203398 (04 2020)

[113] Wickstrøm, K., Kampffmeyer, M., Jenssen, R.: Uncertainty modeling and
interpretability in convolutional neural networks for polyp segmentation.
In: Rroceedings of the IEEE international workshop on machine learning
for signal processing (mlsp). pp. 1–6. IEEE (2018)

[114] Wickstrøm, K., Kampffmeyer, M., Jenssen, R.: Uncertainty and inter-
pretability in convolutional neural networks for semantic segmentation
of colorectal polyps. Medical Image Analysis 60, 101619 (2020), http:

//www.sciencedirect.com/science/article/pii/S1361841519301574

[115] Woolhandler, S., Himmelstein, D.U.: Administrative work consumes one-
sixth of u.s. physicians’ working hours and lowers their career satisfaction.
International Journal of Health Services 44(4), 635–42 (2014)

[116] Wu, H., Prasad, S.: Semi-Supervised Deep Learning Using Pseudo Labels
for Hyperspectral Image Classification. IEEE Transactions on Image Pro-
cessing 27(3), 1259–1270 (2018)

[117] Xie, Q., Luong, M.T., Hovy, E., Le, Q.V.: Self-training with Noisy Student
improves ImageNet classification. arXiv (2020), http://arxiv.org/abs/
1911.04252

[118] Xue, Y., Xu, T., Long, L.R., Xue, Z., Antani, S., Thoma, G.R., Huang, X.:
Multimodal recurrent model with attention for automated radiology report
generation. In: International Conference on Medical Image Computing and
Computer-Assisted Intervention. pp. 457–466. Springer (2018)

[119] Yang, J., Faraji, M., Basu, A.: Robust segmentation of arterial walls in
intravascular ultrasound images using dual path u-net. Ultrasonics 96,
24–33 (2019)

[120] Zhang, C., Tavanapong, W., Wong, J., de Groen, P.C., Oh, J.: Real Data
Augmentation for Medical Image Classification. In: Cardoso, M.J., Ar-
bel, T., Lee, S.L., Cheplygina, V., Balocco, S., Mateus, D., Zahnd, G.,
Maier-Hein, L., Demirci, S., Granger, E., Duong, L., Carbonneau, M.A.,
Albarqouni, S., Carneiro, G. (eds.) Intravascular Imaging and Computer
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Abstract: Intraoperative tracking of laparoscopic instruments is often a prerequisite for

computer and robotic-assisted interventions. While numerous methods for detect-

ing, segmenting and tracking of medical instruments based on endoscopic video im-

ages have been proposed in the literature, key limitations remain to be addressed:

Firstly, robustness, that is, the reliable performance of state-of-the-art methods

when run on challenging images (e.g. in the presence of blood, smoke or motion

artifacts). Secondly, generalization; algorithms trained for a specific intervention in

a specific hospital should generalize to other interventions or institutions.

In an effort to promote solutions for these limitations, we organized the Robust

Medical Instrument Segmentation (ROBUST-MIS) challenge as an international

benchmarking competition with a specific focus on the robustness and generaliza-

tion capabilities of algorithms. For the first time in the field of endoscopic image

processing, our challenge included a task on binary segmentation and also addressed

multi-instance detection and segmentation. The challenge was based on a surgical

data set comprising 10,040 annotated images acquired from a total of 30 surgical

procedures from three different types of surgery. The validation of the compet-

ing methods for the three tasks (binary segmentation, multi-instance detection and

multi-instance segmentation) was performed in three different stages with an in-
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creasing domain gap between the training and the test data. The results confirm

the initial hypothesis, namely that algorithm performance degrades with an in-

creasing domain gap. While the average detection and segmentation quality of the

best-performing algorithms is high, future research should concentrate on detection

and segmentation of small, crossing, moving and transparent instrument(s) (parts).
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a b s t r a c t 

Intraoperative tracking of laparoscopic instruments is often a prerequisite for computer and robotic- 

assisted interventions. While numerous methods for detecting, segmenting and tracking of medical in- 

struments based on endoscopic video images have been proposed in the literature, key limitations re- 

main to be addressed: Firstly, robustness , that is, the reliable performance of state-of-the-art methods 
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when run on challenging images (e.g. in the presence of blood, smoke or motion artifacts). Secondly, gen- 

eralization ; algorithms trained for a specific intervention in a specific hospital should generalize to other 

interventions or institutions. 

In an effort to promote solutions for these limitations, we organized the Robust Medical Instrument Seg- 

mentation (ROBUST-MIS) challenge as an international benchmarking competition with a specific focus 

on the robustness and generalization capabilities of algorithms. For the first time in the field of endo- 

scopic image processing, our challenge included a task on binary segmentation and also addressed multi- 

instance detection and segmentation. The challenge was based on a surgical data set comprising 10,040 

annotated images acquired from a total of 30 surgical procedures from three different types of surgery. 

The validation of the competing methods for the three tasks (binary segmentation, multi-instance detec- 

tion and multi-instance segmentation) was performed in three different stages with an increasing domain 

gap between the training and the test data. The results confirm the initial hypothesis, namely that algo- 

rithm performance degrades with an increasing domain gap. While the average detection and segmen- 

tation quality of the best-performing algorithms is high, future research should concentrate on detection 

and segmentation of small, crossing, moving and transparent instrument(s) (parts). 

© 2020 The Authors. Published by Elsevier B.V. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 

1. Introduction 

Minimally invasive surgery has become increasingly common 

over the past years ( Siddaiah-Subramanya et al., 2017 ). However, 

issues such as limited view, a lack of depth information, haptic 

feedback and increased difficulty in handling instruments have 

increased the complexity for the surgeons. Surgical data science 

applications ( Maier-Hein et al., 2017 ) could help the surgeon to 

overcome those limitations and to increase patient safety. These 

applications, e.g. surgical skill assessment ( Law et al., 2017; Lin 

et al., 2019 ), augmented reality ( Wang et al., 2017; Burström et al., 

2019 ), assistance robots ( Amini Khoiy et al., 2016; Zhang and Gao, 

2020 ), vision-based force estimation ( Su et al., 2018 ) or depth 

enhancement ( De Paolis and De Luca, 2019 ), are often based on 

the segmentation and/or tracking of medical instruments during 

surgery. Currently, commercial tracking systems usually rely on 

optical or electromagnetic markers and, therefore, also require 

additional hardware ( Bianchi et al., 2019; Zhou et al., 2019 ), which 

are expensive, need extra space and require technical knowledge. 

Alternatively, with the recent success of deep learning methods in 

the medical domain ( Esteva et al., 2019 ) and first surgical data sci- 

ence applications ( Fawaz et al., 2019; Nguyen et al., 2019 ), video- 

only based approaches offer new opportunities to handle difficult 

image scenarios such as bleeding, light over-/underexposure, 

smoke and reflections ( Bodenstedt et al., 2018 ). Video-only based 

approaches offer new opportunities to handle difficult image sce- 

narios such as bleeding, light over-/underexposure, smoke and re- 

flections ( García-Peraza-Herrera et al., 2016; Kurmann et al., 2017; 

Laina et al., 2017; Pakhomov et al., 2019; Zhao et al., 2019 ). In 

turn, the tracking information may directly affect the instructions 

provided to the surgeon to navigate the surgical instruments. Fur- 

thermore, unreliable algorithms potentially reduce the acceptance 

on the part of the surgical team, and thus, the chances for trans- 

lation into the clinical routine ( Panch et al., 2019; Qayyum et al., 

2020 ). 

As validation and evaluation of image processing methods is 

usually performed on the researchers’ individual data sets, find- 

ing the best algorithm suited for a specific use case is a difficult 

task. Consequently, reported publication results are often difficult 

to compare ( Ioannidis, 2005; Armstrong et al., 2009 ). In order to 

overcome this issue, we can implement challenges to find algo- 

rithms that work best on specific problems. These international 

benchmarking competitions aim to assess the performance of sev- 

eral algorithms on the same data set, which enables a fair compar- 

ison to be drawn across multiple methods ( Maier-Hein et al., 2018; 

2019 ). 

One international challenge which takes place on a regu- 

lar basis is the Endoscopic Vision (EndoVis) Challenge 2 . It hosts 

sub-challenges with a broad variety of tasks in the field of 

endoscopic image processing and and has been held annually 

at the International Conference on Medical Image Computing 

and Computer Assisted Interventions (MICCAI) since 2015 (ex- 

ception: 2016). However, data sets provided for instrument de- 

tection/tracking/segmentation in previous EndoVis editions (e.g., 

( Allan et al., 2019, 2020 )) comprised a relatively small number of 

cases (between ∼500 to ∼4,000) and generally represented best 

cases scenarios (e.g. with clean views, limited distortions in videos) 

which did not comprehensively reflect the challenges in real-world 

clinical applications. Although these competitions enabled primary 

insights and comparison of the methods, the information gained 

on robustness and generalization capabilities of methods were lim- 

ited. 

To remedy these issues, we present the Robust Medical Instru- 

ment Segmentation (ROBUST-MIS) challenge 2019, which was part 

of the 4th edition of EndoVis at MICCAI 2019. We introduced a 

large data set comprising more than 10,0 0 0 image frames for in- 

strument segmentation and detection, extracted from daily routine 

surgeries. The data set contained images which included all types 

of difficulties and was annotated by medical experts according to 

a pre-defined labeling protocol and subjected to a quality control 

process. The challenge addressed methods with a projected appli- 

cation in minimally invasive surgeries, in particular the tracking of 

medical instruments in the abdomen, with a special focus on the 

generalizibility and robustness. This was achieved by introducing 

three stages with increase in difficulty in the test phase. To em- 

phasize the robustness of methods, we used a ranking scheme that 

specifically measures the worst-case performance of algorithms. 

Section 2 outlines the challenge design as a whole, includ- 

ing the data set. The results of the challenge are presented 

in Section 3 with a discussion following in Section 4 . The ap- 

pendix includes challenge design choices regarding the organiza- 

tion (see Appendix A ), the labeling and submission instructions 

(see Appendix B and Appendix C ), the rankings across all stages 

(see Appendix D ) and the complete challenge design document 

(see Appendix F ). 

2. Methods 

The ROBUST-MIS 2019 challenge was organized as a sub- 

challenge of the Endoscopic Vision Challenge 2019 at MICCAI 2019 

2 https://endovis.grand-challenge.org/. 
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Fig. 1. Various levels of difficulty represented in the challenge data for the binary segmentation (two upper rows) and multi-instance detection/segmentation tasks (two 

lower rows). Input frames (a) are shown along with the reference segmentation masks for all tasks. The latter are shown as contours (b). 

in Shenzhen, China. Details of the challenge organization can be 

found in Appendix A and Appendix F . The objective of the chal- 

lenge, the challenge data sets and the assessment method used to 

evaluate the participating algorithms are presented in the follow- 

ing. 

2.1. Mission of the challenge 

The goal of the ROBUST-MIS 2019 challenge was to benchmark 

algorithms designed for instrument detection and segmentation in 

videos of minimally invasive surgeries. Specifically, we were inter- 

ested in (1) identifying robust methods for instrument detection 

and segmentation, (2) assessing the generalization capabilities of 

the methods proposed and (3) identifying the image properties 

(e.g. smoke, bleeding, motion artifacts) that make images partic- 

ularly challenging. The challenges’ metrics and ranking schemes 

were designed to assess these properties (see Section 2.3 ). 

The challenge was divided into three different tasks with sepa- 

rate evaluations and leaderboards (see Fig. 1 ). For the binary seg- 

mentation task, participants had to provide precise contours of in- 

struments, using binary masks, with ‘1’ indicating the presence 

of a surgical instrument in a given pixel and ‘0’ representing the 

absence thereof. Analogously, for the multi-instance segmentation 

task, participants had to provide image masks by allotting num- 

bers ‘1’, ‘2’, etc. which represented different instances of medical 

instruments. In contrast, the multi-instance detection task merely 

required participants to detect and roughly locate instrument in- 

stances in video frames in which the location could be represented 

by arbitrary forms, such as bounding boxes. 

As detailed in Section 2.3 , the generalizability and performance 

of all participating algorithms was assessed in three stages with 

increasing levels of difficulty: 

• Stage 1: Test data was taken from the procedures (patients) 

from which the training data were extracted. 
• Stage 2: Test data was taken from the exact same type of 

surgery as the training data but from procedures (patients) not 

included in the training 
• Stage 3: Test data was taken from a different but similar type of 

surgery (and different patients) compared to the training data. 

Before the algorithms were submitted to the challenge, partic- 

ipants were only informed of the surgery types for stages 1 and 

2 (rectal resection and proctocolectomy, see Section 2.2.1 ). For the 

third stage, the surgery type (sigmoid resection) was referred to as 

unknown surgery to enable the generalizability to be tested. 

