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ARTICLE INFO ABSTRACT
Keywords: Predictive maintenance, as one of the core components of Industry 4.0, takes a proactive
Ultrasonic lamb wave approach to maintain machines and systems in good order to keep downtime to a minimum and

Structural health monitoring
Deep learning

Convolutional neural network
Time-frequency-analysis

the airline maintenance industry is not an exception to this. To achieve this goal, practices in
Structural Health Monitoring (SHM) complement the existing Non-Destructive-Testing (NDT)
have been established in the last decades. Recently, the increasing computational capability such
as utilization of a graphical processing unit (GPU) in combination with advanced machine

Perception
Feature learning learning techniques such as deep learning has been one of the main drivers in the advancement of
Invariant representation predictive analytics in condition monitoring.

In our previous work, we proposed a novel approach using deep learning for guided wave
based structural health called DeepSHM. As a study case, we treated an ultrasonic signal from
guided Lamb wave SHM with a convolutional neural network (CNN). In that work, we only
considered a single central frequency excitation. This led to a single governing wavelength which
is normally good for the detection of a single damage size.

In classical signal processing, applying a broader excitation frequency poses an analysis and
interpretation nightmare because it contains more complex information and thus is difficult to
understand. This problem can be overcome with deep learning; however, it creates another
problem: while deep learning typically results in a more accurate result prediction, it is specif-
ically made for solving only certain types of tasks. While many papers have already introduced
deep learning for diagnostics, many of these works are only proposing novel predictive tech-
niques, however the mathematical formalization is lacking, and we are not informed about why
we should treat acoustic signal with deep learning. So, the basis of ‘explainable AI’ for SHM and
NDT is currently lacking.

For this reason, in this paper, we would like to extend our previous work into a more gener-
alized. Rather than focusing on a novel technique, we propose a plausible theoretical perspective
inspired from neuroscience for signal representation of deep learning framework to model ma-
chine perception in structural health monitoring (SHM), especially because SHM typically in-
volves multiple sensory input from different sensing locations. To do this, we created a set of
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artificial data from a finite element model (FEM) and represented DeepSHM in two different
ways: 1). Perpetual representation of observation and 2). Hierarchical structure of entities that is
decomposable in a smaller sub-entity. Consequently, we assume two plausible models for
DeepSHM: 1). Either it behaves as a single deciding actor since the observation is regarded as
perpetual, and 2). Or it acts as a multiple actor with independent outputs since multiple sensors
can form different output probabilities. These artificial data were split into several different input
representations, classified into several damage scenarios and then trained with commonly used
deep learning training parameters. We compare the performance metrics of each perception
model to describe the training behavior of both representations.

1. Introduction

Airlines typically generate their revenue by using their aircrafts to transport passengers and cargo. Besides fuel and ground services,
one of the most crucial aspects in airline operating costs in the maintenance. In 2017, it was reported that 70 billion USD was spent by
airlines for the maintenance, repair, and overhaul (MRO) [74] and this figure was expected to grow to 88 billion USD in 2018 and
would further increase to 115 billion USD in 2028 due to increasing number of aircraft deliveries [1,21]. However, due to the current
global situation such as trade wars and global pandemic, we believe the prediction for 2028 might be overly optimistic, although we
still think that the growth is still there and by 2028, the airline industry would have very much recovered.

One of the important objectives of the aircraft maintenance is to ensure that safety and reliability remain within their design limits
to maintaining structural integrity within the damage tolerance design philosophy, so that the aircraft is able to sustain predictable
damages until the next repair cycle [39,116]. While the damage tolerance design itself offers some sort of “passive protection” against
catastrophic failure, there is no way to fully ensure reliability without active intervention due to the uncertain nature of aircraft
operation and therefore an accurate structural diagnostics in aircraft maintenance must be performed regularly, commonly known as
scheduled aircraft maintenance [35].

1.1. Role of structural diagnostic in aircraft maintenance

In world of aircraft maintenance, the Maintenance Steering Group — Task 3 (MSG-3) logic [29] has been a root methodology for
modern aircraft maintenance and among the important tasks in the MSG-3 process is the Special Detail Inspection (SDI) [34] that has
the purpose to detect hardly visible aircraft structural damages by a human inspector and requires non-destructive testing (NDT).
Training an NDT inspector with various inspection methods until the proper certification is reached, however, is a relatively expensive
in matter of time and costs. To induce more efficient inspection process, two mainstreams of automated SDI have been proposed:
automated NDT [76] and Structural Health Monitoring (SHM) [45]. While automated NDT typically means robot-assisted non-
destructive inspection (NDI), in SHM the NDI instruments become integrated into the structure itself [12].

Both SHM and NDI have their own pros and cons, but in both approaches, it is required to have a more complex processing for the
data captured by the NDI instruments as the degree of complexity (not only the complexity of the aircraft structures on the geometrical
level, but also on the material level) of the system increases. For this reason, we profoundly believe that more sophisticated digital
signal processing (DSP) techniques are needed to be able to cope with these ever-increasing complexities.

1.2. State of the art

The main problem in classical signal processing is to extract signal features from one or multiple sensors and to process them to
understand the behavior of a particular physical phenomenon of interest. Nowadays, in the era of increasing data volume and parallel
computing, the major problem in signal processing has shifted into statistical signal modelling and the incorporating stochastic pa-
rameters into the statistical model. In the field of computer science, machine learning has gained in popularity in recent years. As
machine learning is typically used to model statistical process, it is one of suitable techniques to model ‘real-world’ signals, which
generally exhibit stochastic behavior. As an example, one popular machine learning technique that was introduced in 1990’s was
Support Vector Machine (SVM) [24]. One example of using SVM for NDT can be found in the work of Virupakshappa and Oruklu [111]
for ultrasonic flaw detection in steel block and in the work of Gong et al. [47] for defect classification by using thermal sensor.

More recently, people have been increasingly talking about ‘deep learning’ or a deep neural network (DNN) [97], which was
introduced for the first time in the 1950's as a perceptron and later emerged as a network and was called multilayer perceptron (MLP).
Since MLP is an imitation of a biological neural network, it is also sometimes referred as artificial neural network (ANN). Deep learning
as it is known today is a complex multilayered ANN, but technically a 2-layered MLP which was already known in 1970’s would also
qualify as deep learning. ANN grew in popularity until the 1990’s [56], where at that time the computational ability was low and
eventually the ANN popularity was overshadowed by SVM [68]. It was not until 2006 when [55] introduced the deep belief network
(DBN), a class of DNN, where the neural network regained in popularity.

Since then, many approaches within the neural network realm have been proposed. The pure discriminative method in neural
network includes the variants convolutional neural network (ConvNet or CNN) such as Inception Network [105], VGG-16 and VGG-19
[100], and CNN with skip connections, also known as Residual ConvNet or ResNet [52]. Beside ConvNet, there is also the recursive
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neural network that includes 1). linear chain of sequential operation such as recurrent neural network (RNN) and its derivative
Enhanced Long-Short Term Memory (LSTM) [18] and Gated Recurrent Unit [20], 2). Reservoir based operation such as Deep Echo
State Network (D-ESN) [40] and Deep Liquid State Machine (D-LSM) with neural plasticity [101].

For generative modelling, there are Deep Autoencoders (DAE) [6] and variational Autoencoders (VAE) [65], which is normally
used for learning efficient data encoding and decodes the learned feature representation by reconstructing its input. A typical
application for this kind of network is image and audio signal denoising. Besides these encoding techniques, there is semi-supervised
approach that combines the discriminative and the generative approach such as Deep Convolutional Generative Adversarial Network
(DCGAN) [92] and Energy-based Generative Adversarial Network [125].

In the area of model-free learning such as reinforcement learning, deep learning can be combined with a multi-agent system of
reinforcement learning [38,67,83]. Since such a model-free environment is even more data-exhaustive than supervised learning,
currently, the applications of these approaches are most limited to simulated reality such as computer game. The realization of an
industrial commercialization such as fully robotics automation by multi-agent deep reinforcement learning still has a long way to go.

Focusing on diagnostic application, particularly in NDT, several applications of deep learning — which is largely based on CNN for
crack visual detection have been proposed and these works generally focused on surface inspection of structures such as:
[123,15,16,33,86,88] and many more. Beside for crack detection at surfaces, there are several other works involving CNN in NDT, such
as for phase discriminating detection in shearography proposed by Sawaf and Groves [96], welding detection using X-Ray images by
Hou et al. [57], and damaged steel and CFRP using infrared (IR) images by Zeng et al. [121], Yousefi et al. [119]. We are also in line
with [117] who pointed out that advances in AI and machine learning will have a huge impact in several key areas of NDI.

In a similar way, deep learning has also brought some wave of excitement to diagnostic SHM, although there are less works
exploiting deep learning for diagnostic SHM in comparison to NDT. In recent years, several works that incorporates deep learning in
SHM have been proposed by Ebrahimkhanlou and Salamone [28], Ebrahimkhanlou et al. [27] who used deep autoencoder (deep AE)
for acoustic emission (AE) source localization [22] and [25] who used CNN for processing electromechanical impedance (EMI), and
[3], who used CNN for damage identification and localization of vibration sensor data in civil infrastructure. A review on the state of
the art of data science for health monitoring in civil infrastructure was given in [7,8]. Some of the techniques they cover include
anomaly detection for time-series data, various computer-vision technologies for crack identification, 3D-reconstruction, and fatigue
life prediction. They also discussed Al-based disaster management. Lei et al. [69] used CNN for detection of structural damages
imposed with seismic waves. They used wavelet-based transmissibility data of structural responses as an input into the deep CNN. Not
only for damage classification, ConvNet has also been used by to localize damage in pressure vessel [58] and in plate-like structures
[124].

Since CNN is a discriminative model that is specifically tailored to learn how to solve a certain task, i.e., once the model is trained,
its parameters are fixed for solving that particular task only. Consequently, when the particular task is slightly changed (e.g.,
recognizing a car in autonomous driving instead of recognizing face in Facebook), a new deep learning model must be created. For this
reason, transfer learning might be a temporary solution. Nevertheless, not only it would require a pretrained model based on a large
dataset, but also a new model that still needs to be retrained based on the pretrained parameters. In many other domains such as NDT,
such a large dataset is not publicly available thus making it more difficult to perform transfer learning. For Lamb wave based SHM
there was a trial done by [72] although we doubt the efficacy of transferring image parameters for audio or acoustic wave signal
processing. In line with other computer scientists [17], the reason for the non-transferability between image and audio is because such
a pre-trained model was trained specifically for recognizing images that has a physical origin of photon particles captured by a RGB
camera sensor which is a fundamentally different physical phenomenon from an acoustic wave. While in their work we believe at the
end the network finally learns the features from the time-frequency spectrogram, we also think that there would be no advantage of
using pre-trained image recognition models in comparison to the case where the network weights were just randomly initialized.

Another approach using online active learning has been proposed by Bull et al. [14]. They clearly recognized that the lack of
descriptive labels made conventional supervised learning is hardly feasible and they proposed a novel adaptive learning process that
updates the learning algorithm as soon as a new class of data is discovered. This approach bridges the gap of lack of labelled data
temporarily, however it will fail at some point due to the incapability of the models to capture all possible cluster distributions since
these tend to be infinite in nature. Conclusively, while we appreciate the numerous works that propose deep learning approach for
SHM and NDT, a theoretical foundation that formalizes the utilization of deep learning for NDT and SHM is currently lacking.
Therefore, some insight into understanding why deep learning might work for acoustic wave signal modelling for application in
structural diagnostic is needed.

Further, there has been an increasing trend of using active acoustic based SHM approaches such as Lamb waves for continuously
monitoring the ageing or repair of large aircraft with both metallic and composite structures. The concept of modelling and simulation
can be applied to different stages while developing Lamb wave systems for monitoring large structures. During the design stage, it
helps to choose optimal sensor positions and to examine the system response for various damage scenarios. During the operational
phase, the simulation may be employed as a part of the system providing a virtual baseline result [93]. Some interesting contributions
have been recently made by researchers especially in the development of theoretical Lamb wave models in SHM applications for both
isotropic and anisotropic structures are [48,103,45,19,118,93,11].

