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 A B S T R A C T

Voids in the subsurface pose significant challenges to infrastructure stability and safety, often leading to 
structural failures and costly repairs. In this study, we propose a deep convolutional neural network (DCNN) 
framework for elastodynamic imaging of voids in a semi-infinite soil domain truncated by non-convolutional 
second-order complex-frequency-shifted perfectly matched layers (CFS-PML). The method employs element-
wise classification to map void probabilities within the domain using elastodynamic surface responses from 
non-scanning type probing. The training datasets are generated using a level-set wave solver, producing input-
layer features from measured surface responses and output-layer features as element grid maps indicating 
void probabilities. The DCNN is trained to predict the void probability in each element and reconstructs 
targeted voids by clustering high-probability elements. Numerical results demonstrate that, via rigorous out-
of-distribution tests, the proposed DCNN can effectively detect and image voids, including those with complex 
shapes that were not even included in training data. The model’s performance remains stable under receiver 
uncertainties, including measurement noise and random tilting, with noise-trained models showing notably 
improved robustness. It also yields reasonable predictions under sparse receiver layouts and maintains stable 
performance across material-property variations. Compared with full-waveform inversion, our DCNN offers 
more accurate reconstructions, making void locations clearer. This study highlights the potential of integrating 
advanced deep-learning techniques with wave propagation models for improved subsurface exploration and 
characterization.
1. Introduction

Detecting subsurface voids—e.g., underground cavities, karst for-
mations, natural caves within ground structures, and voids between 
concrete pavement and a sublayer—is critical for maintaining the 
integrity and safety of various infrastructures, including tunnels, roads, 
and buildings (De Giorgi and Leucci, 2014). These voids can cause 
ground subsidence, structural failures, and catastrophic collapses. Tra-
ditional methods, such as standard penetration testing (SPT) and cone 
penetration testing (CPT), provide direct measurements but require 
invasive drilling, rendering them impractical for large-scale surveys. 
Non-destructive testing (NDT) techniques have emerged as a practical 
solution to address these challenges, enabling the detection of subsur-
face voids without excavation. NDT methods are particularly effective 
for surveying extensive areas while minimizing environmental and 
structural disruption (Gupta et al., 2022; Rahimi et al., 2024).

∗ Corresponding author at: School of Engineering and Technology, Central Michigan University, Mount Pleasant, MI 48859, USA.
E-mail address: jeong1c@cmich.edu (C. Jeong).

Among these NDT techniques, electrical resistivity tomography 
(ERT) is utilized to image underground anomalies by measuring subsur-
face resistivity (Saad et al., 2012; Park et al., 2014; Bharti et al., 2016). 
However, ERT faces limitations, particularly in environments with low 
resistivity contracts or high noise sensitivity, which makes it difficult to 
obtain high-resolution images of subsurface voids (Oldenborger et al., 
2005). Ground penetrating radar (GPR) has been widely used to detect 
subsurface voids by utilizing electromagnetic waves (Thitimakorn et al., 
2016; Luo and Lai, 2020; Dai et al., 2022).  A GPR sensor device 
that integrates both a transmitter and receiver is used in a scanning 
mode over a surface. At each scan position, the device excites and 
receives electromagnetic waves, and the collected A-scan signals are 
combined to form B-scan images along each scanning line. The B-scan 
images provide cross-sectional views where the signal response to a 
target is typically strongest when the probe is positioned directly above 
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the feature. Recently, ML-based feature extraction methods have been 
studied for characterizing anomalies, such as a void or water-bearing 
cavity, from B-scan images of GPR applied at subsurface (Li et al., 
2025a,b; Zhang et al., 2025a). An ML-trained feature-extraction model 
automatically learns characteristic patterns in the B-scan associated 
with specific targets and effectively enables automated defect detection. 
However, the method may need a second opinion for the cases when 
the wave signals from a lower void, out of vertically-aligned voids, is 
not noticeable in B-scan image or when scanning-like probing is not 
available due to a logistical challenge or constraints at inspected sites. 

Several studies have investigated surface-based seismic waves (e.g.,
Rayleigh or Love waves) for imaging near-surface to detect defects such 
as cavities (Nasseri-Moghaddam et al., 2007; Rahnema et al., 2022), 
water leaks of pipes (Dashwood et al., 2020), and damage to structural 
cracks (Xu et al., 2022). While these surface waves can effectively 
probe the near-surface layers, they suffer from limited resolution and 
accuracy at deeper depths (Giammarinaro et al., 2023). Recognizing the 
need for improved subsurface characterization, advanced methods like 
full-waveform inversion (FWI) have been explored. FWI utilizes both 
surface and body waves (i.e., P and S waves), without scanning-type 
sensing, to provide a detailed characterization of subsurface material 
properties (Tran et al., 2013). FWI iteratively updates material profiles 
by solving an optimization problem that minimizes the misfit between 
observed and simulated waveforms, offering higher resolution and ac-
curacy for detecting anomalies in the wave speed distribution (Virieux 
and Operto, 2009; Kallivokas et al., 2013; Kucukcoban et al., 2019; 
Mirzanejad et al., 2021; Liu et al., 2023; Kim et al., 2025). How-
ever, because FWI typically requires repeated forward and adjoint 
simulations throughout the inversion process, it leads to significant 
computational cost and is therefore unsuitable for real-time character-
ization. To overcome these limitations, Aaker et al. (2021) introduced 
a significant reduction in computational time by up to 92% using time-
space tiling on graphics processing units (GPUs). However, despite 
these advancements, it remains ineffective for real-time detection. The 
FWI of wave velocities in the subsurface can only reconstruct a tar-
geted void as areas of low wave speeds because the continuum solid 
model in the material inversion cannot accommodate the vanished 
wave speeds. It hardly delineates the void because the gradient of 
a misfit function with respect to the void’s boundary information is 
hard to calculate analytically or semi-analytically. In efforts to address 
this limitation, recent advancements in machine learning (ML) have 
demonstrated strong potential for reducing the computational costs of 
traditional optimization-based approaches of FWI. For instance, Wu and 
Lin (2018) developed a data-driven model that utilizes CNN to perform 
accurate and rapid characterization of subsurface velocity distribution 
in a truncated domain, effectively identifying flat and curved layered 
profiles.

Building on these advancements, we study a data-informed ML 
framework to clearly image voids within a semi-infinite soil domain 
using a computationally-efficient and robust ML approach without 
using scanning-type sensing. To achieve this, first, a perfectly matched 
layer (PML) is employed as a wave-absorbing boundary condition, 
effectively truncating the unbounded physical domain and focusing 
computations on the region of interest (Berenger, 1994; Francois et al., 
2021; Kang and Kallivokas, 2010; Kucukcoban and Kallivokas, 2011; 
Fathi et al., 2015; Kim and Kang, 2019, 2024; Zhang et al., 2024, 
2025b). In particular, the presented work utilizes non-convolutional 
second-order CFS-PML (Francois et al., 2021) because of its ease of 
implementation, but the method is scalable to other PML formulations 
or absorbing boundary conditions.

