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ARTICLE INFO ABSTRACT

Communicated by Wei-Xin Ren The practical application of data-driven frameworks like deep neural network in acoustic emis-
sion (AE) source localization is impeded due to the collection of significant clean data from the
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oratory experiment. The noise, experimental cost and time consuming in the collection of data
further worsen the scenario. To address the issue, this work proposes to use a novel multi-fidelity
physics-informed neural network (mfPINN). The proposed framework is best suited for the
problems like AE source detection, where the governing physics is known in an approximate sense
(low-fidelity model), and one has access to only sparse data measured from the experiment (high-
fidelity data). This work further extends the governing equation of AE source detection to the
probabilistic framework to account for the uncertainty that lies in the sensor measurement. The
mfPINN fuses the data-driven and physics-informed deep learning architectures using transfer
learning. The results obtained from the data-driven artificial neural network (ANN) and physics-
informed neural network (PINN) are also presented to illustrate the requirement of a multi-
fidelity framework using transfer learning. In the presence of measurement uncertainties, the
proposed method is verified with an experimental procedure that contains the carbon-fiber-
reinforced polymer (CFRP) composite panel instrumented with a sparse array of piezoelectric
transducers. The results conclude that the proposed technique based on a probabilistic framework
can provide a reliable estimation of AE source location with confidence intervals by taking
measurement uncertainties into account.

1. Introduction

Anisotropic plates and shells have become the prominent choice in the aero-industry, auto-mobile industry and wind turbines due
to their exceptional stiffness and low weight. Despite their tremendous applications, several issues have been highlighted about the
composites’ structural integrity, such as debonding, delamination, and matrix cracking, to mention a few. Such complications are
caused primarily due to shock, impact and repeated cyclic stresses. The multiple occurrences of these failure modes can lead to a
catastrophic failure or subsequent degradation of the structure’s performance [1,2]. Focusing towards predictive maintenance, it is
imperative to detect the location of the impact and scrutinise the damage in the vicinity of the impact. The current research presents a
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novel framework based on deep learning to identify the impact location in the composite structure.

Structural health monitoring (SHM) has emerged on diagnosis, etiognosis, and prognosis to reduce life cycle costs [3,4]. In the
SHM, the sparse array of ultrasonic transducers utilized guided ultrasonic waves (GUWs) both in active and passive modes for defect
detection and its localisation at the microscale [5]. The acoustic actuators are the source of ultrasonic energy in active monitoring [6]
while in passive monitoring, the impact due to foreign object acts as acoustic emission [7,8]. The permanently installed transducers in
the structure can be used to perform real-time health monitoring as well as condition-based monitoring.

Further, the capability of active and passive sensing of the ultrasonic transducers can be leveraged to detect active damage and pre-
existing cracks. This study utilises the passive mode of acoustic emission (AE) data to localise the impact and/or active damages. For
isotropic plates, a minimum number of three sensors are sufficient to localise the AE source using the triangulation technique.
However, the triangulation technique does not work in the case of an anisotropic plate, as the wave velocity varies in different di-
rections [9,10]. For composite plates, the stacking sequence of the composite layers governs the spatial velocity profile. In the past
decades, several works related to localising AE sources have been found in the literature [11-14]. Based on the above discussions, two
salient steps are traditionally followed to localise the AE source.

e First, AE data acquisition, i.e., using the ultrasonic transducers, the time of flight (TOF) measurements are acquired from distinct
locations.

e Second, using an inversion algorithm, i.e., the AE data are incorporated to solve a set of non-linear equations deterministically [15]
or well-defined loss functions are minimised by an optimisation algorithm [9,10,12,13,16] with some exceptions [17,18].

One must note that in these approaches, the computational costs increase rapidly with the increase in the number of sensors.
Further, the accuracy of the AE source estimation depends upon the precision of the TOF measurements. Even a small perturbation of
uncertainty in TOF measurement may lead to a considerable error in estimating the AE source. Usually, the common roots of un-
certainties are ambient conditions, mode conversion, dispersion phenomenon, systemic error, and noise, to mention a few.

The emerging engineering systems are undergoing a renaissance, the first principle models guiding the way towards a data-driven
approach. The confluence of big data, artificial intelligence and machine learning has gained lots of traction across the science and
engineering domains and is driving a paradigm shift [19,20]. Even in the domains where the physics-based governing equations
prevail, researchers are gradually inclining toward data-driven analysis. Artificial neural networks (ANN) [21,22], and the Gaussian
process [23] have been found in the literature for AE source localisation in complex structures. However, in engineering applications,
these approaches suffer from three significant challenges. First, data acquisition is often expensive for complex engineering systems;
thereby, ANN has access to very sparse data to train the network in such a scenario. Secondly and perhaps more importantly, the data-
driven algorithms have inadequate predictive capability outside the training domain as opposed to the physics-based model. For
instance, if the training data are generated within a certain physical domain of a plate in the AE location detection problem, these
models are capable of predicting the AE source location within the training domain, and it is extremely difficult to predict outside the
domain. Last but not least, ANN trained from training data may not satisfy the essential physical laws associated with an engineering
problem.

