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[bookmark: _Toc113492749]Abstract
This paper presents an improved Faster R-CNN algorithm to address the challenge of identifying hyperbolas in ground-penetrating radar (GPR). The problem stems from hyperbolas in GPR data that are highly correlated and present in many forms. Therefore, due to the visual diversity of GPR data, using software aids to simplify the interpretation process for GPR users proves to be a challenge.

However, the recognition of hyperbolas can be addressed using machine learning training. Therefore, this thesis explores the principles and structure of the Faster R-CNN target detection method, followed by suggestions for optimising the model to improve its performance further. The feature cascade method is used to improve the backbone feature extraction network by normalising the feature maps output by different convolutional modules and then by fusing the shallow target features with the deeper ones to form new detection features for detecting targets of different sizes, thus achieving the effect of improving the target detection accuracy. The experimental results show that the improved Faster-RCNN algorithm can effectively identify tunnel lining defects with an overall recognition rate of 92.42% and a response time within 1 s.

The proposed algorithm improves the recognition accuracy and response speed of hyperbolas, which is superior in tunnel lining disease detection. Finally, the report considers some limitations that affect the final results of the training model.


[bookmark: _Toc113492750]1 Introduction
With the growth of railway mileage and operating hours, it is inevitable that disease problems will be exposed, posing a safety hazard to normal railway operations, and accidents caused by structural damage to railways and tunnels have occurred time and again. Particularly in the last decade, tunnels have been excavated and built, and high-speed railway tunnel linings consisting of reinforced concrete have been laid in large numbers. The inherent susceptibility to materials such as steel reinforcement corrosion has led to frequent damage and reinforcement fracture in the tunnel lining. The combined effect of natural and human factors makes the damage frequent, thus threatening the regular use of transport lines. If not detected and dealt with in time, it will likely affect traffic safety and paralyze the transport system, causing incalculable losses.

Therefore, it has become an urgent problem to detect the sources of disease risk from the tunnel lining inspection data and to objectively assess their risk level so that reasonable disposal measures can be taken to minimise the occurrence of accidents. The traditional inspection methods mainly include in-situ excavation detection, which is done by excavating directly at the location to be inspected and taking out samples from it for inspection. The disadvantages of this method are obvious: firstly, the sampling points are limited, and the possibility of missing inspection will be high, and secondly, it will destroy the integrity of the original structure and cause damage to the internal structure. Destructive testing methods are characterised by low efficiency, high cost, and long construction periods. The ground-penetrating radar method is rapidly gaining ground in tunnel inspection with its dexterity, lack of damage to the lining structure, and intuitive results, and it has obvious advantages in the process of structural acceptance or inspection.

However, when using ground-penetrating radar to detect tunnel lining structures, although it is easy to detect large areas, the amount of data generated can be very large, and the detected disease data still needs to be interpreted manually. Therefore, the correctness of data interpretation depends largely on the level of expertise and engineering experience of the relevant practitioners, as it is difficult to achieve uniformity in the assessment criteria, and The process of manual interpretation is inevitably subject to errors and omissions, leading to misjudgments and omissions, and requires a lot of time and effort to complete the interpretation of the data, which will delay the progress of tunnel lining structural damage detection and pose a greater challenge to quality inspection efficiency. As deep learning methods can achieve end-to-end target recognition and accurate target classification, deep learning methods can be used to detect and identify the type of lining structure damage and locate and analyse the images composed of ground-penetrating radar echo signals, thus significantly improving the detection speed of lining structures and, at the same time, having a great advantage in terms of recognition accuracy compared to manual discrimination. In summary, the research value and significance of this paper are reflected in the following three aspects.

(1) Analysis of the ground-penetrating radar detection principle and its simulation method will be able to simulate the radar detection data of lining defects under various ideal conditions through the simulation method, providing analytical data for the lining structure detection algorithm and effectively supporting the demonstration of the identification method of ground-penetrating radar lining defects.

(2) Removal of direct waves using conventional image processing methods. For the extraction of the effective signal components from ground-penetrating radar data, a modal decomposition method is used to suppress the noise. The simulated signal is first processed using a non-linear adaptive method, where the signal is decomposed into a series of eigenmodal components, and Signal reconstruction is carried out by analysing the characteristics of the signal decomposition method. The method is used to suppress noise for both simulated and measured data. The effectiveness of the algorithm for noise suppression in ground-penetrating radar data is verified by comparing the original ground-penetrating radar data image with the reconstructed image.

(3) The use of deep learning methods to detect and identify ground-penetrating radar data images can largely improve the speed and efficiency of lining damage detection and is more stable than manual interpretation, which can effectively realize the potential problem identification and treatment of tunnel lining structures and reduce safety risks.

The current ground-penetrating radar target detection research mainly focuses on two aspects: one is the simulation of the depth of learning of ground-penetrating radar echo image recognition. By ground-penetrating radar image target reflection wave shape to determine the location of the cavity disease area, but the industry has not established a public data set about ground-penetrating radar echo images, are using self-built simulation target ground-penetrating radar echo image data set, did not apply on the actual measurement data. Secondly, machine learning of single channel signal identification of cavity damage can achieve good classification results in a variety of measured simulated data, but there is a lack of research on the single channel echo signal of ground-penetrating radar to determine the depth range of cavity damage area information, which leads to a lack of research on tunnel lining cavity damage area detection methods.