Secondly, this work leverages an element-wise classification (Pranto 
et al., 2023; Kim et al., 2024), which has been recently developed for 
producing the probability map for each element being void from elas-
todynamic wave responses at sensors, enabling the accurate imaging 
of target voids with arbitrary shapes and quantities. The element-
wise classification approach can address the limitations of the existing 
2 
ML-based void imaging methods. Namely, ML has been applied to 
image internal defects by utilizing surface measurement data in thin 
plates (Jiang et al., 2022), laminated composites (de Assis and Gomes, 
2021), and rectangular cuboids in 3D polymer structures (Niu and 
Srivastava, 2022). However, these methods rely on using specific shape 
parameters (e.g., circle diameter, ellipse size and orientation, square 
edge length, or V-notch angle) as output-layer features of ML models, 
which require prior assumptions about the shapes or the number of 
defects.

Overall, this study presents a DCNN architecture capable of de-
tecting voids of arbitrary location, size, and shape in PML-truncated 
layered solids. The presented method requires a-prior information of 
background stratigraphy that can be obtained from SASW, MASW, or 
FWI material inversion analysis. Once the strata’s material profile is 
determined, the presented machine learning process can be utilized to 
clearly image hidden voids within the strata. The presented method is 
gradient-free and benefits from training data produced by a level-set 
wave solver (Chatzi et al., 2011; Jung et al., 2013; Sun et al., 2014), 
which effectively models voids with vanishing wave speed.

The remaining sections of the paper are organized as follows. In 
Section 2, we briefly describe the level-set wave solver, which is used 
for forward modeling to generate training data. Then, in Section 3, 
we introduce the configurations of the domain that includes voids of 
various sizes, shapes, and locations to generate training data using the 
element-wise classification method. The training data consists of input-
layer features (i.e., elastodynamic surface responses) and output-layer 
features (i.e., the element-wise classification map). Section 4 presents 
a methodology of a DCNN architecture and evaluation metrics. In 
Section 5, we present the performance of our CNN using in-distribution 
test datasets produced by our level-set wave solver. Finally, Section 6 
presents parametric studies on out-of-distribution test datasets pro-
duced by ANSYS to evaluate the model under receiver uncertainties, 
sparse layouts, and material variations and provides a comparative 
study with FWI.

2. Forward modeling

2.1. Wave physics

In this paper, we present a data-informed DCNN framework to 
detect underground voids within a 2D layered solid domain using wave 
responses, induced by a single wave source at a fixed location, mea-
sured at surficial receivers. To obtain surface responses, we simulate 
the propagation of elastic waves in a semi-infinite layered solid with 
internal voids, as shown in Fig.  1(a). We utilize the wave-absorbing 
boundary condition, non-convolutional second-order CFS-PML, to trun-
cate the unbounded domain (Francois et al., 2021; Guidio et al., 2024). 
The semi-infinite domain has been rendered finite by introducing a 
wave-absorbing buffer 𝛺CFS-PML, as depicted in Fig.  1(b). Within the 
interior domain 𝛺𝑖, displacement responses are calculated without 
reflections from the truncated boundary. We assume that the domain is 
composed of linear, isotropic, and elastic solids with voids under plane-
strain conditions. The fixed boundary conditions constrain the right, 
left, and bottom perimeters of the PML, and the domain’s initial state 
is at rest.

2.2. Level-set wave solver

We apply the conventional level-set method (Jung et al., 2013; 
Sun et al., 2014), using the finite element approximation to compute 
elastodynamic surface waves in a solid containing voids as input-layer 
features in training data. This method does not require re-meshing 
when the shape of the voids is updated (Pranto et al., 2023). Namely, 
the solid’s displacement 𝐮 in an element is approximated as: 

𝐮ℎ(𝑥, 𝑦, 𝑡) = 𝑉 (𝑥, 𝑦)
𝑁𝑛
∑

𝜙𝑖(𝑥, 𝑦)𝐮𝑖(𝑡), (1)

𝑖=1
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Fig. 1. The semi-infinite domain and the PML-truncated finite computational domain.
Fig. 2. An illustration of the level-set categorization of void and non-void elements for a 9-node element.
where 

𝑉 (𝑥, 𝑦) =

⎧

⎪

⎨

⎪

⎩

0, if (𝑥, 𝑦) is determined as a part of a void element,
1, if (𝑥, 𝑦) is determined as a part of a non-void element.

(2)

We formulate Eq. (1) using 9-node quadrilateral elements, nodal 
displacements 𝐮𝑖, and local shape functions 𝜙𝑖 at the 𝑖th node, where 
𝑁𝑛 denotes the number of nodes in an element. As shown in Fig.  2, 
elements whose centroid and at least four of their nine nodes fall inside 
the original void outline are marked as void elements. In this case, 
𝑉 (𝑥, 𝑦) = 0. In all other cases, an element is considered as a non-void 
element, 𝑉 (𝑥, 𝑦) = 1.

Following the global assembly of the system matrices and the force 
vector, the governing equation for the time-dependent displacement 
field vector is obtained. The global solution at each time step is then 
computed using the Newmark integration scheme (Newmark, 1959).

2.3. Verification of our level-set wave solver

To verify our level-set wave solver, we compare its numerical 
solutions at receiver locations with those obtained using the third-
party simulator, ANSYS Mechanical, in an enlarged domain with fixed 
boundaries. As shown in Fig.  3, the domain is 400 × 200 m, ensuring 
3 
that reflections from the fixed boundaries do not enter the compu-
tational domain of interest during the simulation. We compare the 
displacement-time histories for domains with a circular void of its 
radius 5 m and its centroid at the depth of 20 m. The reference solutions 
are obtained using ANSYS’s automatic unstructured mesh generation, 
which explicitly models void boundaries with 8-node quadrilateral 
elements of an average size of 0.5 m. The grid is arbitrarily generated in 
consideration of the boundary of the void, as illustrated in Fig.  4. The 
shear wave velocity (𝑉𝑠) and dilatational wave velocity (𝑉𝑝) of each 
layer are depicted in Fig.  8. Ricker-pulse signal 𝐹 (𝑡), which is applied 
as a point node force signal in Eq. (3), is used by the wave source at 
(10, 50) m. It is utilized in a setting where its positive value is directed 
inward or toward the domain. The signal’s maximum amplitude is 100 
N/m, with 𝑓 = 20 Hz as its central frequency, as shown in Fig.  5, and 
the time step is 0.001 s. 

