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Abstract—In this article, an algorithm for detecting subsurface
voids under the road from ground penetrating radar images is
proposed. A multichannel radar system mounted on vehicle enables
dense and highspeed monitoring. The novelty of the algorithm is
a unique ElectroMagnetic simulation method and state-of-the-art
deep learning technique to consider three-dimensional (3-D) reflec-
tion patterns of voids. To train deep learning models, 3-D reflection
patterns were reproduced by 2-D finite difference time domain
method to drastically reduce the calculation cost. Hyperboloid
reflection patterns of voids were extracted by 3-D convolutional
neural network (3D-CNN). The classification accuracy of 3D-CNN
was up to 90%, about 10% improvement compared to previous
2D-CNN to demonstrate the effectiveness of 3-D subsurface sensing
and detection. The results were validated by real void measurement
data. After applying trained 3D-CNN to radar data, regions of voids
were plotted in a 3-D map, offering clear visualization of areas of
voids.

Index Terms—3-D convolutional neural network (3D-CNN),
deep learning, finite difference time domain (FDTD) method,
ground penetrating radar (GPR), subsurface voids.

I. INTRODUCTION

ROAD collapses have been an important social issue in
recent years. For example, in Japan, we have 480 000

km distance subsurface sewage pipes [1], [2]. About 5% of
total distance is aged over 50 years and 40% is over 30 years,
going to be 50 years in 20 years. Rapidly aging damaged
pipes cause subsurface voids. Voids under the road lead to
road collapses. In Japan, over 3000 road collapses occur per
year, bringing devastating accidents with large financial loss to
surrounding societies and endangering the safety of road users
[3], [4]. Aging subsurface utilities are common issues in urban
areas worldwide. Road collapses are sensationally reported in
many populated cities in the United States, European and Asian
countries.
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Fig. 1. Subsurface sensing under the road by GPR. (a) Typical vehicle-
installed type GPR system [5]. (b) Transmitting/receiving antennas (side view).
(c) Multichannel configuration (top view).

To address an increasing number of voids caused by large
amounts of subsurface utilities, ground penetrating radar (GPR)
mounted on a vehicle is a promising tool [see Fig. 1(a)] [5]–[11].
Other nondestructive testing (NDT) methods for subsurface void
detection such as a seismic wave exploration method need traffic
control and a labor of installing sensors [12], [13]. Falling weight
deflectometry analyzes the stiffness of a road surface by falling
a weight and measuring deflection, which also needs installation
of sensors [14], [15]. An infrared camera offers a thermography
of a road surface to detect the delamination of pavements, which
needs the difference of temperature between day and night [16],
[17]. Smaller voids in deeper regions are difficult to detect. On
the other hand, GPR mounted on vehicle scans under the road
highspeed, up to 80 km/h without traffic control. The resolutions
in distance, channel, and depth directions of a typical very-
high-frequency and ultrahigh-frequency band multichannel sys-
tem in typical subsurface environment are centimeter-order.
The configuration of the utilized system is shown in Fig. 1(b)
and (c). The system offers dense three-dimensional (3-D) radar
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Fig. 2. Secondary survey of a void. (a) Geometry. (b) Scope image of excavated
void.

data covering the target depth range of voids, 0 to 1.5 m in a 2
m single lane by one measurement.

The difficulty of GPR method is skilled inspectors manually
detect reflection patterns of anomalies from each radar image.
Total volume of radar data is terabyte-order, containing several
to several tens kilometer distance images aligned in a chan-
nel direction. One inspection takes several months time and
hundred-thousand dollar cost. An automatic detection algorithm
is expected to reduce significant inspection time, cost, and labor
of inspectors.

Most research works focusing on subsurface void detection by
GPR are case studies and comparison with other NDT methods
[18], [19]. An unanswered question is the automatic detection
of voids from radar images. There are research works about the
automatic detection of subsurface pipes and artificial objects
[20]–[22]. The difficulty of the void detection is that it is difficult
to collect large-scale measurement data of voids. Sonoda et
al. developed a 2-D convolutional neural network (CNN) deep
learning model for the classification of radar images [23], [24].
One of the ElectroMagnetic (EM) simulation methods, finite
difference time domain (FDTD) method was adopted to produce
void training data. The classification accuracy of conventional
CNN architectures was compared changing simulation and train-
ing conditions.

The problem of the previous research is not real voids but ex-
perimental void models reproduced by stacked concrete blocks
and simulation data were used for validation. The first contri-
bution of the research is 88 real void data was extracted from
radar images. A secondary survey was conducted for 35 voids,
measuring the properties, e.g., depth and geometries of voids
to reveal the characteristics of voids for constructing reason-
able simulation models (see Fig. 2). Eighty-eight voids were,
however, not enough to train deep learning models. Therefore,
simulation data was utilized to increase training data. All the
voids detected by inspectors were confirmed to exist by the
on-site survey. There may be voids not detected by the manual in-
spection. The objective of the research is to propose an accurate
detection algorithm to replace the labor of manual inspection.

Therefore, the inspection results were considered as a target to
evaluate the developed algorithm.

