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Abstract: This paper introduces two deep learning approaches to localize acoustic emissions (AE)
sources within metallic plates with geometric features, such as rivet-connected stiffeners. In particular,
a stack of autoencoders and a convolutional neural network are used. The idea is to leverage the
reflection and reverberation patterns of AE waveforms as well as their dispersive and multimodal
characteristics to localize their sources with only one sensor. Specifically, this paper divides the
structure into multiple zones and finds the zone in which each source occurs. To train, validate,
and test the deep learning networks, fatigue cracks were experimentally simulated by Hsu–Nielsen
pencil lead break tests. The pencil lead breaks were carried out on the surface and at the edges of
the plate. The results show that both deep learning networks can learn to map AE signals to their
sources. These results demonstrate that the reverberation patterns of AE sources contain pertinent
information to the location of their sources.
Keywords: acoustic emission; guided ultrasonic waves; deep learning; autoencoders;
convolutional neural networks; machine learning; edge reflection; reverberation patterns; structural
health monitoring

1. Introduction
Metallic plate-like structures are ubiquitous in the aerospace industry. These structures are
susceptible to different types of damage, including fatigue cracks and corrosion dents. Numerous
studies exist in the literature concerned with the structural health monitoring (SHM) of metallic
plates [1–3]. Among these studies, SHM techniques based on acoustic emissions (AE) can detect and
localize damage in metallic panels [4]. For example, Kundu et al. [5] developed an optimization-based
approach for plates with known wave velocities and extended it later to localize sources in anisotropic
plates with unknown properties [6,7]. The authors have also developed a dictionary-based source
localization algorithm for simple isotropic plates [8]. For more interested readers, Kundu [4] has
provided an in-depth review of AE source localization algorithms.
Despite the significant development of AE source localization algorithms, very few have been
implemented in real structures. One reason for this lack of acceptance is the potential for these
algorithms to emit false positives, which means either incorrectly identifying the location of defects or,
even worse, localizing artificial defects that do not exist in the reality. One of the major sources of false
positives in AE source localization is the large number of reflections and reverberations that appear
in the tails (codas) of AE signals. This is because most localization algorithms rely only on the time
Aerospace 2018, 5, 50; doi:10.3390/aerospace5020050