Another major application of modelling of Lamb waves in SHM is to find an optimized sensor configuration for the given tolerable
damages in a structure. In conventional ultrasonic NDT, the ultrasonic transducer head is free to move or scan over the entire structure
to detect the damages, whereas in guided wave based SHM, the area to be monitored has to actively inspected by using a few
transducers bonded on to the structures. For the latter case, the location of transducers plays a major role in the damage detection
performance and hence, an optimized sensor configuration is one of the primary importance and it can be achieved through
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simulation. An example approach to determine the optimized sensor location for damage detection using numerical simulation was
demonstrated by Boller et al. [11].

Numerical simulation of guided waves brings a thorough understanding of the governing mechanisms of the wave propagation
when it interacts with structural features. Although extraction of desired modes using signal processing methods does exist Gopa-
lakrishnan et al. [48], numerical analysis can typically aid the interpretation of those damages being observed through waves which
have been mode converted as a consequence of the presence of damage and in such cases in order to obtain an appropriate under-
standing of what a physical principle such as mechanical and hence guided waves does when travelling through a structure, numerical
simulations can be of invaluable help. Starting from such a simulation, the time domain signals to be monitored in practice can be
generated for different damage configurations and will subsequently be processed in a sequence of steps ending up in a machine
learning algorithm such that key damage features are derived that will then be used to realize an appropriate SHM system in practice.
We previously proposed in such an approach to identify the damage features using simulation driven guided wave data for various
damage configurations Asokkumar et al. [2] and it is needless important to mention that it would otherwise be impractical to perform
this study using experimental data.

1.3. Objective and outline

Based on the state-of-the art in Section 1.2, we can assume the following premises to determine the research objective: 1). more
complexity in geometry and material properties would require enhanced signal processing to capture signal features, 2). A pure
physical model is normally more powerful, but typically requires a lot of effort and sometimes it also idealizes some assumptions that
might not always correspond to the real-world situation, and 3). A pure statistical model can only find correlation, but not causation
(also known as the ‘black box property’), thus conclusions are difficult to understand. In the end, a compromise between a physical and
a statistical model must be made in order to further progress the advancement of automated damage detection, be it in SHM or NDT.

In our previous work Ewald et al. [30], we demonstrated how to bias CNN with appropriate aerospace domain knowledge for both
NDT and SHM applications. This was also in line with the approach proposed by Gardner et al. [41]. For the SHM application using
active Lamb waves, we previously proposed a hybrid model that we called DeepSHM framework [32]. Specifically, it is a statistical
signal modelling based on deep learning biased by a physical nature and we showed it easily worked for a complex signal classification.
Like any other deep learning algorithm, the advantage of DeepSHM is its agnosticism: it treats any input, and it gives any output given
the input, so no matter how complex the signal is, the classification accuracy is tendentially very high. The biggest disadvantage of
DeepSHM is also its agnosticism: for any given bad input, the outcome would be a poor output, which is known in computer science as
a Garbage in — Garbage out [64] process. While deep learning would work given any input sequence, we choose to align this research
with our previous work and thus we limit the use of DeepSHM solely for active Lamb wave based SHM. One specific problem that we
still encountered in [32] was that some of the algorithms could not make a distinction between the signals that come from a slightly
similar distribution. The reason for this was the physical limitation that one particular wavelength is in general only suitable for
detecting damage of a certain size. Our hypothesis to overcome this problem is:

1. Applying broadband frequency excitation since this will involve a broader wavelength distribution.
2. Varying the sensing locations to potentially obtain more information.

To do so, the business as usual of the machine learning is performed: the machine learning performance metrics in the confusion
matrix will be compared with given captured signals from different sensing locations. As stated before, one of the associated problems
with signal processing with multitude sensing locations is that it would result in different sensor responses which might give conflicting
predictions (e.g., no damage based on the response of one sensor and there is damage based on the response of the other sensor) and
this leads to following research questions:

1. How much do the varying sensing location and the different sensing representations of time—frequency Lamb wave signal influence
the deep learning training behavior?

2. Given a posteriori knowledge from question (1), what consequence can be drawn for the engineering application in SHM and why
should this approach work?

We would like to address these questions in a technical way to encompass the engineering knowledge. Nevertheless, to align with
the main purpose of scientific research, we believe that just the demonstration of the technical approaches alone is insufficient to
become a scientific contribution. To emphasize this, [91] stated: “It is now generally accepted that the purpose, or at least the central
purpose, of science is to explain, or perhaps to explain and predict’.

We are aware that many works involving deep learning — not only in SHM or NDT - propose advanced techniques that are superior
to previous techniques without any explanation of why they worked. Thus, rather than proposing novel superior technique, we took a
step back in this paper to rather explain why deep learning should work for treating Lamb wave signal and where would it stop working
as we are aiming to develop a methodology that makes reproducible result rather than just focusing on the result. In this paper we
highlight the most important theorems and lemmas that bring the assertion of the reason why Lamb wave signal can be treated by deep
learning. We believe that it is the SHM and NDT practitioners who aim to employ deep learning in their field work who will benefit
from domain transfer from computer science into mechatronics system and engineering.

The way we organize the article is as follows: first we conceptualize the generic but fundamental idea about diagnostics, then we
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formalize DeepSHM by dividing it into several tuples of physical domains, and last we propose our thoughts about modelling SHM
perception from a neuroscientific perspective in Sections 2.1 and 2.3. The formulation of CNN is briefly described in Section 2.4. To
ease the data generation process, we chose to create synthetic data from numerical simulation and the brief theory behind this
modelling is given in Section 2.5. The methodology regarding the sensor placement, numerical model, data pre-processing, and neural
network training are described in Sections 3.1-3.4. The sample results and discussion are given in Section 4. Finally, the conclusion of
our work is given in Section 5.

2. Concept and theoretical foundation

To explain the concept of the DeepSHM framework in more detail, we divide Section 2 into two parts: Section 2.1 describes the
generalized diagnostic and the general SHM workflow, while in Section 2.2 we formalize the DeepSHM framework. Our abstraction
regarding the modelling the perception of SHM from neuroscientific perspective is given in Section 2.3. The brief explanation of CNN is
given by Section 2.4. The theory of Lamb wave propagation and its simulation is only briefly discussed in Section 2.5 as these are
widely known.

2.1. Diagnostics

To be more generic and domain-agnostic with the explanation, let us consider two following real-world diagnostics examples given
in Table 1. These are glucose monitoring (CGM) [54] for diabetic patient and magnetic particle inspection (MPI) in an aircraft hangar.
We choose not to give any example within aircraft SHM as we are going to explain this in more detailed way later in this section. There
are 5 aspects in each diagnostic scheme that can be considered: actor, transition, medium, phenomenon, and environment.

Categorizing these 5 aspects in the diagnostic realm, we abstract our idea as depicted in Fig. 1. Whether it is targeted for medical
purposes such as CGM or electroencephalography (EEG), or for structural engineering purpose such as infrared-based NDT and guided-
wave based SHM, these aspects can be summarized in following quintuplet D: {z, y, T, A, ®}. The meaning of all these symbols have
been explained in Section 2.1 of [32].

Focusing our work on SHM, we follow the SHM workflow proposed by Ooijevaar [84] which is summarized in Fig. 2. Further, the
function of each SHM levels have also been described in our previous works.

2.2. Generalization of DeepSHM framework

The most direct formulation to describe the relations between the domains in the diagnostic realm D can be written as:
A=fX(zy,7,0)) M

where X is an observable variable that describes the latent variable A as a dependency on 7, y, T, ®, i.e., in reality X is the measured
signal and can be mathematically expressed as either vector or matrix form and more generically asXis a finite-dimensioned
observation tensor. However, as A is generally hidden, what we typically observe as the measurement X(x, y, T, ®), so the relation
can be rewritten as the inverse model:

Xfr,q/.r.ru :fil (l) = g(}') (2)

Since our universe tends to behave stochastically, every observation X perpetually changes for any given domain parameters. Thus,
it would be naturally logical to describe the behavior of X as probabilistic variables rather than as deterministic ones. For brevity, let us
assume the null hypothesis hy where the existence of A is caused only by changing parameters in y. Due to the first assumption of the
stochastic nature of observation X, the relation can be formulated via Bayes conditional probability P:

P(Xylho(4) ) - P(ho(4))

P(Xy)

where in Eq. (3), P(hy(A) |X“,) is the posterior probability of the existence of A given observations Xy, P(Xw|h9(x)) is the prior probability

P(ho(D]X, ) = ®

Table 1
Sample comparison between medical and structural diagnostic.
Tuple CGM [Heinemann and Stuhr [54] MPI [Babu et al. [4]
Actor Amperometric enzyme (bio)-sensors and insulin pump, needle, control UV-Light, Human eye, Fluorescent magnetic particle powder,
software Magnetizer
Transition T Whole blood in suspension Interface between the human eye and air, between air and
suspension, and between suspension and magnetic powder
Medium y Sera (blood plasma) Air and suspension
Phenomenon Enzymatic reaction called glucose oxidase (GOx) of the blood glucose level  Interaction between photon (UV-Light) and fluorescent magnetic
A that causes fluctuation of peroxide (H;0,) concentration. particle powder
Environment Human body and its surrounding (e.g., high temperature) that might cause  Aircraft hangar, external light that is not meant to be present
® anomality during GOx during the observation of the phenomenon
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Fig. 2. SHM Workflow in General [84].

where X, occurs given the hypothesis hg(1). P(Xy,) and P(hg(}.)) are the marginal probabilities of observing Xy, and hg(}) independently,
respectively. Furthermore, in Eq. (3), 0 is the black-box parameters (which in machine and deep learning, these are normally called
either synaptic parameters or simply neural network weights) that are to be optimized during the learning process. Given the fact that
in the majority of the case, the observable X, is multi-dimensional, it is logical to formulate the problem as a multivariate distribution
rather than a uni- or bivariate distribution. To understand the concept of probabilistic formulation in diagnostic in more detail, we
consider following:

Definition 1. Joint probability distribution as the product of marginal and conditional distribution [98].

Assume M is the product space of (K x L), a random variable p on (M, U) is the form (&,7) where ¢ is a random variable on (K, S)
and n on (L, T). Let {p;} be a i-th sequence of random variables on M and let let x;, i;, and v; denote the joint distribution of (&;, n;),
the marginal distribution of ¢; and the conditional distribution of n; given ; =k, respectively. Further, let us define the product (M,
U) of two measure spaces (K, S) and (L, T) and a sequence of random variables (§;, n;) taking values in M. Assuming the existence of
a conditional probability v; given & = k which is a probability measure on T Vk € K and a measurable function on K VB € T, where A
is a sub-space of S and B is a sub-space of T, it satisfies the equation:

ki(A x B) = /u,-(k,B)du,VA c€SandBeT
A

Furthermore, we consider the most suitable expression of the joint probability distribution. Naturally, there is an infinitely
possible combination within  (e.g., for the length of a crack, the size of delamination, or corrosion depth) and very small variation
within y normally only causes small variation within X,,. Therefore, instead of discrete probability mass distribution, the proba-
bility density function is the more suitable formulation for a joint distribution in diagnostics since it expresses the density of a
continuous random variable. Now, we have to consider how to associate the probability distribution with machine learning.
Generally, when considering any machine learning algorithms, the following questions naturally arise: which learning problems
can be solved efficiently and which are easier to solve than others? How many N training samples do we need, and which pa-
rameters 6 must be tuned during the learning process? In computer science, the proper intuition would be the learnability of the
function itself, commonly known as the probably approximately correct (PAC)-learning framework. Concretely speaking, the un-
derlying assumption for the assumption stated in Eq. (1) and (2) is that we know hg: f(X,,) — A belongs to concept class C thanks to
our physical understanding. Consider the PAC learning theory in Lemma 1.

Lemma 1. PAC-learning [109,110,49,79].

For any hypothesis hy € H¢, where Hc is the hypothesis space in the concept class C, the generalization error J is defined as J;,, =
P(hyg(4) # f(X,,) ). Such generalization error is impossible to calculate since the hypothesis space is infinitely large. Thus, we can come

up with approximated measurable error over N samples, commonly referred as empirical error J;, = % Ef,v:lp(ho (4) # f(Xy) ). Assume
the existence of a learning algorithm A such that for any € > 0 and & > 0, for any distribution x on input Xy, the following holds for the

training sample size {N =1 ln‘%} : P(Jy, < &) >1-6. Then, the concept class C is said to be PAC-learnable.