Another problem is related to the achieved classification
accuracy. As will be discussed in Section V, the classification
accuracy of the 2D-CNN model in [23] evaluated by real voids
shows about 80% classification accuracy. To conduct reliable
void detection, it is a must to improve the performance of a
deep learning algorithm. The idea of the research is, as a natural
extension of subsurface object detection by deep CNN in the pre-
vious research works, classification accuracy was increased by
utilizing the 3-D reflection patterns of voids by deep 3D-CNN.
However, even by up-to-date graphics processing unit (GPU),
producing hundred to thousand-order 3-D training data by 3D-
FDTD is not feasible because it takes enormous calculation
time and cost. The contributions are to reproduce 3-D reflection
patterns by 2D-FDTD method using interpolation method and
train 3D-CNN to develop an accurate void detection algorithm.

The authors applied 3D-CNN to the detection and localization
of subsurface pipes [25]. The final goal of our research group
is the complete reconstruction of road structures, e.g., manhole
and joint covers, pavement layers, subsurface utilities and voids
in an accurate and high-resolution 3-D map real-time by one
radar measurement.

The rest of this article is organized as follows: Section I
introduced the background and problem of the previous re-
search. Section II summaries the contribution of the research
and proposes the methodology referring to the framework of
EM simulation and deep learning research. Section III denotes
the configuration of the utilized system and void data. A sta-
tistical analysis of void data was conducted to construct valid
simulation models. Section IV proposes the methodology to
approximate 3-D reflection patterns by 2-D models and validate
the reproduced patterns by 3-D patterns and responses of a real
void. Section V discusses the comparison of 2-D and 3D-CNN
and offers a 3-D mapping result of the real void. Section VI
summarizes the findings of the research and discussions. Finally,
Section VII concludes the article.

II. CONTRIBUTIONS AND PROPOSED METHODOLOGY

A. Contributions

A novel detection algorithm of subsurface voids by 3D-CNN
from radar data was proposed. 3-D reflection patterns of voids
were reproduced by 2D-FDTD to train 3D-CNN. To construct
EM models and validate the algorithm, real void data was
collected. Three contributions are listed as follows.

1) 88 real void measurement data was collected by a multi-
channel radar system. To construct void simulation models
by the FDTD method, the characteristics of 35 voids such
as depth and geometries were statistically analyzed. The
classification accuracy of CNN models was validated by
real voids.

2) The methodology to simulate 3-D reflection patterns of
voids by 2D-FDTD method was proposed to drastically
reduce the calculation cost. The results were validated by
3-D reflection patterns produced by the 3D-FDTD method
and real void measurement data.
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3) Classification accuracy was improved by 3D-CNN to
demonstrate the effectiveness of utilizing the 3-D reflec-
tion patterns of radar data.

The aim of the research is to offer a complete methodology
to reproduce 3-D reflection patterns and develop an 3D-CNN
model to enable accurate 3-D subsurface sensing and detection.
3-D maps were output to visualize areas of voids. Proposed
Methodologies to achieve the above contributions are shown
below discussing related previous research.

B. Proposed Methodology

To construct EM models, the characteristics of voids such as
depth and geometries should be known. In terms of previous
research about the characteristics of voids, the mechanism of
the occurrence of subsurface voids was discussed by a lab-
oratory test [3]. The research focuses on the effects of soil
properties, drainage conditions, and geometries of subsurface
pipes on the occurrence of voids by some case studies. In this
research, the depth, positions in a lane width direction, and sizes
were obtained by a secondary survey. The characteristics were
statistically analyzed to derive valid EM models and produce
reasonable training data. The details of the measurement con-
figuration and analysis results were summarized in Section III
by histograms.

The methodology to reproduce 3-D void reflection patterns
by 2D-FDTD method was provided. Few previous research
works about EM simulation methods focus on the methodol-
ogy to approximate 3-D patterns by 2-D models. In the case
of delamination of bridge decks, damages can be represented
by 1-D layer models because delamination is homogeneous in
horizontal directions [26], [27]. The reflection coefficient R of
two horizontally layered media with relative permittivity ε1, ε2
and the same permeability μ0 can theoretically be derived

R =

√
ε2 −√

ε1√
ε2 +

√
ε1

. (1)

However, voids have 3-D geometries, where the composition
of curved surfaces interacts each other.

Voids were modeled by an ellipsoid air body. The idea of
the research is that the sections of a 3-D reflection pattern
were approximated by 2D-FDTD models. Then, the sections
were interpolated to reproduce a 3-D pattern. Considering the
rotational symmetricity of an ellipsoid, cylindrical coordinates
were set assigning the center of voids as origin of coordinates as
shown in Fig. 3. A target object is sectioned by distance r - depth
z planes with angle pitch Δθ. A 3-D model, grids, sources, and
observation points are projected onto 2-D planes. 2D-FDTD is
conducted in each plane. The region Ii(r, θ) between two planes
I(r, θn) and I(r, θn+1) is linearly interpolated

Ii (r, θ) =
θn+1 − θ

Δθ
I (r, θn) +

θ − θn
Δθ

I (r, θn+1) . (2)

In the case of a rotating body, one section is enough to repro-
duce the whole 3-D response. In general cases, there is a tradeoff.
Smaller the Δθ is, the smaller interpolation error is. However,
computational cost increases by decreasing Δθ. Required Δθ

Fig. 3. Interpolation in cylindrical coordinates. In cylindrical coordinates
points are a function of angle θ and distance r.

may be affected by the geometric features of objects, distance
between the antennas and objects, transmitted wavelength. Δθ
should be small enough not to affect the results. The effect of
Δθ and interpolation accuracy of (2) were discussed in Section
Ⅳ-A. Hereafter, simulated and measured waves were deconvo-
luted by input waves to remove the effect of waveforms of input
waves. Free space loss was compensated [28]. Free space loss
of 2-D and 3-D spherical waves is proportional to the distance
and square of the distance, respectively.