𝐹 (𝑡) =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

100
[(

0.25
(

2𝜋𝑓𝑡−3
√

6
)2

)

−0.5
]

𝑒
−0.25

(

2𝜋𝑓𝑡−3
√

6
)2

−13.𝑒−13.5

0.5+13.𝑒−13.5 , if 𝑡 ≤ 6
√

6
2𝜋𝑓 ,

0, if 𝑡 > 6
√

6
2𝜋𝑓 .

(3)

To further examine the wave propagation behavior simulated by our 
level-set wave solver, Fig.  6 presents sequential displacement ampli-
tude (|𝐮|) at different time instants. The wavefields radiate from the 
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Fig. 3. (a) Enlarged domain and (b) PML-truncated domain with voids of radius 5 m.
Fig. 4. (a) Structured mesh for our PML-level-set wave solver (white elements represent the void) and (b) unstructured mesh for ANSYS.
point source and propagate through the layered medium, scattering 
around the void boundary before being gradually absorbed by the 
PML without noticeable reflections from the outer boundary. These 
contour plots demonstrate that the proposed solver accurately repro-
duces wave propagation, scattering, and absorption phenomena within 
the computational domain. Fig.  7 presents the excellent agreement 
between displacement-time histories obtained using our PML-level-set 
solver and ANSYS at the receiver locations. Our observations indicate 
that the waves are effectively absorbed by the PML, and no significant 
reflections are observed from the fixed outer boundary. In addition, the 
level-set modeling is as effective as the explicit boundary meshing for 
modeling voids.

3. Data generation

3.1. Forward modeling parameters

To generate training data for machine learning simulations, we 
solve the forward problem with elliptical or triangular voids of varying 
numbers and shapes in each iteration. We consider a layered elastic 
medium surrounded by a 5 m thick PML on the left and right sides 
in the 𝑥-direction and 10 m thick at the bottom side of the 𝑦-direction. 
The interior domain is 40 m long and 40 m wide in a plane-strain setting 
discretized by an element size of 1 m. The entire domain is discretized 
into a structured mesh of 50 × 50 square elements. A schematic of 
the PML-truncated semi-infinite layered domain with the elliptical and 
triangular voids can be shown in Fig.  8.
4 
For the first layer, the shear wave velocity is 𝑉𝑠 = 150 m s−1, and 
the dilatational wave velocity is 𝑉𝑝 = 300 m s−1. For the second layer, 
𝑉𝑠 = 200 m s−1 and 𝑉𝑝 = 400 m s−1. For the third layer, 𝑉𝑠 = 250 
m s−1 and 𝑉𝑝 = 500 m s−1. For the fourth layer, 𝑉𝑠 = 300 m s−1 and 
𝑉𝑝 = 600 m s−1. The Poisson ratio 𝜈 = 1

3  and the mass density 𝜌 =

1500 kg/m3 are considered constant for all the layers. A Ricker-pulse 
signal with a central frequency of 20 Hz is applied as a point force 
located at (10, 50) m. The total simulation time for each iteration is 0.7 
s with a time step of 0.001 s. We record the measured displacement 
responses, both 𝑢𝑥 and 𝑢𝑦, using 41 receivers evenly placed on the top 
surface of our domain at a spacing of 1 m.

3.2. Randomizer

We generate up to two elliptical or triangular voids within the 
interior domain, each with random sizes and positions. As shown in 
Fig.  9(a), each elliptical void is centered at (𝑥0, 𝑦0), with a width of 2𝑚
and a height of 2𝑛, oriented at an angle 𝜃. In our datasets, ellipses have 
widths 2𝑚 ranging from 8 to 16 m, heights 2𝑛 ranging from 4 to 10 m, 
and angles 𝜃 ranging from 5◦ to 175◦. As illustrated in Fig.  9(b), each 
triangle is defined by an initial vertex at (𝑥0, 𝑦0), an angle 𝛼 from the 
𝑥-axis, followed by an internal angle 𝛽, and side lengths 𝑎 and 𝑏. In 
our datasets, triangular voids have angles 𝛼 ranging from 5◦ to 85◦, 𝛽
ranging from 20◦ to 85◦, and side lengths 𝑎 and 𝑏 ranging from 8 to 
16 m.

For bias-free training data, we randomly insert voids over the 
interior domain. We generate one or two voids in each dataset to have 
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Fig. 5. Time history and frequency spectrum of Ricker-pulse signal.
Fig. 6. Time-dependent displacement contour plots obtained from our level-set wave solver at several time instants.
unrelated parameter values. Despite any overlap between voids, we 
ensure that void elements are not double-counted.

3.3. Input and output layer features

Our data generation process starts with updating the voids’ lo-
cations, sizes, and numbers for each training sample. After defining 
the void geometry, we apply an element-wise classification labeling 
procedure to the computational domain based on the level-set ap-
proximation (Pranto et al., 2023; Kim et al., 2024). Every element is 
then labeled using the level-set approximation, assigning ‘‘1’’ to void 
elements and ‘‘0’’ to non-void elements. These binary output-feature 
labels are learned for DCNN to classify each element individually.

The use of element-wise labeling is an important part of our frame-
work. Instead of representing voids using predefined geometric param-
eters (e.g., size, shape, angle), our labeling process assigns a discrete 
class to every element independently. This removes any assumptions 
about the void’s shape or number and enables the DCNN to learn a 
5 
fully flexible, shape-agnostic mapping from wave measurements to the 
spatial distribution of voids. In effect, the labeling converts the imag-
ing task into a dense classification problem, allowing the network to 
reconstruct voids of arbitrary geometry, including complex, irregular, 
or previously unseen shapes.

At the same time, our in-house wave solver captures the displace-
ment field of the propagating wave responses at receiver locations for 
each randomly generated domain. These displacement-time histories 
constitute the input-layer features. Paired with the element-wise labels, 
they form a comprehensive dataset that enables the DCNN to learn the 
nonlinear relationships between wave patterns and the underlying void 
distribution. 

3.4. Data preparation

A total of 18,000 training datasets are generated, comprising three 
subsets of 6000 datasets corresponding to cases with 0, 1, and 2 voids, 
respectively. The datasets with one void are further divided into 3000 
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Fig. 7. Displacement-time histories recorded at top-surface receivers are compared between our PML–level-set solver and the ANSYS solution.
Fig. 8. A PML-truncated semi-infinite layered domain with the elliptical and 
triangular voids.

datasets with elliptical voids and 3000 datasets with triangular voids. 
The datasets with two voids are split into 2000 with two elliptical 
voids, 2000 with two triangular voids, and 2000 with one elliptical 
void and one triangular void. In our study, we divide the dataset 
into three subsets: training, validation, and test sets. We ensure that 
each subset has an equal representation of void categories, specific 
voids with different combinations of elliptical and triangular shapes, 
6 
to prevent bias toward any particular shape. The training set is used to 
train the neural network, while the validation set is used to evaluate 
its generalization ability on unseen data.