Consequently for Eq. (2), an algorithm A can be thought as a function that can inversely map X, into A(y). We denote the family of
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this function as generalizer L such that A € L. As above stated, our assumption is that the universe tends to behave stochastically, thus L
does not actually map the observation Xy, into A(y) directly, but rather mapping X,, into the joint probability density P(hg(A)|Xy,). The
definition of generalizer is as following:

Definition 2. Multidimensional Generalizer [114,115]

A k-dimensional generalizer is a countable infinite set of continuous functions from a subset of (R* x R x R") toR, from a subset of

(R* x Rx RE x R x R¥) toR, etc. Per notation, a k-dimensional generalizer is a set of continuous functions Ly;; along with domains of

(k+1)+k to R. An Lg; that is invariant under any rotation, parity, translation, or non-zero

definitions, wherei € N and Ly; being from R
scaling transformation, applied simultaneously to all the R, including the question, or to all the R, including the output, is a called
heuristic binary engine (HERBIE). Further, a generalizer is said to upwardly compatible if VL;,i > k + 1, if the values of the entries of
two datum spaces are identical, then the output of L;_;, working on the rest of the learning set and on one of the two identical datum
spaces.

Wolpert stated that an upwardly compatible HERBIE is a “proper generalizer”. We would like to connect the upwardly compatible
HERBIE with machine learning in [77], where he defined the algorithm of machine learning process as: “A computer program is said to
learn from experience E with respect to some class of tasks T and performance measure P if its performance at tasks in T, as measured by P,
improves with experience E”. Specifically, this means that a trained algorithm, which is just the generalizer L in disguise from Def. 2, that
has learned during machine learning process E and is said to be able to generalize on the class of tasks T from certain probability
distribution as defined by Sethuraman [98]. In the diagnostic realm, task T is the diagnostic itself, that is retrieving the information
from the observable variables X, regarding damage state, experience E is the iterative process for enhancing the algorithm to increase
the accuracy performance of the trained algorithm that best generalizes the distribution over Xy,. The probability for the i-th class of
information given the X, in k-dimensional Hilbert space is typically written as a logit or sigmoid function [77], USDOD [75] and can be
generalized in a softmax function which is defined by:

T
Plin(d)= i, ) = <o 2Bl 01)_ @
Zk:]exp([X,/,] L )

The posterior of P(hy(1)|X,,) is formally defined as [0,1], but is also sometimes informally written as between 0% and 100%. The
posterior is maximized by minimizing the information difference, which can be referred as either as lost, cost or error between the
predicted value hg()) and the true information contained Xy,. The central task of machine learning is to minimize the loss function by
iteratively adjusting 6. Depending on the formulation problem, different loss functions must be defined. For instance, in a regression
problem, the mean squared error is typically chosen, while when looking further into classification problem, a cross-entropy loss is
chosen since it maps a logistic output between 0 and 1 and thus is an appropriate measure to calculate a similarity between two
distributions. The cross-entropy H(p,q) between the true distribution p(X,,) and the estimated distribution q(X,) is [94] defined as:

H(p.q) = =) p(X, = 2) - log(q(X, = ho(4))) ()

Xy

Within the context of machine learning formulation for a classification problem, the minimization of cross-entropy loss Jy for N
training samples can be rewritten from Eq. (5) as:

argminJ, = min

7% <Z7IP(XII/ = 4) - log(q(X, = he(’”))) :| 6)

Depending on the machine learning algorithm complexity, 6 can be infinitely dimensional, meaning that from Eq. (6), it can be
easily assumed that learning in machine learning is a difficult optimization problem (also commonly called NP-hard) as it contains a
high-dimensional combinatorial problem that is ~ O(6!). While it is almost impossible to reach Jy = 0, learning means we are striving
for Jg — 0, so there must be an upper limit where the probability measures converge - this theorem has been proposed by Sethuraman
in Lemma 2, while the consequence can be summarized in Corollary 1.

Lemma 2. Converging probability measure [98]
Take the notations from Definition 1. Let C € U and Py, Ps, ..., be the sequence of probability measures defined on a measurable
space (M, V), then P; converges strongly to P(P; — P in symbols) if P; (C) —» P(C) VC € V.

Corollary 1. A proper probabilistic generalizer (upwardly compatible HERBIE) is said to have an upper converging generalization
bound if the probability measures over the defined measure spaces strongly converges according to Lemma 2.

One statistical metric that is useful to indicate the upper convergence limit of generalization bound is the statistical classification
accuracy A which is defined as:

S TP+ TN

A=
S (TP + TN + FP + FN)

7)

where in Eq. (7), TP, TN, FP, FN is the true positive, true negative, false positive, and false negative rate, respectively. The definition of
TP, TN, FP, FN can be found in [107]. It should be noted that often it is useful to influence the algorithm by domain knowledge, as we
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demonstrated before in our previous work [30]. Biasing the algorithm also includes determining the data distribution which is fed into
the learning algorithm to have interpretable outcome and to avoid a Garbage in — Garbage out process. Therefore, it is very important
to determine which task T the algorithm should perform at the beginning. For this reason, we expand the definition of an upwardly
compatible generalizer in Def. 2 on deep learning by considering Def. 3:

Definition 3. Generalization gap and Rademacher Complexity [62,78,5]

Let N-samples exist in the sampling space of a training dataset Sy = {(x1,¥1), -+, (Xn,¥n) }, where x € X,, and y € hy(4), and the
generalizer L(S) : X, — hy(4). The expected generalization risk is denoted as R((s)) and the computable empirical risk is denoted as
Rps) = & Zfi 1Jo(L(x;),yi), where Jy is the error or loss function associated with L. The generalization gap G is defined as

2N

Sl

G2 Rys) — Ry Further, if the codomain J € [0, 1], we have that ¥ > 0 with probability at of least 1 —§ : supG < 2 - Ry(L) +
where Ry(L) is the Rademacher complexity of L.

The Rademacher complexity R, together with the Vapnik — Chervonenkis (VC) dimension [46,23] are a measure of richness of a
class of real-valued functions - that is, the capability of generalizer L is related to how complex it is. This can be explained more simply
as: a linear function can be approximated with higher degree polynomial functions, but not the other way around. In deep learning, we
usually split the training and validation set during the training and search an appropriate model in the hypothesis space by tuning the
network parameters to minimize the error. In order to guarantee the upper bound of the generalizer, Kawaguchi et al. [62] proposed a
theorem via validation error as given in Lemma 3.

Lemma 3. Generalization bounds of deep learning via validation [62].

Let the sampling space Sy be split according to the true distribution P¢x y) in Sf" and S§' that denote the training and validation
datasets, respectively. Let Np; = Ry —Jp(L(x;),y;) for each pair (x;,y;) € Sy. For any &> 0, with probability at least 1-5, then the
following holds VL € L*:

2 () m(B0) |2 up(a)) - m(151)

3N\,a] * Nvul

Ri < Ry (g +

where L' is defined as a set of models L that is independent of a held-out validation dataset S, but can depend on the training dataset
SN-

Lemma 3 practically explains why deep learning can generalize well if the generalization bound is reached which is guaranteed by
the converging validation error despite possible sharp local minima or non-robustness. Thanks to corollary 1, we can now summarize
the conclusion in corollary 2.

Corollary 2. An upwardly compatible deep learning model reached its upper generalization bound when the validation loss
converges.

In their proposition, they mentioned that in the worst case where sup|NL,i| =1 and supE (N%J =1, given a large hyperparameter

cardinality (e.g., 10%) and 1000 training epochs in a larger dataset Ny, = 10000, the second and third terms of the equations sums up
only to 6.94%. In the non-worst case, this figure decreases to 0.49%. Extrapolating this for the case where the dataset amount is smaller
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Fig. 3. Diagnostic SHM by using an active guided Lamb wave as physical phenomenon.
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(e.g., Nyg = 100) with a less complex deep neural network architecture with a smaller cardinality (e.g., 10?) and 100 training epochs,
we have a probability of 0.9 that R, < RL(SW.) + 55.66%. This means that eventually a smaller deep neural network would not
N

generalize well over the hypothesis space as the generalization gap is large. Depending on the problem however, one could argue that
for some problem settings, an inferior generalization capability is still better than anecdotal generalization. Further, the implication of
an upwardly generalizable of a diagnostic algorithm, be it either for NDT or SHM - or even for a medical application (such as cancer
detection), is to increase true positive (TP) and decrease false negative (FN, equivalent to statistical error of type II) detection rate, thus
maximizing the probability of detection (POD), or sometimes called the sensitivity or recall rate, which is defined as:

S TP

TS

%)

The current standard practice for diagnostic NDT according to MIL-HDBK [75] is a POD = 0.9 (or 90%) within 95% statistical
confidence o, although this might not be suitable for diagnostic SHM [51]. To be more concrete with the concept of DeepSHM, we
redraw the generic SHM formulation proposed by Ooijevaar in Fig. 2 for an active Lamb wave SHM system as shown in Fig. 3. The
processing framework of the observable X, containing damage information captured by the actor  using a trained deep learning to
predict the hypothesis hg(A) can be seen in Fig. 4.

In line with any machine learning optimization process, the central task within the DeepSHM framework is to find generalizable
parameters 6 to fit the correlation between Xy, and hg()), where in guided Lamb wave SHM, hg(}) is defined as the hypothesis of the
damage information contained in medium domain y that is influenced by interaction between phenomenon Lamb wave () and the
damage itself.

2.3. Model abstraction of DeepSHM behavior

We believe that DeepSHM according to Fig. 4 should be specified in the physical domain, and thus in this section we discuss the
modelling behavior of the deep learning framework for Lamb wave SHM. Further, rather than just focusing on technical aspects on how
to optimize the network parameters or improve the performance metrics, we consider it be more valuable to take into account an
inspirational insight from other domain such as biology (especially auditory and neuroscience) and control theory. We believe that in
the future Al will behave close to that of human intelligence. As SHM itself is inspired by biology, we believe that DeepSHM should not
just be capable of actuating and sensing, but it should have its own perception. While the term machine perception is loosely defined,
let consider the following definition from the example of autonomous driving [89]:

“Environment perception is a fundamental function to enable autonomous vehicles, which provides the vehicle with crucial information
on the driving environment, including the free drivable areas and surrounding obstacles’ locations, velocities, and even predictions of
their future states. Based on the sensors implemented, the environment perception task can be tackled by using LIDARs, cameras, or a
fusion between these two kinds of devices.”

Analogously, we can adapt the above-mentioned definition for SHM: Perception in diagnostic SHM is a fundamental function to
enable the full functionality of an autonomous damage detection system, which provides the SHM system with crucial information
on the changes in the sensory input (such as change in amplitude, frequency, or phase-shift). Before going deeper into the techni-
calities, consider a real-world setting that is inspired by the biological auditory cortex, that is a human-centered perception of hearing a
song in a closed room as depicted in Fig. 5.

Assume the room can have any arbitrary length, width, or height. Let person 1 sing a song G in the room, while persons 2, 3, and 4
are listening. Their standing position in the room is arbitrary. The condition here would be, that while person 2 is listening, person 3
and 4 cannot listen to anything, and while person 3 is listening, person 2 and 4 cannot listen anything either, or vice versa. Given that
persons 2, 3, and 4 do not have any hearing impairment, we might assume that they would probably tell us that person 1 is singing the
song G. However, when we replace person 2, 3, and 4 with just a headphone 2, 3, and 4, and record the electronic signal from the song,
the signal set would entirely be different from each other.

Now, for Lamb wave SHM that practically uses the physical phenomenon of dispersive wave on the surface, we can think to have a
machine perception built on deep learning framework that is biologically inspired particularly from human auditory perception.

Deep SHM

Signal from
Sensor 0*

Convolution Fully connected

Predicted
Informationabout
Damage:
Existence, Location,
Size, Type

L1

Fig. 4. DeepSHM Framework.
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Fig. 5. Simplified setting on a person 1 singing in an enclosed space where the others are listening.