2.2. Challenge data set 

2.2.1. Data recording 

All data was recorded with a Karl Storz Image 1 laparoscopic 

camera (Karl Storz SE & Co. KG, Tuttlingen, Germany), with a 30 ◦

optic lens. The Karl Storz Xenon 300 was used as a light source. 

Data acquisition was executed during daily routine procedures at 

the Heidelberg University Hospital, Department of Surgery in the 

integrated operating room (Karl Storz OR1 FUSION®). Whenever 

parts of the video showed the outside of the abdomen, these 

frames were manually excluded for the purpose of anonymiza- 

tion. To reduce storage and memory usage, image resolution was 

reduced from 1920 × 1080 pixels (HD) in the primary video to 

960 × 540. Videos from 30 minimally invasive surgical procedures 

taken in three different types of surgery, namely 10 rectal resec- 

tion procedures, 10 proctocolectomy procedures and 10 procedures 

of sigmoid resection procedures, served as a basis for this challenge. 

A total of 10,040 images were extracted from these 30 procedures 

according to the procedure summarized in Section 2.2.2 . 

2.2.2. Data extraction 

The frames were selected according to the following proce- 

dures: Initially, whenever the camera was outside the abdomen, 

the corresponding frames were removed to ensure anonymization. 

Next, all videos were sampled at a rate of 1 frame/sec, eliciting 

4,456 extracted frames. To increase this number, additional frames 

were extracted during the surgical phase transitions, resulting in 

a total of 10,040 frames. Labels for the surgical phases were avail- 

able from the previous challenge EndoVis Surgical Workflow Analysis 

in the SensorOR 3 . All of these frames were annotated as described 

in 2.2.3 . 

3 https://endovissub2017- workflow.grand- challenge.org/. 
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Table 1 

Case distribution of the data with frames per stage and surgery. Empty frames (ef) were classed as the % of frames in 

which an instrument did not appear. 

PROCEDURE TRAINING TESTING 

Stage 1 Stage 2 Stage 3 

proctocolectomy 2,943 (2% ef.) 325 (11% ef.) 225 (11% ef.) 0 

rectal resection 3,040 (20% ef.) 338 (20% ef.) 289 (15% ef.) 0 

sigmoid resection ∗ 0 0 0 2,880 (23% ef.) 

TOTAL 5,983 (17% ef.) 663 (15% ef.) 514 (13% ef.) 2,880 (23% ef.) 

∗ unknown surgery 

2.2.3. Label generation 

As stated in the introduction, a labeling mask was created for 

each of the 10,040 extracted endoscopic video frames. The assign- 

ment of instances was done per frame, not per video. The in- 

strument labels were generated according to the following pro- 

cedure: First, the company Understand AI 4 performed initial seg- 

mentations on the extracted frames. Following this, the challenge 

organizers analyzed the annotations, identified inconsistencies and 

agreed on an annotation protocol (see Appendix B ). A team of 14 

engineers and four medical students reviewed all of the annota- 

tions and, if necessary, refined them according to the annotation 

protocol. In ambiguous or unclear cases, a team of two engineers 

and one medical student generated a consensus annotation. For 

quality control, a medical expert went through all of the refined 

segmentation masks and reported potential errors. The final deci- 

sion on the labels was made by a team comprised of a medical 

expert and an engineer. 

2.2.4. Training and test case definition 

A training case comprised a 10 second video snippet in the 

form of 250 endoscopic image frames and a reference annotation 

for the last frame. For training cases, the entire video was provided 

as context information along with information on the surgery type. 

Test cases were identical in format but did not include a reference 

annotation. 

For the division of the data into training and test data, in ac- 

cordance with the described testing scheme, all sigmoid resection 

procedures were reserved for stage 3. The two shortest videos per 

procedure (20%) were selected from the remaining 20 videos for 

stage 2 in order to have as much training data as possible. Fi- 

nally, every 10th annotated frame from the remaining 16 videos 

was used for stage 1 testing. All other frames were released as 

training data. 

No validation cases for hyperparameter tuning were provided 

by the organizers; hence, it was up to the challenge participants to 

split the training cases into training and validation data. In sum- 

mary, this led to a case distribution as shown in Table 1 . 

2.3. Assessment method 

2.3.1. Metrics 

The following metrics 5 were used to assess performance: 

• Binary Segmentation: Dice Similarity Coefficient ( DSC ) 

( Dice, 1945 ) and Normalized Surface Dice ( NSD ) 6 ( Nikolov et al., 

2018 ), 
• Multi-instance Detection: F1-score (other name for the 

DSC )( Dice, 1945 ), 

4 https://understand.ai. 
5 The implementation of all metrics can be found here: https://phabricator.mitk. 

org/source/rmis2019/. 
6 https://github.com/deepmind/surface-distance. 

• Multi-instance Segmentation: Multi-instance Dice Similarity Co- 

efficient ( MI_DSC ) and multi-instance Normalized Surface Dice 

( MI_NSD ). 

The DSC is a widely used overlap metric for segmentation 

( Cardoso, 2018; Everingham et al., 2015 ) and detection challenges 

(e.g., the Cerebral Aneurysm Detection (CADA) 20 ). It is defined as 

the harmonic mean of precision and recall: 

DSC(Y, ̂  Y ) := 

2 | Y ∩ 

ˆ Y | 
| Y | + | ̂  Y | , (1) 

where Y denotes the reference annotation and 

ˆ Y the corresponding 

prediction of an image frame. 

The NSD served as a distance-based measurement for assessing 

performance. In contrast to the DSC , which measures the overlap of 

volumes, the NSD measures the overlap of two surfaces (mask bor- 

ders) ( Nikolov et al., 2018 ). Furthermore, the metric uses a thresh- 

old that is related to the inter-rater variability of the annotators. 

In our case, the inter-rater variability was computed by a pairwise 

comparison of a total of 5 annotators over n = 20 training images, 

which resulted in a threshold of τ := 13 . Further analysis revealed 

that thresholds above 10 had no effect on rankings. 

According to the challenge design, the indices of instrument in- 

stances between the references and predictions did not necessarily 

match. The only requirement was that each instance was assigned 

a unique instrument index. Thus, all multi-instance tasks required 

the prediction and references to be matched, which was computed 

by applying the Hungarian algorithm ( Kuhn, 1955 ). 

To compute the MI_DSC and MI_NSD , matches of instrument 

instances were computed. Afterwards, the resulting performance 

scores for each instrument instance per image have been ag- 

gregated by the mean. The choice of the metrics (MI_)DSC and 

(MI_)NSD were based on the Medical Segmentation Decathlon 

challenge ( Cardoso, 2018 ) for the binary segmentation and the 

multi instance tasks. 

Finally, the F1-score for the detection task requires the defi- 

nition of true positives (TP), false negatives (FN) and false posi- 

tives (FP), where F 1(Y, ̂  Y ) := 

2 T P 
2 T P+ F N+ F P . The assignment of match- 

ing candidates was done using the Hungarian algorithm. For this 

purpose, the intersection over union ( IoU ) was computed for each 

possible pair of reference and prediction instances, which simply 

measures the overlap of two areas, divided by their union: 

IoU(Y, ̂  Y ) := 

| Y ∩ 

ˆ Y | 
| Y ∪ 

ˆ Y | , (2) 

where in both cases Y denotes the reference annotation and 

ˆ Y the 

corresponding prediction of an image frame. Similar to the MI_DSC 

computation, the Hungarian algorithm ( Kuhn, 1955 ) was used to 

assign matching pairs of references and predictions. Assigned pairs 

of references and predictions (Y, ̂  Y ) were defined as TP if their 

IoU(Y, ̂  Y ) > ξ := 0 . 3 . Reference instances without or with a smaller 

20 https://cada.grand-challenge.org 
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prediction than ξ were defined as FN. All instances that could not 

be assigned to a reference instance were assigned to FP. 

2.3.2. Rankings 

Separate rankings for accuracy and robustness were computed 

for stage 3 of the challenge in order to address multiple aspects of 

the challenge purpose. To investigate accuracy, a significance rank- 

ing 7 as recently applied in the MSD ( Cardoso, 2018 ) and described 

in Algorithm 1 was computed. The robustness ranking specifically 

Algorithm 1 Ranking scheme for the binary and multi-instance 

segmentation tasks. 

1: Let T = { t 1 , . . . , t N } be the test cases for the given task. 

2: for all participating algorithms a i do 

3: Determine the performance m (a i , t j ) of algorithm a i for each 

test case t j 
4: if m (a i , t j ) == N/A then 

5: m (a i , t j ) = 0 

6: end if 

7: Aggregate metric values m (a i , t j ) with the following two ag- 

gregation methods: 

1. Accuracy: Compute the significance ranking . For each pair 

of algorithms, perform one-sided Wilcoxon signed rank 

tests with a significance level of α = 0 . 05 to assess differ- 

ences in the metric values. The accuracy rank r a (a i ) for 

algorithm~a i is based on the number of significant test 

results for each algorithm (Maier-Hein et~al., 2018; Car- 

doso, 2018). 

2. Robustness: Compute the 5% percentile of all m (a i , t j ) to 

get the robustness rank r r (a i ) for algorithm~a i . 

8: end for 

focused on the worst case performance of methods. For this rea- 

son, the 5% percentile was computed instead of aggregating met- 

ric values with the mean or median. The computation of the F1- 

score naturally included a ranking as the TP, FN, FP were aggre- 

gated across all test cases. This led to a global metric value for 

each participant which was used to create the ranking. Please note 

both that the number of test cases and the number of algorithms 

were generally differed for each task and stage. For the binary 

and multi-instance segmentation tasks, the rankings were com- 

puted for both metrics, namely (MI_)DSC and (MI_)NSD , as shown 

in Algorithm 1 . 

These procedures produced nine rankings in total, namely 

four separate rankings (accuracy and robustness ranking for the 

(MI_)DSC and the (MI_)NSD ) for the binary and the multi-instance 

segmentation task respectively and one ranking for multi-instance 

detection. In every ranking scheme, missing cases were set to the 

worst possible value, namely 0 for all metrics. 

2.3.3. Statistical analyses 

The stability of the rankings was investigated via bootstrap- 

ping as this approach was identified as appropriate for quantifying 

ranking variability ( Maier-Hein et al., 2018 ). The analysis was per- 

formed using the R package challengeR ( Wiesenfarth et al., 2019b; 

2019a ). The package was further used to create plots that visualize 

(1) the absolute frequency of test cases in which each algorithm 

achieved the different ranks and (2) the bootstrap results for each 

algorithm. 

7 Please note that an algorithm A with a higher rank (according to the signif- 

icance ranking) than algorithm B did not necessarily perform significantly better 

than algorithm B, as detailed in Wiesenfarth et al. (2019b) . 

2.3.4. Further analyses 

Expert baseline Given the imperfect reference (no perfect ground 

truth) resulting from human annotation, it is typically difficult to 

determine a plausible upper bound (optimal) performance. To ad- 

dress this knowledge gap, one additional labeling expert, a med- 

ical student with six years of experience in labeling (henceforth 

denoted ‘expert’) annotated all images from stage 2. Inspired by a 

human vs. algorithms analysis for natural image multi-label clas- 

sification from Shankar et al. (2020) , we used the additional data 

in two principal ways. Firstly, we considered the expert as an ad- 

ditional team and generated new rankings for both the binary and 

the multi-instance segmentation task using the (MI_)DSC . Secondly, 

we analyzed his performance as a function of the number of in- 

struments present in the image. Worst case analysis The influence 

of the image artifacts and the size and number of instruments 

were analyzed. For this purpose, the 100 cases with the worst per- 

formance were analyzed to investigate which image artifacts cause 

the main failures of the algorithms. 

3. Results 

In total, 75 participants registered on the Synapse challenge 

website ( Roß et al., 2019b ) before the submission deadline. Aside 

from one team that decided to be excluded from the rankings, all 

teams with a working docker 8 submission were included in this 

paper. Their participation over the three challenge tasks and the 

total amount of submissions is summarized in Table 2 . 

3.1. Method descriptions of participating algorithms 

In the following, the participating algorithms are briefly sum- 

marized based on a description provided by the participants upon 

submission of the challenge results. Further details can be found in 

Table 3 . 

Team caresyntax : Single network fits all 

The caresyntax team’s core idea for multi-instance segmentation 

was to apply a Mask R-CNN ( He et al., 2017 ) based on a single net- 

work with shared convolutional layers for both branches. They hy- 

pothesized that it would help the network to generalize better if 

it was only provided with limited training data. The team decided 

to use a pre-trained version of the Mask R-CNN without including 

any temporal information from the videos. In their results, they re- 

ported that their approach outperformed a U-Net-based model by 

a significant margin. The team worked out that tuning pixel-level 

and mask-level confidence thresholds on the predictions played an 

important role. Furthermore, they acknowledged the importance 

that the training set size had for improved predictions, both quali- 

tatively and quantitatively. The team participated in all three tasks 

using the same method. They produced the same output for the 

multi-instance segmentation and detection tasks and binarized the 

output of the multi-instance segmentation for the binary segmen- 

tation task. 