3D-FDTD method is too heavy to compute. The required
number of training data for reliable deep learning is at least
thousands to several tens thousand. To produce one signal, 3-D
electric and magnetic fields are iteratively calculated at each
distance and time. To obtain 3-D data, a pair of transmitting
and receiving antennas is moved in an observation plane point
by point. It took one day to obtain one data even by a typical
desktop computer and up-to-date GPU [29]. As will be discussed
in SectionⅣ-A, the proposed methodology reduced calculation
time to about 0.2%, only several minutes for one data. The
approximation accuracy of the methodology was evaluated con-
sidering the difference between 2-D, 3-D models, and actual void
data comparing the shapes and intensities of reflection patterns.

A 3D-CNN algorithm was developed to accurately detect
voids from radar data. 3D-CNN is a new horizon of deep learning
research. In 3D-CNN, 3D spatial features were extracted from
input 3-D data by utilizing 3-D convolution filters. 3D-CNN
was utilized in medical imaging and human action recognition
[30], [31]. There was no application to radar data. Ready-made
model architectures are for 2D-CNN [32], [33]. In this article,
to compare the performance of 2-D and 3D-CNN referring the
architecture of the previous research [23], a relatively complex
custom network was constructed. 3D-CNN was produced by
replacing 2-D convolution filters by 3-D filters. There are nu-
merous hyperparameters and training techniques in deep learn-
ing [34], [35]. The numbers and sizes of filters, choice of an
optimization function, and training methods were confirmed
not to have a large influence on classification accuracy. The
details were not discussed in this article [36]. The objective
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is to demonstrate the effectiveness of utilizing 3-D features of
reflection patterns to accurately detect voids.

In the previous research [23], classification accuracy was
increased by incorporating simulation data. In this research,
1000 simulation void data and the half of the measurement void
data, 44 real voids were used for training. The other half of
the measurement void data was used for validation. The same
number of healthy data of simulation and measurement was
prepared. The difference of simulation and real void data is it
is impossible to reproduce the actual scenarios of subsurface
environment, e.g., the clutters of buried objects, inhomogeneity
and boundaries of soil layers and noises of systems. It is inferred
that the reflection patterns of voids were learned by training
data and parameters of the final classification layer were fur-
ther optimized for detecting voids from real radar images. The
applicability of the methodology of the research and learned
parameters are discussed in Section VI. Cross validation was
conducted to accurately evaluate the trained models.

Developed models were evaluated by classification accuracy
(accuracy) and area under the curve (AUC) of a receiver operat-
ing characteristic curve [37], [38]. Classification accuracy is the
ratio of the number of correctly classified data among the whole
test data. The variation of classification accuracy and AUC of
each training was 1% to 3% and 0.01 to 0.03, respectively. On
the other hand, the improvements of classification accuracy and
AUC of 3D-CNN compared with 2D-CNN were up to 10% and
0.1 as discussed in Section V- A. Therefore, the effectiveness of
3D-CNN was apparent.

An output was the category of void or healthy. Provided 3-D
radar data, following the methodology of the previous research
of Yamaguchi et al. [25], the whole data was searched to plot a
3-D map of possible void regions. A sliding 3-D window was
moved with certain overlaps and strides in a scan and depth
directions. 3D-CNN returns the probability of voids in each area.
Realistic 3-D areas of voids under the road were visualized by
the proposed algorithm. The achievement of the research was
exhibited in Section V-B.

III. ANALYSIS OF MEASUREMENT DATA

A. Measurement System and Data

A commercial multichannel radar system shown in Fig. 1 was
utilized. The number of the channels was 29. The resolution in a
scanning direction was set 7 cm and a channel direction was 7.5
cm. The maximum frequency was about 3 GHz. Corresponding
wavelength is about 10 cm. Larger the relative permittivity of
a soil is, smaller the resolution in a depth direction becomes,
possibly several centimeters considering a round trip distance.
About 88 voids were collected, and 35 voids were targeted for
a secondary survey. The total distance of 88 voids was about
13 km. The measurement took 10 days. Most of the sections
were paved with common 5 to 7 cm asphalt layers following the
Japanese standard. Soil conditions were considered to vary in
13 km sections. Therefore, the algorithm is applicable at least
to standard Japanese asphalt pavement lanes measured with the
same measurement system.