Consider the hearing process [104], hearing consists of two parts: 1). The conversion of mechanical (audio) waves that travels through
concha, malleus and cochlea into electrical stimulation by stereocilia and 2). Information processing that is carried by neurotrans-
mitter through auditory nerves [90] into the auditory cortex located in the temporal lobe of human brain.

Part 1 is the biological analogy of the conversion of an analog Lamb wave signal into an electrical signal by piezoelectric transducer
(PZT) thanks to the piezoelectric effect. Part 2 is analogous to SHM signal processing to extract information from the recorded electrical
signal to have a meaningful interpretation. The only difference here is, while normal person would have two ears (equivalent to 2
biological sensors), in Lamb wave SHM we only have a single sensor per position (and thus analogous to a half-deaf person). While
there are many possibilities to perform the first part, as this paper is focused on DeepSHM - logically we limit the scope of our work to
part 2 only.

To understand about this idea, we must first consider the Hebbian postulate [53]: “Let us assume that the persistence or repetition of a
reverberatory activity tends to induce lasting cellular changes that add to its stability.... When an axon of cell A is near enough to excite a cell B
and repeatedly or persistently takes part in firing it, some growth process or metabolic change takes place in one or both cells such that A’s
efficiency, as one of the cells firing B, is increased.” In short, the Hebbian learning rule [112] states that the connectivity between two
neurons is determined by how strongly they are linked to each other, i.e., the connectivity between two neurons increases if the they
are simultaneously activated and decreases otherwise. Practically, if the auditory cortex is fed with the same song multiple times, at
some point the brain would automatically recognize it the next time it is played thanks to the neuronal memory allocation induced by
the neuroplasticity [66,108].

More interestingly, sometimes our brain still recognizes the same music even if it has been remixed - so the assumption here is that
there must be shared invariant features between the original and remixed song. For cross-domain knowledge transfer between
neuroscience into Lamb wave SHM application, consider that for any given set of programming rules (or learning algorithm) without
human supervision, the signal sets can hardly be told to originate from song G, as the recorded signals would be likely to have entirely
different amplitudes, phase shift, and frequency from each other. We believe that human perception, on recognizing song G from
different timeframe and locations in the room has a quantization vector that creates an invariant representation given any same object,
which in this case is the song G. To help understand what invariant representation means, consider Lemmata 4-6:

Lemma 4. The affine transformation of multivariable function composition O (trivial proof)

Let a set FX, where k € N be defined as Fké{f If : R* > R*} and (X3,...,Xi) affine spaces. A composition O is defined as: O : F* x
F*  FX, Let (X, Y, Z) be the hyperspaces of the affine spaces (X1,...,Xx), (Y1,...,Y%), and (Z1,...,Z) that contain point sets (xgk) , ~--,x§k) ),
(ygk), ~--,y§k> and (zgk)7 --~,zl§k)) where i € N. Let (U,V) be a set of linear maps, and (U : X - Y), (V: Y — Z) be affine transformations. A
map U : X — Y is said to be an affine map if 3V : Y — Z such that V(y —2) = f(y) —f(2)Vy, z in (Y,Z). Then, the composition O : V°(U :
X — Y) is an affine transformation with tangent map V°U.

Lemma 5. The cumulative distribution function (CDF) as the estimate of invariant for affine transformation [71].

Assume an observation x € X,, ,where X, is a set of all possible observations. Further, we consider transformation g; € G, where G is
a set of 2D affine groups that consists of all possible transformations T, such as translation, resizing, etc. Assume a set of smallest atomic
representations of observation x as t; where i € N. For the set {gtri|t =1, T}, the distribution of (x,g;) is invariant and unique to
each observation. The empirical distribution x of the inner products (x,g7;) can be used as the signature: «i(x) =
%Ztrzla«x, &) +nA),where o is the sigmoid function and A is the resolution parameter for each observation. Since each observa-
tion x has its own characteristic empirical «, it also shows that these signatures could be used to discriminate between them.

Lemma 6. Invariant latent [37].
Let us consider class label y, that can be associated with the phenomenon A in Eq. (1). The full set of class y-labeled data {x,|hg(xx)

=Y,m } will be denoted as DV,M .The invariant latent Ty of label y,« is thus defined as: Ty = EXN ( where N is the number of sampled

observations.

The importance of these above-mentioned Lemmata is as follows: 1). Any (non)-dispersive acoustic wave signal (including body
and surface waves such as P-, SV-wave, Lamb-, Love-, Rayleigh, SH-wave, and/or any possible but finite combinations within the wave
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subset) can be regarded as a decomposable multivariable function of multiple polynomial functions and there exists an affine function
that transforms the space of signal features to affine spaces of those signal features. 2). The transformation of each atomic repre-
sentation of wave is invariant — these has been used e.g., in wavelet transformation, and 3). In a more high-level waveform composition
such as longer time-series, the invariant latent can be explicitly calculated in order to provide the information needed to learn which
wave packet within the time-series from all possible damage classes have in common - e.g., the first and second wave packet for similar
damage sizes are all similar, i.e., having a cosine similarity close to 1. Logically, the reverse is also valid, and this is stated in Lemma 5:
the invariant signatures can be used in order to discriminate [71] between waveform composition.

In March 2019, the innovator club at Merck proposed these research questions in the brain hack challenge that they called The
Future of AI [73]. In one of the challenges, they were looking for a formalization of the cortical algorithm, a mechanism which might
be able to imitate the pattern recognition process that is believed to be taking place in the grid neuron, which is located in mammal
neocortex. To rephrase this is plain English: during this recognition process [61,50] (e.g., recognizing a face or a particular sound-
track), the human brain is known to have the ability to capture an invariant representation of the object. In those challenges, they
defined the jargon and terms very loosely, but we understand what they are trying to communicate, and we believe they could be
making a fundamental breakthrough in neuroscience. Should this be the case, it would have a tremendous impact on machine and deep
learning community, and thus any subsequent domain that would benefit from the progress from machine learning, such as predictive
maintenance by NDT and SHM. In one of their core problems statements, two assumptions are made:

1. “Hierarchical structure: Entities are hierarchically structured, which means that an entity E is either fundamental (i.e., it cannot be broken
down any further) or it is composed of other entities Ej, Eo, ..., E; such that every perception p of E is associated with a set of perceptions p1,

b2 ..., Pi~”
2. “Entity conservation over time: Subsequent perceptions in time are (usually) generated by the same set of entities.”

As the result of the challenge has not yet been published at the time of the writing of this article, we currently can only assume that
there are no other plausible assumptions other than those two mentioned. The reason we are considering this fringe idea from
neuroscience is because it gives us a hint how we should treat the SHM signals. Concretely, given any arbitrary structure with k-sensors,
we can adapt those two assumptions as follows:

1. Hierarchical Representation of signals. The signals can be captured anywhere in the structure, but they are represented separately.
As such, treating such images would require multiple learners in parallel as no sensor data fusion is required because each node acts
as an independent actor. Thus, multiple output comes from k-sensory inputs forming k-possible perceptions. From there, we can
summarize the total perceptions, by averaging the sum of k-perceptions. In this case, the invariant representation is the atomic
decomposition of each observation.

2. Conserved Entity over Time. In this case, DeepSHM is represented as a single entity — just like the song G in our previous example,
assuming a bijective projection as given by Lemma 7, any arbitrary signal that comes from certain (un)-damaged structure can only
be associated with that structure, no matter where the sensors are placed. As such, k-sensory inputs can be represented in a stack
that consists of k-dimensional array. Consequently, treating such images would only require a single model and thus DeepSHM
would only act as a single actor and in this case, each layer of the k-dimensional image becomes the invariant representant of the
whole observations.

Lemma 7. The bijective relation maps an input space X into output sets Y (trivial proof)

Consider f : X — Y, where X, Y € R, then fis surjective if for f(x;, -+, xx) = [¥1, -, ¥ there exists at least one solution x € X for
eachy € Y,ie,Vy€Y:3x € X: [y1,,yx] =f(x1,,Xc). Further, fis said to be injective, if for f(x1, -, X¢) = [y1, -, k] there exists
at most one solution x € X foreachy € Y, i.e., Va1 x € X : f(x(V) = f(x®) = x1) = x(?), Finally, fis said to be bijective if f is both
surjective and injective.

For the conserved entity over time, ideally not only the full-length signal but also the different observation perspective must be
taken into account. An analogy for this assumption would be looking at particular car which is moving on the street: there is only one
car that we are looking at once, but it can be looked from different angles, e.g., from the front, left, back, etc. —see Fig. 7. But at the end,
this car represents exactly only a single entity.

The corollary of lemma 7 for DeepSHM can be then rephrased as:

g'—@.ﬁ

- £ //L e \

<

Fig. 7. Representation of entity conservation over time, example showing a car from different perspectives [Opel (online)].
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Corollary 3. Changing any parameter in the diagnostic quintuplet D given by Table 1 would cause the phenomenon A to change. In
other word, each A is only unique to each parameter combination.

For example, the change of the material, dimension, boundary conditions, sensor geometry, etc. and/or combination of these
parameters, would cause A to behave differently, so that the observation set X would also change. Under the assumption of corollary 3,
we postulate that every observation X to the damage class Y belongs to a certain joint probability distribution that is distinct to each
other but shares certain invariant features that can be estimated according to Lemma 7 and 3 and this can be summarized further in
corollary 4.

Corollary 4. If a certain probability of damage class P(Y}) from every possible observation X}, shares the same invariant estimate
with probability of damage class P(Yq) of every possible observation Xg, then they belong to the same joint probability distribution.

The implication of corollary 4 is: if we put two sampled observations from distribution p and q into two distinct classes, the value of
the joint probability of each class would be the same because they share the same invariant features. Clearly, we would like to know
how these two perception models behave. We are interested on their capability to relate the perception with the actual phenomenon A
described in Section 2.1. The metric used can be for instance the classification accuracy, as given by Eq. (7).

2.4. Convolutional neural network (CNN)

To process the observed signal Xy, there are several deep learning architectures available, depending on how we would like to treat
X,,. For brevity, we focus on the CNN as this has been used in our previous work. In general, there are two kinds of layers that are
normally used in the core architecture of CNN: the convolutional layer and the pooling layer, as depicted in Fig. 8 [113].

The core CNN is normally attached to the fully connected (FC)-layer, which is also called the dense layer. Should this dense layer
consist of multiple layers, then these are simply called multilayer perceptrons (MLP). The convolutional layer is made of a filter (or
kernel) which performs the Hadamard transformation to the tensor that it receives from the previous layer. This process can be thought
as layer-wise feature extraction to generate feature maps by sliding over the input data every s-pixels (called stride) as depicted in
Fig. 9.

2.5. Model-assisted SHM by active Lamb wave propagation

Although the efforts that need to be taken to obtain Lamb wave data from a single experiment is less time consuming, the process of
fabricating a test component with various damage configurations is expensive and time consuming, and in most cases a large para-
metric study would be impossible to perform through experimental methods. So, it is needless to mention that a Lamb wave analytical
model is an essential requirement for such studies. However, building a such analytical model is complicated as most of the engineering
applications are driven by complex systems and are governed by multivariate Partial Differential Equations (PDEs). Subsequently, full-
analytical solutions for these systems are not possible in most situations and numerical solutions are often sought in those cases.

There are different mathematical ways one can obtain numerical solutions of Lamb waves such as Finite element method (FEM),
Finite difference method (FDM), Elastic Finite integration technique (EFIT) and spectral FEM (SFEM) [85]. In the current study, a 3D-
FEM model has been developed by means of COMSOL-Multiphysics to generate and receive GW in the given plates [43,44]. This is
achieved by coupling the piezoelectric devices and the structural mechanics modules in the COMSOL software. The material behavior
due to applied force is studied within the structural mechanics module and the piezoelectric effect is studied within the electrostatics
domain. This is shown in Fig. 10 where a piezoelectric material is being applied as a common interface coupling the two physical
models.