Team CASIA_SRL : Dense pyramid attention network for robust 

medical instrument segmentation 

The CASIA_SRL team proposed a network named Dense Pyra- 

mid Attention Network ( Ni et al., 2020 ) for multi-instance seg- 

mentation. They mainly focused on two problems: Changes in il- 

lumination and surgical instruments scale changes. They proposed 

that an attention module should be used, which was able to 

capture second-order statistics, with the goal of covering seman- 

tic dependencies between pixels and capturing the global context 

8 https://www.docker.com/. 
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Table 2 

Overview of selected participating teams over the three tasks, namely binary segmentation (BS), multi-instance detection (MID) and multi-instance segmentation (MIS). 

Team identifier BS MID MIS Affiliations 

caresyntax x x x 1 caresyntax, Berlin, Germany 

CASIA_SRL x x 1 University of Chinese Academy Sciences, Beijing, China 
2 State Key Laboratory of Management and Control for Complex Systems, 

Institute of Automation, Chinese Academy of Sciences, Beijing, China 

Djh x 1 SimulaMet, Oslo, Norway 
2 Arctic University of Norway (UiT), Tromsø, Norway 
3 Oslo Metropolitan University (Oslomet), Oslo, Norway 

fisensee x x x 1 University of Heidelberg, Germany 
2 Division of Medical Image Computing (MIC), German Cancer Research 

Center, Heidelberg, Germany 

haoyun x 1 Department of Computer Science, School of Informatics, Xiamen University, 

Xiamen, China and School of Mechanical 
2 Electrical Engineering, University of Electronic Science and Technology of 

China, Chengdu, China 

NCT x 1 National Center for Tumor Diseases (NCT), Partner Site Dresden, Germany: 

German Cancer Research Center (DKFZ), Heidelberg, German 
2 Faculty of Medicine and University Hospital Carl Gustav Carus, Technische 

Universität Dresden, Dresden, Germany 
3 Helmholtz Association/Helmholtz-Zentrum Dresden - Rossendorf (HZDR), 

Dresden, Germany 

SQUASH x x x 1 Institute of Information Technology, Klagenfurt University, Austria 

Uniandes x x x 1 Universidad de los Andes, Bogotá, Colombia 

VIE x x x 1 Institute of Digital Media (NELVT), Peking University, Peking, China 

www x x x 1 Department of Computer Science, School of Informatics, Xiamen University, 

Xiamen, China 
2 Department of Computer Science Engineering, The Chinese University of 

Hong Kong, Hong Kong, China 

valid 

submissions 

10 6 7 

invalid 

submissions 

2 1 1 

TOTAL 12 7 8 

( Ni et al., 2020 ). As the scale of surgical instruments constantly 

changes as they move, the team introduced dense connections 

across scales to capture multi-scale features for surgical instru- 

ments. The team did not use the provided videos to comple- 

ment the information contained in the individual frames. The team 

participated in the binary and multi-instance segmentation tasks. 

They produced the same output for the multi-instance segmen- 

tation and detection tasks and binarized the output of the multi- 

instance segmentation for the binary segmentation task. 

Team Djh : A RASNet-based deep learning approach for the binary 

segmentation task 

The Djh team only participated in the binary segmentation task. 

They used the Refined Attention Segmentation Network ( Ni et al., 

2019 ) and put a large amount of effort into data augmentation and 

hyperparameter tuning. Their motivation for using this architecture 

was its U-shape design which consists of contracting and expand- 

ing paths like the ResUNet++ ( Jha et al., 2019 ). The RASNet is able 

to capture low-level and higher-level features. The team did not 

use the videos provided to complement the information contained 

in the individual frames. 

Team fisensee : OR-UNet 

Team fisensee’s core idea was to optimize a binary segmenta- 

tion algorithm and then adjust the output with a connected com- 

ponent analysis in order to solve the multi-instance segmenta- 

tion and detection tasks ( Isensee and Maier-Hein, 2020 ). Inspired 

by the recent successes of the nnU-Net ( Isensee et al., 2018 ), the 

authors used a simple established baseline architecture (the U- 

Net ( Ronneberger et al., 2015 )) and iteratively improved the seg- 

mentation results through hyperparameter tuning. The method, re- 

ferred to as optimized robust residual 2D U-Net (OR-UNet), was 

trained with the sum of DSC and cross-entropy loss and a multi- 

scale loss. During training, extensive data augmentation was used 

to increase robustness. For the final prediction, they used an en- 

semble of eight models. They hypothesized that ensembles per- 

form better than a single network. In their report, the team wrote 

that they attempted to use the temporal information by stacking 

previous frames but did not observe a performance gain. Addition- 

ally, they noticed that in many cases, instruments did not touch 

thus they used a connected component analysis ( Shapiro, 1996 ) to 

separate instrument instances. 

Team haoyun : Robust medical instrument segmentation using 

enhanced DeepLabV3+ 

The haoyun team only participated in the binary segmentation 

task. They based their work on the DeepLabV3+ ( Chen et al., 2018 ) 

architecture in order to focus on high-level information. To enrich 

the receptive fields, they used a pre-trained ResNet-101 ( He et al., 

2016 ) with dilated convolutions as encoder. To train their network, 

the team combined the DSC with the focal loss ( Lin et al., 2017 ) 

in order to focus more on less accurate pixels and challenging im- 

ages. In addition, the team used a 5-fold cross validation to im- 

prove both generalization and stability of the network. They did 

not use the provided videos to complement the information con- 

tained in the individual frames. 

Team NCT : Robust medical instrument segmentation in robot-assisted 

surgery using deep convolutional neuronal network 

The NCT team only participated in the binary segmentation 

task. They used a TernausNet with a pre-trained VGG16 network 

( Iglovikov and Shvets, 2018 ) as TernausNet had already showed 

promising results in two previous MICCAI EndoVis segmentation 

challenges from 2017 and 2018 ( Allan et al., 2019 ). The team did 

not use the provided videos to complement the information con- 

tained in the individual frames. 
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Table 3 

Overview of submitted methods. Abbreviations are as follows: Stochastic gradient descent (SGD) ( Kiefer et al., 1952 ), adaptive moment estimation (Adam) ( Kingma and 

Ba, 2014 ). 

Team Basic architecture Video data 

used? 

Additional data used? Loss functions Data augmentation Optimizer 

caresyntax Mask R-CNN ( He et al., 

2017 ) (backbone: 

ResNet-50 ( He et al., 

2016 )) 

No ResNet-50 pre-trained 

on 

MS-COCO ( Lin et al., 

2014 ) 

Smooth L1 loss, 

cross entropy loss, 

binary cross 

entropy loss 

Applied in each epoch: 

Random flip 

(horizontally) with 

probability 0.5 

SGD ( Kiefer et al., 

1952 ) 

CASIA_SRL Dence Pyramid 

Attention 

Network ( Ni et al., 

2020 ) (backbone: 

ResNet-34 ( He et al., 

2016 )) 

No ResNet-34 backbone 

pre-trained on Ima- 

geNet ( Russakovsky et al., 

2015 ) 

Hybrid loss: cross 

entropy 

−α log (Jaccard) 

Data augmented once 

before training: 

Random rotation, 

shifting, flipping 

Adam ( Kingma and 

Ba, 2014 ) 

Djh RASNet ( Ni et al., 

2019 ) 

No ResNet50 ( He et al., 

2016 ) pre-trained on 

ImageNet 

( Russakovsky et al., 

2015 ) 

DSC coefficient loss Applied on the fly on 

each batch: Crop 

(random and center), 

flip (horizontally and 

vertically), scale, 

cutout, greyscale 

Adam ( Kingma and 

Ba, 2014 ) 

fisensee 2D U- 

Net ( Ronneberger et al., 

2015 ) with residual 

encoder 

No No Sum of DSC and 

cross-entropy loss 

Randomly applied on 

the fly on each batch: 

Rotation, elastic 

deformation, scaling, 

mirroring, Gaussian 

noise, brightness, 

contrast, gamma 

SGD ( Kiefer et al., 

1952 ) 

haoyun 

DeepLabV3 + ( Chen et al., 

2018 ) with 

ResNet-101 ( He et al., 

2016 )) encoder 

No ResNet-101 

pre-trained on Ima- 

geNet ( Russakovsky et al., 

2015 ) 

Logarithmic DSC 

loss 

Applied on the fly on 

each batch: Flip 

(vertically), crop 

(random) 

Adam ( Kingma and 

Ba, 2014 ) 

NCT 

TernausNet ( Iglovikov and 

Shvets, 2018 ), replaced 

ReLU with eLU 

( Clevert et al., 2015 ) 

No VGG16 pre-trained on 

Ima- 

geNet ( Russakovsky et al., 

2015 ) 

Weighted binary 

cross entropy in 

combination with 

Jaccard Index 

Applied on the fly on 

each batch: Flips 

(horizontally and 

vertically), rotations of 

[ −10 , 10] ◦, image 

contrast manipulations 

(brightness, blur, 

motion-blur) 

Adam ( Kingma and 

Ba, 2014 ) 

SQUASH Mask R-CNN ( He et al., 

2017 ) (backbone: 

ResNet-50 ( He et al., 

2016 )) 

Yes, t o estimate 

the probability 

that last frame 

of video shows 

instrument 

instance 

No ResNet-50: Focal 

loss, Mask R-CNN: 

Mask R-CNN loss + 

cross entropy loss 

35% of total input for 

classification: Gaussian 

blur, sharpening, 

gamma contrast 

enhancement; 

additional 35% of 

images: Mirroring 

(along x- and y-axes); 

minority class: 

Translation 

(horizontally); 

non-instrument image 

frames are not 

processed 

SGD ( Kiefer et al., 

1952 ) 

Uniandes Mask R-CNN ( He et al., 

2017 ) (backbone: 

ResNet-101 ( He et al., 

2016 )) 

Yes, for data 

augmentation 

Pre-trained on 

MS-COCO ( Lin et al., 

2014 ) 

Standard Mask 

R-CNN loss 

functions 

Applied on the fly on 

each batch: Random 

flips (horizontally), 

propagation of 

annotation backwards 

to previous video 

frames 

SGD ( Kiefer et al., 

1952 ) 

VIE Mask R-CNN ( He et al., 

2017 ) (backbone: 

ResNet-50 ( He et al., 

2016 )) 

Yes, calculating 

the optical 

flow over 5 

frames 

No RPN class loss, 

MASK R-CNN loss 

Applied on the fly on 

each batch: Image 

resizing (1024x1024), 

bounding boxes, label 

generation 

N/A 

www 

9 Mask R-CNN ( He et al., 

2017 ) (backbone: 

ResNet-50 ( He et al., 

2016 )) 

No Pre-trained 9 on 

ImageNet 

( Russakovsky et al., 

2015 ) 

Smooth L1 loss, 

focal loss, binary 

cross entropy loss 

Applied on the fly on 

each batch: Random 

flip (horizontally and 

vertically), rotations of 

[0 , 10] ◦

Adam ( Kingma and 

Ba, 2014 ) 
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Team SQUASH : An ensemble of models, combining image frame 

classification and multi-instance segmentation 

Team SQUASH’s hypothesis was that they could increase the 

robustness and generalizability of all challenge tasks simultane- 

ously by using multiple recognition task training. In training their 

method from scratch, they assumed that the network capabilities 

were fully utilized to learn detailed instrument features. Based on 

a ResNet50 ( He et al., 2016 ), the team used the video data provided 

and built a classification model in order to predict all instrument 

frames in a sequence of video frames. On top of this classification 

model, they built a segmentation model by employing a Mask R- 

CNN ( He et al., 2017 ) to detect multiple instrument instances in 

the image frames. The segmentation model was trained by lever- 

aging the preliminary trained classification model on instrument 

images as a feature extractor to deepen the learning of the task of 

instrument segmentation. Both models were combined in a two- 

stage framework to process a sequence of video frames. The team 

reported that their method had trouble dealing with instrument 

occlusions, but on the other hand, they were surprised to find that 

it handled reflections and black borders well. 

