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Abstract 

This study presents deep convolutional neural network (CNN)-based autonomous 

underground cavity detection using 3D ground penetrating radar (GPR) data. The 3D 

GPR data interpretation is often ambiguous and complex for making-decision to detect 

only underground cavities, because similar GPR features reflected from various 

underground objects are all mixed with the cavity one. To tackle the ambiguity issue, a 

deep CNN-based underground cavity detection technique is proposed. First, a basis 

pursuit-based background filtering algorithm is developed to enhance the visibility of 

underground objects. Then, the deep CNN is established and applied to automatically 

classify underground objects using the filtered 3D GPR data. In particular, the cavity, 

manhole, pipe and intact features extracted from in-situ 3D GPR data are used for 

establishing the CNN architecture. The proposed technique is thoroughly tested using 

the real 3D GPR data obtained from urban roads at Seoul, South Korea. 

 

 

1.  Introduction 
 

A sinkhole is one of the most severe concerns in urban roads in these days, because the 

sudden collapse in the ground may lead not only road closures and economic loss but 

also countless victims. Recently, several sinkhole accidents have been reported 

worldwide such as Hangzhou, China (April 2016) [1], Fukuoka, Japan (November 

2016) [2] and Cheltenham township, PA, USA (January 2017) [3]. As a sinkhole 

appears without any forewarning, there is an increasing demand for its early detection in 

urban area. To early detect such sinkhole, several techniques have been developed. For 

instance, the electrical resistivity tomography is a representative geophysical inspection 

technique. Electrical resistivity tomography has been widely used for subsurface 

structure imaging by measuring electrical resistivity [4, 5]. Although it is simple and 

reliable for various applications such as soil moisture content determination, ground 

water table investigation and so on, it typically needs boreholes to investigate 

underground. Thus, large area inspection is limiting. Another widely accepted technique 

is a rolling dynamic deflectometer, which makes an impact force onto the road and 

measure the corresponding responses to evaluate the road bearing capacity [6]. Albeit 

rolling dynamic deflectometer has advantages of noninvasive and fast inspection over a 

wide inspection area, it may make additional defects on the road due to the high impact 

force. Moreover, since its device is typically massive and expensive.  
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Ground penetrating radar (GPR) is a representative non-destructive testing technique 

gaining popularity in the field of geology for underground visualization thanks to its 

noncontact nature, fast scanning speed and 3D visibility. GPR emits high frequency 

electromagnetic waves into the underground and receives the returned electromagnetic 

waves reflected from the underground objects. If there is any change in electromagnetic 

characteristics such as relative permittivity of the medium, and underground 

compositions, their boundaries can be identified through received signal analysis. Its 

main applications have been archaeological and geological purposes for mapping 

subsurface features [7, 8], and recently extended to detect underground cavities and 

potential sinkholes [9-11]. The current technical problem on the GPR signal analysis is 

that the data interpretation highly depends on well-trained experts’ subjective judgment, 

because various underground objects especially in urban roads often make similar 

reflection signals as the underground cavity. Moreover, the data interpretation may 

become more challenging due to the urban roads’ harsh environments such as complex 

geometry, moisture content, unexpected contaminants and so on. However, the expert-

dependent data interpretation is time-consuming and labor-intensive. For example, an 

expert can analyse 3D GPR data of only several kilometres in a few days. Sometimes, 

the interpretation results may not be reliable. 

 

To overcome the technical challenges, convolutional neural network (CNN)-based data 

classification techniques have been recently proposed. Zhang et al. proposed CNN for 

detecting underground object using computationally-generated GPR B-scan image [12], 

and Lameri et al. utilized CNN for detecting landmine using pipeline B-scan image [13]. 

Klesk et al. tried to use machine learning technique for detecting the landmine using 

GPR C-scan image [14]. However, such ideal approach may not suitable for 

underground object classification especially in complex urban areas.  

 

In this study, a deep learning-based autonomous underground cavity detection technique 

which can applied to complex urban roads is proposed. First, a basis pursuit-based 

background filtering algorithm is developed to automatically enhance the visibility of 

underground objects on urban roads. Then, a tailored CNN is established by transfer 

learning using well-designed AlexNet [15]. Subsequently, the filtered 3D GPR data 

collected from in-situ urban roads are used for training and validating the tailored CNN. 