In an early study, a 2D-FEM model was analyzed by Nieuwenhuis et al. [82] regarding the generation and detection of guided waves
using PZT. Zennaro et al. [122] has developed a numerical simulation to study and model the transducers for Lamb wave generation.
The governing equations for the piezoelectric effect, i.e., the generated electric field for the applied stress, and the inverse piezoelectric
effect, i.e., the total strain generated for the given electric field, can be written with Voigt notation index i, j, k, [ as follows Giurgiutiu
[45]:

Convolution Pooling
with trainable ‘
Filter Layer #1 Layer #2 FC-ANN

Input image Feature map C1  Feature map S1  Feature map C2 Feature map S2

Automated feature generation Classification
Fig. 8. Typical example architecture of a convolutional neural network (ConvNet) [Weimer et al. [113].
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Fig. 9. Convolution operation in CNN using stride s = 2 and zero-padding [Ewald et al. [30]].
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Fig. 10. Finite Element multi-physics model using COMSOL-Multiphysics.

S = St0u + digEx + 550, T (6)
D; = dyoy + ELE + DT @

where SiEjkl is the mechanical compliance tensor measured at zero electric field E =0, S; is the mechanical strain tensor, oy is the
mechanical stress tensor, and d;; represents piezoelectric coupling effects. Ey is the electric field, D; represents electrical displacement
and & denotes dielectric permittivity at zero mechanical stress (c =0). T is a temperature term and o; is the coefficient of thermal
expansion. D; represents the electric displacement temperature coefficient and 8; is the Kronecker delta. Eqgs. (6) and (7) are called the
piezoelectric constitutive equations and they are used to predict how much strain and electrical displacement will be created at given
stress, electric field, and temperature. Eq. (7) can be represented in the following form to predict the electric field for a given applied
stress:

E; = giow + P.Dx +ET ®)

where E; is the electric field and gy is the piezoelectric voltage coefficient that denotes how much electric field is induced by the
applied stress. The coefficient E; is the pyroelectric voltage coefficient that represents how much electrical field is induced per unit
temperature change and f represents the electric permittivity matrix. Eq. (8) is called the sensing effect equation. Piezoelectric
materials can be used as sensors to measure deformations within the structure through their direct piezoelectric effect and as actuators
to send acoustic waves into the structure through their converse piezoelectric effect.

When a voltage is applied to this piezoelectric material whilst attached onto the structural surface an in-plane motion is generated
causing Lamb waves to propagate. Several different materials with piezoelectric properties are available. Although piezoelectric
properties occur naturally in some crystalline materials (e.g., quartz crystals and Rochelle salt), the piezoelectric effect can be induced
by electrical poling of certain polycrystalline materials such as piezoceramics. Due to their high piezoelectric coefficients, Lead
Zirconate Titanate is one example of a piezoceramics material that is being widely used for SHM. In this case the respective transducer
geometry is given a time dependent boundary load. The application of such models can be referred to in [45].

3. Methodology

As a study case for the preliminary concept DeepSHM, the active Lamb wave SHM system that has been previously employed in our
previous works was used. Section 3 of our paper is organized as follows: the sensor placement of the DeepSHM framework for Lamb
wave is described in Section 3.1, while method to generate and multiply the data in a Finite Element (FE) environment is described in
Section 3.2. The explanation on the data pre-processing method to convert from time-domain into time—frequency domain and the
CNN training method are described in Sections 3.3 and 3.4, respectively.

3.1. Lamb wave propagation setup and sensor placement method for SHM

In this study, an aluminum 2024 (A1-2024) plate is used which is a commonly used material in aerospace fuselage structures. Since
the energy of the Lamb waves are mostly confined within the plate, they can be efficiently used to monitor a relatively large area and
depending of the wavelength, it can be between less than a meter up to several hundreds of meter. The Lamb waves are dispersive in
nature and analytically the dispersion phenomenon can be expressed in terms of wavenumber vs frequency relation [93] from which
relationship such as phase velocity vs frequency and group velocity vs frequency such as shown in Fig. 11 (left and right, respectively)
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can be derived.

To save the computational resource, the size of aluminum plate is limited to 600 x 400 x 2 mm. Additionally, a crack with the full-
length 2a is assumed to grow from the rivet hole which is located at 400|200 mm as depicted in Fig. 12.

The half-crack length including the notch is denoted as a, which measured from the center of the rivet hole. Due space constraints,
we only demonstrate 3 crack growth scenarios. They vary from 0 mm (pristine plate) up to 200 mm length which is assumed to be the
critical crack length ast. The total crack length 2a in percentage as a proportion of 200 mm is presented for multiple classification
scenarios in Table 2.

To determine the hotspot sensing location, we used the previously developed blob detection algorithm [31]. The algorithm to
obtain the fused image of the wave propagation as depicted can be downloaded in our [Github repository]. Two sensing locations of
the centroid with maximal blob area were used: at 1). 360|200 mm and 2). 510|200 mm. To compare the metrics, we can assign
another randomly additional sensing location (numbered as location 3 — 8, see Fig. 12).

3.2. Simulated PZT sensor response using FEM

In each simulation scenario, there are two sub-simulations running: 1). The Lamb wave propagation in the mechanical regime, and
2). The piezoelectrical conversion from the mechanical regime into the electrical regime. Each additional piezoelectrical response
simulation means additional simulation time. The total simulation time is the time needed for sub-simulation 1 plus the time needed
for sub-simulation 2. The sub-simulation 1 runs only once because there was only one plate, however, the sub-simulation 2 will take a
longer time as the number of sensor position increases. Depending on the number of assigned PZT locations, the total simulation time
varies between 6 and 12 h. Since there are 6 crack length classes (including the baseline) in scenario 1, 6 simulations must be per-
formed, which will take at least 36 h to complete. Accordingly, the complete scenario would take 54 h to complete.

To reduce the simulation time and to ensure that there was enough space in our hard drive, in the simulation of scenario 1 we only
simulated for sensors located at positions 1 — 4 as the classification scenarios in the crack lengths are more distant from each other (i.e.,
the simulation request in sensor location 5 — 8 was disabled). In scenario 2, however, as the classifications become more difficult
because sensor signals from 10% crack length would be more likely to be similar to a 20% crack length, we simulated the response from
all 8 sensor positions, making each simulation twice longer due to the FE calculation of additional electromechanical conversion in
sensor position 5 - 8. The combined sensor data from scenarios 1 and 2 are made into scenario 3, although due to the lack of the data of
the other 4 sensors (i.e., sensor locations no. 5 — 8), we could only merge the 4 sensors data with the same location from scenario 1 and
2 (i.e., sensor locations no. 1 — 4). To generate the Lamb waves using the piezoelectric effect in the numerical model, COMSOL
Multiphysics was used. The guiding medium is an Al-2024 plate with dimensions 600 x 400 x 2mm and PZT transducer disks of
diameter and thickness 9.52 and 1 mm, respectively, were considered. The material properties are Young’s modulus E =73.1 GPa,
Poisson’s ratio p = 0.33 and density p = 2780 kg/m> Bauccio [9].

In COMSOL, the predefined PZT properties (orthotropic, Type 5A) were defined as follows (values in GPa): C1; = Coy =120.35;
C33=110.88; C44 = Cs55 =21.05; Cgg = 22.58; C15=Ci13=Ca3=Co1 = C31 =C32=75.1; the coupling matrix values are as follows
(values in C.m™2): e15=eg4=12.3; e31 =33 =-5.35; e33=15.78; and the relative permittivity matrix elements are as follows:
£11 = £29 = 919.1 and £33 = 826.6 with density p = 7750 kg/m®. The excitation pulse is a chirped Gaussian pulse with central frequency
of 310 kHz and bandwidth of 100 to 500 kHz. To fulfil the Courant-Friedrichs-Lewy condition [26], a sampling frequency of 10 MS/s
20 times above the Nyquist frequency, was used to measure the signal to ensure there are enough sampling points. Such a kind of a
numerical model has been already validated by the time of arrival method and a previous experiment [106].

The simulation was modeled without considering external environmental influences, and human factors, which results in identical

Dispersion diagram of 2 mm AluminumAlloy2024 Dispersion diagram of 2mm AluminumAlloy2024
:
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Fig. 11. Dispersion diagram for Aluminum 2024 with a thickness of 2 mm. Red: Symmetric modes Blue: Anti-symmetric modes. The dispersion
curve is generated using German Aerospace Center (DLR) dispersion calculator [[60]].
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Fig. 12. Sensor positions are numbered from 1 to 8. The coordinates of each sensor position are written in the bracket. A is the actuator; and H are
the rivet holes. All dimensions are expressed in mm. The sensor locations are numbered from 1 to 8.

Table 2

Classification scenarios with different percentage of crack length with reference to acs; = 200 mm.
Scenario 1 6 classes: Baseline — 20% — 40% — 60% — 80% — 100% of a.,i;
Scenario 2 9 classes: 10% — 20% — 30% of a.,j with varying angle (0°, 15°, and 45°)
Scenario 3 15 classes: Combination of scenario 1 and 2

output signal every time the simulation is repeated. Hence, as a data augmentation technique, a random white Gaussian noise was
added to the sensor signals to make them look like a signal obtained from a sensor data in an experiment. An example of this method is
demonstrated with a sensor signal obtained from the simulation in the Fig. 13 and from that we considered signal an SNR of 15 to be
bad and an SNR of 25 to resembles a typical non-averaged signal measured from an experiment.

3.3. Data pre-processing

The data from the sensors can be transformed from a 1D representation (time domain signal) into a 2D Time-Frequency repre-
sentation (TFR) and since Lamb waves are dispersive waves, signals from each crack condition that will result in distinct images which
is then fed into a ConvNet. There are quite a few methods that can be used to perform TFR for Lamb waves. The reassignment method is
a technique used in TFRs to sharpen and to localize the frequencies nearer to their true regions along time of the signal [81]. Therefore,

SNR =15

SNR =25 No noise "' Excitation signal

Normalized amplitude - [V]

| 1
-10 10 30 50 70 90 110 130 150
Time - [us]

Fig. 13. Example of simulated signal without noise, with SNR =15 (green) and SNR = 25 (blue).
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we used the reassignment method implemented on Short Time Fourier Transform (STFT) [36]. An example of such transformation is
shown in Fig. 14.

3.4. Entity representation

In Section 2.3 we talked about entity representation and there are two assumptions that can be made: 1). The entity is hierar-
chically represented over smaller sub-entities, and 2). The entity is conserved over time. In this sub-section, we describe how to
represent the entity in both ways.

3.4.1. Hierarchical representation in multiple sensor

The analogy of hierarchical representation of human face recognition is that a face consists of eyes, mouth, noses, ears, chin, etc.
The eye consists of eyebrow, pupil, iris, sclera etc. In-line with this analogy where a larger entity can be broken down into smaller sub-
entities, we can randomly sample the signal over certain time window W and then pre-process the randomly sampled sequence by the
method described in Section 3.3.

Examples of randomly sampled TFR from a sensor that is located at 51|28 cm in undamaged aluminum plate are depicted in
Fig. 15a — e, where in these figures, W is varied between 20 and 320 ps and thus corresponds to a varying image size between 200 and
3200 pixels in length and between 7 and 253 pixels in width. The width represents the STFT coefficient of the frequency component.
Applying a smaller window length would mean imply the probability that certain features occur in other classes increases, leading to
higher invariant estimate. As for data augmentation, the invariant transformation would be shifting the features to the left or right to
represent small sensor displacements.

3.4.2. Conserved entity over time

Translating the analogy of the different car perspective in Fig. 7 for DeepSHM, this would mean that an ideal representation of the
signals would be a stack(s) of pre-processed data from all possible observation points, that is all signals are ideally captured by a grid
neuron. However, this is very difficult to realize with SHM, particularly because in SHM are would typically only have small number of
sampling observations (e.g., 10 sensors for a monitoring area of 1 m?).

For ultrasonic based SHM, it might be possible in the future to combine an actuator PZT and a moving phased array (PA)-probe as a
sensor that acts as a grid neuron, where the smallest discretization unit is the size of PZT actuator. Nevertheless, we can only partially
reconstruct the responses by simplifying the conserved representation, e.g., for 3 sensors, the pre-processed data from Section 3.3 can
be visualized by stacking them together in RGB array, depicted in Fig. 16. For >4 sensors, the data cannot be visualized without
reducing information anymore — but it can be stacked in k-dimensional array.