www.mdpi.com/journal/aerospace

Aerospace 2018, 5, 50

2 of 22

difference of “first arrivals” in AE waveforms and do not account for the reflections and reverberations
generated by geometric features, such as boundaries, joints, stiffeners, and fasteners. In the literature,
Hamstad et al. [9–11] have extensively worked on numerical simulations of edge-reflected AE and
have demonstrated how such reflections affect AE waveforms. In addition, Farhangdoust et al. [12]
worked on numerical simulations for stiffened rectangular plates. Alternatively, other researchers
have taken an experimental approach [13,14]. In particular, Carpenter and Gonnan [14] reported
AE waveform in an aluminum (7075-T651) stiffened wing panel subject to cyclic fatigue tests and
eventually yielding.
A common way to overcome the sophistications imposed by reflections and reverberations is to
use many sensors and limit the localization to the area covered by the sensors. However, this approach
can significantly increase the complexity and cost of the AE-based SHM system. Instead, some
researchers have leveraged the additional information conveyed by the reflections and reverberations
to improve the localization accuracy. For example, Achdjian et al. [15] used a statistical approach to
localize AE sources in a simple aluminum plate. In particular, they used the reverberation patterns
of guided ultrasonic waves recorded by at least three sensors. Ernst et al. [16] took a finite element
approach to find the location of AE sources by propagating backward the waveforms recorded by a
laser Doppler vibrometer. This approach required six hours of computation for each source localization.
Another major source of false positives in AE source localization is the multimodal and dispersive
characteristics of AE waveforms. In thin plate-like structures, AE sources excite guided ultrasonic
waves, specifically the Lamb waves. In fact, one can hardly find any AE application in plate-like
structures that is not based on the Lamb waves. The problem is that most AE source localization
algorithms use either of the fastest propagating Lamb wave mode (first symmetric mode, S0 ) or the
higher amplitude mode (depending on the source type it could be either of the first symmetric mode,
S0 , or the first anti-symmetric mode, A0 ). As a result, they ignore the multimodal, and, in some
cases, dispersive characteristics of AE waveforms. In contrast, some researchers have leveraged such
characteristics to reduce the number of sensors required for localization [17–19]. For example, Holford
and Carter [19] used the far-field separation of Lamb wave modes in a 50-m long I-beam to estimate
the source-to-sensor distance with only one sensor.
To reduce the number of sensors and enhance the accuracy of source localization algorithms,
the authors have leveraged both the reverberation patterns of AE waveforms as well as their dispersive
and multimodal characteristics [20–22]. In particular, they developed an analytical model named
“Multipath ray tracking” [23] to simulate the reverberation patterns of AE waveforms. Their model
reconstructs AE waveforms based on experimentally recorded first arrivals. The authors used this
model to localize AE sources in an isotropic plate with only a single AE sensor [20]. They later
quantified the uncertainty of this single sensor AE source localization [21]. However, their work was
applied to a simple plate without any stiffener or fastener.
To extend the previous work to plates with geometric features (e.g., stiffeners, rivets, etc.) and
unknown material properties, this paper proposes a new data-driven approach based on deep learning.
The main idea is to use deep learning to directly learn the reverberation patterns, multimodal
characteristics, and dispersive properties of AE waveforms from a set of previously collected AE
data. The goal here is to use only one sensor and localize AE sources within plates that have stiffeners
and rivet connections [24]. In particular, this paper focuses on AEs that are due to a sudden change in
the strain field around the rivet connections of plate-like structures. Such sudden changes could be
due to the progression of fatigue cracks that tend to grow from rivet connections in metallic plate-like
structures. Furthermore, the paper considers AE sources on the surface and at the edges of plate-like
structures. To experimentally simulate such AE sources, this paper uses Hsu–Nielsen sources [25].
Then, it uses such sources to train two deep learning algorithms and map the resulted AE waveforms
to the location of their sources. In this study, the localization is zonal, which means the structure is
divided into multiple zones, and the zone in which an AE source occurs is detected. For example,
to localize the fatigue cracks that tend to grow from the rivet connections, the area surrounding
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each rivet may be defined as a zone. Beside zonal source localization, what sets the current paper
fundamentally apart from the previous work by the authors [20,21] is the use of data-driven methods
(i.e., deep learning) as opposed to analytical models (i.e., Multipath ray tracking).
Deep learning is a data-driven approach that eliminates the need for extracting manually designed,
application-specific features from data. In the context of AE, one example feature is the time of arrival,
which is traditionally used in time difference of arrival (TDOA) methods for source localization [4].
In other words, the end-to-end architecture of deep learning allows it to be directly applied to data
(i.e., signals, images, etc.) rather features extracted from the data. In fact, deep learning automatically
learns and extracts representative features from data. In this way, deep learning also achieves a better
performance than the traditional feature-based algorithms [26,27]. In the literature, artificial neural
networks, which are feature-based machine learning algorithms, have been applied to both AE source
localization and characterization [28,29]. However, little-to-no research has used deep learning to
localize AE sources in plate-like structures. It worth mentioning that deep learning has been recently
used for AE-based fault diagnosis in gearboxes and bearings [30–32]. Nevertheless, to the best of
authors’ knowledge, none of such studies has used deep learning for AE source localization. To fill
this gap, this paper uses two types of deep learning networks for AE source localization: (1) stacked
autoencoders [33], and (2) convolutional neural networks [34]. In particular, the networks are used to
identify (classify) the zone at which an AE source is generated. Since deep learning requires training
data, this paper focuses on embedded and permanently attached monitoring systems that are trained
once before deployment.
The organization of the subsequent sections of the paper is as follows. First, Section 2 reviews the
theoretical aspects of the deep learning approaches used in this study. Then, Section 3 applies the deep
learning networks to the problem of AE source localization. Sections 4 and 5 respectively include the
experimental setup used to train, validate, and test the deep learning networks as well as the results
obtained from them. Finally, concluding remarks are provided in Section 6.
2. Deep Learning Architectures
Deep learning uses neural networks that have multiple hidden layers [26,27]. Similar to traditional
neural networks, deep learning networks consists of a series of learnable neurons that nonlinearly map
inputs to outputs. However, the input to deep learning networks are raw signals and images rather
features extracted from them. In other words, such networks automatically learn the most meaningful
features directly from the signals and images.
Since the additional hidden layers of deep learning networks significantly increase the number
of their tunable parameters, several deep learning architectures have been developed to keep the
training process manageable. This paper, in particular, briefly reviews stacked autoencoders [33] and
convolutional neural networks [34].
2.1. Stacked Autoencoders
Stacked autoencoders are deep neural networks that consist of multiple pre-trained layers [27,33].
Each layer of such networks is trained as a part of another neural network, which is named an
autoencoder. The following subsections define the layers of a stacked network of autoencoders in
details and explain their training procedure.
2.1.1. Autoencoders
Autoencoders are neural networks that reconstruct their input at their output [27]. A typical
two-layer autoencoder consists of an encoder layer and a decoder layer (see Figure 1). The first
layer of such networks maps (encodes) the input to a lower dimensional space, and the second
layer maps (decodes) this compressed representation of the input data back to the original input
space. In this way, an autoencoder automatically learns a compressed representation of its input.
This compressed representation is called “features”. Since the input and output of an autoencoder are

where Wd and bd are the tunable weights and bias of the decoder. In this equation, x̂

is the

reconstructed version of x ( i−1) .
To learn the weights and the bias of an autoencoder, a loss function needs to be minimized. In
this paper, a mean squared error is used as the loss function of autoencoders:
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The decoder of the ith autoencoder, maps x(i) to the original feature space of x(i−1) :
(i )