The governing equations used in the domain of science and engineering are often based on some assumptions and approximations
[24]. It is obvious that the solution of such approximate governing equations can loosely depict the actual system behaviour (i.e., low-
fidelity results). In the current context, the set of non-linear equations or the cost functions to localise the AE source are formulated
based on some governing physical laws. On the contrary, it is conceivable to carry out a few sophisticated experiments by employing
state-of-the-art instruments and sensors to get accurate results (i.e., high-fidelity results). However, such experiments are costly and
time-consuming, and one can carry out only a small number of experiments (typically in the order of tens). Often such a small number
of high-fidelity data are not adequate to get a proper insight of the system, specifically in the case of AE location estimation from the
uncertainty/noisy data prevalent in real-life scenarios. Moreover, merging the two data sets of different fidelity is not preferable.

One conceivable alternative to make use of datasets of different fidelity is employing the multi-fidelity framework [25]. Perhaps the
multi-level Monte-Carlo (MLMC) methods are among the well-known multi-fidelity schemes where high-fidelity and low-fidelity data
are used [26]. Gaussian process and auto-regressive like information fusion schemes are known for dealing with multi-fidelity data
[27,28]. Researchers have reported several other techniques in the literature where the Gaussian process is substituted by different
machine learning (ML) algorithms [29-31]. The ML techniques also influenced the multi-fidelity approach [32]. Deep neural networks
are employed to develop multi-fidelity approaches. The multi-fidelity data are used to train the composite neural network [33].

For addressing the challenges related to the purely data-driven algorithms stated above, we propose a novel probabilistic frame-
work to estimate the AE source location. One of the key components of the proposed framework is to develop a probabilistic approach
to account for the uncertainty present in the TOF measurements. The proposed approach utilises a multi-fidelity physics-informed
neural network (mfPINN) to achieve the goal. The underlying idea here is initially to train the neural network with the low-fidelity
model and then update it with sparse high-fidelity data. The low-fidelity model is the approximate governing physics-based equa-
tions, and the high-fidelity data are collected by either performing laboratory experiments or direct field measurements. This is
accomplished by the newly evolved physics-informed deep learning algorithm [25,34,35].

The advantages of the proposed framework over other deterministic data-driven approaches are three-fold.

e First, this study proposes a novel cost function extended from the physics-based governing equations of AE source localisation using
a probabilistic approach to incorporate the uncertainty/noise in the TOF data, which is prevalent in real-life scenarios.
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e Second, as the proposed framework is probabilistic in nature, hence it provides a confidence interval of the estimated AE location,
which gives an advantage in decision-making.

e Thirdly, the proposed method is a data-driven hybrid technique that takes advantage of the few measurements from a field
experiment in conjunction with the physics-informed mathematical model to train the network as compared to the other data-
hungry algorithm. This makes the algorithm ease of use in situations of data sparsity.

The usage of transfer learning is one attribute of the proposed novel framework. The idea behind transfer learning is to retain the
gained knowledge while solving one problem and applying it to solve different but related problems. In the current context, transfer
learning is leveraged to transfer the knowledge gained while solving a low-fidelity problem to a high-fidelity one. This is done by
freezing the parameters, i.e., weights and biases of a few layers of a neural network. With this frame-up, the training phase is
remarkably accelerated. The efficacy of the proposed framework is evaluated by estimating the AE source location from the uncertain
TOF measurements.

To the best of our knowledge, it is the first implementation of PINN utilising transfer learning based multi-fidelity framework to
localize AE source in engineering structures, especially for anisotropic structures. The proposed framework shows excellent capa-
bilities to identify the location of the AE source accurately. Moreover, the framework can consider the uncertainty in the sensor
measurement so that the developed model can be used for the localisation of AE sources in real-world scenarios. This is confirmed
through the experiment on carbon fibre-reinforced polymer (CFRP) composite panel.

2. Mathematical background of acoustic emission source location

Consider a sparse array of n piezoelectric transducers instrumented on anisotropic plate-like structures. The coordinates of the
unknown AE source (xs7 ys) and the fixed sensors are located at the coordinates (xl-, yi), as shown in Fig. 4. The time of flight (TOF) from
the unknown source to the i sensor is ;. Conventionally, the unknown coordinates of the AE source can be expressed with the TOF and
velocity as:

(% —x) 4 (0 = y0)* = (10(6)) )? @

where, i is the sequence number of sensors. In the anisotropic plate, v(6;) is the functional relationship between the wave propagation
velocity and propagation direction ¢; defined as [16]:

0; = arctan (’u) 2)

Xs — Xi

The TOF from the AE source to the first sensor (t;) is considered as a reference because the velocity of the stress wave cannot be
exactly determined. The following sets of equations can be expressed with the time difference of arrival (TDOA):

(= x)* + O = y0)" = [(n + Anv(6) @

where, At;; = t; —t; is defined as TDOA between the i-th and the first sensors. By combining Eqs (1) and (3), the following sets of
nonlinear equations can be obtained [16]:

Vo =0+ 0= s —x) 40—’

Aty =t—t =
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Where 6; and 6, are the angle of propagation from the AE source to the ith and the first sensors, respectively. This set of nonlinear
equations is not sufficient to solve the AE source coordinates for the anisotropic structures as the number of equations available (n — 1)
is less than the number of unknowns (n + 2), i.e., AE source coordinates (xs, ys) and n-wave velocities.