This paper focuses on the main methods of target recognition based on ground-penetrating radar detection images and is divided into seven chapters, which are organized as follows.

Chapter 1 aims to introduce to explain the research background, research significance, and research objectives of this thesis.

Chapter 2 discusses the current state of research in the development of ground-penetrating radar image target detection technology at home and abroad.

Chapter 3 firstly introduces the composition and principles of ground-penetrating radar systems, followed by a detailed description and justification of the preparation process of ground-penetrating radar datasets.

Chapter 4 investigates targets in ground-penetrating radar images based on Faster R-CNN and introduces the principles and structure of the FasterR-CNN target detection method, including improvements to the recognition features of this method.

Chapter 5 presents an experimental demonstration of the improved Faster R-CNN method, comparing the different improvement strategies and validating the effectiveness of the improved Faster R-CNN.

Chapter 6 summarises the research work and the results of the research in this paper and provides an outlook for further refinement based on the content of this paper.

Chapter 7 reviews the project and again understands the content of the research and the applied knowledge points.
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[bookmark: _Toc113492751]2 Literature Review
With the increasing number of tunnels, there are numerous safety problems. To prevent accidents, defecting in the tunnel lining structure need to be detected in advance to reduce the risk of major accidents. In tunnel construction, the quality of the concrete tunnel lining structure will affect the practicality and durability of the tunnel. Cracks or voids in the tunnel lining can occur when the concrete casting structure is not thick enough or is defective. The general concrete placement inspection is divided into equal conditions of maintenance pre-part inspection, non-destructive testing, and micro-damage testing. The common methods of micro-damage and non-destructive testing include core drilling, rebound, and ground radar methods.

The core drilling method is an accurate, intuitive, and highly reliable method of localized damage detection by using a special excavation drilling platform to drill cylindrical concrete core samples directly from the tunnel structure, judging by the quality of the core samples of the tunnel lining structure. However, this method has irreversible damage to the lining structure. The rebound method uses the correlation between the compressive strength of the concrete and its surface hardness to infer the concrete lining structure. The method is simple, easy to operate, and quick to detect, but it has many influencing factors and is prone to large errors.

With the rapid development of electronics and the application of modern processing technology, ground-penetrating radar technology has been upgraded and improved. Ground-penetrating radar has the following advantages.

(1) High resolution. Because ground-penetrating radar produces very high-frequency electromagnetic waves in the process of use, then according to the relationship between wavelength and frequency, its wavelength appears to be very short, not only can identify large targets but also affect small targets as well, making ground-penetrating radar have a high resolution.

(2) High efficiency. Compared to other traditional methods of tunnel lining structure detection, the way ground-penetrating radar works and the detection principle make it fast. This is due to the fast propagation speed of electromagnetic waves. The receiver can receive the echo signal in a short time. The high level of integration of ground-penetrating radar means that only a lightweight detector and computer are needed to complete the work, so it saves manpower and material resources to a large extent. Compared with other NDT techniques, ground-penetrating radar inspection technology stands out for its high resolution, high efficiency, lightweight equipment, simple operation, and strong anti-interference capability. 

At present, ground-penetrating radar (GPR) data needs to be analysed by staff with good scientific knowledge, but as subjective judgements on ground-penetrating radar can change with human consciousness and are prone to bias, causing major problems in the analysis of the data, it is particularly important to find a reasonable image recognition strategy.

The application of target recognition methods begins with the purposeful selection of target information present in ground-penetrating radar images, and then these features are brought together, and the data obtained from the measurements are detected in combination with algorithms that have excellent recognition performance.

The traditional target recognition method is mainly through image pre-processing, extracting the target's outline characteristics to achieve the purpose of recognition. Although it can achieve the purpose of recognition, it does not take into account the influence of variable environment on image recognition, and recognition response time is slow and cannot meet the needs of modern ground search radar development. Deep learning, with its excellent performance, has been developed to provide ideas to solve the above problems, and its detection methods are mainly divided into two categories: single-order methods and double-order methods. Single-order methods, including the You, Only Look Once (YOLO) and the Single Shot Multibox Detector (SSD), is based on the idea of regression to identify and classify targets directly. The double-order methods include the Region Convolutional Neural Network (RCNN), the Fast-region Convolutional Neural Network (Fast-R CNN), and the Faster-region Convolutional Neural Network (Faster-R CNN), which are based on generating a large number of target candidate frames for feature extraction.

The first records of ground-penetrating radar in the detection of reinforced concrete date back to the end of the last century, when it was used to detect voids in concrete structures. In 1985, the US pioneered the use of ground-penetrating radar technology to detect tunnel lining structures, and experimental data proved that pulsed ground-penetrating radar was able to better reflect targets such as voids and reinforcement in the tunnel lining structure at a thickness of approximately 30cm [1]. At the turn of the century, the German researcher Benedtto [2] began to detect voids and cracks in geology. Other studies [3][4][5] have also demonstrated that the use of non-destructive Ground Penetrating Radar (GPR) methods to detect subsurface conditions can prevent geological anomalies from posing a significant risk to construction work. of water content. Okada et al. [6] demonstrated the powerful detection capability of ground-penetrating radar based on ground-penetrating radar target echo images to test the depth detection capability of ground-penetrating radar for a tunnel lining structure. Siggns et al. [7] investigated the detection resolution of ground-penetrating radar using an Australian-developed ground-penetrating radar instrument for indoor testing. The experimental results demonstrated that ground-penetrating radar could detect changes in the medium within 2 cm, demonstrating the good detection resolution of ground-penetrating radar. Agred [8] used ground-penetrating radar to obtain a conversion model between water content and velocity for estimating the water content at different locations.