To facilitate effective training and interpretation of results, we 
standardized the displacement responses, which varied significantly 
(typically on the order of 10−𝑛, with 𝑛 varying widely across the 
dataset). This standardization, achieved using a simple normalization 
technique, scaled the displacement responses to fall within the range of 
[−0.5, 0.5]. The normalization is described by the following equation: 

𝐴𝑛𝑖𝑗𝑘 =
𝐴𝑖𝑗𝑘 − 𝐴meantrain

𝐴maxtrain − 𝐴
min
train

, (4)

where 𝐴𝑛𝑖𝑗𝑘 is the normalized displacement response, 𝐴𝑖𝑗𝑘 is the origi-
nal displacement response, and 𝐴meantrain , 𝐴maxtrain, and 𝐴mintrain represent the 
mean, maximum, and minimum displacement responses of the training 
set, respectively. This normalization process facilitates more stable 
training of the neural network and improves the interpretability of 
the results. Additionally, this standardized range ensures consistency 
when applying the trained model to the test dataset, thereby enhancing 
the model’s generalization performance and its applicability to unseen 
data (Maharjan et al., 2022).

4. Training and evaluation

4.1. Deep Convolutional Neural Network (DCNN)

In this study, we employ a DCNN, shown in Fig.  10, to identify 
voids within the PML-truncated domain by utilizing wave measurement 
data. The network architecture consists of multiple one-dimensional 
(1D) convolutional layers, each followed by a batch normalization layer 
to improve training stability and convergence (Maharjan et al., 2024). 
Each convolutional layer–batch normalization pair is regarded as a 
single convolutional block.
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Fig. 9. The parameters of the elliptical and triangular voids for random data generation.
Several hyperparameters that govern the model’s representational 
capacity and training efficiency are optimized within predefined search 
spaces (Table  1). The activation function is selected between Rectified 
Linear Unit (ReLU) (Nair and Hinton, 2010) and LeakyReLU (Maas 
et al., 2013) to control the nonlinearity and mitigate vanishing-gradient 
issues. The kernel initializer is chosen among Glorot normal, Glorot 
uniform, He normal, and He uniform to regulate the initial weight 
distribution and stabilize the optimization process (Glorot and Bengio, 
2010; He et al., 2015). The number of convolutional layers and the 
number of filters per layer determine the model depth and feature 
extraction capability, while the kernel size defines the receptive field in 
the temporal domain. The learning rate is adjusted to balance conver-
gence speed and stability, while optimizers such as Adam (Adam et al., 
2014), Nadam (Dozat, 2016), and RMSprop (Graves, 2013) control 
the gradient update strategy. An extensive hyperparameter search is 
performed to identify configurations that minimize the binary cross-
entropy loss on the validation dataset, ensuring optimal generalization 
performance.

The best configuration obtained in this study through the hyperpa-
rameter tuning process, together with the corresponding search ranges, 
is summarized in Table  1. In the final architecture, the output of 
the last convolutional block is passed through a flatten layer, which 
converts the learned feature maps into a 1D vector. This vector is then 
passed to a dense layer with a sigmoid activation function, yielding 
an element-wise probability value that indicates whether each of the 
2500 background elements in the computational domain corresponds 
to a void or a non-void element.

To visualize the predicted void distribution, the resulting 1D prob-
ability vector is reshaped into a 2D array (50 × 50 elements) whose 
resolution matches the background discretization of the computational 
domain.  For instance, the probability value in the first component of 
the vector indicates that of the pixel, located at the first row (from 
top to bottom) and first column (from left to right), in the 2D map. 
Likewise, Component 2 of the vector maps to the 2D map’s pixel at the 
row 1 and the column 2, and Component 51 of the vector corresponds 
to the 2D map’s pixel at the row 2 and the column 1 (see Fig.  10(e)). 
This 1D-to-2D redistribution is a standard practice in many numerical 
fields. For example, in finite element analysis, the solution is typically 
stored as a 1D vector but is mapped back to 2D or 3D fields for contour 
visualization. Similarly, in our framework, reshaping the element-wise 
probability vector into a 2D grid enables the irregular void profile to 
be displayed as a spatial damage map. 

The probabilistic predictions produced by the DCNN are further 
refined through a post-processing procedure to obtain coherent clusters 
of predicted void elements. Each 50 × 50 probabilistic map is smoothed 
using a Gaussian filter to compute local mean and variance, and then 
converted to a Z-score to identify strong probability values. Elements 
7 
with Z-scores higher than a prescribed threshold (𝑍 > 0.8) and prob-
abilistic amplitudes exceeding 50% of the local maximum are initially 
selected as defect regions for potential clusters. Finally, the detected 
clusters are binarized by classifying each element as void or non-void, 
resulting in the predicted clusters of void elements. 

We use the binary cross-entropy loss function, shown in Eq. (5), 
for computing the loss of the binary probabilistic output, and utilize 
an evaluation metric (see Eq. (7)) to monitor convergence. Addition-
ally, we implement callbacks to stop the neural network training if 
performance does not improve over five consecutive epochs. 

 = − 1
𝑀

𝑀
∑

𝑗=1

(

1
𝑁

𝑁
∑

𝑖=1
𝑌𝑖 log(𝑃𝑖) + (1 − 𝑌𝑖) log(1 − 𝑃𝑖)

)

𝑗

, (5)

In this equation, 𝑌𝑖 denotes the target label for the 𝑖th element, where 
‘‘1’’ and ‘‘0’’ represent void and non-void elements, respectively. 𝑁
represents the number of elements, 𝑀 the size of the training set, and 
𝑃𝑖 the model’s estimated void probability for element 𝑖, ranging from 0 
to 1.

4.2. Evaluation metrics

This section presents the variation of evaluation metrics throughout 
the training process. The following conventional evaluation metrics can 
be used to assess the performance of the CNN predictions for a binary 
classification problem: 

Accuracy = TP + TN
TP + FN + TN + FP × 100 (%), (6a)

Precision = TP
TP + FP × 100 (%), (6b)

Recall = TP
TP + FN × 100 (%), (6c)

F1-score = 2 × Precision × Recall
Precision + Recall × 100 (%), (6d)

 where TP, TN, FP, and FN denote the counts of true-positive, true-
negative, false-positive, and false-negative classifications within a spe-
cific dataset. In detail, TP is counted when the CNN accurately identi-
fies void elements as void, TN when non-void elements are correctly 
identified as non-void, FP when non-void elements are incorrectly 
classified as void, and FN when void elements are mistakenly classified 
as non-void.