(i )

x̂(i−1) = f (Wd x(i) + bd ),

(3)

where Wd and bd are the tunable weights and bias of the decoder. In this equation, x̂(i−1) is the
reconstructed version of x(i−1) .
To learn the weights and the bias of an autoencoder, a loss function needs to be minimized. In this
paper, a mean squared error is used as the loss function of autoencoders:
E=

1 N
(i )
(i )
kxn − x̂n k2 ,
N n∑
=1

(4)

where N is the number of training samples, and the subscripts indicate the sample number. To minimize
the loss function, a scaled conjugate gradient algorithm could be used [35].
2.1.2. Softmax Layer
A softmax layer is a single-layer neural network that classifies its inputs by mapping them
into a finite number of output classes. This layer is typically the last layer of a stacked network of
autoencoders that performs classification. For a network that consists of M autoencoders, the softmax
layer can be represented mathematically as
y = f (W( M +1) x( M ) + b ( M +1) ),

(5)

Aerospace 2018, 5, 50

5 of 22

where W( M+1) and b( M+1) are the weights and the bias of the softmax layer. The activation function of
a softmax layer is named a “softmax function”. This differentiable function is defined as
f (x) =

ex
,
∑ ex

(6)

in which the summation is over the elements of x.
Unlike autoencoders, the training process of a softmax layer is supervised. In other words, this
( M)

process requires a set of training samples, and for each of them (i.e., for each xn ), the corresponding
class tn needs to be known. In this notation, all elements of the vector t(n) are equal to zero except
( M)

for one of them that indicates the class membership. For example, if xn belongs to the jth class,
only the jth element of t(n) is one. To train a soft max layer, a cross-entropy loss function is usually
minimized [36]:
N

E = − ∑ (tn · ln y(xn

( M)

)),

(7)

n =1

2.1.3. Fine-Tuning
Fine-tuning is the process of updating the weights and biases of an entire deep learning network.
Fine-tuning is usually performed after all layers of the network are individually trained. In this
process, the pre-trained values for the weights and biases are used as initialization for minimizing the
cross-entropy loss function of the entire network:
N

E = − ∑ (tn · ln y(xn )),
(1)

(8)

n =1

2.2. Convolutional Neural Networks
Convolutional neural networks are deep learning networks that take images as input. Unlike
traditional neural networks that their layers are one dimensional, each layer of a convolutional neural
network has three dimensions: width, height, depth (see Figure 2a). For example, the input layer of a
network that takes color images has two dimensions for the width and height of the input images and
the third dimension for its color channels. In the consecutive layers of a convolutional neural network,
from the input layer to the output layer, the width and height of the layers gradually decrease, but their
depth increases. This decrease continues in such a way that the width and height of the output layer
are equal to one.
In convolutional neural networks, unlike traditional neural networks that each neuron is fully
connected to all neurons in the previous layer, the neurons are only connected to a small region in their
previous layer. This region is named the “receptive field” of the neuron (see Figure 2). This architecture
allows the number of tunable parameters (i.e., weights and biases) remain manageable even for large
input images. This particular feature makes the training time of the convolutional neural networks
less sensitive to the size of the input data than the staked autoencoders.
Figure 2c visualizes two parameters that control receptive fields: stride and zero-padding.
In particular, the stride parameter defines the distance between the receptive fields of two neighbor
neurons. Zero-padding is another parameter that controls the interactions of the receptive fields with
the edges of the previous layer. Specifically, this parameter defines the number of added zeros to the
edges of the previous layer. Both stride and zero-padding are non-tunable parameters that remain
constant during the learning process.
Each layer of a convolution neural network consists of multiple channels (see Figure 2).
The numbers of channels define the depth of a layer. For each channel, there is a dedicated image
processing filter that its output defines the neuron values. Depending on the type of the layer,
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Max-pooling layers have the same number of channels as their input layer. In this type of layer,
the receptive fields are two dimensional and only apply to the height and width (not depth) of the
corresponding channel in the previous layer. The neurons of a max-pooling layer calculate the
maximum value in their receptive field:

x(i ) = max(x(ri −1) ) .