Applying a larger window length means that the probability that certain features occurs in other classes decreases, thus equivalent
to a lower invariant estimate. As for data augmentation, the invariant transformation would be shifting the features to the left or right
to represent a small sensor displacement but also swapping the channel (e.g., red, green, and blue channel first represents sensors 1,2,3
respectively and then swapped to sensors 2,3,1 respectively). The reason for this channel equivalence is because the feature repre-
sentations of each channel will be summed together before being passed through to the next layer. To simply rephrase this: what would
be the perception difference in hearing a music when the left and right speaker of a stereo headset are turned around?

3.5. Training deep neural network

3.5.1. Hardware

As for hardware, a standard specification PC was used: Dell Precision T5810 running with Intel Xeon(R) E5-1620 3.5 GHz and
32 GB DDR-RAM running on Windows 7 with an additional NVidia GPU GeForce GTX1080Ti to increase the computational perfor-
mance. At the time of purchase (June 2018), the graphic card had the highest performance on the end-user market. Alternatively, there
are more powerful GPUs for large-scale exploitation such as the NVidia DGX-2 or the hourly-priced machine learning services such
Microsoft Azure or Amazon AWS. Another alternative for training a deep neural network would be a Field Programmable Gate Array
(FPGA) as it promises even faster processing — however, at the time our work was conducted in mid-2019 there was no mass-available
commercial FPGA framework.

3.5.2. Software and libraries

Software-wise, we used the [TensorFlow (online)] library which is developed by Google Brain and Keras API [Keras (online)]
because currently these are the richest library available on market. Both libraries are available in Python. Note that, recently, there is a

500 kHz

0 kHz

"0 ps "' 100 ps ' 200 ps 1300 ps 400 ps

Fig. 14. Example of normalized reassigned STFT. Black pixel signifies an STFT coefficient about 0 and it contains mostly noise and no meaningful
information, where the white pixel represents an STFT coefficient close to 1, which contains the waveform information.
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e).

Fig. 15. Spectrogram from randomly sampled signals from sensor that is located at 51|28 cm over a convolution window length W of a). 20 ps, b).
40ps, c). 80ps, d). 160 ps, and e). 320 us. 1 us input length corresponds to 10 input samples. Sampling frequency =10 MHz. The meaning of
greyscale color scaling is analogous to Fig. 14.

Fig. 16. Feature representation of merged input signal from 3 sensors channeled in RGB array.

3rd option which is called [PyTorch (online)] which is developed by the Facebook AI Team. It is slightly less rich than TensorFlow, but
recently gaining its popularity among deep learning academic community. More recently MATLAB has also launched its own GUI-
based deep learning toolbox, making it is even more practical to use, although it has very limited support from community. To
enable the GPU acceleration, the API NVidia CUDA (currently we have the latest version 10.1) must be installed so that the API can
interact with the graphic card.

3.5.3. Optimization

Since training a neural network is NP-hard and a brute force tactic to solve it would take non-polynomial effort, one would rather
select converging iterative methods over search metaheuristics given the high dimensionality of parameters 6. When talking about
converging iterative methods, the natural choice for high-dimensionality of 6 would be the first-order methods, which is also known as
the gradient-based method which is a single-dimensional Jacobian. Involving any second-order methods (i.e., Hessian matrix) would
typically solve the problem faster than gradient-methods, however as there is no such thing as a free lunch, the Hessian-based method
would also require much larger amount of computational space (i.e., RAM/memory).

Among the first-order methods, some of well-known techniques are (L)-BFGS [80], GauR-Newton [99], (steepest) gradient descent
[95], and Levenberg-Marquardt [120]. Like other libraries, currently only the gradient descent methods are already being imple-
mented in Keras. The native optimizer is called stochastic gradient descent (SGD) with variable batch training size which also supports
neural momentum and Nesterov acceleration [13] as described in Eq. (9) to escape local minima.

Se1 =78 +n-[VoJ(0—7-5)] 9
9r+1 = 91 - 5z+l

where in Eq. (9), 841 is the update vector for parameter 0 at iteration t + 1, 1) is the learning rate, J is the assigned cost function and y is
the momentum which is typically set to 0.9 [102]. There are more optimizer available in Keras such as RMSProp, adaptive moment
estimate (Adam) and its variants (Adagrad, Adadelta, Adamax, Nesterov-Adam). The more details explanations of these techniques can
be read in [42].
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3.5.4. Neural network architectures and optimizers

The convolutional filter of ConvNet is designed to capture spectrotemporal features of the TFR and after that, the learned filters are
fed into a fully connected layer (MLP). Without capturing the spectrotemporal features, the information coherence within a certain
time—frequency window will be lost. In order to demonstrate that spectrotemporal features are learned during the training, we must
compare the training results from ConvNet + MLP and pure MLP architectures without convolutional kernel for each of the 3 different
classification scenarios.

Like neural network parameters optimization, finding a suitable network architecture has an NP-hard property since the archi-
tecture combinations are infinitely extendable and unfortunately, there is no strict rule to design the number of layers. Thus, it would
be logical to start the choice of architecture with the less complex series, as per lex parsimonae, and therefore, this time decided to use
the architectures that we have been using in the previous work [32], as described in Table 3.

We are aware that there are more sophisticated CNN architectures such as VGG-16 [100], inception layers [105], or ResNet [52]
that can be employed in the future work, but for the sake of a simple demonstration in this paper we limit the network to a maximum of
8 hidden layers. The VC dimension and the Rademacher complexity from Def. 3 can be later quantified to determine the necessary
adjustment of the complexity of the network. The example code can be downloaded in our repository [Github (online)].

For the training purpose, the data should be normalized between 0 and 1 so that the many useful training parameters proposed by
the computer science community can be directly used. For deep neural network, it is recommended to always activate the dropout
regularization and according to Srivastava et al. [102], 0.5 is the best rate found, which means 50% of the neurons at that particular
layer are deactivated. The default parameter for the optimizers are presented in Table 4.

4. Results and discussion

The training results for the given parameters in Section 3 are presented in this section and organized as following: in Section 4.1, the
results and discussion for modelling DeepSHM as a hierarchical entity as discussed in Section 3.4.1 are presented, where the discussion
includes the training results trained under both the SGD and Adam optimizers for different sensing locations in each given damage case
scenario for variable window length. In Section 4.2, the results for modelling DeepSHM as a conserved entity, as discussed in Section
3.4.2, that gets the input from fused sensor data are presented. In this case, we will describe the training results for different sensing
locations as well, however as a consequence of the assumption of the conserved entity over time, only the full window length can be
used.

While our computer was relatively up-to date for training the network, it rarely meant that we always had enough space to store all
the models created, thus we limit our training samples only for 100 samples per class to see the network behavior. During the trial-and-
error phase, we actually tried with 1000 samples first, but since it took too long for preprocessing (about 2 days per dataset). While the
number of samples we tried is nothing compared to what is typically processed within the computer vision community, the features
that our network has to learn are much higher. Unlike in the machine learning community, the models they are training are using a
CIFAR-10 or MNIST dataset that has an input size of 32 x 32 pixel, while in our case, the input size varied between 251 x 7 pixels up to
4101 x 247 pixels, depending on the dataset generated.

4.1. On modelling DeepSHM as multiple actors with independent decision making

4.1.1. Influence of network architecture and sensor locations

In order to demonstrate the superiority of CNN in comparison to multilayer perceptron (MLP) to handle spectrotemporal data, we
first present the training result of MLP handling the training set. We trained the MLP for all damage scenarios given in Table 2 with
various reserved memory from 800 to 3200 input samples. In order to save space, we only show the training results for the training and
validation datasets from the presumably best sensor location, which the sensor at location 2, depicted in Fig. 17a —f. For simplification,
we limit the training process up to 50 epochs only. As a reminder, the sensor locations are given in Fig. 12.

We compared both of the optimizer SGD and Adam in this case. Adam uses the adaptive learning rate from the moments of the
gradients estimates thus it is generally faster in finding the gradient path in the beginning epochs and keeps an exponentially decay of
prior gradients average. On the other side, SGD is slightly slower in finding an optimal gradient in the beginning epochs as it only
computes the gradient without the estimate approximation. For a general training purpose, Adam is therefore recommended as it can
find the gradient path faster.

From Fig. 17a, b, for a window length of 80 ps, it can be seen that the MLP model quickly overfits regardless of the optimizer used.
While the training accuracy reaches almost 1.0 (or 100%) in Fig. 17a, b, it can be seen that the validation accuracy stays below 0.6 (or
60%). Note that we will discuss the effect of window length in Section 4.1.2 in detail. This behavior is confirmed again in Fig. 17¢, d,
where the window length was extended to 160 ps and in both cases, the difference between training and validation accuracy is>35%.

Table 3

Neural network architectures used. C(i): i-filter convolutional kernel; MP: MaxPooling layer; DO()):
dropout regularization with rate of j; D(k): dense (fully connected) layer with k-neurons, CL: Classifi-
cation layer.

MLP D(128)-D0O(0.5)-D(16)-CL
CNN C(8)-MP-DO(0.5)-C(16)-MP-DO(0.5)-C(32)-MP-DO(0.5)-D(16)-DO(0.5)- CL
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Table 4

Default optimizers parameters in Tensorflow library. #: Learning rate, y: neural momentum, #decay:
learning rate decay, NESTEROV: Nesterov momentum parameter, 3, f2: exponential decay rate for 1st
and 2nd moment estimates.

SGD 7= 0.01, y = 0.0, #decay = 0.0, NESTEROV = FALSE
Adam 1=0.001, ;= 0.9, fr=0.999, & = 10°%, gecay = 0.0, AMSGrad = FALSE
a). MLP Scene 1, Sensor 2, SGD, Length = 80 us b). MLP Scene 1, Sensor 2, Adam, Length = 80 ps
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Fig. 17. a-f: Training results of MLP for signal from sensor 2 with various window length trained under Adam and SGD optimizer up to 50 epochs.
1 ps input length corresponds to 10 input samples. VACC = Final validation accuracy, VLOSS = Final Validation Loss. Note that the scaling is not
uniform due to the default library settings.

When the window length was extended once more to 320 ps (see Fig. 17e, ), only a constant flat line over the whole training epoch
was reached, meaning that the memory of our graphic card was overloaded. This problem can only be solved by adding more physical
memory which would mean we have to purchase a newer GPU — however this only solves the problem temporarily until it meets a
larger input matrix dimension. With such an unacceptable training behavior, we choose not to further proceed with exploiting the MLP
network and assume a simple MLP would very highly likely to fail to capture a spectrotemporal feature such as depicted in Fig. 15.

For the CNN architecture, we kept our CNN very simple as it only contains 3 hidden convolutional layers that are attached to the
same MLP we used previously. Each convolutional layer was followed by pooling and dropout layers as described in Section 2.4. In
general, the network may learn the pattern representation after long training, however in reality, we always have a time—cost limit and
a training budget threshold must be determined depending on application and budget resources. To demonstrate a simplified training
budget, we limit the training epochs to 50. The training results from CNN trained both under Adam and SGD optimizer for damage
scenario 1 (Table 1) are depicted in Fig. 18a-h.
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In this case the CNN is trained to distinguish 6 different damage classes including one from the baseline: The highest validation
accuracy reached was 0.9917 (or 99.17%) from data captured by sensors 1, 2, and 4 when optimized by SGD, while the lowest
validation accuracy reached was 51.67% from data captured by sensor 3. However, when using Adam, the highest validation accuracy
reached was 98.50% from data captured by sensor 2 (which is presumably the best sensor position) followed by 96.67%, 94.17%, and
92.50% for sensor 1, 4, and 3. Because the Adam optimizer yields a better result than the SGD, from this point on we only show the
result of the trained network under Adam optimizer.