Ground penetrating radar data is usually parsed by professionals, which suffers from low efficiency and accuracy. How to improve the quality became a research challenge at the time. The original ground-penetrating radar data were represented as the sum of low-rank and sparse matrices, corresponding to the clutter and target components, respectively. Based on this theory, Kumlu [9] proposed a new clutter removal method based on non-negative matrix decomposition for ground-penetrating radar image quality enhancement. Based on background removal, depth correction, synthetic aperture focusing techniques, and interpolation algorithms, Dinh [10] proposed a fully automated method for ground-penetrating radar data visualisation and analysis, generating a planar map of the ground-penetrating radar signal amplitude. In addition, Park [11] investigated a new transient phase analysis technique to solve the problem of very weak target reflection curves and complex clutter, aiming to improve the visibility of subsurface targets and automatically classify objects. Ristic [12] proposed a method for estimating the radius of cylindrical objects and electromagnetic wave propagation velocity from ground-penetrating radar images.

In the 20th century, foreign researchers' research on ground-penetrating radar was more about how to better use ground-penetrating radar in practice and the superiority of ground-penetrating radar detection capability, and the theoretical research on ground-penetrating radar was not deep enough. After entering the 21st century, foreign scholars began to discuss and study the theory of ground-penetrating radar, image processing, target detection, and other issues in depth, which greatly promoted the development of ground-penetrating radar technology and the application of ground-penetrating radar in practical engineering. Ground-penetrating radar equipment is expensive, and the acquisition of more in complex geological situations is also a problem. With the development of computers, ground-penetrating radar has not only been limited to actual detection, but good progress has also been made in forwarding simulation. To address this problem, Alsharahi [13] developed a digital code based on the FDTD method for modelling to obtain more ground-penetrating radar images by simulating various complex geological environments on a computer.

Based on the feature of a ground-penetrating radar subsurface target, which is a hyperbola with a downward opening, Zhou [14] proposed an Open-scan Clustering Algorithm (OSCA) to cut and classify the area with the hyperbola feature from other areas to obtain the approximate area where the subsurface object is located. To further localise the location of the target signal, Maas et al. [15] proposed a Viola-Jones algorithm based on the Hough transform to fit the contour curve of the target echo signal in the image. Traditional image processing algorithms are able to identify distinct hyperbolic features, but it is poorly robust and time-consuming.

With the rapid development of deep learning, deep learning has made breakthroughs in the field of target recognition. Hou [16] proposed an MS R-CNN segmentation framework based on deep learning. It improves detection performance by automatically detecting and segmenting object features in GPR images. Other studies [17] [18] have also demonstrated the superior detection performance of the YOLO family of models, solving the problem of detecting double curves in subsurface soil and concrete structural voids of different sizes. In addition, the YOLO model has satisfactory performance and superiority in detecting and locating subsurface distress. Zhang et al. [19] proposed a hybrid depth convolutional neural network based on incremental random sampling to successfully detect and visualise distress in GPR images of asphalt pavements on bridge decks. An IRS algorithm was also proposed in reference [19] for generating suitable GPR images from GPR data to feed into a CNN. The number and size of reinforcement bars are also one of the most important criteria to be assessed in the quality inspection of tunneling works. Park et al. [20] investigated the YOLOv3 algorithm with good object recognition performance to calibrate structural data to predict the diameter of reinforcement bars in a facility in real-time and experimentally validated the possibility of the method to predict the diameter of reinforcement bars in real-time.

Girshick [21] proposed the Fast R-CNN algorithm based on R-CNN. Its main innovation of the improvement is that the input image is first convolved, and then the target retrieval is performed on the image output from the convolution layer using a selective search method, which improves the speed of training and testing of the network model. A large number of experts have also applied the newly proposed dual-order method to GPR target detection. Other studies have also demonstrated the effectiveness of Faster R-CNN for small target detection. Lei et al. [22] proposed an automatic scheme for subsurface object detection and localisation using a trained deep learning framework and the Faster R-CNN detection method with a data enhancement strategy to achieve automatic recognition of GPR images. Liu et al. [23] proposed a Faster R-CNN-based crack inspection measurement method that automatically detects cracks and continuous snow layers on the ice surface in a short time. The researchers input the feature maps extracted from the convolutional layer and the region proposals generated by the region proposal network into the ROI layer, and then obtain the proposed feature maps, and then analyse them according to the confusion matrix Feng and Yang [24] investigated the recognition of ground-penetrating radar images of tunnel linings, using two representative target detection algorithms, Faster R-CNN and YOLOv3, to identify targets in the images, and produced structures such as steel bars and construction joints as the measured. The experimental results show that both methods have good recognition results on tunnel lining images. In addition, Bell et al. [25] demonstrated that internal and external networks also improve the detection rate of small targets. Using an object detector with information inside and outside the region of interest, the contextual information of the region of interest was integrated using a spatial recurrent neural network, and a jump pool was used to extract multi-scale information, and it was found through the detection results that contextual information and multi-scale fusion could improve the performance of small target detection. Wang et al. [26] also demonstrated that the SSD detection algorithm could effectively achieve the recognition of small target objects.

