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Abstract 

The detection of city road cavities and underground pipes is of great significance to road 
safety and engineering construction. In the traditional GPR underground target 
detection, engineers need to manually calibrate the collected GPR B-scan data, which 
takes too long and requires high professionalism. As a real-time end-to-end target 
detection neural network, You Only Look Once (YOLO) has been widely used in the field 
of computer vision. This work proposed YOLOv5s for the detection of city road cavities 
and pipes, which achieves faster speed and higher accuracy than YOLOv3. Firstly, gprMax 
software is used to simulate underground cavities and pipes so as to illustrate the typical 
features of various underground targets. Then GPRs of CAS series with different center 
frequencies are used to collect field data in several places in China. After that, the 
YOLOv5s framework based on the pre-trained weights is trained and fine-tuned with the 
real and augmented GPR data. Finally, performance of the model is verified by the test 
set, which reflects the significant improvement in speed and accuracy. 
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1. Introduction 

Ground penetrating radar (GPR) is a kind of geophysical technology which uses the reflection 
and transmission of high-frequency electromagnetic waves in heterogeneous media to detect 
underground structures and underground targets. By transmitting high-frequency 
electromagnetic wave and receiving the echo signal reflected from the interior of the medium, 
the structure of the medium and the distribution of internal targets can be detected. As a newly 
developed nondestructive detection technique, GPR has been widely used in many fields of the 
detection of urban underground targets, such as pipelines and cavities.  

The single measurement result of GPR is called A-scan, which is usually one-dimensional 
waveform data. By simultaneously moving the transmitting and receiving antenna of the GPR 
system to scan through the target area, a series of A-scan can be obtained, which are called B-
scan as a whole. As the B-scan is usually expressed in the form of two-dimensional cross section, 
it is also called GPR image. Due to the time difference of reflected echo, the underground target 
mainly presents the features of hyperbola in B-scan and so on. In many applications, the 
detection of these hyperbolas is very important. By analyzing the GPR image and identifying 
various features in the GPR image, the detection of underground structures or the identification 
of buried objects in the medium can be completed. 
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However, in addition to the echo of the target to be measured, the GPR image usually includes 
a large number of clutters. Taking the road underground target detection task as an example, 
clutter usually includes the direct coupling wave between transceiver antennas, surface 
reflection and its multiple reflection, underground non-uniform medium scattering and so on. 
These clutters are usually with high power and will cause interference to the target features in 
the GPR image. Furthermore, in some applications, such as road underground anomaly 
detection, a great deal of detection data will be generated continuously within a short time, 
which makes the traditional method of manually calibrating not match. Besides, the large 
difference between GPR image and optical image also makes target detection more difficult. 
Therefore, it is really hard to analyze GPR image only by manpower. The automatic recognition 
of GPR image has become the mainstream.  

In recent years, the target detection algorithm based on deep learning, especially convolutional 
neural network (CNN), has made a great breakthrough and has been widely used in various 
tasks of computer vision. The computer has been enabled to interpret the two-dimensional 
image, which makes it possible to detect and recognize the underground targets automatically 
in GPR image. 

Currently, the most popular algorithms can be divided into two categories, one is the R-CNN 
series based on Region Proposal Network (PRN), including R-CNN, Fast R-CNN and Faster R-
CNN. They have a two-stage model and need to use either a selective search or CNN to generate 
a PRN before implementing classification and regression on it. In [1], the R-CNN bas been 
applied to a subsurface defect detection algorithm which fuses 2D planar features in GPR B-
scans and 3D voxel-wise features in GPR C-scan to robustly detect regions with defects for 
airport runway. In [2], the ROI region bas been obtained after the Faster R-CNN identified the 
hyperbola in the GPR B-Scan image, and the information of the hyperbola bas been obtained by 
fitting the hyperbola with RHT. In [3], the Faster R-CNN framework bas been adapted for the 
detection of underground buried objects (hyperbola reflections) in GPR B-scan images, which 
provided significant improvements compared to classical computer vision methods.  