The trained CNN is tested using various in-situ 3D GPR data obtained from different 

urban road areas in Seoul, South Korea. 

 

This paper is organized as follows. Section 2 proposes the deep learning-based 

underground cavity detection technique. Then, the performance of the proposed 

technique is experimentally validated using in-situ 3D GPR data obtained from urban 

roads in Chapter 3. This paper is briefly summarized and discussed in Section 4. 

 

2. Deep learning-based autonomous underground cavity detection 

technique   
 

In this section, a deep learning-based autonomous underground cavity detection 

technique is explained. Based on the brief working principles of GPR, a basis pursuit-

based background filtering algorithm and the tailored CNN established for 

automatically detecting the underground cavities are described.  
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2.1 Working principles of GPR 

 

Fig. 1 shows the schematic of a typical GPR-based underground visualization process. 

3D GPR consists of multiple transmitter and receiver antennas and a data acquisition 

system. The transmitter emits high frequency electromagnetic waves, and the receiver 

receives the returned electromagnetic waves. The typical frequency range of the 

electromagnetic waves is 10 MHz to 2.6 GHz, which is selected depending on a target 

object size and depth. The electromagnetic waves are reflected where there is any 

change in medium electromagnetic characteristics like relative permittivity [16]. These 

reflected electromagnetic waves are then collected by the data acquisition system and 

analysed for underground object detection. When 3D GPR scans along the region of 

interests, three different data types, i.e. A-, B- and C-scans, can be typically obtained as 

shown in Fig. 1. The A-scan provides the punctual time domain information (z-axis in 

Fig. 1) at a certain spatial point. By collecting multiple A-scan data along the scanning 

route (x-axis in Fig. 1), the B-scan image can be constructed in the x-z domain. If there 

is abrupt permittivity change due to an underground object at a specific area as shown in 

Fig. 1, the parabola feature typically appears. This parabola feature is often used to 

detect the object inside underground. Then, the C-scan image can be obtained in the x-y 

domain by gathering the B-scan images measured using multiple antennas. Here, 

several C-scan images can be obtained along the z-axis physically representing the 

depth. Similarly, the C-scan images revealing the cross-sectional images of the object is 

often used as the detection feature. Note that the almost straight and dominant line 

feature often appears in the B-scan image due to strong ground surface reflection. The 

ground surface reflection typically overwhelms the underground reflections because of 

the sudden permittivity change from air (=1 F/m
-1

) to pavement (=5 F/m
-1

). This line 

feature of the B-scan image often disturbs the visibility of underground objects. 

 

 
Figure 1. Working principles of GPR: T and R represent transmitter and receiver, respectively.  

 

2.2 Basis pursuit-based background filtering algorithm 

 

In this subsection, the basis pursuit-based background filtering algorithm is proposed to 

improve the visibility of underground objects by removing the dominant line feature in 

the B-scan image as well as unwanted pattern noises. The filtered image is able to 
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significantly enhance the underground object visibility, making it possible to be 

effectively used for the subsequent deep CNN process. Fig. 2 provides the overview of 

the proposed background filtering algorithm. 

 

 
Figure 2. Schematic flow of the basis pursuit-based background filtering algorithm. 
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Step 1. Collection of 3D GPR data and pre-processing: 3D GPR data are collected from 

each spatial scanning location along the region of interest, as described in Fig. 1. The 

measured GPR signals are typically attenuated when they propagate along a certain 

medium [17]. Thus, the pre-processing for the wave attenuation along the depth 

direction is performed by applying gain factors to each A-scan data. 

 

Step 2. Construction of a self-referencing dictionary: To enhance identification of the 

interactions between the electromagnetic waves and the underground objects, the 

measured A-scan signal � (T×1 vector, T means length of measured A-scan signal) is 

represented as a weighted linear combination of bases via following transformation [18]. 

� = ��     where � = �!,�!,… ,�!  (1) 

where � is the representation of � in the transformed domain and has a dimension of 

�×1. D is the �×� dictionary matrix and consists of �! bases (i = 1, …, L). Each basis 

�! is the A-scan signal with the same dimension as �. 

 

Let us assume that we have a pristine scanning location without underground object 

within the inspection area of interest. This location is called a reference point, and the 

corresponding A-scan signal is called a reference signal. 