Pham and Lefèvre [27] used the Faster R-CNN framework to detect buried objects in GPR B-Scan images and used the GprMax toolbox to generate simulated GPR images based on different configuration parameters. The GprMax toolbox was used to generate simulated ground-penetrating radar images based on different configuration parameters. Preliminary detection results show that the proposed method is a significant improvement over traditional computer vision methods and is promising for processing this specific radar data even with a small training sample. Meanwhile, Li et al. [28] used Faster-RCNN for the detection of subsurface rebar, and the GprMax toolbox was used to generate a large amount of simulated data for the hyperbolic nature of the reflected waves from the rebar to verify the superiority of the method. The results demonstrate that the method can achieve good processing results even with only a small number of training samples.

To improve target detection accuracy, Kong [29] proposed a deep hierarchical network, HyperNet, to jointly process region proposal generation and object detection. It first aggregates hierarchical feature maps and then compresses them into a uniform space. Hyper feature maps well to fuse the deep height semantics of images, and the method achieves fully leading recall and target detection accuracy with real-time processing capability. To improve target localisation, reference [30] proposes an alternative classification method using a neural network radial basis function to classify the windows of the GPR radar map into two classes, combined with higher order statistical cumulative volume features, and the results prove that the proposed algorithm has better classification performance compared to other models designed using the same data. Xiang [31] investigates the effect of different rebar arrangements, and different window sizes on Wang [32] proposed a deep learning network based on generative adversarial networks, where ground-penetrating radar images with reflected waves of rebar were used as input, and the network finally output images without reflected waves and reconstructed the defective echoes underneath the rebar. Ozkaya [33] investigated the CSVM method in comparison with classical machine learning methods and pre-trained CNN models, and the experimental results showed that the method achieved improved classification performance with lower computational complexity. A deep neural network structure was used to analyse the GPR data, and the proposed CSVM model has higher performance than other deep learning methods.

Some scholars have even made good progress in the field of ground-penetrating radar target recognition by combining traditional image processing methods with machine learning methods. Researcher Liu [34] proposed an automatic detection and localisation method based on deep learning and migration. Firstly, a single-shot multibox detector model is built to identify target regions containing hyperbolas in GPR images, and this deep learning model is trained using a real GPR dataset. Secondly, each target region is migrated and converted to a binary image to locate the rebar, and after binarisation, the vertices of the focused clusters are obtained and used to estimate the horizontal position and depth of the rebar, demonstrating that it is possible to detect rebar from GPR images automatically detect rebar. Similarly, Dinh et al. [35] proposed an algorithm for achieving automatic rebar detection and localisation based on a combination of traditional image processing techniques and deep convolutional neural networks, where the image is first offset and normalized to locate the rebar peak pixel points, and then the trained convolutional neural network is used to classify the target, showing excellent performance in the analysis of 26 bridge deck GPR data. What's more, Kaur et al. [36] proposed a new algorithm for automatic rebar detection and analysis based on gradient features of the image and rebar hyperbolic features to achieve robust performance, eliminating the need for manual adjustment of edge detection, thresholding, and template matching, and providing superior performance compared to image-based classification methods.

Ground Penetrating Radar (GPR) is a typical non-destructive detection technique that has been widely used in recent years for its non-destructive, fast, and efficient properties. The technology uses the propagation characteristics of high-frequency pulsed electromagnetic waves in underground media, as well as the reflection and diffraction fluctuation patterns when encountering abnormal media, to detect the distribution of target objects underground. Ground-penetrating radar technology started late, scholars are still shallow in their research, and there are still many practical problems that are difficult to solve in practical applications, as follows:

(1) As the receiver of ground-penetrating radar will accept all the reflected waves from the target, in the actual operating environment, such as the operator's intercom interference, the cable in the tunneling project and other factors will cause interference to the electromagnetic waves, resulting in the ground-penetrating radar return data retaining a lot of noise information. It is difficult to restore the information interfered with by a variety of noise mixtures using various types of single conventional signal analysis methods.

(2) The cavity damage echo signal image is weak. Due to the uncertainty of the actual detection of interference factors, resulting in its interference with the ground-penetrating radar echo signal formation of signal components complex, resulting in the formation of the target signal echo image display being weak and difficult to identify.

(3) Ground-penetrating radar echo images are difficult to decode accurately. In the actual engineering application of the interpretation process is mainly dependent on the level of technical personnel, but due to the experience of technical personnel and level differences lead to target identification accuracy and efficiency can not be effectively guaranteed, and therefore can not ensure the realization of ground-penetrating radar echo images in the automatic detection of the target.


[bookmark: _Toc113492752]3 Research and Development Methodology
[bookmark: _Toc113492753][bookmark: _Hlk113389523]3.1 Principle of ground-penetrating radar
Ground-penetrating radar uses high-frequency pulsed electromagnetic waves emitted by an antenna to detect target objects. The system composition of the whole ground-penetrating radar includes the transmitting signal part, the collecting signal part, and the signal processing part. The main structure and mode of operation of the ground-penetrating radar are shown in Fig. 3-1, which includes the hardware equipment: host computer, transmitting antenna, transmitter, receiving antenna, receiver and computer. Firstly, the ground-penetrating radar transmits electromagnetic waves to the ground through the transmitting antenna, which are reflected, refracted, and projected on the ground, and then the signals are received by the receiving antenna. These signals are then processed on a computer, which converts the collected electromagnetic signals into digital signals for processing.