B. Statistical Analysis Results

The results of the secondary survey are summarized in Fig. 4.
The depth of the upper surface of the voids from the road surface
was measured. The channel number of the antennas where the
center of the voids exists was extracted. No. 15 corresponds
to the center of a driving lane and smaller number is the right
side of the lane. Longitudinal (scanning direction), transverse
(channel direction), and thickness (depth direction) lengths of
the voids were measured. Volume was calculated by the formula
of an ellipsoid body from the measured lengths. Histograms
were plotted. Because the distributions were far from a gaussian
distribution, median and 1 to 3 quartiles were shown for each
histogram.

In terms of depth, from Fig. 4(a), the depth of the most voids
was from 0.3 to 0.5 m. This may be because the most subsurface
pipes exist in shallower regions. The risk of the occurrence of
voids may be complex, also related to the characteristics of soils
and water paths. There were few voids in regions deeper than
0.6 m. The target range of the system is from 0 to 1.5 m. Some
deeper voids may be missed by the inspectors because smaller
voids in deeper regions were more difficult to detect. Voids in
much deeper regions below 1.5 m were not the target of GPR
method. In the research, the target depth range of the simulation
was assumed from 0.3 to 0.5 m.

The relative permittivity of soils can inversely be estimated
from the depth of the voids and time delay of reflection patterns.
The depth of a void d is calculated by the round propagation time
of patternsTd and relative permittivity of a soil εs assuming light
velocity c [39]

d =
1

2
Td

c√
εs

. (3)

The estimated relative permittivity of the measurement data
of the most voids was around 5. However, in some cases, it
may be close to 3 and in other cases close to 20. The ranges of
the relative permittivity and conductivity of soils were derived
from the previous research [40]. For example, the range of
relative permittivity was assumed to be 3 to 20. The ranges of
soil properties were wide enough considering actual subsurface
environment except for extreme cases such as just after rain,
which can be avoided with on-vehicle systems by conducting
measurement several times.

In terms of positions in a lane width direction, from Fig. 4(b),
there is a tendency that most voids were in the center of a lane.
Considering the loads of vehicles, the tracks of left and right
tires from channel No. 5 to No. 10 and No. 20 to No. 25 should
have more voids. There may be complex reasons, related to the
positions of pipes, water paths, and characteristics of soils. The
range of the center of the voids was assumed from channel No.
10 to No. 20.

In terms of the geometries of voids, from Fig. 4(c)–(f),
the longitudinal and transverse lengths were assumed 0.5 to
1.5 m. The thickness was 0.1 to 0.2 m. The voids were flat,
spreading in horizontal directions. Furthermore, the distance
between the antennas and voids was significantly larger than
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Fig. 4. Statistical analysis of secondary survey results. Positions and geometries of voids were measured. Histograms, median and 1 to 3 quartile range were
plotted. (a) Depth (b) Channel No. (c) Longitudinal length. (d) Transverse length. (e) Thickness. (f) Volume.

the characteristic geometries of antennas. These two charac-
teristics may support approximating 3-D reflection patterns
by 2-D section models. If the voids had complicated 3-D
geometries and close to the antennas, the 3-D propagation
phenomenon and interaction between antennas and voids would
not be negligible and only be reproduced by 3D-FDTD. The
larger voids show almost horizontal patterns. Smaller voids
were more difficult to detect. However, too small voids were
not important from a practical point of view. The smallest void
assumed in the research, 0.5 m by 0.5 m by 0.10 m is valid
considering the practice of void detection. In terms of thickness,
the upper and lower surfaces of voids were distinguishable as
long as the thickness was larger than the resolution in a depth
direction, which holds in an observed thickness range. The
volume was concentrated in a certain range. The median of

the volume corresponds to a typical simulation void model, a
1 m by 1 m by 0.15 m ellipsoid body, supporting simulation
assumptions.

C. Simulation Models

From the above discussions, as shown in Fig. 5, the pa-
rameters of depth d, thickness t, lengths a, b of void and
relative permittivity εs, conductivity σs of soils were randomly
assigned to produce 1000 training data. GPRmax was adopted
as a simulation platform [41]. The effects of the unevenness of
asphalt pavement thickness and inhomogeneity of soils were not
considered in previous research and confirmed to be small in the
context of GPR measurement by Yamaguchi [36]. The models
were surrounded by an absorbing boundary condition, perfectly



3066 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

Fig. 5. Simulation void model. (a) Depth-longitudinal section. Model consists
of transmitting and receiving antennas, air, asphalt and soil layers and void.
(b) Horizontal section. A void was represented by an ellipsoid body.

matched layer (PML) to model infinitely large subsurface re-
gions [42]. The thickness of PML was set to achieve enough
attenuation holding continuity along boundaries. The required
grid resolutions of FDTD models are determined by the wave-
length of the maximum frequency of input waves and relative
permittivity of media. The required time step is derived from the
spatial resolution of the model by Courant—Friedrichs—Lewy
condition [43].