In the past few decades, several number of TOF-based strategies have been developed to overcome this limitation. Kundu, et al.
(2007) used a known velocity profile to reduce the number of unknowns in Eq. (4) [16]. In such a case, a minimum number of three
sensors (n = 3) are required to compute the AE source coordinates (xs,y;s). Several techniques are reported in the literature on the
localization of AE sources in anisotropic material without knowing its material properties [36-39]. Ciampa and Meo (2010) also
proposed a technique in which the information on the velocity profile is not required, where the clusters of sensors are used [12]. In
this approach, the n sensors are placed in n. clusters in such a way that n —1>n. 42 in order to solve the system of equations. It is
assumed that the wave velocity from the source to each sensor in a cluster is the same. Further, in TOF-based strategies, the accuracy of
TOF measurement is crucial as the erroneous measurement will lead to a considerable error in estimating the AE source location.

This work proposes a novel probabilistic approach comprised of a deep neural network to estimate the AE source location from the
noisy measurement. The proposed network takes the TDOA of all the sensors along with the TOF uncertainties of each sensor as input
and gives the AE source coordinates and corresponding uncertainties. It is considered that the TOF t; and AE source coordinates (x;,ys)
are correlated random variables since they are related by Eq. (4); the unknowns x; and y; are mutually independent Gaussian random
variables. Further, the TOF ¢; is considered as a mutually independent Gaussian random variable under the condition that the probable

2
AE event occurs far enough away from the sensor locations (i.e., \/ (l‘xs — xi)2 + (uys - yl-> > 0). Based on the above assumptions, the
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probability density function of TDOA (At;; =t — t;) is also a Gaussian random variable (./"(u,c)) parameterized by mean () and
standard deviation (o) [9,11,40].

i~ ,,,/V(yn , 6,,)
Xy ~ ,,/1"”(%,(7)(‘_)

(5)
Vs~ A phy, Oy,
Aty ~ @/1'"”(/‘A11, ) 6At|i)
The mean of TDOA y,, , and variance of TDOA %, are defined as:
:qul,- = :ut, 7.”:,7 62Ar|, = 6?, +o’i (6)
One can write the Eq. (1) as follows:
2 2

o b= w0 =) )

b {v(6)}*

InEq. (7), t; ~ A4 (4, 04), Xs ~ A" (ny,, 0x,) and y; ~ t/if"'(ﬂ,,s ; Gys> are the random variables. However, it is to be noted that, £* in Eq.

(7) is actually a (scaled) generalized chi-squared random variable. In particular, if o, = o,, then t? has a (scaled) non-central chi-
squared distribution with two degrees of freedom. Now applying the expectation operator E| - | on both sides of the Eq. (7) we get:

E[?] =E (=) + (0 = 30)

' {v(6)}’
_ E[(x —x)° ] +E[0s —3)°]
1% H,‘ 2
{6 } ®
E[x? — 2xx; + 2] + E[y? — 2y + 7]
o)y’
_ E[x]] — 2E[x,]Jx; + 27 + E[y] — 2E[y]yi + 7
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The statistical moments of t; are known. Considering var(t;] = o7 then one can write as:

E[R] = +o, ©
Similarly, E[x?] = y2 +02 and E[y?] = u2 + o7. Now, substituting the value of E[t?], E[x?] and E[y?] in Eq. (8) one gets:

2 o KO S g oy — 23+ ]
W, o, = 2 (10)
{v(6:) }
2402 —2u x+ X7+ pd 0k —2u, i+ 7
o \/ﬂx\ %=, LTS . an
{v(6:) }
Similarly,
Wy +or = 2ux +x]+p +oy = 2u v+
ﬂ,._\/‘ e a2
{v(01) }
Substituting the value of y, and u, in the expression of u,,, given in Eq. (6) one can get:
W+ 02 = 2u, X+ X7+ 2+ 02— 2,y + 7 W2+ 02 —2p, x +oq + 2+ ol —2u, v+ v
i, = ' ; 2N g - ~ 2 a3)
{v(6:) } {v(01)}

It should be noted that the direction dependent velocity v(0) is a deterministic quantity as the velocity profile is known a priori to
make the Eq. (13) solvable. The low-fidelity physics-based model given in Eq. (13) is employed to train the network initially.

3. Time of flight measurements

The accuracy of the AE source estimation depends upon the precision of the TOF measurements. It is contentious to measure the
exact arrival time of the signal from the time-history plot. Because the time domain signals are perturbed by the low-level and high-
frequency noise that creates an uncertainty in the signal, first time of arrival and this noise obscures the actual arrival time. Conse-
quently, the actual arrival time may deviate from the measured time of arrival. However, the cost function used in this study given in
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Fig. 1. Illustration of the arrival time measurement by threshold crossing of the time history signal envelope.

Fig. 2. Experimental setup of wave velocity profile measurement.