Fig. 3-1 Principle of ground-penetrating radar

The hardware part of the mainframe, the control, and processing unit, is responsible for setting the frequency of the electromagnetic wave signal, the power of the machine, and other parameters. The electromagnetic wave signal is generated by the transmitting antenna. When the electromagnetic wave reaches the intersection of air and ground, part of the signal will be reflected to be received by the receiving antenna, this type of signal is called direct waves. The signal from the transmitting antenna and then directly received by the receiving antenna is called a coupled wave. There is also a part of the radar wave that reaches the target and then reflects the signal is called the target signal return. The return signal reaches the receiving end. When the echo signal reaches the receiver, it needs to be sampled and processed by the radar receiver and then transmitted to the control module and processing module in the system, and finally, the original ground-penetrating radar signal is obtained through data processing.

In the process of detecting target objects, ground-penetrating radar can use the nature of wave reflection, refraction, and projection to carry out practical operations, which are mainly divided into the following methods.

(1) Transmission wave method. The transmission properties of electromagnetic waves are used to calculate the propagation speed of electromagnetic waves by measuring the arrival time of direct waves through the object under test so that some of the different parameters of different properties of the medium can be clearly identified to make a judgment on the internal situation of the detection target. Electromagnetic waves in different media propagation speeds are not the same. This paper can be based on the propagation time to determine whether the media type is the same.

(2) profile method. The most common method of detection is currently used. Its principle is to fix the distance between the transmitting antenna and the receiving antenna and then move along the profile. The corresponding data can then be collected. The collected time profiles can be used to analyze the time taken by radar waves inside different media, i.e., the time is taken to travel both ways, to determine the differences in the internal properties of the media. Due to the intuitive nature of the data obtained and the simplicity of the acquisition process, it is often used for some inspections of tunnels and road surfaces.

Various forms of signal components are present in the ground-penetrating radar signal because of the inevitable interference of noise in the ground-penetrating radar system during the operation of the radar. Amongst these, clutter mainly contains direct surface waves and coupled waves generated between the transceiver antenna. These two types of noise are characterised by strong signal energy, little loss in the air and contain no information about the target signal and are important objects in GPR data processing. Due to the distance between the transmitting and receiving antennas, the electromagnetic waves are picked up by the receiving end via the ground surface during ground-penetrating radar movements, so the direct wave is always going to be present throughout the detection process. If the site is flat, the individual clutter will be relatively stable, and the signal received by the ground-penetrating radar can be approximated by the linear model of equation (3-1).

[bookmark: _Hlk113475882]		(3-1)




[bookmark: _Hlk113475915]In equation (3-1),  represents the coupling wave component between the transmitting and receiving antennas. In the actual detection process, the position of the transmitting and receiving antennas is basically in a relatively static state, so the coupling wave component is relatively stable.  represents the signal component reflected by the electromagnetic wave after reaching the intersection of air and ground. As the machine moves, the roughness of the air-ground interface will vary, and there will be variations in the electromagnetic properties of the medium, which will result in the direct wave component possibly varying. When the transmitting and receiving antennas are in close proximity to the detection ground, the direct and coupled wave signals will overlap.  represents the signal received by the electromagnetic wave after it has passed through the detection target, which is influenced by the shape of the target object, the dielectric constant, and the propagating medium and has specific characteristics in the image and is a variable signal in the waveform.  is the noise and interference signal and consists mainly of the main components the electromagnetic signal interference in the environment and the thermal noise present in the ground-penetrating radar system, and partly the interference from other objects in the medium.

At the very beginning of the signal, the main presence is the coupled wave between the transceiver antenna and the direct wave after reflection at the surface. It is very energetic and appears in the upper part of the image, presenting a more continuous section of signal. These signals interfere with the analysis of the target echo signal. Therefore, it is necessary to suppress these noisy signals and reduce their energy.

[bookmark: _Toc113492754]3.2 Representation forms of GPR data
The receiving end of a ground-penetrating radar constantly receives electromagnetic waves, and the signals received are processed by a sampler and then The one-dimensional data is the basic data that makes up the ground-penetrating radar signal, that is, the A-Scan data. The one-dimensional data is the basic data of the ground-penetrating radar signal, i.e., the A-Scan data, and then the one-dimensional data is arranged in chronological order. The resulting data type is called B-Scan data.

The echo signal of the A-Scan is shown in Fig. 3-2. Normally, the A-Scan echo signal shows an undulating up and down an image, with a reflected echo of high energy intensity at the start of the signal. This is due to the fact that during the operation of the ground-penetrating radar, the electromagnetic waves emitted from the transmitter penetrate the air and come into contact with the ground and air interface, where there is a significant difference between the dielectric constant of the air and that of the ground. In the process of electromagnetic wave transmission in the air, the energy loss is very small, so there is a peak point with large amplitude in the A-Scan signal. In the course of ground-penetrating radar, the target in the tunnel lining is measured, the transmitting antenna continuously emits electromagnetic waves, and the receiving antenna continuously receives the return signal. The host samples the signals by setting equal time spacing or equal distance and then stacks the resulting series of A-Scan data to form a two-dimensional collection of data known as B-Scan data. The B-Scan signal image is shown in Fig. 3-3.
[image: ]
Fig. 3-2 A-Scan image