A pair of source and observation points was moved above the
road surface to model transmitting and receiving antennas. One
quadrant is enough to reproduce the whole 3-D responses. Data
was resampled to match the resolutions with the measurement
system. The important characteristics of antennas are directivity
and polarization [44], [45]. The effects of the characteristics of
antennas are discussed in the Appendix. The voids were in far
field and flat in horizontal directions. Therefore, the characteris-
tics of the antennas did not have a large effect on the results. The
system of Fig. 1 adopts Stepped-Frequency Continuous Wave
[5], [46]. The radar transmits a signal with a certain frequency
at a given time range modulating frequencies. In the simulation,
a measured transmitting waveform from 50 MHz to 3 GHz of
the utilized system was input as a time history of voltage. The
produced training data models radar data obtained by the system.

The randomness of the characteristics of voids and soils has
complex effects on simulated reflection patterns. Examples are
shown in Fig. 6. As shown in Fig. 6(a) and (b), typical patterns are
the positive and negative hyperbolics of upper and lower surfaces
of voids. As shown in Fig. 6(c) and (d), the larger the depth
of voids and relative permittivity of soils are, larger the time
delay of patterns becomes. Fig. 6(e) and (f) display the length
and thickness of voids affect the shape of hyperbolic patterns.

Fig. 6. Examples of simulated training data. (a), (c), (e) Vertical sections of
reflection patterns. White is positive and black is negative electric field intensity.
(b), (d), (f) Waveforms.

TABLE I
RANDOMNESS OF SIMULATION VOID MODEL

Larger the length and smaller the thickness are, smaller the
slopes of hyperbolics become. Intensities are mainly affected
by the relative permittivity and conductivity of soils. The shapes
of patterns were various as shown in Fig. 6. Time delay and
intensity have at most 50% variations by the provided conditions
of Table I, which is consistent with the intuition of practitioners.

IV. REPRODUCING 3-D PATTERNS BY 2D-FDTD METHOD

In Section Ⅱ-B, the methodology to reproduce the 3-D reflec-
tion patterns of voids by 2D-FDTD method was introduced. The
three possible sources of errors of reproduced 3-D reflection pat-
terns were considered: interpolation error by (1) which depends
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Fig. 7. Effect of angle pitch Δθ. (a) True reflection pattern at θ = 45◦.
(b), (c), (d) Interpolated patterns with Δθ = 30◦, 15◦, 7.5◦, respectively.
(e), (f) Comparison of 1/2nd and 1/4th point waveforms of patterns.

on angle pitch Δθ; approximating 3-D patterns by 2-D models;
modeling real voids by EM models. The discussions follow one
by one in this section. As a typical case, εs = 5, σs = 0.005
S/m, and d = 0.5 m were considered. Tendency was similar
with other parameters. The methodology is to approximate 3-D
models by 2-D section models at each angle in cylindrical
coordinates. When a and b are the same, the interpolation error
of rotational body is zero. Considering the most severe case,
a = 1.5 m, b = 0.5 m, and t = 0.20 m were assumed below.

A. Error by Interpolation

Fig. 7 shows the effect of Δθ. θ = 0◦ corresponds to a
longitudinal direction and θ = 90◦ to a transverse direction. In-
terpolated reflection patterns at θ = 45◦ when Δθ = 30◦, 15◦,
7.5◦ and true pattern were compared. B-scan was constructed
extracting closest grid points to target section plane θ. The
reflection patterns were compared by the shapes and intensities
of patterns. The comparison of the true pattern at θ = 45◦

and interpolated patterns at each Δθ is shown in Fig. 7(a)–(d).
White is positive electric field intensity and black is negative.
Fig. 7(e) and (f) show the comparison of waveforms at a 1/2nd
(center) point, and 1/4th point. The 1/2nd point is slightly shifted
from the center of a void to compare interpolated sections. The
1/4th point is 0.5 m distant from the center. The absolute peak
values of the 1/2nd and 1/4th points are compared in Table II.
At the 1/2nd point, a positive peak of an upper surface of a
void and negative peak of a lower surface were observed. At the

TABLE II
EFFECT OF ANGLE PITCH ON PEAK VALUES OF WAVEFORMS

TABLE III
COMPARISON OF PEAK VALUES OF PROPOSED METHOD AND TRUE PATTERNS

1/4th point, a negative peak was smaller than a positive peak.
The errors of the four peaks were summarized.

An interpolated pattern at Δθ = 30◦ shows a large error
as shown in Fig. 7(b), in which a false pattern appears. The
largest error of the peak values was about 30% as shown in
Table II. SmallerΔθ was, an interpolation error became smaller.
Theoretically speaking, when Δθ becomes infinitely small, the
error converges to zero. However, calculation cost is also an
important point. 2D-FDTD in one section to obtain one image
takes several tens seconds with GPU. At Δθ = 15◦, it takes
several minutes to obtain one data. Calculation time is reduced to
about 0.2% compared to 3D-FDTD, indicating the powerfulness
of the proposed methodology. In the following discussions,
Δθ = 15◦ was adopted.

The error caused by interpolation may theoretically be ex-
pected. Considering an ellipse with 1.5 m semimajor axis length
and 0.5 m semiminor axis length, the radius L at θ = 45◦

and neighboring sections can be calculated. The difference of
the radii, interpolation error is 8 cm at Δθ = 30◦, while 2
cm at Δθ = 15◦ and 1 cm at Δθ = 7.5◦. The horizontal
resolutions of the data were about 10 cm, comparable with the
case Δθ = 30◦ while much larger than interpolation error at
Δθ = 15◦ and Δθ = 7.5◦, in which the interpolation error
was not important and not expected to affect the results.