Eq. (13) is based on TDOA; hence, these minor errors get mutually nullified, and the final estimation should not be affected consid-
erably. Several techniques comprising threshold crossing by fitting the envelope, wavelet transform, cross-correlation, and curve
fitting, to mention a few are available in the literature to measure the time of arrival from the time domain acoustic signal [41-43].
This study employs a principled way to measure the arrival time by threshold crossing of the signal envelope. The envelope can be
computed by using the definition of an analytic signal x4 (t) of an actual signal x(t):

xa (1) = x(t) + ixy (1) a4

where, i is the imaginary unit and xg(t) is the Hilbert transform of x(t) defined as:

) =1 [ ) (15)

TJ) o t—1

Now, the envelope A(t) can be computed as:
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Fig. 3. The variation of wave velocity in different directions for the composite plate.
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Fig. 4. (a) Top view of the experimental setup, and (b) a 3D schematic view of the experimental setup.

A(r) = \/x(6)* + xu (1) (16)

The time of flight is measured when the envelope of a signal crosses the defined threshold (A;). In this study, a threshold A, was
defined as 0.1 V [9,41]. Fig. 1 illustrates the arrival time measurement from the threshold crossing of the envelope of a signal.

4. Experimental setup

Experimental tests were conducted using a 60 cm x 60 cm CFRP composite panel to collect high-fidelity data and to evaluate the
efficacy of the proposed framework. The anisotropic panel had a nominal thickness of 2 mm. In order to simulate the impact on a plate,
a Teflon ball of diameter 13.4 mm was dropped on the composite plate. The ball weighs approximately 10 g and dropped from a height
of 0.3 m. The velocities in different directions are calculated by placing twelve PZT sensors in a circle with a radius of 27.5 cm at 30°
angular spacing varying from 0° to 360° as shown in Fig. 2.
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Fig. 5. Plots of time domain signals were received at different sensors due to the drop of the Teflon ball.

Table 1
Location of sensors placed to detect the AE source in the experiment.
Sensor No. Sensor Location
x5 (cm) ¥s (cm)
1 7.5 7.5
2 30.5 7.5
3 53.5 7.5
4 19 53.5
5 42 53.5

A guided ultrasonic wave was excited at the centre of the circle through central PZT. The signal is received simultaneously by all the
sensors placed at the circumference of the circle. In Fig. 1, the blue and red signals are the input signal excited at the centre and the
signal received by the sensor at the circumference, respectively. The time difference between the input signal and TOF of the received
signal is the time taken to propagate the wave from the centre to the circumference. By measuring the time of arrival and dividing the
radius of the circle by the time of arrival, the wave velocities in different directions are computed. After experimentally measuring the
wave velocity in discrete angular directions, the wave velocity at any angle ¢ can be obtained by performing the cubic Hermite
interpolation. The resulting velocity profile is shown in Fig. 3.

After obtaining the velocity profile, the sparse array of five sensors were installed on the plate, as shown in Fig. 4. A point on the
plate was selected randomly, and the Teflon ball was dropped at that point to generate high-fidelity data. The signals received by the
five sensors were recorded to estimate the AE source. Fig. 5 illustrates the plots of time domain signals received at different sensors due
to the Teflon ball being dropped at a location of x = 30 cm and y = 35 cm. Table 1 summarises the location of sensors placed on the
plate to detect the AE source.

5. Mathematical background of multi-fidelity physics informed neural network

The data-driven ANN and PINN are the cornerstone of the proposed mfPINN. In the following sections, a brief background on the
ANN and PINN is presented.
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5.1. Data-driven artificial neural network

An artificial neural network is a smart data processing system that imitates the biological neural network of the animal brain [44]. It
is a robust technique that is extensively used in the domain of machine learning (ML) [45]. An ANN is comprised of input, output and
hidden layers in between. These layers are interconnected by the number of neurons. The connectivity between the neurons depicts the
functionality of the ANN [46]. ANNs have effectively been utilised to understand complex engineering systems and to extract
important and meaningful features from the data.

The nodes of a layer are parameterised by weights (w) and biases (b). Each input parameter (x) is multiplied by its weights prior to
reaching the hidden layer node. The weighted sum (z) of the weighted parameters collected at the nodes is computed. The weighted
sum can be defined as

Z=wx+b 17)

Subsequently, the weighted sum is transmitted to the next layer using the activation function and finally to the output layer as the
target data. The activation function f( - ) is defined as [47]:

u=f(z) (18)

In a feedforward neural network, the input data is propagated through the input, hidden and output layers. However, in the
backpropagation algorithm, the output loss is propagated back in the opposite direction of the output, hidden and input layers. During
the training process in a data-driven setting, the network parameters, i.e., weights and biases, are updated by minimising the loss
function. The loss function () for this is given by

Ny
Zu= - a9
k=1

where, Ny is the number of high-fidelity data points available, u is the observed response and u is the neural network predicted
response. Despite the fact that ANN architectures are employed to learn physics, there exist crucial issues related to interpretability,
generalizability, overfitting and demands for significant data. These factors limit their utility and computational tractability for data-
driven models. It is to be noted that for the current work, the high-fidelity data collected from the experiment is very sparse. Thus, the
direct application of data-driven ANN is inconceivable to get adequate results.