For the classification of damage scenario 2, we also simulated the PZT response from sensor location 5 — 8, because in this scenario,
the CNN is trained to classify less distinguishable signals from each class as per Table 2 and we believe that more sensor responses

a). CNN Scene 1, Sensor 1, Adam, Length = 320 ps b). CNN Scene 1, Sensor 1, SGD, Length = 320 ps
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Fig. 18. a-h: Training results of CNN for signal from sensor 1-4 in scene 1 with window length of 320 ps trained under Adam and SGD optimizer up
to 50 epochs. Sensor locations are given in Fig. 12. 1ps input length corresponds to 10 input samples. VACC =Final validation accuracy,
VLOSS = Final Validation Loss. Note that the scaling is not uniform due to the default library settings.
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would give an advantage because there is more data available. Nevertheless, for brevity we only show the training results using Adam
optimizer from sensor location 1 — 4 in Fig. 19a-d, which can be directly compared to Fig. 18 a, ¢, e, and g, respectively. The results
depicted in Fig. 19a-d met our expectation because validation accuracy is on average lower than in scenario 1, ranging from 32.22% in
sensor 3 (where it also overfits — s. Fig. 19c and sensor 3 is one of the worst PZT sensing location) to 93.33% in sensor 1, depicted in
Fig. 19a which is one of the best PZT sensing locations. This is to be expected, because if we look closely into scenario 2, we can easily
assume that the TFR signal from baseline plate and the damaged plate with a smaller crack length (e.g., only 10% acit) and smaller
deviated angle (i.e., 15°) are likely to be similar with each other, especially because the recording length was short (320 ps). Thus, the
neural network would not be able to distinguish these TFR. This explanation is clearly supported by corollary 4 in Section 2.3.

Nevertheless, unlike classical signal processing, the TFR from better sensing locations such as sensor position 1, 2, and 4 were able
to be trained to reach better validation accuracy (Fig. 19a, b, and d). As a side note, if we double or even quadruple the window length
from 320 ps to 640 ps or 1280 ps, we believe the neural network will be very likely to be able to learn the distinguishing pattern
between the TFR and thus increase the validation accuracy. This is because in the later time-series response, the wave scatter from the
crack would eventually travel through sensor location 3, too. While this might be an advantage of deep learning over classical signal
processing, we would like to remind the readers that doubling or quadrupling the window length would require double or quadruple
amount of data storage. If one TFR image takes up 2 MB, doubling this would mean at least 4 MB. For small-scale research, this is surely
not a problem but scaling this up on industrial level would mean double or quadruple required investment for data storage. So, to be
fair we would like to mention that in classical signal processing, multiplying the data storage might not be necessary.

As previously mentioned in Table 2, damage scenario 3 is just the combination of scenario 1 (very distinctive classification ranging
from 0% to 100% length of critical crack in each 20% step) and scenario 2 (less distinguishable signal between each class with varying
angled crack), the training results are slightly better than scenario 2, but worse than scene 1. Note that in this case, only the data from
the 4 sensors in scenario 2 which are located in the same location as in scenario 1 can be added to the training set. Also, the importance
of sensor positioning is also now clearly highlighted. The training results are depicted in Fig. 20a—d.

We already mentioned in Section 3.1, that sensors 1 and 2 are at one of the best sensing locations and thus, the validation training
accuracy reached was>0.9 or 90% (Fig. 20a, b), while in sensor 3, which is located very far away from the crack location, only reached
avalidation accuracy of 43.67% (Fig. 20c). Again, this is far from surprising, because we expect that at the sensing location occupied by
the sensor 3, the accumulated energy from the scattered wave from the crack to be far less than that captured by sensors 1 and 2. The
data from sensor 4, which is located close to the crack location but not directly placed along the wave scatter propagation path, reaches
a final validation accuracy of 69.67%, as depicted in Fig. 20d. Analogous to the explanation for the training results in scenario 2, here
we also believe the neural network will be very likely to be able to learn the distinguishing pattern between the TFR if the window
length is at least doubled.

From all these experiments, we concluded that one cannot just rely solely on deep or any other advanced machine learning al-
gorithm to tackle physical limitation and thus there must be a physical intervention (such as adding more PZT sensors until

a). CNN Scene 2, Sensor 1, Adam, Length = 320 us b). CNN Scene 2, Sensor 2, Adam, Length = 320 ps
VLOSS: 0.5129 — VACC: 0.9333 VLOSS: 0.5204 - VACC: 0.8833
== trloss —— val_loss ---- ftr_accuracy —— val_accuracy -=== tr_loss —— val_loss ---= ftr_accuracy —— val_accuracy

- >
el IS S 06 5
g | T —— £ | B
Q2 a I’ =1 o v
- o | -
s > 0 43 15 \/\/
10 > \/\»\’ 10 \AV/\\/_//\V\
o M\ 0.2 e e 0\ 0.2
0 VRS 05 J\/\ 0.1
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch
c). CNN Scene 2, Sensor 3, Adam, Length = 320 ps d). CNN Scene 2, Sensor 4, Adam, Length = 320 ps
VLOSS: 1.8719 - VACC: 0.3222 VLOSS: 0.8863 — VACC: 0.7278
-- trloss —— val_loss ---- tr_accuracy —— val_accuracy -=-- trloss —— val_loss ---- tr_accuracy —— val_accuracy
4.5 : s [08
08 so] | AR
07 B /\/\ \/\J !
0.6 > 0 //\/\7 \ oo
a 058 &;5 p/ 05 @
g? T A AL 04§ 9 : - 04§
5 2.0
5 \//"\/\«/\/\/\/\/‘/\/_/\/\ 0 i< 03
B N 15
10 .-
L 0.2 o 0.2
05 01 o5 0.1
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Fig. 19. a—d: Training results of CNN for signal from sensor 1-4 in scene 2 with window length of 320 us trained under Adam optimizer up to 50
epochs. Sensor locations are given in Fig. 12. 1 ps input length corresponds to 10 input samples. VACC = Final validation accuracy, VLOSS = Final
Validation Loss. Note that the scaling is not uniform due to the default library settings.

21



V. Ewald et al. Mechanical Systems and Signal Processing xxx (xxxx) Xxx

a). CNN Scene 3, Sensor 1, Adam, Length = 320 ps b). CNN Scene 3, Sensor 2, Adam, Length =320 ps
VLOSS: 0.6909 - VACC: 0.9333 VLOSS: 0.4589 - VACC: 0.9367
- trloss —— val_loss ---- traccuracy —— val_accuracy ---- trloss — val_loss - traccuracy —— val_accuracy
40 o 1.0
3.5 08 35 0.8
o 3.0
> >
0 068 e 068
w — [ —_
(=] 3 Q20 3
20 049 - 049
<< 15 <<
15
10 0.2 1o 0.2
0.5
’ 0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch
¢). CNN Scene 3, Sensor 3, Adam, Length = 320 ps d). CNN Scene 3, Sensor 4, Adam, Length = 320 ps
VLOSS: 1.6451 - VACC: 0.4367 VLOSS: 1.1499 - VACC: 0.6967
-- trloss —— val_loss ---- tr_accuracy —— val_accuracy ---- tr_loss —— val_loss ---- tr_accuracy —— val_accuracy
P S 0.8
351 4 o 05 b 0.6
o ~ > 25 ) o~ >
30 | / ) \ e 050
%) H / 0.4 © wn < ©
] c a S ¥ e
o2 3 Q20 \ 043
i} 0.3 U - 8
2.0 < s , \M \/\ 03<C
0.2 /
- f’ - N/ 0.2
15 g
1.0 01 e A/‘\wr\‘v"\w 0.1
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Fig. 20. a-d: Training results of CNN for signal from sensor 1 — 4 in scene 3 with window length of 320 ps trained under Adam optimizer up to 50
epochs. 1 us input length corresponds to 10 input samples. VACC = Final validation accuracy, VLOSS = Final Validation Loss. Note that the scaling is
not uniform due to the default library settings.

detectability convergence) to improve the result. The good news is, however, our previous work regarding sensor placement strategy
for hotspot sensor placement using blob detection Ewald et al. [31] can be used because a sensor placement strategy is still needed even
when applying a sophisticated machine learning technique such as deep learning. The bad news on the other side is that a hotspot
sensor placement strategy is still needed — thus the design effort for an SHM sensor placement strategy is needed and there would be a
cost for this both in time and money.

4.1.2. Effect of the length of convolution window

In this scenario, we describe the influence of the reserved convolutional window length of the signal on the required time per
training step and on the final validation accuracy (VACC), where in this case, we only use the data from the best sensing locations,
particularly sensor 2. The convolutional window length was varied between 10 ps to 320 ps sampled from the full signal as previously
explained in Sections 3.3 and 3.4. All the scenarios are trained with Adam optimizer and to save time, we limit the training only up to
50 epochs.

The results for all scenes are summarized in Fig. 21 and Table 5, where it can be seen that at least a window length of 200 ps is
necessary to surpass a 90% training accuracy threshold, while for the more difficult scenarios 2 and 3, a windows length of 320 ps is
needed. The computation time per time step varies between around 16 ms for TFR with up to 60 us window length and increases
quadratically as the window length is increased as depicted in Fig. 21b.
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Fig. 21. Left: The relation between final validation accuracy (VACC) and reserved window length in [ps]; right: The relation between time effort
needed per training step and reserved window length in [ps].
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Table 5

Effect of Window Length on Training Time per Epoch and Final VACC* at 50 Epochs. *VACC = Validation Accuracy.
Window Length [ps] Scene 1: 6 classes Scene 2: 9 classes Scene 3: 15 classes

Time/Step [ms] Final VACC Time/Step [ms] Final VACC Time/Step [ms] Final VACC

10 16 0.1667 14 0.1111 14 0.0633
15 16 0.1833 14 0.1111 14 0.0667
20 16 0.1500 14 0.1278 15 0.0800
25 16 0.1750 14 0.1167 15 0.0833
30 16 0.1917 15 0.1444 15 0.0733
40 16 0.2167 15 0.1556 17 0.0933
50 16 0.3000 16 0.1389 18 0.0733
60 25 0.3917 17 0.1611 20 0.0867
80 28 0.4917 18 0.2111 22 0.2300
100 24 0.5250 24 0.1811 28 0.2267
120 29 0.6000 22 0.1611 33 0.3500
160 46 0.7593 47 0.4889 54 0.3833
200 67 0.9167 68 0.5086 70 0.5600
320 185 0.9833 212 0.9044 190 0.9467

4.2. On modelling DeepSHM as conserved entity over time

As has been discussed in Section 3.4.2, we are now interested in seeing the training behavior when the perception is modelled as a
single entity conserved over time. The consequence for this assumption is that: the training set consists of a k-dimensional data cube
composed of multi-layer full-length TFRs, e.g., see Fig. 16 for an example of this representation. Ideally, the data cube would comprise
all possible layers which represents all possible responses from each sensor. However, for brevity and simplification, we only represent
the data cube in 3-layers (meaning that only 3 sensor responses are used) so that it can easily be converted into an image and trained
with the libraries we used (Keras and Tensorflow). While Tensorflow can read bitmap (BMP) files, we do not recommend converting
the STFT coefficient matrix into BMP since it took too much space. Thus, a portable network graphic (PNG) format, which is lossless
compression, is chosen in order to compromise the information richness contained in BMP and the sparsity of JPEG format.

Most of the ready-to-use deep learning libraries only support a 3-channel color image because most of the deep learning community
are focused with recognizing 3-color channel RGB images. By customizing the library, it is possible in the future to train a data cube
with>3-dimensions, which typically can be saved as data frame in Python. For this, there are already research works related to
classification of hyperspectral images by using CNN [70,87]. Unfortunately, those works are in general very niche and many of the
codes are not made publicly accessible.

As in our case, we use a combination of several sensor responses to create the data. As there are only 4 sensors in scenario 1, we were
able to show all possible combination of the training behavior of the sensor response (1;2;3, 1;3;4, 1;2;4, and 2;3;4) and these are
depicted in Fig. 22a-d. However, as there are too many possible combinations in scenario 2, we only show the result of several
combinations as given in Fig. 22e-h. The rest of the results are available in the dataset, or alternatively the readers are can also
download the code and the dataset as these have been made available online. Finally, as scenario 3 is the combination of the result of
scenario 1 and 2, only 4 sensor responses can be combined, and the corresponding training results are given in Fig. 22i-1.

From all sub-figures in Fig. 22, it can be clearly concluded that modelling the SHM perception as a single conserved entity has a
quickly converging training rather than modelling the perception as hierarchically ordered but separate entities (cf. to Figs. 19-21).
For the first case, it is obvious that the sensing locations now become the less important issue. There are clearly several different
behaviors before the training accuracy reaches its 1.0 plateau as depicted in Fig. 22a-1, from all these figures, we postulate that the
CNN was able to capture the correlated 3D-spectrotemporal features within certain region of interest in the data cube.