In the actual inspection process of tunnel lining structures, reinforcement is generally buried in a relatively homogeneous medium such as concrete. The change in dielectric constant is relatively small and therefore appears in the B-Scan image as a hyperbolic shape. The shape of the double curve in the B-Scan image.
[image: ]
Fig. 3-3 B-Scan image
[bookmark: _Toc113492755]3.3 GPR data denoising
[bookmark: _Toc113492756][bookmark: _Hlk113478804]3.3.1 Image pre-processing
(1) Zero Point Correction. 
The time zero is the position on the time axis when the electromagnetic wave reaches the surface. Due to the thermal drift caused by temperature changes, the loss of ground-penetrating radar electronics, and different cable lengths in the tunnel can cause the time zero point in the time axis of the "offset," resulting in ground-penetrating radar echo image on the part of the straight coupling wave is not a straight line, resulting in the target echo image display distortion, cannot accurately identify whether the target. It is, therefore, necessary to adjust the zero point of the signal. There is no unified standard for the positioning of the electromagnetic wave to the ground, and this paper adopts the current mainstream method: it is to intercept the position of the second wave crest at the beginning of the electromagnetic wave to the ground.

(2) Dithering leveling. 
Operators in the actual operation are easy to jitter ground-penetrating radar instruments, resulting in echo data with jitter. This situation was caused by the ground-penetrating radar echo image on the target echo also shifted and can not be identified, so we need to take appropriate methods to deal with this situation.

The strong jitter causes a strong sense of segmentation in the ground-penetrating radar echo image, consistent with the visual effect of bad channel data causing the ground-penetrating radar echo image, and linear interpolation can better connect the smoothness of the left and right data and is therefore well suited to recovering the ground-penetrating radar echo image. The ground-penetrating radar echo signal is complex and has continuity. In order to better recover the continuity of the image, this paper uses the bicubic interpolation method.

In the actual detection, ground penetrating radar echo data generally consists of thousands of single-channel signal data, so it is clearly undesirable to use manual methods when screening the actual data for jitter locations. In order to reduce the operator's workload, this paper proposes the use of the Lajda criterion to determine the jitter position, as the number of single channel signals from ground-penetrating radar echo data is up to thousands of channels, which fits the scenario of the use of the Lajda criterion.

(3) Automatic gain
The electromagnetic wave signal becomes smaller and smaller as it propagates through the medium due to the inevitable energy loss. According to the A-Scan diagram, the amplitude of the signal tends to become lower and lower. In order to make the target signal in the ground-penetrating radar data easy to identify, the automatic gain can be adopted to optimise the amplitude of the signal so that the ground-penetrating radar signal can achieve energy balance for the detection and comparison of the target signal waveform.

The automatic gain method used is processed on a single channel wave of the radar signal. The amplitude of the signal is adjusted to a certain range according to the automatic adjustment of the strength of the ground-penetrating radar signal energy at different moments in time, and the automatic gain is shown in the form of equation (3-2).

		(3-2)




[bookmark: _Hlk113478523]where  is the gain weight at the moment in time, the amplitude value is adjusted by the weighting factor so that the amplitude value of the signal tends to be in a flat state. It is taken by adding a time window to the signal. The signal is then divided into N time windows, and the adjacent time windows are overlapped by half a time window length so that the gain weights do not change drastically and abruptly. Finally, the average amplitude  over the time windows and the gain weights at the corresponding moments are obtained, as shown in equations (3-3). Where a,b corresponds to the beginning and end of the time window, N is the number of sampling points, and the gain weight  is the reciprocal of the average amplitude . The effect of automatic gain of ground-penetrating radar data is shown in Fig. 3-4.

		(3-3)
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Figure 3-4 GPR image before and after Automatic gain

In order for the ground-penetrating radar echo signal to better reflect the difference between the cavity disease signal and the non-cavity disease signal, its echo signal amplitude needs to be recovered to exclude interference from other factors. The principle of the automatic gain algorithm used in this paper is to adjust the amplitude of the strong signal near the ground and the amplitude of the weak signal away from the ground to bring them into an agreement. This method is operator friendly and does not require human adjustment of parameters to obtain good results and achieve enhancement of reflected waves from deep ground-penetrating radar targets.

[bookmark: _Toc113492757]3.3.2 Direct coupling wave removal
Ground penetrating radar data contains a variety of signal types, of which the two more typical are coupled waves and ground reflections. These two types of signals are in the front of the single channel signal and can affect the reception and detection of the target signal. This is because the echo energy of the target signal is small compared to the coupled and reflected ground waves and may be masked by the direct wave signal during the reception, which is detrimental to the subsequent extraction and identification of the target signal features. Therefore, the removal of direct waves becomes the focus of the research. The following section describes the algorithm for the removal of direct waves, i.e., the removal of direct and coupled waves from the signal using the averaging offset method.


The principle of the average offset method uses the characteristics of ground-penetrating radar when it is in operation. The radar is constantly emitting electromagnetic signals to the ground as it moves. If the terrain is less variable, then the return signals reflected by the electromagnetic waves at the junction of air and ground are more constant, and the direct wave signals are evenly distributed in the ground-penetrating radar data. The same sample points on each channel are summed and later divided by the total number of channels in the data to give an approximate direct wave signal on that channel. The same sample points are then subtracted together from this mean value, which allows the direct wave signal to be well removed and leaves the target signal. This is achieved by subtracting the direct wave component from the measured data , as shown in equation (3-4).