(11)
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the corresponding channel in the previous layer. The neurons of a max-pooling layer calculate the
maximum value in their receptive field:
( i −1)

x(i) = max(xr
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2.3. Overfitting Mitigation in Training Deep Netwoprks
2.3. Overfitting Mitigation in Training Deep Netwoprks
Almost all machine learning algorithms, including neural networks, are susceptible to
Almost all machine learning algorithms, including neural networks, are susceptible to overfitting.
overfitting. Overfitting means that the network is so specialized to the training examples that it
Overfitting means that the network is so specialized to the training examples that it cannot generalize
cannot generalize its input-output map to an unseen dataset. In this case, the network achieves a
its input-output map to an unseen dataset. In this case, the network achieves a minimum loss function
minimum loss function only for the training dataset rather any unseen data.
only for the training dataset rather any unseen data.
Several approaches exists to avoid overfitting: regularization, cross-validation, and dropout
Several approaches exists to avoid overfitting: regularization, cross-validation, and dropout [27,36,40].
[27,36,40]. In particular, regularization ensures generalization by penalizing large weights and biases.
In particular, regularization ensures generalization by penalizing large weights and biases. Since such
Since such large values specialize the deep learning network to specific patterns, enforcing smaller
weights and biases prevents overfitting to such patterns [36].
Cross-validation is another approach to avoid overfitting [36]. This approach withholds a subset
of training dataset, which is named the “validation set”, from the gradient descent algorithm. Crossvalidation uses the value of the loss function on the validation set as the stopping criteria for the
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large values specialize the deep learning network to specific patterns, enforcing smaller weights and
biases prevents overfitting to such patterns [36].
Cross-validation is another approach to avoid overfitting [36]. This approach withholds a
subset of training dataset, which is named the “validation set”, from the gradient descent algorithm.
Cross-validation uses the value of the loss function on the validation set as the stopping criteria for
the training procedure. Therefore, the gradient descent algorithm uses the training set to update
the weights and biases of the network, but it stops when the loss function is minimized on the
validation set.
Dropout is another regularization technique mostly used in convolutional neural networks.
This technique adds an additional layer to the network. The added layer randomly ignores some of its
input neurons during the training process [40]. In other words, this technique forces other neurons to
step in and make predictions instead of the missing neurons. In this way, the network becomes less
sensitive to any specific neuron, and the dropout layer makes it less likely for the network to overfit to
the training data. To be more effective, the dropout layer is usually applied before the fully connected
layer of a convolution neural network.
3. Acoustic Emission Source Localization with Deep Learning
This study uses deep learning to identify the zone in which AE occurs. To achieve this goal, deep
learning uses a set of AE waveforms and their corresponding source locations as training examples
and constructs a nonlinear map between the waveforms and the source locations. In this process, deep
learning leverages the reverberation patterns as well as the multimodal and dispersive characteristics
of AE waveforms to determine their source location.
Deep learning has the advantage of leaning directly from signals and images, rather features
extracted from them. In the context of AE source localization, this eliminates the need to extract features,
such as time of arrival. To leverage multimodal and dispersive characteristics of AE waveforms,
this study applies deep learning directly to a time-frequency transform of AE waveforms. In particular,
a continuous wavelet transform is used.
The wavelet transform is widely used in various structural health monitoring applications [41–47].
Let r (t) be an input signal. The wavelet coefficients are defined as:

C( f , τ ) = p

+∞
Z

1
s( f )

−∞

r (t)Ψ∗ (

t−τ
)dτ.
s( f )

(12)

In this equation, τ is the translation parameter, s is the non-dimensional scale parameter defined
as s( f ) = f c · f s / f , and Ψ∗ is the complex conjugate of the mother wavelet Ψ(t). This study uses a
complex Morlet mother wavelet:
Ψ(t) = p

1
t2
exp(2π f c jt − ).
fb
π fb

(13)