B. Error by Approximating 3-D Patterns by 2-D Models

The previous section discussed the error caused by interpo-
lation. The error of approximating 3-D models by 2D-FDTD
method after appropriate interpolation was shown in Fig. 8.
The reflection patterns of 3D-FDTD and 2D-FDTD at θ = 0◦,
θ = 45◦ and θ = 90◦ are shown in Fig. 8(b), (c), (f), (g), (j),
and (k). The comparison of waveforms at 1/2nd and 1/4th points
is shown in Fig. 7(d), (e), (h), (i), (l), and (m). In Table III, all
the peak values were compared. In Fig. 8(m), because of the
geometry of the void, clear negative peaks were not observed.
Therefore, 2nd peaks at the 1/4th point were not compared.

From Fig. 8, in all the sections, 3-D responses were well
reproduced in terms of the shapes and intensities of patterns.
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Fig. 8. Comparison of proposed method and 3D reflection patterns. (a) Assumed ellipsoid model. (b), (c), (f), (g), (j), (k) Vertical sections of reflection patterns
at θ = 0◦, 45◦, 90◦, respectively. Top figures are true patterns of the 3-D model and bottom figures are the proposed method. (d), (e), (h), (i), (l), (m) 1/2nd and
1/4th point waveforms of each pattern.

The effect of approximating by 2-D models was small. The
errors of the peak values were at most 20%. Considering the
intensities of patterns can be doubled or halved depending on
the characteristics of surrounding soils as discussed in Section
Ⅲ-C, the proposed method was accurate.

The method approximates 3-D models in a radial direction.
The method is not favorable for elongated objects such as
subsurface pipes, in whose case 2D-FDTD method in perpendic-
ular sections is more appropriate. Very complex 3-D geometric
features may cause a large error. With the assumed frequency
range and geometries of target objects, the approximation is
allowable from the results.

C. Error By Approximating Real Voids By EM Models

The method was also validated by a real measured void
pattern. Fig. 9 shows the comparison of measured and simulated
reflection patterns and waveforms. The depth d, longitudinal
length a, transverse length b, and thickness t of the target
void were 0.45, 1, 0.5, and 0.3 m. The relative permittivity
εs = 5 and conductivity σs = 0.005 of a soil were considered.
From the results, the reflection patterns of the void were well
reproduced by the proposed method. The largest errors of the
peak values were 20% from Table IV, which is consistent with

TABLE IV
COMPARISON OF PEAK VALUES OF THE PROPOSED METHOD AND REAL VOID

the results of Table III. However, the measured radar image
was noisy as shown in Fig. 9(a) possibly because of clutters of
other embedded objects, boundaries of soil layers, and noises of
the measurement system. Accurately reproducing these on-site
clutters and noises is difficult. Simulation data was used to
increase measurement data by simulating void patterns.

V. DEVELOPMENT OF 3D-CNN DETECTION ALGORITHM

A. Comparison of 2-D and 3D-CNN

Simulated 3-D data was utilized to train a 3D-CNN model for
void detection. Deep 2-D and 3D-CNN models were constructed
to compare classification accuracy. The code was written in
Tensorflow [47]. Fig. 10 shows the proposed 3D-CNN model.
The model consists of four convolution and two fully connected
layers to output the probability of categories, void or healthy
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Fig. 9. Comparison of proposed method and real void patterns. (a) Measured
pattern. (b) Reproduced simulation pattern. (c), (d) Comparison of 1/2nd and
1/4th point waveforms.

TABLE V
COMPARISON OF PERFORMANCE OF 2-D AND 3D-CNN

by the final softmax layer. A 2D-CNN model was produced by
removing the third dimension of the input data and convolution
filters. Readymade models are for 2D-CNN. The model is based
on the previous research to demonstrate the effectiveness of
3D-CNN [23]. 3D-CNN utilizes all the 29 channels to extract the
3-D features of the input data. There are many hyperparameters
and training techniques in deep learning. The numbers and sizes
of the convolution filters and sizes of fully connected layers were
optimized. There is a tendency that classification accuracy con-
verges at certain numbers and sizes. Categorical cross-entropy
was used for an objective function. Early stopping, learning rate
decay, and momentum was not adopted because training time
was relatively small. Training was manually stopped within 1%
validation accuracy improvement after ten steps, about several
tens minutes for one training by typical GPU environment [29].

3D-CNN improves the performance. Table V summarizes the
performance of the developed models on 44 real voids. From
the results, the accuracy of 2D-CNN was about 80% and AUC
was about 0.8. On the other hand, the accuracy of 3D-CNN
was about 90%, by 10% increase. AUC was about 0.9, by 0.1
increase. In practice, the detection rate of skilled inspectors is
said to be around 80%, implying the achieved accuracy was
high from a practical point of view. 3D-CNN utilizes the 3-D
features of the input data to accurately detect voids from spurious
and noisy background images. The authors confirmed accuracy
decreased by about 6% by replacing 3-D convolution filters
by 2-D filters while the same 3-D data was input. The typical

TABLE VI
EFFECT OF DIRECTIVITY OF ARRAY ANTENNA MODEL

reflection pattern of a void is a hyperboloid. 3-D filters effec-
tively learn 3-D features to increase accuracy.