		(3-4)





In equation (3-4),  is the   channel of measurement echo data before processing,  is the  channel of measurement echo data after processing, and  is the number of channels selected in the signal.

[bookmark: _Toc113492758]3.3.3 Noise suppression
As a typical adaptive analysis method, Empirical Mode Decomposition (EMD) is used in many fields, and the principle of the EMD method can be represented by equations (3-5).

[bookmark: _Hlk113483375]		(3-5)



In equation (3-5), the  represents the original non-smooth signal,  represents the IMF component, represents the residual, and n denotes the number of IMF. The principle of the method can be clearly understood by using the equations. The signal is decomposed into a number of IMF components, each determined by a time scale, and the average frequency of the IMF components decreases as the time value increases. 

Ensemble Empirical Mode Decomposition (EEMD) is a technological innovation based on the EMD method. In the preparation phase of signal processing, Gaussian white noise is first added to the original signal, which allows the intrinsic frequencies of the signal to be attached to the uniform white noise signal. A proportion of the noise signal is then added to each decomposition, and several EMD decompositions are performed. Finally, all components are averaged to obtain the processed signal.

Compared to empirical modal decomposition, ensemble empirical modal decomposition reduces modal aliasing to a certain extent. However, as the proportion of noise varies with each decomposition, the number of IMF components obtained varies with each decomposition, resulting in an incomplete synthesis of the original signal, and the method is noisier, more computationally intensive, and takes longer than EMD.

The complementary ensemble empirical modal decomposition method is used to empirically decompose the signal by adding different Gaussian white noise several times when the IMF1 is decomposed in the first step and averaging the resulting N first-order IMF components.

[bookmark: _Hlk113483903]		(3-6)




[bookmark: _Hlk113484053][bookmark: _Hlk113483953][bookmark: _Hlk113484015]Equation (3-6) is the mean processing formula, where  represents the first order IMF component,  represents Gaussian white noise with mean 0 and variance 1,  is the proportion of noise added, N is the number of EMD decompositions, and  represents the i IMF component, which gives the first order IMF component and produces the first order residual.

		(3-7)

 is then decomposed until each component of the decomposition satisfies the first-order IMF requirement. When the number of residuals is not more than two, the resulting IMF components are averaged as a whole. In each calculation of the IMF components, a different proportion of Gaussian white noise is added, as shown in equation (3-8).

		(3-8)
The problems with CEEMD are these:

(1) Sensitivity to noise and sampled signals. In the process of decomposition, Gaussian white noise is added several times, which leads to the signal and noise overlapping each other, resulting in poor separation. Therefore, attention should be paid to the selection and addition of noise.

(2) Modal overlap phenomenon. In the actual decomposition process, the number of times the noise signal is added is not set correctly, which will lead to the phenomenon of modal overlap, and the IMF component will contain signal components of different frequencies.

(3) The calculation process is complex. As the EMD method lacks rigorous mathematical theoretical derivation, and in the process of adding Gaussian white noise several times, it will inevitably cause the complexity of the calculation to be large, and the extraction of components will also make the operation time longer, which will affect the efficiency of the operation to a certain extent.

[bookmark: _Hlk113485013]The ground-penetrating radar orthorectified model data is processed and analyzed. The parameters are set in the input file of the orthorectified model, taking a simulated ground-penetrating radar image as an example, which is set to a length of 1 m, a burial depth of 0.5 m, a metal tube with a diameter of 0.04 m placed at a distance of 0.21 m to the left and 0.23 m below ground, and the center frequency of the antenna set to 1.5 GHz. The ground-penetrating radar data were collected for analysis. Fig. 3-5 show the original image of the orthorectified results. 
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Fig. 3-5 The original image of the orthorectified results
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[bookmark: _Hlk113485694](a)IMF1                     (b)IMF2                    (c)IMF3
Fig. 3-6 Orthorectified data IMF component of EMD
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(a)IMF1                     (b)IMF2                    (c)IMF3
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[bookmark: _Hlk113487674](d)IMF4                     (e)IMF5
Fig. 3-7 Orthorectified data IMF component of EEMD
The orthorectified model data was processed using three modal decomposition methods, which split the image into a number of different component maps. Fig. 3-6, Fig. 3-7, and Fig. 3-8 show the results of the EMD, EEMD, and CEEMD decomposition processes, respectively.
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(a)IMF1                     (b)IMF2                    (c)IMF3
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(d)IMF4                     (e)IMF5                    (f)IMF6
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(g)IMF7                     (h)IMF8                    (i)IMF9
[bookmark: _Hlk113486274]Fig. 3-8 Orthorectified data IMF component of CEEMD
Based on the eigenmodal functions obtained from the decomposition of the orthorectified data by the three methods, their image characteristics can be filtered to find the IMF components with the target signal for superposition. Finally, the denoised reconstructed image is obtained.
[image: ]               [image: ]             [image: ] 
[bookmark: _Hlk113488013](a)EMD                     (b)EEMD                    (c)CEEMD
Fig. 3-9 The denoised reconstructed images
From the decomposed images, the components that are more effective are selected. The EMD method selects IMF1 and IMF2; the EEMD method selects IMF3, IMF4, and IMF5; and the CEEMD method selects IMF6, IMF7, IMF8, and IMF9. Fig. 3-9 show the reconstructed images of each of them.