Team Uniandes : Instance-based instrument segmentation with 

temporal information 

Team Uniandes based their multi-instance segmentation ap- 

proach on the Mask R-CNN ( He et al., 2017 ). For training purposes, 

they created an experimental framework with a training and vali- 

dation split as well as supplementary metrics in order to identify 

the best version of their method and gain insight into the perfor- 

mance and limitations. Data augmentation was performed by cal- 

culating the optical flow with a pre-trained FlowNet2 ( Ilg et al., 

2017 ) and using the flow to map the reference annotation on to 

the previous frames. However, they did not find significant benefits 

in using the augmentation technique. The team participated in all 

three tasks. They produced the same output for the multi-instance 

segmentation and detection tasks and binarized the output of the 

multi-instance segmentation for the binary segmentation task. The 

team observed that their approach was limited in terms of finding 

all instruments in an image frame, but once an instrument was 

found it was segmented with a high DSC score. Although the team 

achieved good metric scores they stated that they fell short in seg- 

menting small or partial instruments and instruments covered by 

smoke. 

Team VIE : Optical flow-based instrument detection and segmentation 

The VIE team approached the multi-instance segmentation task 

with an optical flow-based method. Their hypothesis was that the 

detection of moving parts in the image enables medical instru- 

ments to be detected and segmented. For their approach, they cal- 

culated the optical flow over the last five frames of a case by using 

the OpenCV 

9 library and concatenated the optical flow with the 

raw image as input for a Mask R-CNN ( He et al., 2017 ). The team 

assumed that this would reduce most of unnecessary clutter seg- 

mentation. The team participated in all three tasks. They produced 

the same output for the multi-instance segmentation and detection 

tasks and binarized the output of the multi-instance segmentation 

for the binary segmentation task. The team hypothesized that the 

temporal data could have been used more effectively. 

Team www : Integration of Mask R-CNN and DAC block 9 

Team www proposed that a framework based on Mask R-CNN 

( He et al., 2017 ) to handle the three tasks in the challenge. Based 

on the observation that the instruments have variable sizes, their 

idea was to enlarge the receptive field and tune the anchor size 

9 https://opencv.org/. 

for the Mask R-CNN. In addition, the team integrated DAC blocks 

( Gu et al., 2019 ) into the framework to collect more information. 

The team participated in all three tasks. They produced the same 

output for the multi-instance segmentation and detection tasks 

and binarized the output of the multi-instance segmentation for 

the binary segmentation task. The team reported that including 

temporal information might have helped to improve their perfor- 

mance. 10 

3.2. Individual performance results for participating teams 

The teams’ individual performances in both segmentation tasks 

are presented in Fig. 2 and Table 4 . The dot- and boxplots show 

the metric values for each algorithm over all test cases in stage 3. 

3.3. Challenge rankings for stage 3 

As described in Section 2.3.2 , an accuracy and a robustness 

ranking were computed for both metrics of the segmentation tasks 

(resulting in 4 rankings for each task). These are shown in Tables 5 

and 7 . For the multi-instance detection task, the F1-score was com- 

puted for each participant (see Table 6 ). The metric computation 

already included aggregated values, therefore only one ranking was 

computed for this task. 

To provide deeper insight in the ranking variability, ranking 

heatmaps (see Fig. 3 ) and blob plots (see Fig. 4 ) were computed for 

all rankings of both segmentation tasks. Ranking heatmaps were 

used to visualize the challenge assessment data ( Wiesenfarth et al., 

2019b ). Blob plots were used to visualize ranking stability based on 

bootstrap sampling ( Wiesenfarth et al., 2019b ). 

The computed rankings for the remaining stages are given in 

Appendix D . 

3.4. Comparison across all stages 

Fig. 5 shows the comparison of the average (MI_)DSC perfor- 

mances of the participating algorithms over the three evaluation 

stages (see Section 2 ) for both segmentation tasks. For this pur- 

pose, boxplots were generated for both tasks over the average met- 

ric values per team. A clear performance drop is visible in line 

with the increasing difficulty of the stages: Average performance 

produces median values of 0.88 (min: 0.73, max: 0.92) for the bi- 

nary segmentation task and 0.80 (min: 0.65, max: 0.84) for the 

multi-instance segmentation task for stage 1. For stage 2, the me- 

dian metric values decrease to 0.87 (min: 0.76, max: 0.90) and 0.78 

(min: 0.64, max: 0.84) and finally, the performance for stage 3 re- 

sulted in a median of 0.85 (min: 0.69, max: 0.89) and 0.76 (min: 

0.60, max: 0.80). 

3.5. Further analysis 

Expert baseline Only the rankings of the (MI_)DSC metrics were 

used to compare the algorithms’ performances with that of a hu- 

man annotator, as similar results were obtained for the (MI_)NSD . 

As images in stage 2 contain only a maximum of three instrument 

instances, the analysis can only show differences for n instances, 

where n ∈ { 1 , 2 , 3 } . In both tasks, the expert is the winner for both 

rankings. Team fisensee shares the first rank with the expert in 

the accuracy rankings for the binary segmentation task and the 

10 Please note that this team used data from the EndoVis 2017 challenge 

( Allan et al., 2019 ) to visually check their performance on a different medical data 

set. The participation policies (see Appendix A ) prohibit the use of other medical 

data for algorithm training or hyperparameter tuning. The challenge organizers de- 

fined this case as a grey zone but noted that the team may have had a competitive 

advantage in terms of performance generalization. 
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Fig. 2. Dot- and boxplots showing the individual performances of algorithms on the binary segmentation (BS; top) and multi-instance segmentation (MIS; bottom) tasks. 

The (multi-instance) Dice Similarity Coefficient ( (MI_)DSC ; left) and the (multi-instance) Normalized Surface Distance ( (MI_)NSD ; right) were used as metrics. 

Table 4 

Quantitative results of all participating methods for all three stages for the tasks binary and multi-instance segmentation. The metrics are DSC for the binary and MI_DSC for 

the multi-instance segmentation task. The table contains the mean, median and the 5th (Q05), 25th (Q25), 75th (Q75) and 95th (Q95) quantile for each metric. 

Binary instance segmentation 

Team Stage 1 Stage 2 Stage 3 

Mean Median Q5 Q25 Q75 Q95 Mean Median Q05 Q25 Q75 Q95 Mean Median Q5 Q25 Q75 Q95 

CASIA_SRL 0.90 0.95 0.70 0.91 0.96 0.98 0.89 0.95 0.43 0.91 0.97 0.98 0.88 0.94 0.50 0.89 0.96 0.98 

caresyntax 0.89 0.94 0.69 0.91 0.96 0.98 0.88 0.95 0.36 0.91 0.96 0.98 0.85 0.94 0.00 0.89 0.96 0.97 

Djh 0.81 0.90 0.08 0.81 0.94 0.96 0.79 0.90 0.03 0.78 0.94 0.97 0.75 0.87 0.00 0.69 0.93 0.96 

NCT 0.73 0.87 0.04 0.62 0.94 0.97 0.76 0.86 0.11 0.68 0.94 0.97 0.69 0.81 0.00 0.58 0.92 0.97 

SQUASH 0.88 0.93 0.55 0.88 0.95 0.97 0.85 0.93 0.34 0.87 0.95 0.97 0.83 0.92 0.22 0.85 0.95 0.97 

Uniandes 0.90 0.94 0.71 0.91 0.96 0.97 0.89 0.95 0.41 0.92 0.96 0.97 0.87 0.94 0.28 0.90 0.96 0.97 

VIE 0.79 0.87 0.30 0.76 0.92 0.95 0.77 0.87 0.00 0.74 0.91 0.95 0.76 0.86 0.00 0.73 0.91 0.94 

fisensee 0.92 0.96 0.76 0.93 0.97 0.98 0.90 0.96 0.54 0.93 0.97 0.98 0.88 0.95 0.34 0.91 0.97 0.98 

haoyun 0.90 0.95 0.64 0.91 0.96 0.98 0.89 0.95 0.42 0.91 0.97 0.98 0.89 0.94 0.52 0.90 0.96 0.98 

www 0.88 0.92 0.68 0.88 0.94 0.96 0.86 0.92 0.37 0.88 0.94 0.95 0.85 0.91 0.52 0.86 0.94 0.95 

expert - - - - - - 0.91 0.96 0.73 0.93 0.97 0.98 - - - - - - 

Multi-instance segmentation 

Team Stage 1 Stage 2 Stage 3 

Mean Median Q5 Q25 Q75 Q95 Mean Median Q05 Q25 Q75 Q95 Mean Median Q5 Q25 Q75 Q95 

CASIA_SRL 0.65 0.69 0.24 0.44 0.91 0.96 0.64 0.68 0.18 0.43 0.91 0.96 0.60 0.55 0.19 0.41 0.88 0.95 

caresyntax 0.82 0.93 0.32 0.83 0.96 0.97 0.80 0.94 0.32 0.68 0.96 0.98 0.77 0.93 0.00 0.58 0.95 0.97 

SQUASH 0.78 0.90 0.32 0.60 0.94 0.97 0.75 0.91 0.26 0.48 0.95 0.97 0.73 0.89 0.22 0.48 0.94 0.97 

Uniandes 0.84 0.94 0.40 0.88 0.96 0.97 0.84 0.94 0.39 0.88 0.96 0.97 0.80 0.93 0.26 0.67 0.95 0.97 

VIE 0.67 0.81 0.16 0.45 0.90 0.95 0.65 0.77 0.00 0.43 0.90 0.95 0.65 0.77 0.00 0.43 0.90 0.94 

fisensee 0.80 0.94 0.32 0.62 0.97 0.98 0.80 0.94 0.28 0.61 0.97 0.98 0.76 0.93 0.17 0.52 0.96 0.98 

www 

10 0.81 0.90 0.37 0.79 0.94 0.96 0.78 0.91 0.30 0.63 0.94 0.96 0.76 0.89 0.31 0.58 0.93 0.95 

expert - - - - - - 0.88 0.95 0.47 0.91 0.97 0.98 - - - - - - 
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Fig. 3. Ranking heatmaps for the four rankings in the binary segmentation and multi-instance segmentation tasks. Each cell (i, A j ) shows the absolute frequency of test 

cases in which algorithm A j achieved rank i . The plots were generated using the package challengeR ( Wiesenfarth et al., 2019b; 2019a ). 

Fig. 4. Blob plots for the four rankings in the binary segmentation and multi-instance segmentation tasks. Blob plots are used to visualize ranking stability based on bootstrap 

sampling. Algorithms are color-coded, and the area of each blob at position (A i , rank j) is proportional to the relative frequency A i of the achieved rank j across b = 10 0 0 

bootstrap samples. The median rank for each algorithm is indicated by a black cross. 95% bootstrap intervals across bootstrap samples are indicated by black lines. The plots 

were generated using the package challengeR ( Wiesenfarth et al., 2019b; 2019a ). 
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Table 5 

Binary segmentation: Rankings for stage 3 of the challenge. The upper part of the table shows the 

Dice Similarity Coefficient ( DSC ) rankings and the lower part shows the Normalized Surface Dis- 

tance ( NSD ) rankings (accuracy rankings on the left, robustness rankings on the right). Each ranking 

contains a team identifier, either a proportion of significant tests divided by the number of algo- 

rithms (prop. sign.) for the accuracy ranking or an aggregated DSC/NSD value (aggr. DSC/NSD value) 

and a rank. 

DSC: ACCURACY RANKING DSC: ROBUSTNESS RANKING 

Team identifier Prop. Sign. Rank Team identifier Aggr. DSC Value Rank 

fisensee 1.00 1 haoyun 0.52 1 

haoyun 0.89 2 CASIA_SRL 0.50 2 

CASIA_SRL 0.78 3 www 

10 0.49 3 

Uniandes 0.67 4 fisensee 0.34 4 

caresyntax 0.56 5 Uniandes 0.28 5 

SQUASH 0.44 6 SQUASH 0.22 6 

www 

10 0.33 7 caresyntax 0.00 7 

Djh 0.22 8 Djh 0.00 7 

VIE 0.11 9 NCT 0.00 7 

NCT 0.00 10 VIE 0.00 7 

NSD : ACCURACY RANKING NSD : ROBUSTNESS RANKING 

Team identifier Prop. Sign. Rank Team identifier Aggr. NSD Value Rank 

haoyun 0.89 1 haoyun 0.63 1 

fisensee 0.89 1 CASIA_SRL 0.62 2 

CASIA_SRL 0.67 3 www 

10 0.57 3 

Uniandes 0.67 3 fisensee 0.45 4 

caresyntax 0.56 5 Uniandes 0.32 5 

www 

10 0.44 6 SQUASH 0.26 6 

SQUASH 0.33 7 caresyntax 0.00 7 

VIE 0.22 8 Djh 0.00 7 

NCT 0.11 9 NCT 0.00 7 

Djh 0.00 10 VIE 0.00 7 

Table 6 

Multi-instance detection: Ranking for the mean average 

precision ( mAP ) in stage 3 of the challenge. 

Team identifier F1-score Rank 

Uniandes 0.91 1 

www 

10 0.90 2 

caresyntax 0.89 3 

SQUASH 0.86 4 

fisensee 0.86 5 

VIE 9 0.82 6 

multi-instance segmentation task for frames with 1 instrument. 