5.2. Physics-informed neural network

One of the key components of the proposed framework is building physics-informed learning machines. In this section, we first
delineate how to embed physics in an ML model and how various physics can steer in developing novel NN architectures. Currently,
there are three approaches that can be pursued individually or in tandem to expedite training and enhance the generalization of ML
models by embedding physics in them [48]. (a) Training ML systems on data that embody the underlying physics allow them to learn
functions, vector fields or operators that contemplate the physical structure of the data by introducing observational biases. (b)
Another pathway of embedding physics is by introducing inductive biases to incorporate the prior assumptions in tailored in-
terventions to an ML architecture in such a way that the predictions of the ML models are ensured to implicitly satisfy the governing
physical laws, often expressed in the form of certain mathematical constraints. The implementation of this approach is complex and
difficult to scale. (c) Last but not least approach of embedding physics is by proper selection of loss functions, constraints and inference
algorithms. The learning biases can be introduced that can regulate the training phase of the ML system to explicitly favour
convergence towards solutions that comply with the governing physics. This enables a very adaptable platform of embedding physics
that can be expressed in the form of integral, differential or even fractional equations. These various methods of embedding physics in a
learning algorithm towards physically coherent solutions are not mutually exclusive and can be adequately merged together to yield a
very broad class of hybrid approaches for developing physics-informed learning machines. From these available pathways of
embedding physics, the current work followed the learning biases mode to impose the underlying physics in a soft manner by properly
defining the loss function of conventional NN. This variation of NN is also known as a physics-informed neural network (PINN).

Recently, PINNs have become an excellent solution technique for solving various physics-based models pioneered by Raissi, et al.
(2019) [34]. Several works are reported in the literature where the PINNs are leveraged to solve various engineering and scientific
problems when the underlying physics is in the form of differential equations [25,48,49]. Despite this fact, one can extend the
capability of PINN to solve the problem when the underlying physics is in the form of fractional equations. However, in such a scenario,
the application of PINN is sparse in the literature. Recently, Pun, et al. (2019) proposed to employ PINN to predict interatomic po-
tential energy surface in a large atomistic model [50]. They combine the physics-based model of bond order potential, which is in the
form of a fractional equation with a neural network. Further, they compared the results of PINN with a conventional neural network
and concluded that the accuracy of the PINN is better and performs well in the extrapolation regime. Several studies have made similar
claims that PINN performs better than the conventional NN trained in a data-driven setting [25,48-50]. However, one can generate
data based on the underlying physics and train a conventional neural network on such data by using the observational biases mode of
embedding physics on a learning model. This type of model is not generalizable and does not offer any flexibility.

In the current impact detection problem, the governing physics contains parameters like the properties of the material in the form
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Fig. 6. Schematic representation of proposed mfPINN framework for estimating AE source location and corresponding uncertainty.

of the velocity of the wave (v(6) ), the location of sensors (x;,y;) and the uncertainty of the sensors (c;). For certain parameters one can
generate data that embody the underlying physics and train a conventional neural network on such data to get the intended output
from the neural network. However, any changes in the parameter, for instance, the material is changed, and the positions of sensors are
changed; in such a scenario, one has to generate the data and train the network again. This data generation task could be time-
consuming and computationally expensive in many engineering applications. We proposed to use PINN over a conventional neural
network to avoid the data generation step, as PINN can be directly trained by using the underlying physics as expressed in Eq. (13)
without generating data from it, as the governing physics is directly embedded in the PINN. The leading motivation for employing
PINN in the proposed framework is that the embedding underlying physics can yield more interpretable deep learning architecture that
remain robust in the presence of imperfect data and can provide accurate and physically consistent prediction even for extrapolatory /
generalization task.

Most real engineering systems suffer from limited high-fidelity or experimental data. In such cases, the conventional NN does not
perform well because of its data intensiveness nature and the huge training data requirement. The advantage of PINN over the con-
ventional NN is that the PINN performs very well in the sparse data scenario as it takes advantage of the underlying physics-based
mathematical model.

To be mathematically precise, we again generalized the representation of the Eq. (13) as

N (u (M 3 Oxys Hy o—,v\-) Jf) =g (20)

where,

N(u(n, 00m,.0,).5) = \/” Lo 2 it Wifﬂi —2u, yi+y7 e \/ﬂi 0L~ 3 +ﬂf‘2+6§\ —2u, yi 5" iy
" o {v(e)} ‘ {v(en)} '
8=Har,
(21)

N( - ) prescribe the nonlinear function as defined in Eq. (21) and j represents the other parameters of Eq. (21). The goal is to find a

neural network approximation u to the observed data u. The approximation should satisfy the governing physics defined in Eq. (13)
and in turn Eq. (20). The neural network is then trained to minimize the physics-informed loss function given by

N
Zr=) |IN@w,p) —¢] (22)
k=1

where, N is the number of points for the input and R is the residual of the governing equation corresponding to the collocation points
and is defined as

R :N(Uﬂ) -8 (23)

The advantage of PINN is the training is fast as compared to the data-driven ANN because the PINN needs no simulation data. The
governing equation of the system is satisfied during the training process; thus, the other physical properties of the system are also
satisfied. One must note that the governing equation under consideration is available to apply the PINN successfully. However,
numerous cases exist in science and engineering where the underlying equation is unknown [24]. Albeit, the equation is known, it is
usually derived based on certain assumptions and approximations. The governing equation merely depicts the actual case in an
approximate manner. It is expected that the results obtained from PINN would necessarily be erroneous.