Fig. 11 shows the examples of the detected reflection patterns
of voids. Fig. 11(a) and (b) were detected by both 2-D and
3D-CNN algorithms. From Fig. 11(a), the positive and negative
hyperbolic reflection patterns of a void was apparent. Fig. 11(c)
and (d) were detected only by the 3D-CNN. From Fig. 11(c), an
anomaly is observed though the reflection pattern is irregular.
In some cases, a certain portion of a pattern was missing, not
showing a complete symmetric pattern. 3D-CNN accurately
detects voids by considering 3-D reflection patterns. Fig. 11(e)
and (f) show the patterns not detected even by 3D-CNN. Most of
the undetected voids may did not show clear patterns. For a future
work, further case studies are considered collecting large-scale
data. The achieved classification accuracy of 3D-CNN was
reasonable.

B. 3-D Mapping of Voids

The developed 3D-CNN algorithm is applied to the whole
radar data to plot 3-D maps of voids. 3D-CNN returns the prob-
ability of each category, void or healthy for each 3-D region. An
appropriate localization scheme is needed. Box-by-box search
was adopted in the research [25]. The method was proposed by
the authors for the detection of subsurface pipes by 3D-CNN.
The whole data was searched one region after another by shifting
a 3D window. Overlaps are applied, which are the ratios of the
overlapped lengths in scan and depth directions to the sizes of
the 3D region. Overlaps and threshold of probability of voids
are the parameters.

Fig. 12 shows the example of the detection result of a void.
Faithfully following the parameters of the previous research
[25], probability threshold P = 0.995, and overlaps OL =
75% were assigned. The tendency was the same with other radar
data. It is suggested parameters may further be optimized by
large-scale data for different targets, subsurface pipes, and voids.
The parameters were applicable to any radar data with the same
measurement system. Appropriate P may be changed consider-
ing the acceptable rate of missing voids. Fig. 12(a) and (b) dis-
play the configuration of the void. The boxes in Fig. 12(c) show
detected regions. In Fig. 12(c), the void was successfully de-
tected and shown in the 3-D map by the corresponding areas. The
sizes of boxes are 1 m depth by 2 m longitudinal direction length
by 2 m transverse direction length, which can localize areas and
visualize voids in 3-D maps. Two boxes were successively de-
tected in a depth direction because the void was between the two
regions.



3070 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

Fig. 10. Configuration of deep 3D-CNN model. Model is composed of four convolution and two fully connected layers [23]. 2D-CNN was made by replacing
3-D filters of convolution layers by 2-D filters.

Fig. 11. Examples of detected void reflection patterns. (a) Detected by
2D-CNN. (b) Detected only by 3D-CNN. (c) Not detected even by 3D-CNN.

TABLE VII
EFFECT OF DIRECTION OF ANTENNA POLARIZATION

VI. FINDINGS AND DISCUSSIONS

3-D reflection patterns of voids were reproduced by 2D-
FDTD method to train 3D-CNN. The effectiveness of 3-D
subsurface sensing and detection by GPR was demonstrated
by comparing the classification accuracy of 2-D and 3D-CNN.

Fig. 12. Configuration of real void and result of proposed mapping algorithm.
(a) Top view of position of void. (b) Side view. (c) 3-D mapping result.

Fig. 13. Directivity of array antenna. (a) Configuration of the model.
(b) Directivity of the model. If there is one point source, a nondirectional feature
would be shown.
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Fig. 14. Comparison of adopted point source and array antenna models.
(a) Reflection pattern of point source. (b) Array antenna. (c), (d) Comparison
of 1/2nd and 1/4th point waveforms.

Fig. 15. Comparison of z-polarization (perpendicular, adopted) and
x-polarization (longitudinal) antennas. (a) Reflection pattern of z-polarization.
(b) x-polarization. (c), (d) Comparison of 1/2nd and 1/4th point waveforms.

A 3-D map of a void was plotted to visualize the area of the void.
The findings were summarized as follows.

1) Radar data of real voids was collected by a commercial
multichannel radar system and a secondary excavation
survey was conducted. The voids were flat. The shape can
be represented by an ellipsoid body of air. The ranges of
soil properties were derived from the previous research.
Parameters were randomly assigned to produce training
void data with various reflection patterns.

2) The methodology to reproduce the 3-D reflection patterns
of voids by 2D-FDTD method was proposed. Consid-
ering an ellipsoid body, the patterns were approximated
by 2-D section models and interpolated in cylindrical
coordinates. Calculation time is reduced to about 0.2%
compared to 3D-FDTD, showing the effectiveness of the

proposed methodology, which was also validated by the
measurement void data.