The mean segmentation accuracy per instrument instance can be 

seen in Fig. 6 . 

Worst case analysis For further analyses, we investigated the im- 

age frames that produced the 100 best or worst metric values of 

participating teams. This investigation revealed the strengths and 

weaknesses of the proposed methods. In general, algorithm per- 

formance drops with the number of instruments in the image as 

illustrated in Fig. 7 . The algorithms succeeded in images contain- 

ing reflections, blood, different illuminations and in finding the 

Table 7 

Multi-instance segmentation: Rankings for stage 3 of the challenge. The upper part of the table 

shows the multi-instance Dice Similarity Coefficient ( MI_DSC ) rankings and the lower part shows 

the multi-instance Normalized Surface Distance ( MI_NSD ) rankings (accuracy rankings on the left, 

robustness rankings on the right). Each ranking contains a team identifier, either a proportion of 

significant tests divided by the number of algorithms (prop. sign.) for the accuracy ranking or an 

aggregated MI_DSC/MI_NSD value (aggr. MI_DSC/MI_NSD value) and a rank. 

MI_DSC: ACCURACY RANKING MI_DSC: ROBUSTNESS RANKING 

Team identifier Prop. Sign. Rank Team identifier Aggr. MI_DSC Value Rank 

fisensee 1.00 1 www 

10 0.31 1 

Uniandes 0.83 2 Uniandes 0.26 2 

caresyntax 0.67 3 SQUASH 0.22 3 

SQUASH 0.33 4 CASIA_SRL 0.19 4 

www 

9 0.33 4 fisensee 0.17 5 

VIE 0.17 6 caresyntax 0.00 6 

CASIA_SRL 0.00 7 VIE 0.00 6 

MI_NSD : ACCURACY RANKING MI_NSD : ROBUSTNESS RANKING 

Team identifier Prop. Sign. Rank Team identifier Aggr. MI_NSD Value Rank 

Uniandes 1.00 1 www 

10 0.35 1 

caresyntax 0.67 2 Uniandes 0.29 2 

fisensee 0.50 3 CASIA_SRL 0.27 3 

www 

9 0.50 3 SQUASH 0.26 4 

SQUASH 0.33 5 fisensee 0.16 5 

VIE 0.17 6 caresyntax 0.00 6 

CASIA_SRL 0.00 7 VIE 0.00 6 

11 



T. Roß, A. Reinke, P.M. Full et al. Medical Image Analysis 70 (2021) 101920 

Fig. 5. Boxplots of the variance across all test images for the (a) binary segmentation task with the Dice Similarity Coefficient ( DSC ) and (b) the multi-instance segmentation 

task with the Multi-instance Dice Similarity Coefficient ( (MI_)DSC ) for stages 1 to 3. The boxplots show the average algorithm performances (mean over all participant 

predictions per image) per image. 

Fig. 6. Median MI_DSC as a function of the number of instruments in the image 

for stage 2 of the test data for the multi-instance segmentation task. It shows the 

performance of all algorithms in comparison to the human expert. Clearly, all al- 

gorithms’ performance drops with the number of visible instruments in the image 

while the experts performance stays constant.. 

inside of the trocar (see Fig. 8 ). Problems still arose in image 

frames which contained small and transparent instruments. False 

positives (mainly objects that were not defined as instruments) 

turned out to be a problem for all tasks. Furthermore, algorithm 

performance was poor for images with instruments, close to an- 

other as well as crossing, partially hidden or moving instruments, 

instruments close to the image border and images containing 

smoke (see Fig. 9 and 10 ). 

4. Discussion 

We organized the first challenge in the field of surgical data sci- 

ence that (1) included tasks on multi-instance detection/tracking 

and (2) placed particular emphasis on the robustness and general- 

ization capabilities of the algorithms. The key insights are: 

1. Competing methods: These state-of-the-art methods are ex- 

clusively based on deep learning with a specific focus on U- 

Nets ( Ronneberger et al., 2015 ) (binary segmentation) and Mask 

R-CNNs ( He et al., 2017 ) (multi-instance detection and seg- 

mentation). For binary segmentation, the U-Net and the new 

DeepLabV3 architecture yielded an equally strong performance. 

For the multi-instance segmentation, a U-Net in combination 

with a connected component analysis was a strong baseline, 

but a Mask R-CNN approach was more promising overall, es- 

pecially in terms of robustness. 

2. Performance: 

(a) Binary segmentation: The mean performances of the win- 

ning algorithms for the accuracy ranking ( DSC of 0.88) 

and the robustness ranking ( DSC of 0.89) were similar to 

that of the previous winners of binary segmentation chal- 

lenges (winner of the EndoVis Instrument Segmentation 

and Tracking Challenge 2015 11 : DSC of 0.84; winner of the 

EndoVis 2017 Robotic Instrument Segmentation Challenge 

( Allan et al., 2019 ): DSC of 0.88). Given the high complexity 

of ROBUST-MIS’ data in comparison to previously released 

data sets, we attribute the fact that the performances are 

similar to the high amount of training data. 

(b) Multi-instance detection: The top three algorithms achieved 

F1-score ≥ 0 . 89 for stage 3. The winning algorithms featured 

very high accuracy, robustness and generalization capabili- 

ties. The few failure cases were related to the detection of 

small instruments, instruments close to another or instru- 

ments close to the image border. 

(c) Multi-instance segmentation: The mean MI_DSC scores for 

the winning algorithm of the accuracy ranking were 
• 0.82 for cases with one instrument instance, 
• 0.71 for cases with two instrument instances, 
• 0.62 for cases with three instrument instances, 
• 0.45 for cases with more than three instrument in- 

stances. 

11 https://endovissub- instrument.grand- challenge.org/. 
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Fig. 7. Boxplots of mean (multi-instance) Dice Similaritiy Coefficient ( (MI_)DSC ) values of participating algorithms for the binary and multi-instance segmentation tasks for 

stages 1 to 3 stratified by the number of instruments in the video frames. 

Multi-instance segmentation in endoscopic video data, 

therefore cannot be regarded as a solved problem. 

3. Generalization: All participating methods for the binary seg- 

mentation tasks had a satisfying generalization capability over 

all three stages, with a median drop from 0.88 (stage 1) to 

0.85 (stage 3; 3%). The generalization capabilities for the multi- 

instance segmentation were slightly worse, with a median drop 

form 0.80 (stage 1) to 0.76 (stage 3; 5%). 

4. Robustness: The most successful algorithms are robust to re- 

flections, blood and smoke. The segmentation of small, close 

positioned, transparent, moving, overlapping and crossing in- 

struments, however, remains a great challenge that needs to be 

addressed. 

The following sections provide a detailed discussion on the chal- 

lenge infrastructure ( Section 4.1.1 ), challenge data ( Section 4.1.3 ), 

challenge methods ( Section 4.2.1 ) and challenge results 

( Section 4.2.2 ). 

4.1. Challenge design 

In this section, we discuss the infrastucture and the data of our 

challenge. 

4.1.1. Challenge infrastructure 

We decided to use Synapse 12 as our challenge platform as it 

is the underlying platform of the well-known and DREAM chal- 

lenges 13 , and, as such, provides a complete and easy to use en- 

vironment for both challenge participants and organizers. Further- 

more, in addition to helping organizers monitor on how a chal- 

lenge should be structured, it also helps them to follow current 

best practices by relying on docker submissions. However, while 

the overall experience with Synapse was very good, downloading 

the data was a problem due to slow download rates, which were 

dependent on the global download location and the size of the 

data set (about 400 GB). Unlike the data download, the docker up- 

load was very quick and easy to follow. 

The submission of docker containers and complete evaluation is 

already in common usage in other disciplines (e.g. CARLA 

14 ). How- 

ever, most of the very recent challenges in the biomedical image 

analysis community still use plain results submissions (e.g. BraTS 15 , 

12 https://www.synapse.org/. 
13 http://dreamchallenges.org/. 
14 https://carlachallenge.org/. 
15 http://braintumorsegmentation.org/. 

KiTS2019 16 , PAIP 2019 17 ). We believe that using dockers for the 

evaluation is the best way as it can help (1) to avoid test data set 

overfitting and (2) to prevent potential instances of fraud such as 

manually labeling the test data ( Reinke et al., 2018 ). However, us- 

ing docker containers also means more work for the individual par- 

ticipants (in creating of the docker containers) and for the organiz- 

ers. In addition to providing the Computing Processing Unit (CPU) 

and Graphics Processing Unit (GPU) resources, they have to provide 

support for docker related questions and must have a strategy for 

dealing with invalid submissions (e.g. allowing re-submission). In 

our challenge for example, submitted dockers were run on a small 

proportion of the training set to check whether the submissions 

worked. For five participants, the first submission failed. They were 

allowed to re-submit but we manually checked whether the net- 

work parameters had changed. 

4.1.2. Metrics and ranking 

Following recommendations of the Medical Segmentation De- 

cathlon ( Cardoso, 2018 ), we decided to use two metrics for the 

segmentation task; an overlap measure ( DSC ) and a distance mea- 

sure ( NSD ). We used a non-global DSC for the multi-instance seg- 

mentation, meaning that the DSC values of instrument instances 

were first averaged to get an image-based score before taking the 

mean over all images. Another option would have been to use a 

global DSC measure, which would compute the DSC score globally 

over the complete data set and all instrument instances. However, 

we decided to use the non-global metric to give higher weight to 

small instruments. 

To put a particular focus on the robustness of the methods, we 

decided to compute a dedicated ranking for the 5% percentile per- 

formance of the methods, as summarized in Section 2.3.2 . Given 

our previous work on ranking stability ( Maier-Hein et al., 2018 ), it 

can be assumed that a ranking based on the 5% percentile would 

naturally lead to less robust rankings compared to an aggregation 

with the mean or the median. This is one possible explanation for 

the fact that the ranking stability for the robustness ranking was 

worse compared to that of the accuracy ranking, as shown in Fig. 4 . 

Initially, during the challenge event at the MICCAI confer- 

ence, the mean average precision ( mAP) ( Everingham, Van Gool, 

Williams, Winn, Zisserman, 2010 ) metric was used (results are pro- 

vided in Table D.1 ) to determine the best performing algorithm. 

However, due to an error in the implementation and missing con- 

16 https://kits19.grand-challenge.org/rules/. 
17 https://paip2019.grand-challenge.org/. 
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Fig. 8. Test cases with high corresponding algorithm performances. Each row shows the raw frame, the reference contours and mask as well as the algorithm output of 

the participating teams of the multi-instance segmentation (MIS) task for one representative frame. The columns represent image frames with (a) overexposure, (b) clearly 

separated instruments, (c) blood and reflections, (d) smoke, respectively. For participants, the Dice Similarity Coefficient (DSC) values are provided per instrument instance 

( I i ). 
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Fig. 9. Test cases with low corresponding algorithm performances. Each row shows the raw frame, the reference contours and mask as well as the algorithm output 

of the participating teams of the multi-instance segmentation (MIS) task for one representative frame. The columns represent image frames with (a) transparency, (b) 

small instruments, (c) overlapping instruments, (d) instruments near the border, respectively. For participants, the Dice Similarity Coefficient (DSC) values are provided per 

instrument instance ( I i ). 
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Fig. 10. Test cases with low corresponding algorithm performances. Each row shows the raw frame, the reference contours and mask as well as the algorithm output of 

the participating teams of the multi-instance segmentation (MIS) task for one representative frame. The columns represent image frames with (a) an instrument overlain 

by tissue, (b) motion, (c) multiple instruments, (d) underexposure and multiple instruments, respectively. For participants, the Dice Similarity Coefficient (DSC) values are 

provided per instrument instance ( I i ). 
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fidence scores from the algorithms, we decided to update the rank- 

ing with the F1-score. 

4.1.3. Challenge data 

In general, we observed many inconsistencies in the initial 

data annotation, which is why we introduced a structured multi- 

stage annotation process involving medical experts and following a 

pre-defined annotation protocol (see Appendix B ). We recommend 

challenge organizers to generate such a protocol from the outset of 

their challenge. 

It should be noted that three different surgical procedures were 

used for the challenge, yet, these three procedures are all colorec- 

tal surgeries that share similarities. A rectal resection incorporates 

parts of a sigmoid resection, for example. It is possible that per- 

formance drops will be more radical when analyzing a wider vari- 

ety of procedures such as biliopancreatic or upper gastrointestinal 

surgeries. 

In the future, we will also prevent the potential side effects 

which resulting from pre-processing. The fact that we downsam- 

pled our video images may have harmed performance. However, 

due to the fact that (1) all participants had the same starting con- 

ditions, (2) the applied CNNs methods had to fit to GPUs and (3) 

all participants reduced the resolution further, we think that these 

effects are only minor. 