The following subsections explain how stacked autoencoders and convolutional neural networks
may use the continuous wavelet coefficients of AE waveforms to localize AE sources.
3.1. Stacked Autoencoders
The input to stacked autoencoders is a one-dimensional signal. To construct a multi-frequency
representation of AE waveforms, this paper converts the modulus of the wavelet coefficients to
a one-dimensional pattern (see Figure 4). In particular, a few frequencies are selected from the
most dispersive and high-amplitude frequency range of AE waveforms. In this study, this range
approximately starts from 25 kHz and ends at 500 kHz. While selecting more frequencies will feed
more information to the stacked autoencoders, it will also increase the size of the input pattern and
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hence the computation time. To balance this trade-off, this study uses three frequencies. Specifically,
75 kHz, 200 kHz, and 325 kHz are selected to respectively represent the low-, mid-, and high-frequency
contents in this range. Then, a fixed 500 µs-long window (starting from −10 µs to 490 µs) is used
to resample the moduli of the wavelet coefficients. The size of the temporal window is selected in
such a way that includes multiple reflections from the geometric features of the structure. While a
longer window will include more reflections, it will increase the size of the input pattern to deep
learning networks and hence the computation time. In other words, here there is another tradeoff
between the accuracy and computation time, which, in this case, is balanced with a 500 µs-long
window.
The5,resampling
is performed at frequencies that are as twice as the three wavelet frequencies
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3.2. Convolutional Neural Networks
The input to convolutional neural networks is a multi-dimensional signal, which is usually a
two-dimensional image. This allows directly using the modules of the wavelet coefficients as input
to this deep learning network. As Figure 6 shows, this study normalizes the moduli of wavelet
coefficients and converts it to an input image. In this process, wavelet coefficients are calculated at
multiple frequencies, which are selected from the most dispersive and high-amplitude frequency range
of AE waveforms (in this study, 25 kHz to 500 kHz). Since convolutional neural networks are less
sensitive to large inputs than stacked autoencoders, this study uses six frequencies. As discussed
in Section 2.2, this flexibility is due to the deployment of “receptive fields” in convolutional neural
networks. In particular, the six frequencies start with 75 kHz and with the steps of 75 kHz end at
450 kHz. These six frequencies constitute the vertical axis of the input image. In the time domain,
the horizontal axis of the input image corresponds to the same time window used for the stacked
autoencoders (−10 µs to 490 µs). However, for this axis, the modules of the wavelet coefficients are
Aerospace
2018,every
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All convolutional layers pad a zero pixel in all four directions (i.e., left, right, top, and bottom).
Since the height and width of all convolutional filters is 3 × 3, this zero-padding ensures that the
height and width of images remain the same before and after the convolutional layers. However, the
number of the filters used in the convolutional layers gradually increase the depth of images (i.e.,
their number of channels). In particular, the convolutional layers increase the depth from 1 to 16, and
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Unlike convolutional and max pooling layers, as Figure 7 shows, the dropout layer does not
4. Experiments
change the size of the images. However, the fully connected layer reduces their width and height to
Figure 8 shows the experimental setup used to evaluate the effectiveness of the proposed deep
one while matching the depth with the number of output classes. Since this study performs zonal
learning approaches. In particular, the specimen was a 6061-T6 aluminum plate (914.4 mm × 914.4 mm
× 3.2 mm). To simulate a realistic plate-like structure with a stiffener, a one-inch-wide aluminum
strip (the same material and thickness) was fastened to the back of the plate with five 1/4” (6.35 mm)
rivets (see Figure 8b). The rivets are numbered in Figure 8a. To collect AE waveforms, the plate
was instrumented with only one AE sensor (PICO, Physical Acoustics Corporation) (see Figure 8a).
The main reason to select the PICO sensor was its broad-band frequency response. Based on the
recommendation of previous studies, the location of the sensor was selected away from the symmetry
lines of the plate [20,21]. Specifically, it was attached at the coordinates (63.5 mm, 190.5 mm) relative to
the lower left corner of the plate. It is important to mention that the sensor could have been affixed to
any other location on the plate if it had been offset against symmetries. However, symmetric locations,
such as the center of the plate, should be avoided. To fix the sensor in its place, hot glue was used.
In order to simulate fatigue cracks that usually initiate from rivets and fastener holes,
416 Hsu-Nielsen pencil lead break tests were performed [25]. In particular, thirteen zones were
considered on the plate (see Figure 8a), and 32 Hsu–Nielsen sources were simulated in each. In the first
five zones, as Figure 8c shows, 32 AE sources were simulated next to each rivet connection. Specifically,
the tests included the four sides of each rivet (right, left, top, and bottom) and four distances from
the edge of each rivet: 0.8 mm, 1.6 mm, 3.2 mm, and 6.4 mm. For each of these 16 combinations,
the Hsu–Nielsen tests were repeated twice. Zones six to nine were square areas that had a two-inch
clearance from the edges and the center lines of the plate. In each of these four zones, 32 Hsu–Nielsen
AE sources were simulated. In each zone, simulations were performed at a 4 × 4 grid and at each
grid intersection, the tests were repeated twice. In zones ten to thirteen, Hsu-Nielson sources were
simulated at the edge of the plate. In each zone, 32 pencil lead break tests were performed at sixteen
locations. Specifically, the tests were spaced by a two-inch distance, and each test was repeated

a zone of the structure.
Convolutional neural networks can nonlinearly map their inputs to their outputs. The sources
of nonlinearity in the network used in this study can be classified into three groups: (1) the rectified
linear units (ReLU) that are used as the activation function of the convolutional layers, (2) the downAerospace
2018,performed
5, 50
12 of 22
sampling
in the max pooling layers, and (3) the final softmax layer.
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Figure 8. (a) Experimental setup, thirteen zones are labeled in the image; (b) stiffener on the back of
Figure 8. (a) Experimental setup, thirteen zones are labeled in the image; (b) stiffener on the back of
plate; (c) a pencil lead break test next to a rivet (zones 1–5); (d) a pencil lead break test at the edge of
plate; (c) a pencil lead break test next to a rivet (zones 1–5); (d) a pencil lead break test at the edge of
the plate (zones 10–13).
the plate (zones 10–13).