Although metrics—Precision, Recall, and F1-score—are available 
for assessing the performance of a typical binary classification prob-
lem, only the Accuracy can consider both TP and TN. Namely, the 
Accuracy can evaluate the extent to which the method identifies both 
TP and TN classes, while the others cannot. However, if the dataset 
exhibits a severe imbalance between positive and negative samples, 
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Fig. 10. DCNN architecture.
standard Accuracy may be misleading as it is dominated by the majority 
class (i.e., negative class). To address the limitation of the standard 
Accuracy, we utilize an alternative evaluation metric—Class-Weighted 
Accuracy (CWA)—that better reflects performance across both classes. 
Specifically, we define 

CWA =
𝑤𝑝 ⋅ TP +𝑤𝑛 ⋅ TN

𝑤𝑝 ⋅ (TP + FN) +𝑤𝑛 ⋅ (TN + FP) × 100%, (7)

where 𝑤𝑝 and 𝑤𝑛 denote the class-based weights. These weights are 
defined as the inverse of the class proportions, 

𝑤𝑝 =
TP + FP + TN + FN

TP + FN , 𝑤𝑛 =
TP + FP + TN + FN

TN + FP . (8)

This weighted formulation reduces the dominance of the majority 
class and ensures that both positive and negative classes contribute 
comparably to the overall performance metric. 

We evaluate the CNN’s performance on two test sets: (𝑖)
in-distribution test datasets generated by our level-set wave solver, 
with results presented in Section 5, and (𝑖𝑖) out-of-distribution test 
datasets from ANSYS software, which include complex-shaped voids 
unseen during training. Using these datasets, we also performed several 
additional evaluations, including a set of parametric analyses and a 
comparative study with FWI. The corresponding results are detailed 
in Section 6.

5. Numerical results on in-distribution test data

5.1. Training history of the DCNN model

We demonstrate the convergence of the binary cross-entropy loss 
function over 27 epochs. As illustrated in Fig.  11(a), the loss value ini-
tially starts high for both training and validation datasets and gradually 
converges to a low minimum. Similarly, Fig.  11(b) shows that CWA 
begins at a low value and increases steadily before stabilizing over time.

Two key observations are worth noting. First, the training and vali-
dation curves closely align, indicating that the model effectively learns 
feature relationships without overfitting the training data. Second, as 
the training stabilizes—meaning the model stops learning new patterns 
due to repeated exposure to the training data—the training process 
halts as intended by the callback function. This mechanism prevents 
overfitting and enhances generalization performance.
8 
This model is trained with the best hyperparameter configuration 
obtained by the automated hyperparameter tuning method. The search 
space for hyperparameters and their best values are illustrated in Table 
1.

5.2. Performance on test datasets

For the initial numerical evaluation, we test our CNN on datasets 
generated by the level-set forward wave solver. The CNN predicts 
three types of void domains: (𝑖) no voids, (𝑖𝑖) a single void, and (𝑖𝑖𝑖) 
two voids. The results are summarized in Table  2. Based on Table  2, 
the overall class distribution is highly imbalanced, with void elements 
representing only a small portion of the computational domain, as 
discussed in Section 4.2.1 Because of this imbalance, the standard 
Accuracy remains high (over 95%), even when some void elements are 
not correctly identified. Conversely, a number of incorrectly classified 
void elements (i.e., FN) can reduce Recall and consequently lower the 
F1-score to a greater extent than Accuracy. Although these metrics are 
not affected by class imbalance in the same way as Accuracy, they do 
not account for TN and therefore do not provide a fully comprehensive 
evaluation. Because of these characteristics, we adopt CWA as the 
primary evaluation metric, which offers a more balanced representation 
of performance across void and non-void elements. 

Firstly, for domains without voids, the CNN achieves perfect accu-
racy, as shown in Fig.  12. This success is attributed to the balanced 
dataset design and training strategy, which included an equal number 
of samples for each domain type: no voids, one void, and two voids 
(6000 datasets per type). This distribution ensures that the CNN can 
effectively learn and distinguish between the different domain types. 
As a result, the displacement responses and corresponding void element 
mapping are consistent across all samples, leading to well-learned 
feature relationships between the responses and the void domains.

1 Aside from such class imbalance discussed herein, data imbalance is also 
common in practice for subsurface imaging because field surveys typically 
provide only a limited number of defect samples (Tao et al., 2025) and can be 
mitigated through techniques such as data augmentation and semi-supervised 
learning to address the significant imbalance in the dataset (Zeng et al., 2025).



B. Kim et al. Engineering Geology 363 (2026) 108545 
Fig. 11. Convergence curves of the loss function and CWA over 27 epochs.
Table 1
Optimal hyperparameter configuration of the DCNN trained on 41 receivers.
 Hyperparameter Search space Best configuration  
 Activation function ReLU, LeakyReLU ReLU  
 Kernel initializer Glorot normal, Glorot uniform, He normal, He uniform Glorot normal  
 Number of convolutional layers 1–10 (step: 1) 9  
 Number of filters per layer 10–200 (step: 10) [160, 90, 120, 90, 170, 190, 70, 190, 20] 
 Kernel size 10–100 (step: 10) 70  
 Learning rate 10−5, 10−4, 10−3, 10−2 10−5  
 Batch size 16, 32, 64 32  
 Optimizer Adam, Nadam, RMSprop RMSprop  
Next, we evaluate the CNN’s performance in predicting domains 
with a single void. In the best prediction scenario (Fig.  13), the CNN 
accurately reconstructs the elliptical void, capturing its shape with high 
confidence, yielding a CWA of 100%. Even in the worst prediction sce-
nario (Fig.  14), where the CNN reconstructed a nearly triangular shape 
with slightly smoothed or imperfectly defined vertices, it successfully 
captured the general location, shape, and presence of a single void.