�!"# � = ��
!!"# (2) 

�!"# denotes a reference signal, and E represents the amplitude of the incident electric 

field with a specific time delay. � refer to the frequency. In the dictionary used in this 

study, each basis represents a reference signal with a specific time delay. For example, 

�! denotes the reference signal with a time delay of (�/2− �)Δ�. 

�! = � � + (�/2− �)�� = � � + (�′− �)�� = ��
!!"(!!(!!!!)!") (3) 

 

Step 3. Transformation of A-scan signals using a basis pursuit approach: Because a 

large L value is preferred to achieve a high resolution in the transformed domain, 

typically an underdetermined system of equations (L > T), which creates non-unique 

solutions for �. A unique solution for � can be obtained via the assumption that the 

actual solution has the sparsest representation, minimizing the number of nonzero 

entities in � [19]. Based on this assumption, Chen and Donoho proposed the basis 

pursuit approach to solve the underdetermined system [20]. The sparsest representation 

is obtained by solving the following problem with a given dictionary D. 

��� � !  �. �.  � = ��, (4) 

where � ! denotes the ℓ! norm of �. A-scan signals can be sparsely represented using 

the dictionary. 

 

If the current scanning location does not include any underground object, the measured 

GPR signal � can be represented with only a single basis, corresponding to the reference 

signal. This is the only nonzero element in �, and a sparse representation of the A-scan 

signal is possible in the dictionary domain. Then, � can be represented as 

� = � � = �
!
! = �

!
!�
!
! (5) 

where �
!
! and �

!
! denote the basis and transformed domain of the reference signal. On 

the other hand, Equation (6) represents the GPR signal measured from a scanning 
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location with an underground object in the dictionary domain. The measured signal � 

can be represented as the superposition of the reference signal and the underground 

object reflected signal. 

� = � � + � � +��� = �
!
!�
!
! + �

!
!
!!
�
!
!
!!

 (6) 

where ��� indicates the depth of the underground object. 

 

Step 4. Background removal filtering and inverse transformation of filtered data: As 

described in Equations (5) and (6), a new basis appears as an underground object exists. 

Then, the background signals can be filtered out by removing the basis corresponding to 

the reference signal, �
!
!. The resultant dictionary domain data is inversely transformed 

into the A-scan signal ones. 

 

Step 5. Filtered underground image construction: Finally, the underground image is 

constructed from the filtered A-scan data obtained in Step 4, making it possible to 

eliminate unnecessary background signals and highlight the underground object 

reflection signals.  

 

2.3 Deep CNN-based autonomous underground cavity detection 

 

 
Figure 3. Deep CNN architecture tailored for 3D GPR data classification 

 

This subsection shows how the deep CNN architecture is established and applied to real 

3D GPR data. The established CNN architecture is modified by using AlexNet [15] 

which is a pre-built CNN for 3D GPR data classification. As shown in Fig. 3, the 

AlexNet consists of 5 convolutional layers, 3 fully-connected layers and 1000 soft-max 

neurons, containing 650,000 neurons and 60 million parameters. In order to feed the 

pre-trained CNN into 3D GPR data classification, the fully-connected layers at the end 

of AlexNet are modified to have four classification outputs such as cavity, manhole, 

pipe and intact. 
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As for the training and validation datasets, the combination of the B- and C-scan images 

are used as shown in Fig. 4. The B-scan images between the cavity and manhole cases 

reveal the quite different changing pattern, making it possible to be easily classified as 

shown in Figs. 4 (a) and (c). On the other hand, Figs. 4 (a) and (b) shows that the cavity 

and pipe cases have similar parabola features in the B-scan images. However, the 

corresponding C-scan images between the cavity and pipe cases along the depth 

direction provide the distinctive features each other. In case of intact, no obvious pattern 

can be observed as shown in Fig. 4 (d). 

 

    
(a) (b) (c) (d) 

Figure 4. Typical B- and C-scan images: (a) cavity, (b) pipe, (c) manhole and (d) intact. 

