A Ground-penetrating Radar Object Detection

Method Based on Deep Learning

Sivu Chenl, Li Wang, Zheng Fang, Zhensheng Shi, Anxue Zhang
1Xi'an Jiaotong University, Xi’an, China

The Ground-penetrating radar (GPR) is widely applied The Ground-penetrating radar (GPR) utilizes the electromagnetic waves to detect the distributions and structures of the
in the detection tasks. This paper proposes a new underground medium and objects. As a result of the characteristics of high efficiency, non-destructiveness and anti-
detection method of the GPR objects, which is based interference, the GPR is widely applied in the field of detection tasks.

on the Cascade Regional Convolutional Neural Network
(Cascade R-CNN). The proposed method effectively
addresses the problems caused by the existing methods
with the high time cost, low detection accuracy and
poor adaptability. Additionally, an adaptive clutter filter
algorithm is also proposed to realize the operation of
data preprocessing when constructing the data set, so
as to increase the signal-to-noise ratio(SNR). The
experiment results on the collected and simulation data

During the process of collecting GPR data, the received signal is under the condition with strong interference, which
greatly affects the quality of data. Therefore, the preprocessing operations, such as cluttering filtering and signal
amplification, are necessary to improve the signal-to-noise ratio (SNR). However, the recently filtering methods could not
achieve the adaptively update of the background signal. And there have been many different detection algorithms to
detect buried objects after preprocessing, such as utilizing the reflecting phase change and the energy of different signals.
However, they exist high time cost, poor generalization and relying on human analysis. With the rapid development of
deep learning, the technologies to detect buried objects are promoted to combine with Convolutional Neural Networks
(CNNs) to ease these problems.

show that the great performance of the proposed This paper proposes a new algorithm for accurately and automatically detecting buried objects based on the Cascade
method, achieving the average precision more than Regional Convolutional Neural Network (Cascade R-CNN), where an adaptive clutter filtering method as data
85%. It accurately detects the buried objects in preprocessing is also proposed. The proposed detection algorithm could not only effectively filter out the clutter and
different environments, demonstrating the good facilitate the extraction of features, but also achieve the detection of buried objects according to the fine-grained
generalization and robustness of the proposed method. features automatically, which addresses the problems of the existing methods.

The Proposed Method

This paper proposes a new detection algorithm of GPR data based on the deep learning, which consists of three steps, that is as follows: (1) building the data set; (2)
constructing the network model; (3) training the network; (4) detecting the GPR buried objects.

A. Building the data set
In order to meet the requirement of data of the CNNs, the collected GPR data and simulation data are both used as the training data.
1) The collected data
The background clutter in the collected GPR data has the horizontal characteristics on the radar images, presenting the periodicity and stability. We propose the adaptive
clutter filtering algorithm. The appropriate filtering parameter « is selected to construct the sliding window W. The « is selected according to the four conditions:
a) Fewer changes of the surface undulations: the a is chosen from [1, 20];
b) Larger changes of the surface undulations: the a is chosen from [10, 100];
c) Slower changes of object signals: the a is chosen from [1, 20];
d) Faster changes of object signals: the a is chosen from [10, 100].
And then the sliding window W can be written as W = \_N/aj , where N denotes the columns of the image matrix B(MxN) and M denotes the sampling points of each trace.
The average values of the sampling points in each W is calculated while sliding the window. For the first N-W+1 trace data, the operation can be described as
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The original GPR data and the data filtered by the different chosen a are shown in Figure. 1. The signal amplification is also performed on the data to enhance the features.

2) The simulation data

The gprMax is used to generate the B-Scan images of various GPR data, through adjusting the size, shape and depth of the underground objects, as well as the center
frequency of the antennas. After the preprocessing, the GPR data are mapped to [0, 255] and then the pixel resolutions are adjusted to 375x500. Meanwhile, the data
augmentation, such as transformation, translation and rotation, are took to further augment the data set to prevent non-converge and over-fitting of the model.

B. Constructing the network model

We utilize the Cascade R-CNN to extract the multiple features, where the cascade method is proposed to gradually increase the thresholds to generate further refined
proposals. The proposals at each stage are adjusted in the same way according to the IOU threshold, and then the positive samples with higher IOUs are selected for the
next stage to train the network. The architecture of the Cascade R-CNN is shown in Figure. 2.

C. Training the network
The distinguishable features of the training data are automatically learned by the network. Meanwhile, the network is optimized by the back propagation. During the
training, the network minimizes the cascaded loss function to obtain the model parameters with the better performance for detecting the GPR buried objects. The loss

function can be written as L(XS,g)z L (hS (xS)yS)WL AL, (fs (xsabslg)

where L () and L,.,() denote the classification and the regression loss function respectively. h() and f,() represent the classification and regression function respectively. xsis
the input of the s-th stage, y° is the label of the x* at s-th stage, bs is the corresponding bounding boxes and g is the GT of the xs. The Smooth L1 and cross entropy are
adopted as the regression and classification loss function respectively in this paper.
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Figure. 2. Architecture of the Cascade R-CNN.
The experiment results are shown in Table 1. The recall and | The pr‘;]pzsed 30 96.7% 38 2%
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average precision with 10U threshold 0.5 (AP0.5) are both high,
where the APO.5 remains above 85%, indicating the effectiveness
of the proposed method for the detection of buried objects.
Because of the better convergence, the precision is 1.5% higher
with the increase of the training epoch.

Conclusions

Addressing the problems of the time-consuming,
low feature representation and poor adaptability of
the existing detection methods, a new detection
algorithm based on the Cascade R-CNN is proposed
in this paper, and the adaptive clutter filtering
method is also proposed as the data preprocessing.
The experimental results demonstrate that the
proposed method has the better abilities to extract
the relatively complete and distinguishable features
of the single object and multiple objects, and could
realize the accurate and efficient detection of the
GPR buried objects.

We use the data which are not trained as the prediction GPR
images. The partial detection results are shown in Figure. 3. It can
be seen that the GPR objects in different environments could be
detected accurately, whether it is the single object or the multiple
objects. The detection results demonstrate the great robustness of
the proposed detection method. Meanwhile, the prediction time
of the model is in the order of milliseconds, which could achieve
the efficient detection.

Figure 3. Examples of the partial detection results.
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