We then examine our CNN’s predictions for domains with two 
voids. Generally, the CNN model struggles with predicting domains that 
have two voids. We believe this difficulty can be attributed to several 
factors, including the location of the wave source, the placement of 
the receivers, and the existence of wave-absorbing boundary conditions 
used in this problem. In the best prediction (Fig.  15) of the problem 
domain with two voids, the CNN produces a reasonable reconstruction 
of two voids, capturing their locations, sizes, and shapes, yielding a 
CWA of 99.04%. However, in the worst prediction scenario (Fig.  16), 
the CNN model achieves a CWA value of 75.94%.  In the considered 
problem setting, when both elliptical and triangular voids are vertically 
aligned, the amplitude of the wave portion recorded at the top-surface 
receivers — specifically, the component reflected from a lower void in a 
vertically aligned pair and subsequently attenuated or reverberated by 
the upper void — is much smaller than that reflected from a single void. 
Consequently, the proposed DCNN has limited ability to recognize the 
relationship between the top-surface wave responses and the presence 
of a lower void in vertically aligned configurations. This explains why 
the reconstruction accuracy for the lower void is noticeably lower than 
that for an isolated void. It is also worth noting that, due to the use of 
the PML, there are no reflections from the side or bottom boundaries 
of the computational domain. Without these reflections–which could 
otherwise illuminate the voids–the waves reflected from the lower void 
reach the surface receivers with insufficient amplitude to effectively 
inform the neural network. 

6. Numerical results on out-of-distribution test data

We conduct further numerical tests to evaluate the CNN’s per-
formance using out-of-distribution test datasets generated by ANSYS 
9 
Mechanical. By leveraging measured wave responses from this third-
party software, which models void boundaries more accurately than 
our forward wave solver, we effectively reduce the risk of an inverse 
crime in our analysis. Namely, this method simulates a scenario where 
the inversion simulator processes experimental data governed by real-
world physics. The out-of-distribution test includes cases with elliptical 
or triangular voids, as well as complex-shaped voids such as hourglass-
shaped or cave passage-shaped voids, which were not included in the 
training dataset.

Using these ANSYS-generated out-of-distribution datasets, we con-
duct a series of sensitivity analyses to determine how different sources 
of modeling variability shape the CNN’s predictions. The following 
subsections address receiver-related uncertainties and spacing, material 
variability, changes in excitation frequency and void size/depth, and 
cases involving a larger number of targeted voids than those used for 
training. A comparative study with full-waveform inversion (FWI) is 
also provided.

6.1. Performance with respect to the uncertainty and configurations of 
receivers

Receiver-related factors represent one of the major contributors to 
variability in practical measurements. In this section, we consider three 
such factors: (𝑖) measurement noise, (𝑖𝑖) random tilting of receivers, and 
(𝑖𝑖𝑖) receiver spacing. The model is evaluated with respect to each of the 
aforementioned factors, and the corresponding results are presented in 
the following subsections.

6.1.1. Effect of noise
In this section, we evaluate the CNN’s performance on out-of-

distribution test data with Gaussian noise levels of 0%, 2%, and 4%. 
Two training scenarios are considered: (1) a model trained using input 
data augmented with random Gaussian noise with amplitudes uni-
formly sampled between 1% and 5%, and (2) a model trained using 
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Fig. 12. Prediction for zero target void in the test dataset.

Fig. 13. Best prediction for one target void in the test dataset.

Fig. 14. Worst prediction for one target void in the test dataset.
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Table 2
Evaluation metrics for the CNN on test datasets.
 Predictions TP TN FP FN Accuracy (%) Precision (%) Recall (%) F1-score (%) CWA (%) 
 Fig.  12 - Prediction (no voids) 0 2500 0 0 100 100  
 Fig.  13 - Best prediction (one void) 83 2417 0 0 100 100 100 100 100  
 Fig.  14 - Worst prediction (one void) 35 2442 4 19 99.08 89.74 64.81 75.27 82.33  
 Fig.  15 - Best prediction (two voids) 105 2392 1 2 99.88 99.06 99.06 98.13 99.04  
 Fig.  16 - Worst prediction (two voids) 77 2341 12 70 96.72 86.52 52.38 65.25 75.94  
Fig. 15. Best prediction for two target voids in the test dataset.
Fig. 16. Worst prediction for two target voids in the test dataset.
noise-free input data. The hyperparameters for the best configuration 
for the retraining with the noise are omitted for brevity.

Figs.  17, 18, and 19 show that CNNs trained with random Gaus-
sian noise consistently outperform those trained without noise when 
evaluated on out-of-distribution test data containing Gaussian noise. 
When the CNN is trained without noise, its CWA value drops sharply as 
the noise level increases in all Examples 1–7, with the largest decrease 
(32%) occurring in Example 6.

The training process with added noise helps the network learn 
convolutional filters that not only capture the key signal features 
11 
associated with the targeted cavity but also smooth out noisy mea-
surement signals. Thus, this numerical experiment indicates that train-
ing with noisy measurement data is essential for handling realistic, 
noise-contaminated experimental conditions.

6.1.2. Random tilting of receivers’ orientation
In this experiment, we have tested the trained CNN presented in 

Section 6.1 (noise free, tilting free, 41 receivers) on out-of-distribution 
test data while measurement data are affected by the tilting of receivers’ 
orientation. To this end, three tilt conditions are considered: 0◦, ±5◦, 
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Fig. 17. Targets and predictions for Examples 1 to 3 under different Gaussian noise levels of 0%, 2%, and 4%, along with the corresponding CWA values. Results 
are compared between noise-free and noise-trained models.
±10◦. For the tilted cases, each receiver is randomly assigned, via 
uniform distribution, a tilt angle between −5◦ and +5◦, or between 
−10◦ and +10◦, in both the 𝑥- and 𝑦-directions. For each tilted receiver, 
the measured displacement components are rotated according to the 
assigned tilt angle 𝜓 : 

𝑢tilted𝑥 = 𝑢𝑥 cos𝜓 − 𝑢𝑦 sin𝜓, (9a)

𝑢tilted𝑦 = 𝑢𝑥 sin𝜓 + 𝑢𝑦 cos𝜓, (9b)

 which represents the coordinate transformation induced by the re-
ceiver’s orientation. This configuration allows the model to evaluate 
how variations in receivers’ orientation affect the overall imaging 
performance. Visual results shown in Fig.  20 indicate that, in general, 
12 
the random tilt angle between −10◦ and +10◦ reduces the CWA only by 
1 to 2%. This finding suggests that, in practical experimental settings, 
random tilting of receivers on the ground surface may not significantly 
degrade imaging accuracy.

6.1.3. Receiver spacing
We investigate the effect of the number of receivers on the model 

performance. The receiver spacings are 1, 2, 4, 8, and 16 m, corre-
sponding to 41, 21, 11, 6, and 3 receivers, respectively. For receiver 
spacings of 2, 4, 8, and 16 m, the DCNN is newly retrained and an 
independent hyperparameter search is performed for each configura-
tion. For receiver spacing of 1 m, we use the baseline model whose 
hyperparameters are presented earlier in Table  1. The hyperparameters 
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Fig. 18. Targets and predictions for Examples 4 and 5 under different Gaussian noise levels of 0%, 2%, and 4%, along with the corresponding CWA values. 
Results are compared between noise-free and noise-trained models.
corresponding to the best configuration used for retraining are omitted 
here for brevity.