5. Results
This section presents the results obtained from the stacked autoencoders and the convolutional
neural network. For the first experimental scenario, the results obtained during the training phase
of both deep learning networks as well as final zonal localization results are presented. In this
experimental scenario, the focus is only on the first five zones. These zones correspond to the AE
source simulated near the five rivet connections. Figure 9 shows samples of AE waveforms used to
train, validate, and test the two deep learning approaches. Deep learning leverages the difference

This section presents the results obtained from the stacked autoencoders and the convolutional
neural network. For the first experimental scenario, the results obtained during the training phase of
both deep learning networks as well as final zonal localization results are presented. In this
experimental scenario, the focus is only on the first five zones. These zones correspond to the AE
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source simulated near the five rivet connections. Figure 9 shows samples of AE waveforms used to
train, validate, and test the two deep learning approaches. Deep learning leverages the difference
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5.1. Stacked Autoencoders
Figure 10 visualizes the learning curves of the stacked autoencoders used in the first experimental
scenario of this study. In particular, Figure 10a,b correspond to the unsupervised training of the first and
second autoencoders, Figure 10c belongs to the supervised training of the softmax layer, and Figure 10d
corresponds to the supervised fine-tuning of the entire deep learning network. All four cases use
a scaled conjugate gradient algorithm [35] for training. While the autoencoders use a mean square
error as their loss function (see Equation (4)), a cross-entropy loss function was minimized for the
softmax layer and the entire network (see Equations (7) and (8)). To avoid overfitting, a weight decay
regularization term was added to the loss functions. In addition, in all four cases, the optimization
was stopped when the global minimum was achieved on the validation data. In the graphs, the global
minimum is indicated as the “best” results. For example, the global minimum for the first autoencoder
was reached after 448 steps of training.
Figure 11 shows the input and output of the autoencoders for a randomly selected pattern
from the testing dataset of the first experimental scenario. Since this specific pattern was never
used in the training and validation processes, it is considered new data. Figure 11a,b respectively
correspond to the first and second autoencoders. While the first autoencoder reconstructs the 149 input
patterns, the second autoencoder reconstructs the 40 encoded features by the first autoencoder. Both
figures demonstrate that the two autoencoders can successfully reconstruct their input. In addition,
Figure 11c compares the input patterns with their reconstructed version by the combination of the two
autoencoders. This figure, in particular, also demonstrates negligible information loss after two layers
of encoding and decoding. To produce the reconstruction plot, the output of the second autoencoder
was decoded by the first autoencoder.
Figure 12 contains localization results obtained from the stacked autoencoders used in the first
experimental scenario. In particular, the deep learning network was tested on 16 randomly selected
Hsu–Nielsen pencil lead break tests. These 16 waveforms consist of respectively five, one, three, three,
and four AE sources at the first to fifth rivet connections. The confusion matrix shows that the network
successfully identified the corresponding rivets to all 16 tests. For example, the first entry of the matrix
reads as the testing subset included five randomly selected AE sources that were simulated at the first
rivet and all five of them were correctly localized.