4.2. Challenge outcome 

4.2.1. Methods 

The variability of all of the methods, submitted for the binary 

segmentation was vast and ranged from 2D U-Net versions (Ter- 

nausNet, multi scale U-Net) to different implementations of the 

Mask R-CNN with a ResNet backbone to the latest DeepLabV3 

network architecture. For the multi-instance detection and multi- 

instance segmentation tasks, however, the range of the underlying 

architecture was much narrower, with multiple Mask R-CNN varia- 

tions and one combination of a U-Net, a classical approach and the 

principal component analysis (see Table 3 ). 

The most successful participating team ( haoyun ) in the binary 

segmentation task implemented a DeepLabV3+ architecture which 

gave them the top rank in three out of the four rankings for the 

binary segmentation task. A relatively simple approach based on 

the combination of a U-Net with a connected component analysis 

by the fisensee team turned out to be a strong baseline and won 

accuracy rankings in both the binary segmentation task and the 

DSC accuracy ranking for the multi-instance segmentation task. It 

was, however, less successful in terms of robustness. 

An increasingly relevant problem in reporting challenge results 

is the fact that it is often hard to understand which specific de- 

sign choice for a certain algorithm make this algorithm better than 

the competing methods ( Maier-Hein et al., 2018 ). Based on our 

challenge analysis, we hypothesize that data augmentation and the 

specifics of the training process are the key to a winning result. 

In other words, we believe that focusing on one architecture and 

performing a broad hyperparameter search in combination with 

an extensive data augmentation technique and a well-thought-out 

training procedure will create more benefit than testing many dif- 

ferent network architectures without optimizing the training pro- 

cess. This is in line with recent findings in the field of radiological 

data science ( Isensee et al., 2018 ). 

4.2.2. Results 

The key insights have already been summarized at the begin- 

ning of the discussion. Methods that tackle the multi-instance seg- 

mentation performed worse compared to the binary segmentation 

task. In fact, when multiple instrument instances were visible in 

one image, the algorithm performance decreased dramatically from 

over 0.8 for one instance to less than 0.6 for more than three in- 

stances (see Fig. 7 ). This is also reflected in Fig. 2 (c) and (d), which 

show clusters in the boxplots at specific metric values. These clus- 

ters correspond to the performance with respect to different num- 

bers of instrument instances. For a single instrument, metric values 

are high, for multiple instruments the metric values are grouped 

around lower values. We thus conclude that detection of multiple 

instances remains an unsolved problem. 

Although the described winning methods produce median 

MI_DSC results above 0.9 (see Fig. 6 ), most of them could not out- 

perform the expert baseline in the multi-instance segmentation 

task, especially if more than one instrument was present in the 

image frames. In fact, only the teams fisensee (binary segmenta- 

tion) and Uniandes (multi-instance segmentation) produced similar 

performances to the human annotator in stage 2 of the challenge. 

It should be noted that for pragmatic reasons, the additional la- 

beling was performed only on a subset of images and with only 

one additional medical expert. The discrepancy in performance be- 

tween algorithms and experts may differ based on the data and 

the annotator. 

Generally, the expert accuracy is independent of the number 

of visible instances, while the performance of the algorithm drops 

with an increasing number. However, to our surprise, the expert 

also achieved comparatively low values in the robustness rank- 

ings (aggregated values of 0.43 or 0.47 for n = 1 and n = 2 in- 

struments). We found this mainly to be caused by missing or 

wrong instrument instances (see Fig. E.1 ). However, where the ex- 

pert did detect an instance, the segmentation quality of this in- 

stance is almost always good ( MI_DSC = 0 . 9 is on the 10th per- 

centile and MI_DSC = 0 . 95 on the 37th percentile), which is not the 

case for the algorithms as shown in see Fig. E.1 (Team Uniandes 

with MI_DSC = 0.9 on the 14th percentile and MI_DSC = 0 . 95 on the 

48th percentile; Team fisensee with MI_DSC = 0 . 9 on the 14th per- 

centile and MI_DSC = 0 . 95 on the 37th percentile). 

By analyzing the worst 100 cases across all of the methods, 

we found that all methods generally had issues with small, trans- 

parent or fast moving instruments. In addition, instruments close 

to other instruments or the image border, as well as partially 

hidden or crossing instruments were difficult to detect and seg- 

ment (see Fig. 9 and 10 ). We also observed that classic chal- 

lenges ( Bodenstedt et al., 2018 ) such as reflections, blood, different 

illumination conditions did not pose any great problems. Images 

acquired when the lens of the endoscope was inside of a trocar 

were not particularly difficult to process. 

It should be noted that only three of the ten methods incor- 

porated the temporal video information provided with the frames 

to be annotated. One method used the video information to pre- 

dict the likelihood of instrument presence in a multi-task set- 

ting while two approaches used the videos to calculate the opti- 

cal flow. However, based on the team reports and on the challenge 

results, none of the teams where able taking a benefit from us- 

ing the video data, neither for the binary segmentation task, nor 

for the multi-instance detection/segmentation tasks. Given the way 

in which medical and technical experts annotated the data, this is 

surprising, and we speculate that much of the potential of tempo- 

ral context remains to be discovered. 

Finally, it should be noted that an evaluation of the inference 

time of methods was not included in this paper because a re- 

spective metric had not been announced to the challenge partic- 

ipants. Although we assume that the participating teams had not 

optimized their methods for performance, we performed a prelim- 

inary analysis of the docker submissions to approximate compu- 

tation times. This yielded runtimes between 0.07 and 7.3 seconds 

per image frame (mean: 1.09 seconds per image frame). Given 

the need for real-time inference, we recommend using a runtime- 

based metric in future challenges of this kind. 
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Appendix A. Challenge organization 

The “Robust Medical Instrument Segmentation Challenge 2019 

(ROBUST-MIS 2019)” was organized as a sub-challenge of the En- 

doscopic Vision Challenge 2019 at the International Conference 

on Medical Image Computing and Computer Assisted Interven- 

tion (MICCAI) in Shenzhen, China. It was organized by T. Roß, A. 

Reinke, M. Wagner, H. Kenngott, B. Müller, A. Kopp-Schneider and 

L. Maier-Hein. See Section A.1 for detailed description. The chal- 

lenge was intended as a one-time event with a fixed submission 

deadline. The platforms grand-challenge.org ( Roß et al., 2019a ) and 

synapse.org ( Roß et al., 2019b ) served as websites for the chal- 

lenge. Synapse served as data providing platform which was fur- 

ther used to upload the challenge participants’ submissions. 

The participation policies for the challenge allowed only fully 

automatic algorithms to be submitted. Although it was possible to 

use publicly available data released outside the field of medicine 

to train the methods or to tune hyperparameters, it was forbid- 

den to use any medical data, besides the training data offered by 

the challenge. For members of the organizers’ departments it was 

possible to participate in the challenge but they were not eligible 

for awards and their participation would have been highlighted in 

18 https://understand.ai. 
19 https://www.nvidia.com. 
20 https://digitalsurgery.co. 

the leaderboards. The challenge was funded by the company Dig- 

ital Surgery with a total monetary award of 10,0 0 0 €. As the chal- 

lenge comprised 9 rankings in total (see Section 2.3.2 ), each win- 

ning team was awarded 1,0 0 0 € and each runner-up team 125 €. 
Moreover, the top three performing methods for each ranking were 

announced publicly. The remaining teams could decide whether or 

not their identity was revealed. One team decided not to be men- 

tioned in the rankings. Finally, for this publication, each partici- 

pating team could nominate members of their team as co-authors. 

The method description submitted by the authors was used in the 

publication (see Section 3.1 ). Personal data of the authors include 

their names, affiliations and contact addresses. References used in 

the method description were published as well. Participating teams 

are allowed to publish their results separately with explicit per- 

mission from the challenge organizers once this paper has been 

accepted for publication. 

The submission instructions for the participating methods are 

published on the Synapse website and consist of a detailed de- 

scription of the submission of docker containers which were used 

to evaluate the results. The complete submission instructions are 

provided in Appendix C . Algorithms were only evaluated on the 

test data set, so no leaderboard was published before the final re- 

sult submission. The initial training data set was released on 1st 

July 2019, the final training data set on 5th August 2019. Par- 

ticipants could register for the challenge until 14th September 

2019. The docker submission took place between 15th September 

and 28th September 2019. There where two deadlines, the 21th 

September for participants, whose methods would require more 

than 3h of runtime and the 28th September for participants, whose 

dockers needs less than 3h runtime. Participating teams had to 

submit a method description in addition to the docker containers. 

The data sets of the challenge were fully anonymized (see 

Section 2.2 ) and could therefore be used without any ethics ap- 

proval ( Recital26, 2016 ). By registering in the challenge, each team 

agreed (1) to use the data provided only in the scope of the chal- 

lenge and (2) to neither pass it on to a third party nor use it for 

any publication or for commercial use. The data will be made pub- 

licly available for non-commercial use. 

The evaluation code for the challenge was made publicly avail- 

able ( Roß and Reinke, 2019 ) and participants were encouraged to 

release their methods in open source. 

A1. Author contributions 

All authors read the paper and agreed to publish it. 

• T. Roß and A. Reinke organized the challenge, performed the 

evaluation and statistical analyses and wrote the manuscript 
• P.M. Full, H. Hempe, D. Mindroc-Filimon, P. Scholz, T.N. Tran and 

P. Bruno reviewed and labeled the challenge data set 
• M. Wagner, H. Kenngott, B.P. Müller-Stich organized the chal- 

lenge and performed the medical expert review of the chal- 

lenge data set 
• M. Apitz performed the medical expert review of the challenge 

data set 
• K. Kirtac, J. Lindström Bolmgrem, M. Stenzel, I. Twick and E. 

Hosgor participated in the challenge as team caresyntax in all 

three tasks 
• Z.-L. Ni, H.-B. Chen, Y.-J. Zhou, G.-B. Bian and Z.-G. Hou par- 

ticipated in the challenge as team CASIA_SRL in the binary and 

multi-instance segmentation tasks 
• D. Jha, M.A. Riegler and P. Halvorsen participated in the chal- 

lenge as team Djh in the binary segmentation task 
• F. Isensee and K. Maier-Hein participated in the challenge as 

team fisensee in all three tasks 
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• L. Wang, D. Guo and G. Wang participated in the challenge as 

team haoyun in the binary segmentation task 
• S. Leger, S. Bodenstedt and S. Speidel participated in the chal- 

lenge as team NCT in the binary segmentation task 
• S. Kletz and K. Schoeffmann participated in the challenge as 

team SQUASH in all three tasks 
• L. Bravo, C. González and P. Arbeláez participated in the chal- 

lenge as team Uniandes in all three tasks 
• R. Shi, Z. Li, T. Jiang participated in the challenge as team VIE in 

all three tasks 
• J. Wang, Y. Zhang, Y. Jin, L. Zhu, L. Wang and P.-A. Heng partic- 

ipated in the challenge as team www in all three tasks 
• A. Kopp-Schneider and M. Wiesenfarth performed statistical 

analyses 
• L. Maier-Hein organized the challenge, wrote the manuscript 

and supervised the project 

Appendix B. Annotation instructions 

B1. Terminology 

• Matter: Anything that has mass, takes up space and can be 

clearly identified. 
• Examples: tissue, surgical tools, blood 

• Counterexamples: reflections, digital overlays, movement arti- 

facts, smoke 

Medical instrument to be detected and segmented: Elongated 

rigid object introduced into the patient and manipulated directly 

from outside the patient. 

• Examples: grasper, scalpel, (transparent) trocar, clip applicator, 

hooks, stapling device, suction 

• Counterexamples: non-rigid tubes, bandage, compress, needle 

(not directly manipulated from outside but manipulated with 

an instrument), coagulation sponges, metal clips 

B2. Tasks 

Participating teams may enter competitions related to the fol- 

lowing tasks: 

Binary segmentation: 

• Input: 250 consecutive frames (10sec) of a laparoscopic video 

with the last frame containing at least one medical instrument. 
• Output: A binary image, in which “0” indicates the absence of a 

medical instrument and a number “> 0” represents the presence 

of a medical instrument. 

Multi-instance detection and segmentation: 

• Input: 250 consecutive frames (10sec) of a laparoscopic video 

with the last frame containing at least one medical instrument. 
• Output: An image, in which “0” indicates the absence of a med- 

ical instrument and numbers “1”, “2”,... represent different in- 

stances of medical instruments. 

For all three tasks, the entire corresponding video of the 

surgery is provided along with the training data as context infor- 

mation. In the test phase, only the test image along with the pre- 

ceding 250 frames is provided. See Supplementary file S1. 

Appendix C. Submission instructions 

The following section provides the instruction document that 

challenge participants obtained. See Supplementary file S3. 