Fig.  21 presents the target domains and the corresponding predic-
tions for all seven out-of-distribution test examples obtained under 
different receiver spacings, along with their associated CWA values. 
In general, smaller receiver spacing results in higher CWA values, 
indicating improved reconstruction performance. To quantify this trend 
more clearly, Fig.  22 summarizes the CWA performance across all 
spacing configurations and additionally depicts the mean CWA curve.

In our configuration, the dominant wavelength at the receiver layer 
(i.e., the top layer) is approximately 𝜆 = 7.5 m. As shown in Figs.  21
and 22, receiver spacings smaller than the dominant wavelength still 
yield high-quality reconstructions. The performance begins to decline 
as the spacing approaches 𝜆 and becomes noticeably degraded once 
the spacing exceeds this wavelength. According to prior studies in 
wave-based imaging, spatial sampling finer than approximately half 
of the dominant wavelength is generally required to resolve scattering 
features (Shi et al., 2021). In our case, a spacing of 4 m (approximately 
𝜆/2) or smaller yields consistently strong reconstruction performance, 
with average CWA values above 85%. In contrast, a spacing greater 
than 𝜆/2 (i.e., 8 m and 16 m) results in reduced reconstruction perfor-
mance, with the average CWA dropping to 80% or lower. However, 
such reduction is less substantial in Examples 1 and 3, with single, 
simple-shaped targets, than the others. Overall, these observations 
suggest that using receiver spacing smaller than approximately 𝜆/2 at 
the top layer is desirable for maintaining reconstruction quality. 
13 
6.2. Material uncertainty in background strata

In this section, we evaluate how variations of material properties in 
background strata affect the CNN’s performance on out-of-distribution 
test datasets. To generate test datasets, the shear wave velocity 𝑉𝑠
and the dilatational wave velocity 𝑉𝑝 in each of the four layers are 
independently perturbed by random factors uniformly sampled from 
the range of −5% to +5%. Test samples are generated based on the two 
representative void types from Examples 1 and 2. The void geometry 
is kept unchanged while wave velocities in background strata are 
randomized. A total of 100 test samples is generated for each example 
while all other modeling parameters remain fixed.

Fig.  23 shows the distributions of CWA values for the two examples. 
For Example 1, the baseline CWA without material variation is 93.86%. 
When the material properties are varied, a few lower CWA values 
appear, but higher values in the 95%–100% range are also observed. 
Overall, the distribution remains concentrated near high CWA values. 
For Example 2, the baseline CWA is 84.39%. Under material variations, 
the distribution shifts slightly downward and becomes wider, with 
additional samples appearing at lower CWA ranges than Example 1. 

6.3. Generalization to samples with more voids than those for training

To examine how the network performs on configurations beyond 
those used in training, we also evaluate it on samples containing three 
voids. Fig.  24 shows two representative cases. Although the training 
data include only one- and two-void domains, the network produces 
reasonably accurate predictions for both samples of three targeted 
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Fig. 19. Targets and predictions for Examples 6 and 7 under different Gaussian noise levels of 0%, 2%, and 4%, along with the corresponding CWA values. 
Results are compared between noise-free and noise-trained models.
voids. The approximate locations and overall arrangements of the three 
voids are consistently recovered, and the predicted voids agree well 
with the targets in terms of spatial distribution. Although the CWA 
values are around 70%, which is relatively low, the overall correspon-
dence between the targets and predictions remains satisfactory across 
the tested examples. 

6.4. Study on the minimum detectable void size and maximum detectable 
depth

In our numerical setting, the minimum detectable void size is fun-
damentally constrained by the wavelength of the input wavefield. The 
baseline model uses a 20 Hz Ricker pulse for shear-wave velocities of 
200–300 m/s in the second to fourth layers, the associated wavelength 
ranges from approximately 10 m to 15 m. In wave-based imaging, 
features larger than roughly half the wavelength generally produce 
resolvable scattering patterns (Shi et al., 2021). Accordingly, voids 
smaller than about 5 to 7.5 m in the second to fourth layers are not 
expected to generate sufficiently informative signatures in our forward 
simulations.

To further examine detectability, we evaluated circular voids with 
diameters of 4–8 m placed at depths of 10, 20, and 30 m (Fig.  25). 
Voids of 4–5 m were not detected at any depth under the base-
line frequency. Voids of 7–8 m were consistently detected across all 
tested depths, whereas 6 m voids were detectable at 10 m and 20 m 
but not at 30 m. This reduction in detectability at larger depths is 
sensible because deeper layers are associated with longer effective 
wavelengths and much weaker scattered-wave amplitudes at the sur-
face receivers, making smaller voids more difficult to resolve. Overall, 
14 
the numerical results meet the aforementioned expectation. In realistic 
3D geomechanical media, wave attenuation — arising from both ma-
terial damping and geometrical spreading — would further diminish 
the scattered-wave amplitude, making deep and small voids even more 
challenging to detect.

Regarding the maximum detectable depth, the 20 Hz baseline wave-
field allows our model to detect 7–8 m voids down to 30 m in this 
idealized 2D undamped elastic setting. However, this depth should 
not be interpreted as a practical limit. In realistic 3D damped solids, 
frequency-dependent attenuation governs the penetration depth, and 
achieving reliable detection at deeper depths typically requires en-
hanced illumination strategies. For example, phased-array source con-
figurations can improve the energy delivery to deeper regions, po-
tentially enabling void detection beyond the depths considered here. 
Establishing a generalizable detectable-depth limit under such con-
ditions would require a comprehensive analysis across frequencies, 
attenuation levels, and source configurations, and we consider this an 
important direction for future work.

6.5. Comparative study with FWI

In this section, we compare the DCNN-based predictions with wave 
velocity fields reconstructed using a PML-endowed FWI method (Ku-
cukcoban et al., 2019; Kim et al., 2025). To illustrate the imaging 
characteristics, Fig.  26 shows the results for two representative exam-
ples (Examples 1 and 2). Both methods—our DCNN and the FWI—use 
the same wavefield measurements as input. Moreover, the initial guess 
of the material properties for the FWI is identical to those of the 
layered profile used in the forward simulations that generated the 
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Fig. 20. Targets and predictions obtained under different receiver tilting conditions, along with the corresponding CWA values.
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Fig. 21. Targets and predictions obtained under different receiver spacings, along with the corresponding CWA values.
DCNN training data. During the FWI process, the mass density and the 
Poisson ratio are kept identical to those for the DCNN model. Thus, 
this numerical example does not bias either method and enables a fair 
comparison.