experimental scenario. In particular, the deep learning network was tested on 16 randomly selected
Hsu–Nielsen pencil lead break tests. These 16 waveforms consist of respectively five, one, three,
three, and four AE sources at the first to fifth rivet connections. The confusion matrix shows that the
network successfully identified the corresponding rivets to all 16 tests. For example, the first entry of
the matrix reads as the testing subset included five randomly selected AE sources that were simulated
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Figure 13 shows the confusion matrix of the stacked autoencoders in the zonal localization of
the second experimental scenario. Similar to the first experimental scenario, the stacked autoencoders
were able to localize all AE sources. In this case, the testing set of the second experimental scenario
included 42 AE sources that were randomly selected from a database of 416 simulated AE sources. It
is important
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neural network. Since in plate-like structures AE sources excite guided ultrasonic waves (Lamb
waves in particular) and the propagation velocities of these waves are a function of frequency, the
arrival time is not the same across frequencies. To calculate late arrivals, the Multipath ray tracking
algorithm [23] was used to track the propagation paths of the Lamb waves from each rivet to the
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Figure 15b shows analytically calculated arrival time for edge-reflected late arrivals that appear in
the coda of AE waveforms. Specifically, the arrival times are shown for different frequencies. The time
and frequency ranges are the same as the ones used for the input images of the convolutional neural
network. Since in plate-like structures AE sources excite guided ultrasonic waves (Lamb waves in
particular) and the propagation velocities of these waves are a function of frequency, the arrival time is
not the same across frequencies. To calculate late arrivals, the Multipath ray tracking algorithm [23]
was used to track the propagation paths of the Lamb waves from each rivet to the sensor (see Figure 16).
Then, the dispersion curves of the first symmetric (S0 ) and anti-symmetric (A0 ) Lamb wave modes
were used to convert the propagation distance of each path to its propagation time (i.e., its time of
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16 of 21
flight). It is assumed that the high-frequency content (425 kHz specifically) of the faster propagating
mode (i.e., S0 ) triggers the AE system. Accordingly, the time of flights of the higher amplitude mode
(i.e.,
A0 ) were
to REVIEW
the arrival times.
Aerospace
2018,converted
5, x FOR PEER
16 of 21

Figure 15. Three arrival groups: (a) deep dreams, (b) theoretical.

Figure 16 shows some possible propagation paths that connect the second and fourth rivets to
the sensor. The paths are grouped based on their first reflecting boundary. For the sake of simplicity,
only paths that interact with the left, bottom, or top boundaries are visualized. In addition, only paths
with up to two reflections
considered.
is because
the
longer (b)
propagation
Figurewere
15. Three
arrivalThis
groups:
(a) deep
dreams,
theoretical.paths, on which
Figure 15. Three arrival groups: (a) deep dreams, (b) theoretical.
more reflections may occur, arrive after the 500-μs-long time window considered in this study.

Figure 16 shows some possible propagation paths that connect the second and fourth rivets to
the sensor. The paths are grouped based on their first reflecting boundary. For the sake of simplicity,
only paths that interact with the left, bottom, or top boundaries are visualized. In addition, only paths
with up to two reflections were considered. This is because the longer propagation paths, on which
more reflections may occur, arrive after the 500-μs-long time window considered in this study.
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Figure 17 shows the sensitivity map of the convolutional neural network. In this figure, the
brighter the color map, the more sensitive the deep learning network to that particular part of the
image. To produce these images a moving 10 × 4 occlusion window was used, and the average
accuracy of the network was tested on each of the five rivets. As the figure shows, the network is the
most sensitive to the arrival time of the three propagation groups identified in Figure 16. In addition,
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dispersive region of the higher-amplitude Lamb wave mode that dominates the AE waveform (i.e.,
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Comparing Figure 15a,b, it could be seen that the convolutional neural network has learned the
frequency-dependent reverberation patterns that appear in the coda of AE waveforms. Since the sensor
was placed away from the lines of the symmetry of the plate, there is always a difference in the arrival
time of the reflections that come to the sensor from different edges. Deep learning leverages such time
differences and learns how to interpret them in terms of the location of AE sources. If one uses the first
boundary of the plate (left, bottom, or top) that reflects the waves in each propagation path to divide
the late arrivals into three groups, the arrival time of the three groups match with the high amplitude
areas identified in Figure 15a. From the first to last rivet, it takes more time for the first two groups to
arrive at the sensor. In addition, the higher the rivet number, the later that the second group arrives
than the first group. In contrast with the first two groups, the arrival time of the third group decreases
from the first to last rivet.
Figure 16 shows some possible propagation paths that connect the second and fourth rivets to the
sensor. The paths are grouped based on their first reflecting boundary. For the sake of simplicity, only
paths that interact with the left, bottom, or top boundaries are visualized. In addition, only paths with
up to two reflections were considered. This is because the longer propagation paths, on which more
reflections may occur, arrive after the 500-µs-long time window considered in this study.
Figure 17 shows the sensitivity map of the convolutional neural network. In this figure,
the brighter the color map, the more sensitive the deep learning network to that particular part
of the image. To produce these images a moving 10 × 4 occlusion window was used, and the average
accuracy of the network was tested on each of the five rivets. As the figure shows, the network
is the most sensitive to the arrival time of the three propagation groups identified in Figure 16.
In addition, the network is more sensitive to the lower frequencies. These frequencies correspond to
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Figure 19 shows the confusion matrix of the convolutional neural network for the second
experimental scenario. Overall, the accuracy of the network was 95.2%. Out of 42 pencil lead break
tests, except for two, all simulated AE sources were correctly localized. One of the localization errors
was for a source in zone nine (i.e., the top right surface of the plate) that was inaccurately localized
in zone five (i.e., the topmost rivet). In this case, the two zones are next to each other. The other error
was for a source in zone eight (i.e., the top left surface of the plate), which was confused with a source
in zone eleven (i.e., the bottom right edge of the plate).