3) A 3D-CNN custom deep learning model was constructed
to compare the performance with 2D-CNN. 3D-CNN
utilizes all the 29 channels of input data and 3-D con-
volution filters to extract 3-D features. The classification
accuracy of 3D-CNN of 44 real voids was about 90%, by
10% increase compared with 2D-CNN. AUC was about
0.9, by 0.1 increase. The void was successfully detected
and localized in a 3-D map by the areas of boxes after
box-by-box search.

The advantage of the research is the high accuracy of 3-D
subsurface sensing and detection. A 3-D map was output, which
is impactful for practitioners. In terms of the limitation of the
research, the assumed EM void models were based on large-scale
measurement data. Therefore, the algorithm is applicable at least
to standard Japanese road measured by the same system. The
methodology may further be demonstrated by other large-scale
measurement data obtained by other systems. False detection
and missing cases may further be investigated to increase clas-
sification accuracy. For a future work, the depth, thickness, and
sizes of voids may be inversely estimated from radar images
to help road administrators evaluate integrality and plan repair
works.

VII. CONCLUSION

In this article, we proposed a novel subsurface void detection
algorithm from radar images based on 3D-CNN (AI) and 2D-
FDTD method (EM simulation). 3-D reflection patterns were
reproduced by 2D-FDTD method by interpolating section mod-
els in cylindrical coordinates. Calculation cost was drastically
reduced by the proposed method. Patterns of voids were detected
by 3D-CNN utilizing 3-D spatial features of input data by 3-D
convolution filters. The classification accuracy of 3D-CNN was
about 90%, about 10% increase compared with conventional 2D-
CNN. The algorithm was validated by real void measurement
data. Areas of the void were plotted in a 3-D map to visualize the
void. The effectiveness of 3-D subsurface sensing and detection
was demonstrated.

For future works, the algorithm may further be validated by
other large-scale measurement data obtained by other systems.
False detection and missing cases may further be investigated
to increase classification accuracy. The depth, thickness, and
sizes of voids may be inversely estimated from radar images.
The achievement of the research was by a relatively simple
deep 3D-CNN architecture, the best performance was obtained
to enable practical void detection in a real road environment.
Other deep learning and region proposal approaches such as
R-CNN and YOLO may be considered to advance our detection
algorithm.

APPENDIX

Directivity and direction of polarization of antennas are im-
portant parameters in the context of antenna designing and EM
simulations. There are few research works about the effects of
characteristics of GPR antennas on subsurface object detection.
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The conclusion is that the effects are small in the context of sub-
surface void detection by the provided measurement conditions
and environment.

In the research, the effect of directivity is considered by an
array antenna model [48]. Fig. 13 shows the array antenna model.
The directivity was reproduced by N point sources aligned
in a scanning direction. The parameters are the length of the
antenna L and interval d. The relationship L = (N − 1) d
holds. Assuming an intensity, phase delay, and antenna pattern
of sources are the same W , electric field intensity E(r, θ) in
polar coordinates caused by a source i at distance ri is written
by a wave number k0

E (r, θ) = W ·AF (θ) · exp (−jk0r)

|r| . (4)

AF is an array factor and written by the function of angle θ

AF (θ) =
N∑
i=1

exp

(
jk0

r

|r| · ri
)
. (5)

AF represents the directivity of the array antenna. Larger the
L is, the stronger the directivity is. Considering the directivity
of the utilized system, L = 12 cm was adopted. As shown in
Fig. 13(b), the power decreases by 10 to 20 dB at a θ = 45◦

direction compared with directly below the antennas.
The peak values of waveforms were similar irrespective of the

directivity. Fig. 14 shows the effect of directivity on the reflection
patterns and waveforms. A 2-D model assuming the case of
Fig. 8(b)–(d) at θ = 0◦ was considered here. No directivity
was considered in a perpendicular direction referring to the
characteristics of utilized antennas. If there is one point source,
no directivity was shown. From Table VI, the differences of
absolute peak values compared with the case of no directivity
were at most 13%, indicating the effect is small. The voids were
in a far field. The characteristic sizes of the antenna were small
compared with the geometries of voids. A relatively large ringing
effect was observed around the void pattern because of the
interaction between aligned point sources. The characteristics of
sources were considered by inputting measured impulse waves.
In terms of directivity, a point source is accurate enough to
approximate the antennas.

Polarization direction is a critical issue in the case of 3-D
objects elongated in a certain direction such as a subsurface
pipe. However, in the case of subsurface voids targeted in the
research, the effect of polarization direction is small. Fig. 15
shows the comparison of reflection patterns with each po-
larization direction in the case of Fig. 8(b)–(d) at θ = 0◦.
z-direction corresponding to a transverse direction was com-
pared with x-direction corresponding to a longitudinal direction.
The geometries in a perpendicular direction to the model affect
the results. From Fig. 15 and Table VII, regardless of the po-
larization direction, differences were small because of the flat
geometries of the void. A usual commercialized GPR system
detects a subsurface pipe extended in both the longitudinal and
transverse directions, implying intermediate polarization char-
acteristics. In this article z-direction polarization is considered
in 3D-FDTD cases. In 2D-FDTD cases, a polarization direction
is always perpendicular to simulated sections. The error of

approximating 3-D models by 2-D section models was partly
from assuming the polarization direction is perpendicular to the
models.
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