Appendix D. Rankings for all stages 

The ranking schemes described in Section 2.3.2 were also com- 

puted for stages 1 and 2. To compare the performance of partici- 

pating teams across stages, stacked frequency plots of the observed 

ranks, separated by the algorithms, for each ranking of the binary 

and multi-instance segmentation tasks are displayed in Fig. D.1 

to D.8 . Observed ranks across bootstrap samples are presented 

over the three stages the stages. The metric values for the multi- 

instance detection task are displayed in Table D.1 

Table D.1 

Results over all stages for the multi-instance detection task. 

Team identifier mAP 

Stage 1 Stage 2 Stage 3 

Uniandes 1.000 0.833 1.000 

VIE 0.750 0.778 0.978 

caresyntax 0.944 0.833 0.972 

SQUASH 0.967 1.000 0.966 

fisensee 1.000 1.000 0.964 

www 0.900 0.833 0.944 

Table D.2 

Results over all stages for the multi-instance detection task as reported 

during the challenge event. Those values have to be interpreted with care 

due to an implementation error in the validation. 

Team identifier F1-score 

Stage 1 Stage 2 Stage 3 

Uniandes 0.94 0.93 0.91 

www 0.92 0.90 0.90 

caresyntax 0.92 0.91 0.89 

SQUASH 0.90 0.86 0.86 

fisensee 0.89 0.89 0.86 

VIE 0.84 0.82 0.82 

. 
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Fig. D.1. Stacked frequency plot for stages 1 to 3 with the Dice Similarity Coefficient ( DSC ) accuracy ranking of the binary segmentation task. The plots were generated using 

the package challengeR ( Wiesenfarth et al., 2019b; 2019a ). 

Fig. D.2. Stacked frequency plot for stages 1 to 3 with the Dice Similarity Coefficient ( DSC ) robustness ranking of the binary segmentation task. The plots were generated 

using the package challengeR ( Wiesenfarth et al., 2019b; 2019a ). 

20 



T. Roß, A. Reinke, P.M. Full et al. Medical Image Analysis 70 (2021) 101920 

Fig. D.3. Stacked frequency plot for stages 1 to 3 with the Normalized Surface Distance ( NSD ) accuracy ranking of the binary segmentation task. The plots were generated 

using the package challengeR ( Wiesenfarth et al., 2019b; 2019a ). 

Fig. D.4. Stacked frequency plot for stages 1 to 3 with the Normalized Surface Distance ( NSD ) robustness ranking of the binary segmentation task. 
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Fig. D.5. Stacked frequency plot for stages 1 to 3 with (multi-instance) Dice Similarity Coefficient ( (MI_)DSC ) accuracy ranking of the multi-instance segmentation task. The 

plots were generated using the package challengeR ( Wiesenfarth et al., 2019b; 2019a ). 

Fig. D.6. Stacked frequency plot for stages 1 to 3 with the (multi-instance) Dice Similarity Coefficient ( (MI_)DSC ) robustness ranking of the multi-instance segmentation task. 

The plots were generated using the package challengeR ( Wiesenfarth et al., 2019b; 2019a ). 
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Fig. D.7. Stacked frequency plot for stages 1 to 3 with the (multi-instance) Normalized Surface Distance ( (MI_)NSD ) accuracy ranking of the multi-instance segmentation 

task. The plots were generated using the package challengeR ( Wiesenfarth et al., 2019b; 2019a ). 

Fig. D.8. Stacked frequency plot for stages 1 to 3 with the (multi-instance) Normalized Surface Distance ( (MI_)NSD ) robustness ranking of the multi-instance segmentation 

task. The plots were generated using the package challengeR ( Wiesenfarth et al., 2019b; 2019a ). 
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Appendix E. Results for stage 2 including expert baseline 

Fig. E.1. Example frames from stage 2 with corresponding participant and expert performances. Each row shows the raw frame, the reference contours and mask as well as 

the (algorithm) output of the participating teams/expert of the multi-instance segmentation (MIS) task for one representative frame. The columns represent image frames 

with (a) low expert, low algorithm performances, (b) high expert, low algorithm performances, (c) low expert, high performances, (d) high expert, high algorithm perfor- 

mances, respectively. For participants, the Dice Similarity Coefficient (DSC) values are provided per instrument instance ( I i ). 
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Appendix F. Challenge design document 

See Supplementary file S2. . 

Supplementary material 

Supplementary material associated with this article can be 

found, in the online version, at doi: 10.1016/j.media.2020.101920. 
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Abstract. Existing video polyp segmentation (VPS) models typically
employ convolutional neural networks (CNNs) to extract features. How-
ever, due to their limited receptive fields, CNNs cannot fully exploit
the global temporal and spatial information in successive video frames,
resulting in false positive segmentation results. In this paper, we pro-
pose the novel PNS-Net (Progressively Normalized Self-attention Net-
work), which can efficiently learn representations from polyp videos with
real-time speed (∼140fps) on a single RTX 2080 GPU and no post-
processing. Our PNS-Net is based solely on a basic normalized self-
attention block, equipping with recurrence and CNNs entirely. Experi-
ments on challenging VPS datasets demonstrate that the proposed PNS-
Net achieves state-of-the-art performance. We also conduct extensive ex-
periments to study the effectiveness of the channel split, soft-attention,
and progressive learning strategy. We find that our PNS-Net works well
under different settings, making it a promising solution to the VPS task.

Keywords: Normalized self-attention · Polyp segmentation · Colonoscopy

1 Introduction

Early diagnosis of colorectal cancer (CRC) plays a vital role in improving the
survival rate of CRC patients. In fact, the survival rate in the first stage of CRC
is over 95%, decreasing to below 35% in the fourth and fifth stages [4]. Currently,
colonoscopy is widely adopted in clinical practice and has become a standard
method for screening CRC. During the colonoscopy, physicians visually inspect
the bowel with an endoscope to identify polyps, which can develop into CRC if
left untreated. In practice, colonoscopy is highly dependent on the physicians’
level of experience and suffers from a high polyp miss rate [18]. These limitations
can be resolved with automatic polyp segmentation techniques, which segment
polyps from colonoscopy images/videos without intervention from physicians.
However, accurate and real-time polyp segmentation is a challenging task due to
the low boundary contrast between a polyp and its surroundings and the large
shape variation of polyps [8].
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Significant efforts have been dedicated to overcoming these challenges. In
early studies, learning-based methods turned to handcrafted features [16,20],
such as color, shape, texture, appearance, or some combination. These meth-
ods train a classifier to separate the polyps from the background. However,
they usually suffer from low accuracy due to the limited representation capa-
bility of handcrafted features in depicting heterogeneous polyps, as well as the
close resemblance between polyps and hard mimics [24]. In more recent studies,
deep learning methods have been used for polyp segmentation [24,26]. Although
these methods have made some progress, they only use bounding boxes to de-
tect polyps, and therefore cannot accurately locate the boundaries. To solve
this, Brandao et al. [5] adopted a fully convolutional networks (FCN) with a
pre-trained model to recognize and segment polyps. Later, Akbari et al. [1] intro-
duced a modified FCN to increase the accuracy of polyp segmentation. Inspired
by the success of UNet [19] in biomedical image segmentation, UNet++ [28]
and ResUNet [13] are employed for polyp segmentation and achieved good re-
sults. Some methods also focus on area-boundary constraints. For instance, Psi-
Net [17] makes use of polyp boundary and area information simultaneously.
Fang et al. [9] introduced a three-step selective feature aggregation network.
ACSNet [25] utilized an adaptive context selection based encoder-decoder frame-
work. Zhong et al. [27] propose a context-aware network based on adaptive scale
and global semantic context. Introduced more recently, the current golden stan-
dard for image polyp segmentation, PraNet [8], applies area and boundary cues
in a reverse attention module, achieving the cutting-edge performance. However,
these methods have only been trained and evaluated on still images and focus
on static information, ignoring the temporal information in endoscopic videos
which can be exploited for better results. To this end, Puyal et al. [18] propose
a hybrid 2D/3D CNN architecture. Their model aggregates spatial and tempo-
ral correlations and achieves better segmentation results. However, the spatial
correlation between frames is restricted by the size of the kernel, preventing the
accurate segmentation of fast videos.

Recently, the self-attention network [22] has shown superior performance
in computer vision tasks such as video object segmentation [10], image super-
resolution [23], and others. Inspired by this, in this paper, we propose a novel self-
attention framework, called the Progressively Normalized Self-attention Network
(PNS-Net), for the video polyp segmentation (VPS) task. Our contributions
are as follows:

• Different from existing CNN-based models, the proposed PNS-Net frame-
work is a self-attention model for VPS, introducing a new perspective for
addressing this task.
• To fully utilize the temporal and spatial cues, we propose a simple normal-

ized self-attention (NS) block. The NS block is flexible (backbone-free) and
efficient, enabling it to easily be embedded into current CNN-based encoder-
decoder architectures for better performance.
• We evaluate the proposed PNS-Net on challenging VPS datasets and com-

pare it with two classical methods (i.e., UNet [19] and UNet++ [28]) and
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Fig. 1: Pipeline of the proposed PNS-Net, including the normalized self-
attention block (see § 2.1) with a stacked (×R) learning strategy (see § 2.2).

three cutting-edge models (i.e., ResUNet [13], ACSNet [25], and PraNet [8]).
Experimental results show that PNS-Net achieves state-of-the-art perfor-
mance with real-time speed. All the training data, models, results, and eval-
uation tools will be released to advance the development of this field.

2 Method

2.1 Normalized Self-attention (NS)

Motivation. Recently, the self-attention mechanism [22] has been widely ex-
ploited in many popular computer vision tasks. However, in our initial studies,
we found that introducing the original self-attention mechanism to the VPS task
does not achieve satisfactory results (i.e., high accuracy and speed).
Analysis. For the VPS task, multi-scale polyps move at various speeds. Thus,
dynamically updating the receptive field of the network is important. Further,
the self-attention, such as the non-local network [22], incurs a high computational
and memory cost, which limits the inference speed for our fast and dense pre-
diction task. Motivated by the recent video salient object detection model [10],
we utilize the channel split, query-dependent, and normalization rules to
reduce the computational cost and improve the accuracy, respectively.

Channel Split Rule. Specifically, given an input feature (i.e., X ∈ RT×H×W×C)
extracted from T video frames with a size of H ×W and C channels, we first
utilize three linear embedding functions θ(·), φ(·), and g(·) to generate the corre-
sponding attention features, which are implemented by a 1×1×1 convolutional
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layer [22]. This can be expressed as:

Q = θ(X),K = φ(X), V = g(X). (1)

Then we split each attention feature {Q,K, V } ∈ RT×H×W×C into N groups
along the channel dimension and generate query, key, and value features, i.e.,
{Qi,Ki, Vi} ∈ RT×H×W× CN , where i = {1, 2, · · · , N}.

Query-Dependent Rule. To extract the spatial-temporal relationship between
successive video frames, we need to measure the similarity between query features
Qi and key features Ki. Inspired by [10], we introduce N relevance measuring
(i.e., query-dependent rule) blocks to compute the spatial-temporal affinity ma-
trix for the constrained neighborhood of the target pixel. Rather than computing
the response between a query position and the feature at all positions, as done
in [22], the relevance measuring block can capture more relevance regarding the
target object within T frames. More specifically, given a sliding window with
fixed kernel size k and dilation rate di = 2i − 1, we get the corresponding con-
strained neighborhood in Ki for query pixel Xq of Qi in position (x, y, z), which
can be obtained by a sampling function FS . This is computed by:

FS〈Xq,Ki〉 ∈ RT (2k+1)2× CN = Σx+kdi
m=x−kdiΣ

y+kdi
n=y−kdiΣ

T
t=1Ki(m,n, t), (2)

where 1 ≤ x ≤ H, 1 ≤ y ≤ W , and 1 ≤ z ≤ T . Thus, the size of the con-
strained neighborhood depends on the various spatial-temporal receptive fields
with different kernel size k, dilation rate di, and frame number T , respectively.

Normalization Rule. However, the internal covariate shift problem [11] exists
in the feed-forward of input Qi, incurring that the layer parameters cannot dy-
namically adapt the next mini-batch. Therefore, we maintain a fixed distribution
for Qi via:

Q̂i = Norm(Qi), (3)

where Norm is implemented by layer normalization [2] along temporal dimension.
Relevance Measuring. Finally, the affinity matrix is computed as:

MA
i ∈ RTHW×T (2k+1)2 = Softmax(

Q̂iFS〈X̂q,Ki〉T√
C/N

), when X̂q ∈ Q̂i, (4)

where
√
C/N is a scaling factor to balance the multi-head attention [21].