5.3. Proposed approach

The overarching goal of this work is to leverage the capabilities of PINN and ANN to estimate the AE source location under the
condition of sparse and noisy data. The proposed approach is driven by the requirement for an efficient parsimonious model that
evades overfitting and exploits the underlying physics of the problem. Unlike previous deep learning approaches, the proposed
network architecture is designed particularly to handle a ubiquitous class of sparse data perturbed by noise and uncertainty.

The proposed network architecture is shown in Fig. 6. The objective of this network is to estimate the location (uxs , ,uys> of the AE

source and the corresponding uncertainty (oy,,0y,) estimated from the TDOA information (u,, ) perturbed with noise/uncertainty
(6)- Neither data-driven ANN nor the PINN is competent in estimating the AE source from the sparse, noisy data collected from field/
real experiments. The ANN fails as the data available is sparse. Moreover, neural networks have considerable potential for overfitting
data. Simultaneously, PINN fails because the governing physics in Eq. (13) merely portrays the real scenario in an approximate
manner.

To overcome the problem, a novel framework based on mfPINN is presented in this study. The presented approach employs both
ANN and PINN. Towards this goal, a single deep neural network is first trained for the low-fidelity model and then updated based on

10
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Fig. 7. Illustration of the impact location to generate high-fidelity data by performing the experiment.

the high-fidelity data. The idea of transfer learning is employed to tune the network on high-fidelity data. The usage of transfer learning
in the multi-fidelity framework is found in the literature [32]. The concept of data-driven ANN is used to update the low-fidelity PINN
on the high-fidelity data. While updating the network, two crucial factors are considered. First, the training starts on the high-fidelity
data by retaining the initial value of the network parameters obtained from the training on low-fidelity PINN. Second, using the
concept of transfer learning [49] the parameters corresponding to the last one or two layers are updated instead of all the network
layers. The transfer learning accelerates the training process of the network as the number of parameters to be updated is decreased.
Freezing the initial layers ensures the knowledge gained from the low-fidelity model is retained in the deep learning model. Further,
transfer learning avoids the overfitting of the network on high-fidelity data.

Closing this section, it is worth mentioning that mfPINN involves a significant number of hyperparameters, that is, the number of
layers, the types of activation functions, and the neurons per layer, to mention a few, need to be tuned carefully in order to get optimal
results. The universal approximation theorem promises that a neural network comprised of at least one hidden layer and a large
enough number of neurons, and the differentiable activation function is competent in depicting any arbitrary function or dataset
[51-53]. Hanin (2019) presented expressions for the optimal neural network parameters required to depict a function within a desired
accuracy when ReLU activation functions are used [54]. There are several methods, such as grid search or random search, Bayesian
hyperparameter optimisation procedure [55] etc., are often used to tune the neural network hyperparameters. Despite these theo-
retical guarantees, the training algorithm might not be able to find optimal values of the network parameters to achieve the desired
accuracy. In practice, with few numbers of hidden layers and a significant number of neurons per layer might be needed. Further, often
more than one layer with a small number of neurons per layer is used. For the activation function f( - ) in Eq. (18), there are various
alternatives available. One common option is the rectified linear unit (ReLU). For an input z, the output from ReLU is given in Eq. (24).

fReLU (Z) = max(O, Z) (24)

It is worth noting that the derivative of the output from ReLU vanishes for z < 0. This conceives a difficulty in training using
gradient descent for negative inputs and is called a dying ReLU problem. In order to avoid this problem, the applicability of another
activation function is explored, namely, hyperbolic tangent or tanh. For this activation function, the output is given in Eq. (25).

eZ — e*Z
finn(z) = tanh(z) = P (25)
For the last layer, we employed the linear activation function, where the output is given in Eq. (26).
fLinear(Z) =2Z (26)
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Fig. 9. Impact location results showing true and estimated locations using data-driven ANN.

One should note that there exist different alternatives for activation functions, e.g., logistic sigmoid, leaky ReLU, and exponential
linear unit (ELU), to mention a few. However, we found the combination of tanh and linear activation provides an excellent result for
the AE detection problem. Further, in this work, we use 50 neurons per layer based on a preliminary investigation, where the per-
formance is monitored with different number of neurons per layer. A new hidden layer is included to the network if the accuracy is
increased with the included new layer.
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Table 2
Source estimation results using data-driven ANN.
Point Actual Location Estimated Location & (cm)
X; (cm) ys(em) Hy, (cm) Hy, (cm)
1 15 14 9.8 1.0 13.9993
2 30 17 31.5 16.1 1.7251
3 40 23 43.8 18.9 5.5748
4 10 33 18.5 29.1 9.3269
5 20 29 7.0 14.7 19.3140
6 40 44 39.9 41.7 2.3125
7 15 41 17.2 41.5 2.2244
8 50 37 51.4 22,7 14.3986
9 45 14 48.9 33.6 19.9423
10 30 35 31.4 20.7 14.3986
Average (cm)
10.3217

6. Results and discussion

In this section, three sets of results are presented to illustrate the performance of the proposed framework. The results are presented
in the first two sets using data-driven ANN and PINN. The intention of these two sets of results is to illustrate the necessity of a multi-
fidelity framework using transfer learning.