The other is one-stage regression methods based on deep learning like YOLO (you only look 
once) [4] and SSD (single shot multiBox detector) [5], which use only one CNN network to 
directly predict the categories and locations of different targets. As the first single-stage 
detection model, YOLO series regard target detection as a single regression problem, and 
directly optimizes the image pixels to obtain the object boundary position and classification. 
This makes real-time predictions possible. For the purpose of improve YOLO’s accuracy, SSD 
was designed by optimizing its architecture and performed the excellent accuracy. In [6], the 
neural network model YOLO under framework TensorFlow was trained to prove the 
effectiveness of data interpretation of GPR image. In [7], an SSD model was built to perform an 
intelligent detection and localization of the target regions which contain the hyperbolic features 
of underground pipes in GPR images. In [8], YOLOv3 was proposed for city road cavity detection 
from the GPR B-scan images. The model was trained with real collected GPR B-scan images and 
evaluated by confusion matrix on the test dataset.  

In this work, we proposed YOLOv5s for detection of underground cavities and pipelines in city 
roads. The method applied is a well-known end to end supervised method adapted from YOLO, 
which has been proved to have effective performance in the field of computer vision. The model 
is trained with real collected GPR B-scan images and evaluated by confusion matrix on the test 
dataset in order to prove the effectiveness of the proposed approach. 

The rest of this paper is organized as follows. In Section II we describe the dataset used in this 
paper. Section III introduces the application of the proposed YOLOv5s in the city road detection 
of cavity and pipe. Section IV presents the final results with evaluation. Section V summarizes 
the whole paper.  
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2. Dataset 

As shown in Fig. 1, city road generally includes three parts. The first layer is the road surface 
layer, which mainly consists of asphalt. Its dielectric constant and conductivity are about 4 and 
0.001 S/m respectively. The second layer is the road base layer that mainly consists of cement 
concrete, of which dielectric constant and conductivity is about 7 and 0.01 S/m respectively. 
The final layer is the bed course that is a part of roadbed. Its composition is usually limestone 
or crushed stone and dielectric constant is about 15.  

 
Figure 1. A typical model of city road with cavity and pipe. 

In order to obtain more data sets and clarify the reflection features of the underground target, 
we use gprMax software to simulate underground pipeline and cavities with different shapes. 
As an open-source software, gprMax has been widely used in the simulation of GPR target 
reflection echo. The B-scan simulation model and result are shown in Fig. 2. The GPR B-scan 
cavity response includes obvious layered hyperbola feature. While due to the shielding effect 
of the material of the metal pipe on the electromagnetic wave, the reflection from the upper 
surface is clearer.  

 

  

Figure 2.  (a) Simulation model for gprMax, (b) Simulated B-scan data.   

Meanwhile, we exploit 2449 real city road GPR B-scan images collected from several sites in 
China. GPR systems of CAS series independently developed by our research group with 
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different center frequencies (270MHz, 400MHz and 500MHz) are used to improve the 
adaptability of the model to different scenarios. Each image has a time range of 80ns in depth 
and can penetrate up to 5 meters. The pixels each contained is 416*416 and the step interval of 
traces is 0.01m.  

An example of real GPR B-scan data is shown in Fig. 3. Within the image, hyperbola reflect the 
information of underground targets with different shapes and materials. But only some are 
clear while most of them are disturbed by clutter and noise caused by inhomogeneity of 
underground medium. Compared with the simulation results, the typical hyperbolic features 
are obviously deformed. It can be considered that the typical hyperbolic features of the 
simulation results are too idealistic. From the perspective of deep learning, the data distribution 
between the simulation results and the real dataset is inconsistent, which will lead to the over 
fitting of the algorithm model to the training set, the weak generalization ability of model, and 
finally reduce the recognition rate of the test set. Therefore, only the real dataset is used to train 
the algorithm model in this work. 

  

Figure 3.  Real GPR B-scan image of cavity and pipe.   

 
Figure 4. System diagram of our proposed method. 

We divided the real collected dataset into two groups: 57% (1400) as the training set and 43% 
(1049) as the test set. In order to improve the scale and diversity of the training set, we increase 
the amount of data in the training set by mirroring and random cropping the existing dataset.  