 

In order to enhance the automated classification performance, both filtered B- and C-

scan images are simultaneously reconstructed into the 2D grid image which consists of 

24 C-scan images and 8 B-scan images as depicted in Fig. 3. For the training dataset, 

5,187 cavity, 3,549 manhole, 5,733 pipe and 1,911 intact images are prepared by 

segmentation and augmentation of 19 cavity, 13 manhole, 21 pipe and 7 intact raw 

filtered images confirmed by partial underground boreholes. Then, 819 cavity, 546 

manhole, 819 pipe and 273 intact images are selected as the validation dataset. Note that 

the training and validation datasets are completely different from each other. 

 

3.  Field validation tests 
 

The proposed deep learning-based autonomous underground cavity detection technique 

is experimentally validated using 3D GPR data collected from urban roads in Seoul, 

South Korea. 

 

3.1 Experimental setup 

 

Fig. 5 (a) shows the in-situ data collection using the 3D GPR device integrated with a 

vehicle. The vehicle can scan the road up to 30 km/h with 1.5 m width. The used 3D 
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GPR antenna is DXG1820 [21] manufactured by 3D-RADAR company as shown in 

Fig. 5 (b). This antenna includes 20 channels of transmitter and receiver specially 

designed for the 1.5 m scanning width. The GPR signals are collected by GEOSCOPE 

MK IV [21] data acquisition system shown in Fig. 5 (c) in real-time with 0.34 ns time 

resolution and 13,000 Hz maximum scanning rate. For the validation tests, total 13 km 

urban roads at 17 different regions in Seoul, South Korea.  

 

 

 

(b) 

 

(a) (c) 

Figure 5. In-situ tests using (a) 3D GPR-mounted van, (b) 3D GPR and (c) data acquisition system. 

 

3.2 Basis pursuit-based background filtering results 

 

 
(a) 

 
(b) 

 
(c) 

Figure 6. Representative basis pursuit-based background filtering results of the cavity case: (a) 

original B-scan image obtained at 0.375 m away from left edge of the road (0 m width), (b) the 
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corresponding background filtered B-scan image and (c) the corresponding filtered C-scan image 

at 0.3517 m depth corresponding to the C-C line in (b). 

 

Fig. 6 (a) shows the representative original B-scan images collected at 0.375 m from the 

left edge of the road (0 m width). As expected, the near-surface line feature caused by 

the pavement surface reflection is predominant, hindering the visualization of the 

underground reflection features. After the basis pursuit-based background filtering 

process, the underground parabolas of the B-scan image and circular cross-section 

features of the C-scan image are clearly observed in Figs. 6 (b) and (c), respectively. 

Note that the cavities are identified by partial underground borehole. 

 

3.3 Autonomous underground cavity detection results 

 

Once the filtered B- and C-scan images are prepared for the validation tests, they are fed 

into the trained CNN. The 13 km GPR data including 27 cavities, 18 manholes and 29 

pipes are tested. The detailed number of the training and test datasets are summarized in 

Table 1. 

 
Table 1. The number of cavity, manhole, pipe and intact datasets for training and testing. 

Types The number of training images The number of testing images 

Cavity 4,368 2,184 

Manhole 3,003 1,365 

Pipe 4,914 2,184 

Intact 1,638 819 

 

The deep CNN test results are shown in Fig. 7. All test cases except for the cavity case 

are successfully classified using the trained CNN. 11 % and 3 % of the cavity test cases 

are misclassified as the pipe and intact cases, respectively, although the remain 86 % 

datasets are properly classified as the cavity case. The performance of the proposed 

technique can be acceptable, but it is speculated that the reinforced learning using more 

high-quality datasets may help to enhance the classification performance. 

 

  
(a) (b) 
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(c) (d) 

Figure 7. Underground object classification results: (a) cavity, (b) pipe, (c) manhole and (d) intact 

 

4.  Conclusion 
 

This paper proposed a deep learning-based autonomous underground cavity detection 

technique. It has superiority over the existing GPR techniques in that fast and fully 

automated data interpretation can be achieved. The proposed technique was 

experimentally validated using real 3D GPR data obtained on urban roads in Seoul, 

South Korea, which is very rare opportunity to obtain. Although the performance of the 

proposed technique revealed the acceptable accuracy for underground cavity detection, 

technical improvement is still needed using a reinforced learning process, which is not 

being developed. As the follow-up study, more high-quality training datasets confirmed 

by other inspection methods will be gathered and used for the reinforced learning. Also, 

it is warranted that the autonomous classification study for various types of 

underground objects will be extended.  
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