We assumed the existence of the correlated 3D-spectrotemporal features to be evidence for the theory of invariant latent and its
estimate proposed in Lemma 5 and 6. It is very difficult, or if not impossible to deductively proof the applicability of this lemma as deep
learning model parameters can only propose correlation but rarely have explanatory power — but this is widely de facto accepted in
mathematics and computer science community. The possible physical explanation to our belief has already been stated previously in
Section 2.3 regarding music recognition in human brain.

While a Lamb wave signal is not a music or a song, it is not merely random noise either — there is an interconnection between each
particle wave movement during guided wave propagation because an acoustic wave in a continuum can be regarded as harmonic
motion and thus do not fall into a sudden singularity, so we assume there must be a spectrotemporal features that are locally connected
between each layer in Fig. 16. We are aware that this assumption is of course not valid for randomly occurring singularities within a
continuum - but we never expect sudden singularities within acoustic wave signals either (except when the sensor is broken, but that is
a separate topic).

It is very difficult to understand what is happening inside the deep neural network, but we postulate that these local spec-
trotemporal features, while being very deeply embedded in the CNN model, are very distinct to each other for every different damage
class. This was due to our previous assumption that every different damage classes would produce a varying, non-homogenous TFR at
each different sensing location and therefore making the neural network easily captures these (cf. Rademacher complexity in Def. 3)
and learns from them after several training epochs. Each TFR is then a special distinctive signature of each probability classes as
supported by the Lemma 5.
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Fig. 22. a-l: Training results of CNN for combined signal from various sensor combination in all damage scenarios trained under Adam optimizer up
to 50 epochs. VACC =Final validation accuracy, VLOSS =Final Validation Loss. Note that the scaling is not uniform due to the default li-
brary settings.

In general, it is common to use a single-frequency centered Hann window as an excitation wave because it would be easier to
analyze the sensor response based on single-frequency signal. As this has always been most of the case, our training results gives
evidence that it might be an advantage to try out the less exploited and more “adventurous” chirplet-like excitation signal for Lamb
wave SHM. Our training results suggest that these distinctive spectrotemporal features within the representation that are more heavily
augmented due to the quasi-chirplet excitation in comparison to when it is excited by simple Hann window signal, which in general
produces more complex material response and thus more complex information embedded in the signal representations that helps the
CNN to learn from this distinctive spectrotemporal information — as per Lemma 5. As this is our speculation, we think that there would
be a future opportunity to quantitatively investigate this matter in a more rigorous research.
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Fig. 22. (continued).

4.3. Concept validation

4.3.1. Result comparison with random noise training

To deliver further evidence regarding the invariant latent, we set up a mock-up test to compare the training behavior between the
simulated signal with added white Gaussian noise with varying SNR between 5 and 15 from previous and pure Gaussian white noise.
The reason to do random noise training comes from the classical A/B testing in statistics. Without trial like this, we will never know
whether the network actually learns the pattern, or it merely remembers the noise behind the pattern. An example of TFR of Gaussian
white noise is depicted in Fig. 23. The noise was trained under exactly the same training parameters as before and split into 6 different
folders like in scenario 1.

We repeated the white noise training several times and give two sample results in Fig. 24a, b which depicts the training behavior for
a white noise signal with window length of 320 ps. It can be seen from Fig. 24a, b, the networks failed to reach a validation accuracy of
>60% even after 50 training epochs, while the training accuracy reached a value much higher than the validation accuracy.

The distance between the training and validation accuracy is relatively far (between 20% and 40%), which is a clear sign of heavy
network overfitting, but this still is not the most important fact. It is more important to know that they failed to deliver a consistent
result, i.e., the network did not learn anything from the TFR pattern because there is no locally connected spectrotemporal features in
the TFR of a noise — thus indicating that the invariant latent within the noise group does not hold. In fact, the network did learn the
noise. More figures are available upon demand or the reader are more than welcome to download the source code [Ewald et al. [32],
Github] and data to self-experiment with it.

4.3.2. Model testing
4.3.2.1. Hierarchical representation in multiple sensors. To test the validity of the models as to whether they can classify the signal or
not, a confusion matrix must be calculated for each model. As a sample result, we show the test results from scene 1 and 2 for sensor 2

for convolutional window lengths of 80 ps, 160 ps, and 320 ps which are depicted in Fig. 25a—f, respectively. Further, the labels “0” to
“5” in Fig. 25a—c correspond to the damage condition of scene 1 described in Table 4 with “0” as the baseline and “5” as the critical

500 kHz

0 kHz

L L
0 ps " 80 ps ' 160 ps 1240 ps 320 ps'

Fig. 23. TFR of a white Gaussian noise with a length of 320 ps.
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Fig. 24. a, b: Sample training results of random noise modelling. Note that the scaling is not uniform due to the default library settings.
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Fig. 25. a—f: Model test result from scene 1 and 2 for sensor 2 with varying window length between 80 and 320 ps.

crack length a.it. The same logic applies for Fig. 25d—f from scene 2 described in Table 4, where in this case, “0” is the 0°-oriented crack
with length of 10% a.it and “8” is the 45°-oriented crack with length of 30% ait.

The labelling itself is currently not important as this can be changed in the code. A diagonal with an average of 1.00 such as Fig. 25¢
corresponds to 100% POD. In Fig. 25f (marked in red rectangle), it is obvious that the CNN cannot correctly classify the smaller cracks,
which in this case “0” is an 0°-oriented crack of 10% acj;, whereas “1” is a 15°-oriented crack of 10% a;. This is to be expected because
for two small cracks with slightly angled orientation, as previously explained in Section 4.1, we assume the signal from both cracks is
less likely to be very different. For a detailed proof, the relative entropy and the cosine similarities between two time-series can be
calculated, however this is not the focus of our paper. Nevertheless, we provide our data in the dataset.

4.3.2.2. Representation as conserved entity over time. When modelling the feature representation in a single conserved entity, the
network does not seem to have a problem at all classifying the test data in accurate way with 100% POD as depicted in Fig. 26a—c. The
meaning of the labels “0” to “8” is analogous to our explanation in Section 4.3.2.1. While more test results are available, for brevity we
only show three example results in Fig. 26a—c that depict result from scene 2 for conserved entity representation that fused responses
from sensor 1;2;3, 1;5;7, and 2;4;6, respectively. All other tests yield into a 100% POD. Also, here we hypothesize that it learned the
locally spectrotemporal features within the entity in a more subtle and concise way as there is more information embedded in this ‘data
cube’.
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Fig. 26. a—c: Model test results from scene 2 for conserved entity representation that fused different sensor responses.
5. Concluding remarks
5.1. Summary

This paper is an extension to our previous work [32], in which we conceptualize the generalized idea about diagnostics and
formalize our DeepSHM framework. In Section 2, we include the abstract thought about SHM perception from a neuroscientific
perspective, while the methodology used such as the numerical model, data pre-processing, and neural network training are described
in Sections 3.1-3.4. The results and discussion are given by Section 4.

5.2. Conclusion and recommendation

Before making any recommendation, recall the hypothesis stated in Section 2:

... that some of the algorithms could not make a distinction between the signals that come from slightly similar a distribution.
We hypothesize that this problem might be overcome by:

1. Applying broadband frequency excitation since broadband excitation frequency will normally invoke more variable wavenumber,
and broader wavelengths.
2. Varying sensing location to obtain more potential information

Based on our results in general, we could state that the CNN captures more information due to a varying sensing location and
varying wavelength thanks to the chirplet-like excitation, nevertheless this approach encounters its limit as well as demonstrated in
Fig. 25f. It is possible to enlarge the excitation band frequency to include more information, however this would have two drawbacks:
1). a more expensive wideband PZT must be used, and 2). Assigning a human data analyst to analyze such complex signal with
traditional signal processing would require more time and thus would be a disadvantage if we would like to understand and relate
meaningful signal features to the physical domain of the structure. Our recommendation is to use the quasi chirp-alike excitation is
only when it is coupled with advanced machine learning, which in any case is already a black-box. Thus, we would like to re-emphasize
the principle of Garbage-in — Garbage-out as in the middle of the black box it is hardly to extract any meaningful causation. Employing
a machine learning algorithm such as CNN requires a quality control on both input and output. Further, we stated following questions
at the beginning:

1. How much do the varying sensing locations and the different sensing representations of time-frequency Lamb wave signal in-
fluence the deep learning training behavior?

2. Given “a posteriori knowledge” from (1), what consequence can be drawn for the engineering application in SHM and why should
this approach work?

From the results, we are firm there is not a single ultimate answer, but we can state that the highly optimally located set of sensors
give the most desired training behavior due to better response capture. On the other side, when the information is fused first from
different sensing locations, that is in the case of conserved entity representation, it can clearly be seen that the sensing position does not
matter anymore as has already been explained in Section 4.3.2.2.

However, as there is no free lunch, we must state the training cost in terms of time also increases as the network must learn more
parameters than the first case, thus at this moment limiting the amount of model parameters by decreasing the neural network size is
the only feasible way to make deep learning for structural diagnostic is scalable for industrial production, with the caveat that limiting
the amount of model parameters would risk that the training would be longer and in worst case where the size of data is limited, this
would lead into less generalizable model. In future work, we are going to investigate the scalability level of Deep SHM for given data
size, model parameters, and restriction on physical memory (in this case RAM from the GPU).
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Also, another consideration that we should discuss is the actuator position. If the actuator position is changed, the signal repre-
sentation is also changing. While it is possible to determine the damage even if the actuator position is changed, but the model has to be
changed as well. This is the limitation of deep learning where it learns the statistical distribution from given samples, and this principle
applies to all type of supervised networks such as MLP and its derivates, CNN and its derivatives (LeNet, VGG, ResNet, etc.), recurrent
and its derivates (LSTM, GRU, RNN), etc. To ensure that the damages types from different actuator location can be detected, there are
two possibilities:

1. A new model based on that actuator-sensor pair must be created, or
2. The training data from all possible actuator-sensor pair must be included during the training

It is possible to train data coming with 2 sensors only and we expect that the performance lies between single sensor response
(Section 4.1 in Figs. 18-20) and 3 sensor response (Section 4.2 in Fig. 22). As mentioned, we represent the entity via two different
perceptions:

1. The behavior of Lamb wave propagation is sampled in single sensor and different window lengths are applied to generate multiple
perception, resulting into different chopped time-series which were converted via reassigned STFT to generate greyscale array
(Fig. 15)

2. The behavior of Lamb wave propagation is sampled in n-sensor locations (e.g., n = 3 in our case) with a full window length (full
length is adjustable, but we have 400 ps). These time-series were again converted via STFT and joined together to form “polar-light-
alike” image in Fig. 16. It is possible to join more sensors data (n > 3), but of course these cannot be depicted as RGB images
anymore.

Conclusively, the second perception modelling can be regarded as the extension of the first modelling and as academia, we might be
tricked into thinking “higher performance = better” so we will be tempted to use more and more sensors data (n > 20) to improve
performance, until we meet the big O in the time—space complexity. In far future however, all these computational limitation problems
might be tackled with quantum computing [10,59] to accelerate the computation time. For instance, it has been tried in a smaller scale
hobby project [63] to combine the quantum library PennyLane and deep learning library PyTorch.

A further limitation in this current study is that we only employ damage classification techniques. In order to localize the damage,
the label in the datasets can be expanded with the location of the corresponding damages such as proposed by [58] and [124] and
retraining the models. In this case, the model will be assigned to classification and regression tasks at the same time. Computationally,
this is not a problem per se. However, the availability of the data in such case is very scarce so that our proposed DeepSHM may only
work well in medium or long-term run until a big enough database is available. For short-term period however, some augmentation
techniques and generative modelling should probably be incorporated to bypass the data scarcity. For conservative industry like
aerospace, this is actually a perfect pace because the industry and its people are moving slowly — this will provide enough time to the
major OEMs to place strategy on their investment and make right prioritization.

Finally, we would like to emphasize that our paper is not about proposing novel methodology, but rather to give theoretical
justification why a supervised deep learning can work for classification of Lamb wave data to ensure its reproducibility. As a final
conclusion, by providing our results, we hope to have contribute a piece further how to employ advanced machine learning technique,
in particular CNN for designing appropriate network architecture for application in diagnostic SHM.
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