 



Scientific Journal of Intelligent Systems Research                                                                                        Volume 4 Issue 3, 2022 

ISSN: 2664-9640                

474 

3. Application Of YOLOv5s 

YOLOv5s is a kind of most advanced real-time target detection network with the PyTorch 
framework. Compared with the 244MB YOLOv4 using Darknet architecture, the size of 
YOLOv5s is only 27MB, and it is equivalent in accuracy. At the same time, on the NVIDIA Tesla 
P100 platform, the object recognition speed of YOLOv5s can even reach 140FPS, which makes 
it convenient for users to train their own dataset. 

The actual training process is divided into two steps, as shown in Fig. 4. Firstly, a set of pre-
trained weight coefficients are used to initialize the YOLOv5s network. The weights used for 
initialization are usually pre-trained on a large database. According to the transfer learning 
theory [9], the shallow part of the neural network can extract many features of images, such as 
edge, contour and curve. If the new task is also to analyze the two-dimensional image, then 
weights obtained by pre-training have certain transitivity. Therefore, we use the weights 
trained on the large COCO database for the initialization of YOLOv5s, which can help us get 
better training results when our training set is limited. Secondly, we use the training set we 
built to train and adjust the initialized YOLOv5s network, and then verify the performance of it 
with test set. 

The YOLOv5s network outputs images with rectangular bounding boxes, object categories and 
confidence scores. As shown in Figure 5, the rectangular box describes the position of the object, 
where red represents a pipe and pink for cavity. The text above the bounding box describes the 
category and confidence score of the object. 

Figure 5.  An example of the detection result.    

All the training and testing work is based on PyTorch's deep learning framework, using PC and 
RTX3090 graphics card. 

4. Result 

To evaluate the performance of trained network on the test set, Precision, Recall and F1-
measure are employed as follows:  

TP
Precision

TP FP



(1)
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TP
Recall=

TP FN
(2)

Precision Recall
F1 measure=2

Precision Recall


 


(3)

These are common metrics in object detection task and are derived from the confusion matrix 
[10]. And the TP, FP and FN in confusion matrix are established based on thresholding of 
Intersection over Union (IoU) [11] which represents the overlapping ratio between the 
resulting candidate box and the original label box.  

 Based on these parameters, we can export Average Precision (AP) and mean Average 
Precision(mAP), which reflect the recognition degree of each category by the model. The AP 
and mAP are derived as follows:  
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The results of test set are shown in table 1, where the @.5 means threshold value of IoU is 0.5. 
The proposed model has the 77.1% Recall, 90.5% Precision and 83.3% F1 in cavity detection. 
For the pipe detection it has the 90.2% Recall, 95.3% Precision and 92.7% F1 rate. A high Recall 
is demonstrated by the result. Comparing with the Precision, the Recall is more important in 
the detection of urban road cavities and pipes. Besides the mAP@.5 is 92.1%, which indicates 
good results from trained model. Besides, the proposed model can run on PC with a RTX3090 
graphic card. Its speed can reach 368 FPS, which greatly improved the efficiency of detection.  

Table 1 Results of Test Set 

Class Labels Precision Recall AP@.5 mAP@.5 

All 663 0.929 0.837 - 0.921 

Pipe 205 0.953 0.902 0.959 - 

Cavity 458 0.905 0.771 0.884 - 

 

5. Conclusion 

In order to improve the low efficiency of traditional GPR image recognition methods, this paper 
designs and implements a GPR image recognition and fitting method based on the YOLOv5s 
model, which initially realized automatic recognition and positioning of cavities and pipes in 
GPR B-scan images. Through the joint training of real GPR data and augmented data, YOLOv5s 
network can achieve F1-measures at 83.3% and 92.7% for cavity and pipe. The mAP@.5 is 
92.1%, which shows an ideal application prospect.   

In the future, we will consider extending training set for better performance. Some methods 
like Generative Adversarial Nets (GANs) may worth trying.  

mailto:AP@.5
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