was for a source in zone nine (i.e., the top right surface of the plate) that was inaccurately localized
in zone five (i.e., the topmost rivet). In this case, the two zones are next to each other. The other error
was for a source in zone eight (i.e., the top left surface of the plate), which was confused with a source
in zone eleven (i.e., the bottom right edge of the plate).
The2018,
time
required to train the convolutional neural network on a core-i5 processor was1823
s.
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However, it only takes less than 2 milliseconds for a trained network to localize a source.

Figure 18. Confusion matrix of the convolutional neural network for the first experimental scenario.
Figure 18. Confusion matrix of the convolutional neural network for the first experimental scenario.
Localization zone here is the closest rivet to the AE source.
Localization zone here is the closest rivet to the AE source.

Figure 19 shows the confusion matrix of the convolutional neural network for the second
experimental scenario. Overall, the accuracy of the network was 95.2%. Out of 42 pencil lead break
tests, except for two, all simulated AE sources were correctly localized. One of the localization errors
was for a source in zone nine (i.e., the top right surface of the plate) that was inaccurately localized in
zone five (i.e., the topmost rivet). In this case, the two zones are next to each other. The other error was
for a source in zone eight (i.e., the top left surface of the plate), which was confused with a source in
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Figure 19. Confusion matrix of the convolutional neural network for the second experimental
Figure 19. Confusion matrix of the convolutional neural network for the second experimental scenario.
scenario.

The time and
required
to train the convolutional neural network on a core-i5 processor was 23 s.
6. Discussion
Conclusions
However, it only takes less than 2 milliseconds for a trained network to localize a source.
This paper used two deep learning approaches to localize AE sources within plates with
geometric features, such as rivet-connected stiffeners. In particular, stacked autoencoders and
convolutional neural networks were used. This paper leveraged the reflection and reverberation
patterns of AE waveforms as well as their dispersive and multimodal characteristics to localize AE
sources with only one sensor. To maximize the information attained by reflections, the sensor was
attached to a corner of the plate, and symmetric locations, such as the center of the plate, were
avoided. To train, validate, and test the deep learning networks, AE sources were experimentally
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6. Discussion and Conclusions
This paper used two deep learning approaches to localize AE sources within plates with geometric
features, such as rivet-connected stiffeners. In particular, stacked autoencoders and convolutional
neural networks were used. This paper leveraged the reflection and reverberation patterns of AE
waveforms as well as their dispersive and multimodal characteristics to localize AE sources with only
one sensor. To maximize the information attained by reflections, the sensor was attached to a corner of
the plate, and symmetric locations, such as the center of the plate, were avoided. To train, validate,
and test the deep learning networks, AE sources were experimentally simulated at the rivet connections
of an aluminum plate that had a stiffener. In particular, Hsu-Nielsen pencil lead break tests were used
for the simulations. The results showed that both deep learning networks can learn how to map AE
waveforms to their sources. These results demonstrate that the reverberation patterns of AE sources
contain pertinent information to the location of their sources. Overall, the performance and flexibility
of the two deep learning networks were comparable. While the stacked autoencoder achieved a slightly
better performance (100% accuracy versus 95.2%), the convolutional neural network was more flexible
in accepting more information-rich input in the frequency domain. In particular, six frequencies were
used for the convolutional neural network compared to three in the stacked autoencoders.
This paper successfully performed zonal AE source localization. In particular, AE sources that may
occur near rivet connections were localized. However, the current paper does not find the coordinates
of AE sources. To overcome this limitation, future research may consider replacing the softmax layer
of the deep learning networks with a regression layer and using a larger training data [49]. To generate
a larger training data, future research should also focus on automating the process of simulating AE
sources. For example, numerical simulations and/or robotic solutions could be investigated. While this
study leveraged the broad-band frequency response of a PICO sensor to localize AE sources, in future,
additional tests need to be performed to evaluate how a flat response would potentially improve
source localization with deep learning. In addition, this paper used Hsu–Nielsen tests to simulate
fatigue cracks. To verify the performance of the proposed deep learning approaches under actual states
of stress, future researchers should perform more formal tests on real propagating cracks. Another
option could be Hsu–Nielsen test performed at various depths inside rivet connections. Moreover,
the scope of this paper was limited to embedded and permanently attached monitoring systems that
require one-time training before deployment. Since deep learning can also learn to generalize over the
differences between different sensors and structures, future studies may investigate the idea of training
a deep learning network on one structure and deploying the network on another similar structure.
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