In Example 1, the DCNN-based prediction clearly identifies the void 
at the correct location, while the FWI reconstruction shows a reduced-
velocity region in the similar area but with a slightly shallower depth 
representation than the target. Example 2 shows that the DCNN-based 
prediction successfully identifies both voids at the correct locations, 
whereas the FWI reconstruction reveals a reduced-velocity region only 
around the upper void and fails to capture the lower one. This may be 
because updating the velocity profile around the upper void (especially, 
its upper-left tip) is more effective than doing so around the lower void 
in terms of reducing the misfit functional during the FWI process. 
16 
The FWI reconstruction represents the reduced-velocity regions in a 
smooth and continuous manner, which can make it less straightforward 
to distinguish individual voids, especially in cases involving deeper or 
multiple voids. It confirms our literature review on the limitation of 
the FWI as it can only reconstruct a targeted void as areas of low wave 
speeds and hardly delineates the void. In contrast, the DCNN provides 
discrete classifications for each element, allowing the void locations to 
be shown more explicitly and clearly than FWI in these cases.

7. Conclusion

This study shows a DCNN method to detect and image the locations, 
shapes, and sizes of voids within a PML-truncated layered domain 
using elastodynamic waves.  The main contributions of this study are 

summarized as follows: 
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Fig. 22. CWA performance under different receiver spacings, presented for Examples 1 to 7 and the overall mean.

Fig. 23. Distributions of CWA values under material uncertainty in Examples 1 and 2.
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Fig. 24. Targets and predictions for representative samples containing three 
voids, along with the corresponding CWA values.

• A level-set elastodynamic forward solver is employed to simulate 
wavefields within domains containing voids, without re-meshing 
the computational domain. A semi-infinite layered model using 
CFS-PML is then used to generate high-fidelity training wavefield 
data while minimizing reflections from the truncated boundaries.

• An element-wise classification formulation is adopted, in which 
each background element is independently predicted as void or 
non-void. This formulation reconstructs voids through clusters 
of high-probability elements and avoids requiring prior assump-
tions about void characteristics, allowing the CNN to identify 
voids of arbitrary shapes, numbers, locations, and sizes from 
elastodynamic surface responses.

The proposed CNN is evaluated on in-distribution test datasets 
generated by a PML-level-set wave solver to predict three types of void 
domains: no voids, one void, and two voids. For domains without voids, 
the model achieved perfect accuracy due to the balanced training with 
equal samples for each domain type. In predicting single voids, the 
CNN demonstrated strong performance, accurately reconstructing the 
void’s general location and shape. For domains with two voids, lower 
performance is observed when the voids are vertically aligned. The 
limitations are attributed to wave source positioning, receiver locations, 
and the absorbing boundary conditions, which hindered wave illumi-
nation into a deeper void beneath a shallower one. Nevertheless, the 
model successfully identified the approximate location and number of 
voids, demonstrating its practical potential.

We also conduct out-of-distribution tests using a third-party simula-
tor, in which the model explicitly defines void boundaries, avoiding 
an inverse crime and achieving greater accuracy than our forward 
wave solver. The CNN demonstrates strong generalization capabilities, 
reasonably predicting the location, shape, and size of various voids, 
even when these voids are smaller or more complex than those in the 
training data.  The main findings from the out-of-distribution tests are 
summarized as follows: 

• The model remains stable under receiver-related uncertainties 
such as measurement noise and random tilting of receivers. Noise-
trained model, in particular, substantially improves stability un-
der noisy conditions.
18 
• Even when the receiver layout becomes sparse, the CNN continues 
to provide reasonable predictions.

• The model exhibits stable performance under the examined un-
certainties in material properties of the background strata.

• The CNN generalizes to cases outside the training conditions 
(i.e., considering only up to two voids) and, thus, is able to 
reconstruct samples containing three voids.

• Whereas FWI reconstructs the voids through smooth reduced-
velocity regions, the CNN provides a more spatially localized 
representation than the FWI that makes the void locations appear 
more clearly.

The numerical experiments also demonstrate the limitation of the 
presented method.  First, the predicted void boundaries tend to be 
rounded, which results in, for instance, the sharp corners of the triangu-
lar targets being inaccurately reconstructed as curved edges.  Second, 
the DCNN struggles to associate surface responses with lower voids 
in vertically aligned configurations, leading to reduced reconstruction 
accuracy. Lastly, the presented method requires a-prior information of 
background stratigraphy that can be obtained from SASW, MASW, or 
FWI material inversion analysis. Once the strata’s material profile is 
determined, the presented ML process can clearly image hidden voids 
within the strata.

Nomenclature

 Symbol Comment  
 𝑥, 𝑦, 𝑧 Horizontal, vertical, and anti-plane 

directions, respectively
 

 𝑉 (𝑥, 𝑦) Enrichment function  
 𝐮 Displacement field  
 𝑢𝑥, 𝑢𝑦 𝑥- and 𝑦-direction displacements  
 𝜙(𝑥, 𝑦) Local shape function  
 𝑁𝑛 The number of nodes within an element  
 𝐹 (𝑡) Ricker-pulse wave source signal over time 𝑡  
 𝑉𝑠 Shear wave velocity  
 𝑉𝑝 P-wave velocity  
 𝑓 Central frequency of the Ricker pulse  
 2𝑚, 2𝑛 Width and height of elliptical void  
 𝜃 Angle of elliptical void  
 𝑎, 𝑏 Side lengths of triangular void  
 𝛼 Angle from the 𝑥-axis of triangular void  
 𝛽 Internal angle of triangular void  
 𝐴𝑛𝑖𝑗𝑘 Normalized displacement response  
 𝐴𝑖𝑗𝑘 Original displacement response  
 𝐴meantrain , 𝐴maxtrain, 
and 𝐴mintrain

Mean, maximum, and minimum 
displacement responses, respectively

 

  Loss function  
 𝑌𝑖 Target label for the 𝑖th element  
 𝑃 (𝑌𝑖) Predicted probability of the 𝑖th element 

being void
 

 𝑁 Number of elements  
 𝑀 Number of training datasets  
 TP, TN Counts of true-positive and true-negative 

classifications
 

 FP, FN Counts of false-positive and false-negative 
classifications

 

 𝜓 Tilting angle of the receiver  
 𝑢tilted𝑥 , 𝑢tilted𝑦 𝑥- and 𝑦-direction displacements in tilted 

coordinate direction
 

 𝜆 Wavelength  
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Fig. 25. Detection results for voids of varying diameters placed at different depths, along with the corresponding CWA values.
Fig. 26. Comparison of the target voids with the DCNN-based predictions and the FWI-reconstructed shear-wave velocity fields using the same wavefield 
measurements for Examples 1 and 2.
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