Spatial-Temporal Aggregation. Similar to relevance measuring, we also
compute the spatial-temporally aggregated featuresMT

i within the constrained
neighborhood during temporal aggregation. This can be formulated as:

MT
i ∈ RTHW×

C
N =MA

i FS〈Xa, Vi〉, when Xa ∈MA
i , (5)

Soft-Attention. We use a soft-attention block to synthesize features from
the group of affinity matrices MA

i and aggregated features MT
i . During the

synthesis process, relevant spatial-temporal patterns should be enhanced while
less relevant ones should be suppressed. We first concatenate a group of affinity
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matrices MA
i along the channel dimension to generate MA. Thus, the soft-

attention map MS is computed by:

MS ∈ RTHW×1 ← maxMA, when MA ∈ RTHW×T (2k+1)2N , (6)

where the max function computes the channel-wise maximum value. Then we
concatenate a group of the spatial-temporally aggregated features MT

i along
the channel dimension to generate MT .
Normalized Self-attention. Finally, our NS block can be computed as:

Z ∈ RT×H×W×C = X + Y = X + (MTWT ) ~MS , (7)

where WT is the learnable weight and ~ is the channel-wise Hadamard product.

2.2 Progressive Learning Strategy

Encoder. For fair comparison, we use the same backbone (i.e., Res2Net-
50) as in PraNet [8]. Given a polyp video clip with T frames as input (i.e.,
{I}Tt=1 ∈ RH′×W ′×3), we first feed it into a spatial encoder to extract two spa-
tial features from the conv3 4 and conv4 6 layers, respectively. To alleviate the
computational burden, we adopt an RFB-like [15] module to reduce the fea-
ture channel. Thus, we generate two spatial features, including low-level (i.e.,

{X lt }Tt=1 ∈ RHl×W l×Cl) and high-level (i.e., {X ht }Tt=1 ∈ RHh×Wh×Ch)1.
Progressively Normalized Self-attention (PNS). Most attention strate-
gies aim to refine candidate features, such as first-order [8] and second-order [22,21]
functions. As such, the strong semantic information in high-level features might
be diffused gradually during the forward pass of the network. To alleviate this, we
introduce a progressive residual learning strategy in our NS block. Specifically,
we first reshape the corresponding high-level features {X ht }Tt=1 of consecutive
input frames into a temporal feature, which can be viewed as a four-dimensional

tensor (i.e., X̃ h ∈ RT×Hh×Wh×Ch). Then we refine X̃ h via stacked normalized
self-attention in a progressive manner:

X̃ r ∈ RT×H
h×Wh×Ch = NS×R(X̃ h) = NS×R(FR({X ht }Tt=1)), (8)

where NS×R means that R normalized self-attention blocks are stacked in the
refinement process. FR is the reshaping function for the temporal dimension. To
allow this block to easily be plugged into pre-trained networks, the commonly
adopted solution is to add a residual learning process. Finally, the refined spatial-
temporal feature is generated by:

{X rt }Tt=1 ∈ RH
h×Wh×Ch = FR(X̃ h + X̃ r). (9)

Decoder and Learning Strategy. We combine the low-level feature {X lt }Tt=1

from the spatial decoder and the spatial-temporal feature {X rt }Tt=1 from the PNS
block via a two-stage UNet-like decoder FD. Thus, the output of our method is
computed by {Pt}Tt=1 = FD({X lt }Tt=1, {X rt }Tt=1). We adopt the standard cross-
entropy loss function in the learning process.

1 We set Hl = H′
4

, W l = W ′
4

, Cl = 24, Hh = H′
8

, Wh = W ′
8

, and Ch = 32.
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3 Experiments

3.1 Implementation Details

Datasets. We adopt four widely used polyp datasets in our experiments, in-
cluding image-based (i.e., Kvasir [12]) and video-based (i.e., CVC-300 [4], CVC-
612 [3], and ASU-Mayo [20]) ones. Kvasir is a large-scale and challenging dataset,
which consists of 1,000 polyp images with fully annotated pixel-level ground
truths (GTs). The whole Kvasir is used for training. ASU-Mayo contains 10
negative video samples from normal subjects and 10 positive samples from pa-
tients. We only adopt the positive part for training. Following the same protocol
as [4,3], we split the videos from CVC-300 (12 clips) and CVC-612 (29 clips)
into 60% for training, 20% for validation, and 20% for testing.
Training. Due to the limited video training data, we try to fully utilize large-
scale image data to capture more appearances of the polyp and scene. Thus, we
train our model in two steps: i) Pre-training phase. We remove the normalized
self-attention (NS) block from PNS-Net and pre-train the static backbone using
an image-based polyp dataset (i.e., Kvasir [12]) and the training set of video-
based polyp datasets (i.e., CVC-300 [4], CVC-612 [3], and ASU-Mayo [20]). The
initial learning rate of the Adam algorithm and the weight decay are both 1e-4.
The static part of our PNS-Net convergences after 100 epochs. ii) Fine-tuning
phase. We plug the NS block into our PNS-Net and fine-tune the whole network
using the video polyp datasets, including the ASU-Mayo and the training sets of
CVC-300 and CVC-612. We set the number of attention groups N = 4 and the
number of stacked normalized self-attention blocks R = 2, along with a kernel
size of k = 3. The initial learning is set to 1e-4, and the whole model is fine-tuned
over one epoch. In this way, although the densely labeled VPS data is scarce,
our PNS-Net still achieves good generalization performance.
Testing and Runtime. To test the performance of our PNS-Net, we validate it
on challenging datasets, including the test set of CVC-612 (i.e., CVC-612-T), the
validation set of CVC-612 (i.e., CVC-612-V), and the test/validation set of CVC-
300 (i.e., CVC-300-TV). During inference, we sample T=5 frames from a polyp
clip and resize them to 256×448 as the input. For final prediction, we use the
output Pt of the network followed by a sigmoid function. Our PNS-Net achieves
a speed of ∼140fps on a single RTX 2080 GPU without any post-processing (e.g.,
CRF [14]). The speeds of the compared methods are listed in Tab. 1.

3.2 Evaluation on Video Polyp Segmentation

Baselines. We re-train five cutting-edge polyp segmentation baselines (i.e.,
UNet [19], UNet++ [28], ResUNet [13], ACSNet [25], and PraNet [8]) with the
same data used by our PNS-Net, under their default settings, for fair comparison.
Metrics. The metrics used included: (1) maximum Dice (maxDice), which mea-
sures the similarity between two sets of data; (2) maximum specificity (maxSpe),
which refers to the percentage of the samples that are negative and are judged
as such; (3) maximum IoU (maxIoU), which measures the overlap between two
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Table 1: Quantitative results on different datasets.

2018∼2019 2020 2021
UNet UNet++ ResUNet ACSNet PraNet PNS-Net

Metrics MICCAI [19] TMI [28] ISM [13] MICCAI [25] MICCAI [8] (OUR)
Speed 108fps 45fps 20fps 35fps 97fps 140fps

C
V
C
-3
0
0
-T

V maxDice↑ 0.639 0.649 0.535 0.738 0.739 0.840
maxSpe↑ 0.963 0.944 0.852 0.987 0.993 0.996
maxIoU↑ 0.525 0.539 0.412 0.632 0.645 0.745
Sα ↑ 0.793 0.796 0.703 0.837 0.833 0.909
Eφ ↑ 0.826 0.831 0.718 0.871 0.852 0.921
M ↓ 0.027 0.024 0.052 0.016 0.016 0.013

C
V
C
-6
1
2
-V

maxDice↑ 0.725 0.684 0.752 0.804 0.869 0.873
maxSpe↑ 0.971 0.952 0.939 0.929 0.983 0.991
maxIoU↑ 0.610 0.570 0.648 0.712 0.799 0.800
Sα ↑ 0.826 0.805 0.829 0.847 0.915 0.923
Eφ ↑ 0.855 0.830 0.877 0.887 0.936 0.944
M ↓ 0.023 0.025 0.023 0.054 0.013 0.012

C
V
C
-6
1
2
-T

maxDice↑ 0.729 0.740 0.617 0.782 0.852 0.860
maxSpe↑ 0.971 0.975 0.950 0.975 0.986 0.992
maxIoU↑ 0.635 0.635 0.514 0.700 0.786 0.795
Sα ↑ 0.810 0.800 0.727 0.838 0.886 0.903
Eφ ↑ 0.836 0.817 0.758 0.864 0.904 0.903
M ↓ 0.058 0.059 0.084 0.053 0.038 0.038

(d) PraNet (e) ACSNet (f) ResUNet (g) UNet++ (h) UNet(b) GT(a) Frame

tim
e

(c) OUR

Fig. 2: Qualitative results on CVC-612-T [3]. For more visualization results
please refer to the supplementary material (i.e., PDF file and videos).

masks; (4) S-measure [6] (Sα), which evaluates region- and object-aware struc-
tural similarity; (5) enhanced-alignment measure [7] (Eφ), which measures pixel-
level matching and image-level statistics; and (6) mean absolute error (M), which
measures the pixel-level error between the prediction and GT.

Qualitative Comparison. In Fig. 2, We provide the polyp segmentation re-
sults of our PNS-Net on CVC-612-T. Our model can accurately locate and seg-
ment polyps in many difficult situations, such as different sizes, homogeneous
areas, different textures, etc.

Quantitative Comparison. Quantitative comparison results are summarized
in Tab. 1. We conduct three experiments on test datasets to verify the model’s
performance. CVC-300-TV consists of both validation set and test set, which in-
clude six videos in total. CVC-612-V and CVC-612-T each contain five videos. On
CVC-300, where all the baseline methods perform poorly, our PNS-Net achieves
remarkable performance in all metrics and outperforms all SOTA methods by
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Table 2: Ablation studies. See § 3.3 for more details.
Variants CVC-300-TV CVC-612-T

No. Base N Soft Norm R maxDice↑ maxIoU↑ Sα ↑ Eφ ↑ maxDice↑ maxIoU↑ Sα ↑ Eφ ↑
#1 X 0.778 0.665 0.850 0.858 0.850 0.778 0.896 0.885
#2 X 1 1 0.755 0.650 0.865 0.844 0.850 0.779 0.896 0.891
#3 X 2 1 0.790 0.679 0.876 0.872 0.825 0.746 0.870 0.856
#4 X 4 1 0.809 0.709 0.893 0.884 0.834 0.760 0.881 0.867
#5 X 8 1 0.763 0.663 0.867 0.842 0.787 0.702 0.841 0.829
#6 X 4 X 1 0.829 0.729 0.896 0.903 0.852 0.784 0.895 0.897
#7 X 4 X X 1 0.827 0.732 0.897 0.898 0.856 0.792 0.898 0.896
#8 X 4 X X 2 0.840 0.745 0.909 0.921 0.860 0.795 0.903 0.903
#9 X 4 X X 3 0.737 0.609 0.793 0.751 0.732 0.613 0.776 0.728

a large margin (max Dice: ∼10%). On CVC-612-V and CVC-612-T, our PNS-
Net consistently outperforms other SOTAs.

3.3 Ablation Study

Effectiveness of Channel Split. We investigate the contribution of channel
split rule under different scales. The results are listed in rows #2 to #5 in Tab.
2. We observe that #4 (N=4) outperforms other settings (i.e., #2, #3, and
#5) on CVC-300-TV, in all metrics. This improvement shows that an improper
receptive field (RF) harms the ability to excavate temporal information, since
a large RF will pay more attention to the global environment rather than local
motion information. On the other hand, when the split number is too small, the
model fails to capture multi-scale polyps moving at various speeds.
Effectiveness of Soft-attention. We further investigate the contribution of
the soft-attention mechanism. As shown in Tab. 2, #6 is generally better than
#4 with the soft-attention block on CVC-612-T. This improvement suggests that
introducing the soft-attention block to synthesize the aggregation feature and
affinity matrix is necessary for increasing performance.
Effectiveness of the Number of NS Blocks. To access the number of
normalized self-attention blocks under different settings, we derive three variants
as #7, #8, and #9. We observe that #8 (PNS-Net setting) is significantly better
than #7 and #9, with R = 2, in all metrics on CVC-300-TV and CVC-612-T.
This improvement illustrates that too many iterations of NS blocks may cause
overfitting on small datasets (#9). In contrast, the model fails to alleviate the
diffusion issue of high-level features with a single residual block. Empirically, we
recommend increasing the number of NS blocks when training on larger datasets.

4 Conclusion

We have proposed a self-attention based framework, PNS-Net, to accurately
segment polyps from colonoscopy videos with super high speed (∼140fps). Our
basic normalized self-attention blocks can be easily plugged into existing CNN-
based architectures. We experimentally show that our PNS-Net achieves the
best performance on all existing publicly available datasets under six metrics.
Further, extensive ablation studies demonstrate that the core components in our
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PNS-Net are all effective. We hope that the proposed PNS-Net can serve as a
catalyst for progressing both in VPS as well as other closely related video-based
medical segmentation tasks. Exploring the performance of PNS-Net on a larger
VPS dataset will be left to our future work.
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