A Teflon ball is dropped on 40 different locations of the plate, given the wave velocity profile (Fig. 3) is known to generate high-
fidelity data &7y, as shown in Fig. 7. These data are randomly divided into two categories. The first category consists of the TDOA and
uncertainty of the sensor corresponding to the thirty different locations, as illustrated by the blue star in Fig. 7 are used to train the
neural network model. The red circles in Fig. 7 depict rest of the data used to evaluate the efficacy of the proposed model.

6.1. Estimation of impact location using high-fidelity data-driven ANN

A data-driven ANN is modelled to solve the problem under consideration. The ANN estimates the location of impact determinis-
tically as in the observed high-fidelity data; the impact location information is deterministic. The network has five inputs and five
hidden layers with 50 neurons each. The five inputs are the TDOA information measured from 5 sensors installed on the plate. The
network has two outputs corresponding to the x- and y- coordinates of the estimated locations. Hyperbolic tangent (tanh) activation is
used for all except the last layer. Linear activation is considered for the last layer. The Adam optimizer is run for 50,000 iterations for
training the ANN with available 30 training data. The training loss is converged satisfactorily, as presented in Fig. 8. However, the
network over-fitted the data, as one can observe that the test loss is converged but significant.

The results obtained from data-driven ANN are illustrated in Fig. 9 in terms of true locations and estimated locations. To evaluate
the accuracy of the results, an error function is defined as

e = \/ (1, =)+ (1, =) ’ @27)

where, (x;,¥;) are the true impact coordinates and (/«lxs , /4},5) are the neural network estimated coordinates. Table 2 summarises the

impact of localisation results using data-driven ANN. It is observed from Table 2 that the performance of the data-driven ANN in the
prediction of AE source location is poor, with an average error of 10.3217 cm and a maximum error of 19.9423 cm.

6.2. Estimation of impact location using low-fidelity PINN

T
To solve the problem under consideration, the unknown location and corresponding uncertainty (u = { Hy, Ox,s Hy, s O, } ) are first

represented by using a neural network. The network comprises ten inputs, five hidden layers with 50 neurons per layer and four
outputs. The ten inputs are TDOA information (u,,,,) and corresponding uncertainty in the TOF measurement (sy,) of the installed five
sensors. Hyperbolic tangent (tanh) activation is used in all the layers except the last layers. Linear activation is considered for the last
layer. The residual for training the network is given in Eq. (28).

() (02), 2t () (), 2) ey
o)y’ "k

( i“)kJr (O—i")k72(ﬂ"")"xl it (ﬂ’z"')kJr (Oif“)kiz('u-‘")kyl i
oy )

(28)

(6t2| )k - (”Alu)k
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Fig. 10. The collocation points are used to train the low-fidelity model of the neural network.
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Fig. 11. Impact location results showing true and estimated locations using low-fidelity PINN.

Where, Ry is the residual and u = { e, Oxs Hy,» Oy, }T is obtained from the neural network output. 9’ and ‘k’ in the suffix indicating the i-
th sensor and k-th collocation point. For training the low-fidelity PINN, the collocation points, as shown in Fig. 10 are generated. The
number of collocation points is 961 with an interval of 2 cm in x- and y- directions.

Naively initiating the input in the neural network will not ensure that the model is trained within the given plate boundary.
Alternatively, one can create the TDOA (Aty;) information by using Eq. (4) corresponding to these collocation points in a deterministic
sense. However, this step can be avoided by approximately estimating the largest possible value of TDOA (Aty;), then initiate the
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Table 3
Source estimation results using low-fidelity PINN.
Point Actual Location Estimated Location & (cm)
X (cm) ¥s (cm) Hy, (cm) Hy, (cm)
1 15 14 14.2 12.8 1.4408
2 30 17 31.0 16.3 1.2253
3 40 23 41.6 22.2 1.7591
4 10 33 5.9 35.0 4.6197
5 20 29 18.4 30.1 1.9649
6 40 44 43.1 48.7 5.6773
7 15 41 12.1 48.3 7.8926
8 50 37 55.3 40.3 6.2253
9 45 14 46.0 13.1 1.3266
10 30 35 30.3 38.4 3.3970
Average (cm)
3.5529
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Fig. 12. The plot of the performance summary of the proposed mfPINN framework in predicting the AE source location while the last various layers
are updated using transfer learning.

training by providing the TDOA (Aty;) as an input within the largest possible value. The unconservative estimation of this value can be
done by dividing the distance of a furthest point in the plate from a sensor by the minimum value of velocity profile. One must note that
the proposed approach is able to take uncertainty into account. Towards this aim, the uncertainty present in the measurement is
assumed to be additive zero-mean Gaussian noise of standard deviation o,. In particular, different values of 6, = {1,2,3,4,5}us are

considered during the training process. The low-fidelity input data 7, = { (u Atk Oek) }Ili , is generated to train the network.
DL =, @ 0y (29)

The operator ® in Eq. (29) indicates the Kronecker product. The Adam optimizer is run for 50,000 epochs. A learning rate of 0.001
is used. The loss function used in training the PINN is

Ni.
L= IRl (30)
k=1

The variation of training loss of low-fidelity PINN with respect to the number of epochs is illustrated by the red line in Fig. 13. The
results obtained from low-fidelity PINN are presented in Fig. 11. Table 3 summarises the estimated impact location and the average
error in the estimation.

The results obtained using only data-driven ANN and low-fidelity PINN are discussed in Sections 6.1 and 6.2 respectively. Both
data-driven ANN and low-fidelity PINN are found to yield erroneous results with an average error of 10.3217 cm and 3.5529 cm
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Table 4

Source estimation results using mfPINN.
Point Actual Location Estimated Location & (cm)

X, (cm) ¥s (cm) iy, (cm) Hy, (cm)
1 15 14 14.7 14.1 0.3162
2 30 17 30.1 17.02 0.1020
3 40 23 40.5 22.8 0.5385
4 10 33 9.7 325 0.5831
5 20 29 20.6 29.4 0.7211
6 40 44 39.2 44.1 0.8062
7 15 41 15.1 41.2 0.2236
8 50 37 49.6 37.1 0.4123
9 45 14 45.4 14.4 0.5657
10 30 35 29.2 349 0.8062
Average (cm)
0.5075

Table 5

Comparison of the performances of data-driven ANN, low-fidelity PINN and mfPINN in the AE source location prediction.
Sl. No. Type of Neural Network Average Error (cm) Maximum Error (cm)
1 data-driven ANN 10.3217 19.9423
2 low-fidelity PINN 3.5529 7.8926
3 mfPINN 0.5075 0.8062

respectively and maximum error of 19.9423 cm and 7.8926 cm respectively. Because in the case of high-fidelity ANN, the access to
high-fidelity data &y is sparse, and the model overfitted the data. On the other hand, the number of data available in the case of PINN
is not the issue; instead, the governing physics is an approximate representation of a real scenario. To rescue the problem, we proposed
using a multi-fidelity framework that employs both the ANN and PINN. The utility of mfPINN is discussed in the following section 6.3.

6.3. Estimation of impact location using multi-fidelity PINN

In mfPINN, the network trained with the low-fidelity model, as discussed in Section 6.2 is updated with high-fidelity data by
transfer learning. The basic premise here is to store knowledge gained by low-fidelity PINN while training on low-fidelity data to
improve the efficiency of the final model after training on a few high-fidelity data. This is achieved by freezing the weights and biases
of specific layers in a deep neural network. To retain the knowledge gained from the low-fidelity PINN and avoid overfitting, the
network parameters corresponding to the last few layers are updated, and for other layers, the parameters are kept fixed. In the current
work, only the last two layers are updated by using transfer learning based on the investigation performed as illustrated in Fig. 12.
Here, the network’s performance is monitored by computing the average error in predicting the AE source locations as we increase the
number of last layers to be updated. From Fig. 12, one can observe that when only the last two layers are updated, the average error in
predicting AE source location has achieved the minimum value. It should be noted that allowing more than two layers or all the layers
to update will lead to possible loss of information gained and will overfit the model while training due to the small size of high-fidelity
data. The network architecture of mfPINN considered is the same as before; the only change here is that the Adam optimizer is run for
10,000 epochs with high-fidelity data. Transfer learning is used to update the last two layers of the network. For the Adam optimizer, a
learning rate of 0.001 is used. One must note that the training loss with high-fidelity data converged within 10,000 epochs only. On the
other hand, it can be observed from Fig. 13 that 50,000 epochs are required to converge the training loss for the low-fidelity PINN.

The results obtained from low-fidelity PINN are presented in Fig. 14. Table 4 summarises the estimated impact location and the
average error in the estimation. The results obtained using the proposed mfPINN are considerably more accurate as compared to data-
driven ANN and low-fidelity PINN with an average error of 0.5075 cm and maximum error of 0.8062 cm.

Table 5 summarises the comparison of the performances of data-driven ANN, low-fidelity PINN and mfPINN in the prediction of AE
source location.

7. Conclusion

In this study, a probabilistic framework based on mfPINN methods is proposed to estimate the location of AE sources in anisotropic
panels. In particular, a deep neural network is trained with a low-fidelity model, followed by updating the network with high-fidelity
data using transfer learning. These algorithms are applied for the situation where the wave velocity profile is known a priori.
Experimental tests were carried out on a carbon-fibre reinforced polymer (CFRP) composite panel instrumented with a sparse array of
piezoelectric transducers to collect high-fidelity data and evaluate the efficacy of the proposed framework. The AE sources were
simulated by dropping a Teflon ball in order to show that the proposed framework can detect the AE source generated by such a small
drop. The results show that the proposed approach can accurately estimate AE source locations with an average error of 0.5075 cm,
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whereas 10.3217 ¢cm and 3.5529 cm for data-driven ANN and low-fidelity PINN, respectively. However, an advantage of the frame-
work over the other heuristic algorithm is its ability to provide a confidence interval of the estimated AE source location instead of a
single point, despite the fact that the training cost of a deep neural network is generally higher. However, almost instant estimation can
be done once the network has been trained successfully. Another advantage of the proposed method is its ability to consider uncer-
tainty in sensor measurements. The accuracy and computational efficiency of the proposed framework demonstrate its potential
application in real-time SHM applications.
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