The reconstructed images are obtained by processing the orthorectified data with these three modal decomposition methods and decomposing the signals. The EMD results still have some faint stripes in the image, which makes the shape of the target signal not very clear to observe; the EEMD method has very few stripes, but the target signal is rougher around it, with more obvious hierarchical changes; the CEEMD method has a relatively clearer image, and the hyperbolic features are smoother and the response is more accurate. The response is more accurate.

[bookmark: _Hlk113487207]The EMD, EEMD, and CEEMD methods were found to be effective for ground-penetrating radar orthorectified data from the previous experimental analysis. The next step is to denoise the field data, which is shown in Fig. 3-10. The IMF components after the modal decomposition process were filtered to obtain a better-reconstructed image. In the following, the processing results of each of the three methods are compared, and their IMFs and reconstructed signal images are analyzed separately. Fig. 3-11, Fig. 3-12, and Figure 3-13 show the corresponding decomposition results of the three methods, respectively.
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Fig. 3-10 The image of field data
[image: ]                      [image: ]
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Fig. 3-11 Field data IMF component of EMD
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[bookmark: _Hlk113487832](a)IMF1                     (b)IMF2                    (c)IMF3
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Fig. 3-12 Field data IMF component of EEMD
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Fig. 3-13 Field data IMF component of CEEMD
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(a)EMD                     (b)EEMD                    (c)CEEMD
Fig. 3-14 The denoised reconstructed images

Based on previous experiments, the IMF components containing the target signal can be selected for superimposition, while the other IMF components are removed. Specifically, the IMF1, IMF2, and IMF3 components are superimposed using the EMD method. For the EEMD decomposition, the IMF2, IMF3, and IMF4 components are selected for synthesis, while for the CEEMD method, the IMF3, IMF4, IMF5, and IMF6 components are selected for superimposition. Fig. 3-14 show the reconstructed images of their three methods, respectively. 
After processing the experimental data, the reconstructed images generated by each of them were obtained. The differences between the different methods can be observed according to Fig. 3-14. The ground-penetrating radar images can be effectively suppressed by the three modal decomposition methods, and the measured results of the CEEMD and EEMD methods are clearer than the reconstructed images of the EMD method, and the contours of the target signal can be clearly shown. The processing of the measured data verifies the processing effect of the three modal decomposition methods for ground-penetrating radar signals, and it can be concluded that the empirical modal decomposition method has serious modal blending problems. EEMD improves the modal aliasing problem to a certain extent by adding Gaussian white noise but also increases the amount of data computation. The CEEMD method provides a better interpretation and response to ground-penetrating radar data. However, it requires a large amount of computing time and the IMF component is still partially incomplete.
[bookmark: _Toc113492759]3.4 Numerical simulation based on FDTD
With the continuous development of science and technology, the processing of ground-penetrating radar data has been significantly improved, especially in the field of seismology. In the actual engineering detection or geological exploration, the variety of target materials detected and the more complex propagation pattern of electromagnetic waves can make the detection process more difficult, thus also limiting the development of ground-penetrating radar and bringing inconvenience to the detectors. Researchers' data processing techniques and GPR detection data complement each other. With enough data, researchers can use experimental results to evaluate the processing effectiveness of algorithms for different cases of structural models and to improve the methods for parsing radar data. With the current rapid development of information technology, more and more researchers are simulating models of geological structures and using computers to observe and experiment with the simulated data, which is important for ground-penetrating radar research. This is of great importance for ground-penetrating radar research.

Based on this background, the most common scientific modeling method used by researchers is the Finite Difference Time Domain method (FDTD), which works by replacing the central difference quotient with the first-order partial quotient in time and space and by simulating the electromagnetic wave propagation process in the time domain to obtain the electromagnetic field distribution. A typical FDTD simulation processing tool currently used for ground-penetrating radars is GprMax.

Yee proposed in 1966 the finite-difference method in the time domain, where the distribution of the field is obtained by propagating an electromagnetic wave over the time domain. The three elements of FDTD are the difference equation, the stability of the solution, and the absorption boundary conditions.

The FDTD method decomposes the calculation space on a space-rectangular coordinate system and expands it into a standard three-dimensional grid of cells so that a three-dimensional network structure can be formed in which the electric and magnetic field components surround each other. The electromagnetic field distribution on each time scale can be obtained by solving the differential equation.

The time and space increments affect the stability of the final calculation results, and if the values are not chosen appropriately, this will result in worse results over time. Splitting the finite difference operator into an eigenvalue problem in time and space can improve the certainty of the final result to some extent. This is because it allows any form of a wave to be viewed as a superposition on a plane wave spectrum. The digital spatial differential equations will determine the spectrum of the eigenmodes, and the frequency domain of the eigenvalues has to be inside a stable interval.

FDTD enables the complete simulation of ground-penetrating radar electromagnetic wave propagation processes in a computer. Due to the relatively limited resources, absorption boundary conditions need to be taken into account. An important area of FDTD research is the design of an absorbing boundary condition that produces good results with low numerical reflections. An important area of FDTD research is the design of an absorbing boundary condition that produces good results with low numerical reflections. The effectiveness of the absorbing boundary condition is assessed by the size of the computational volume and the local volume of the computation. Absorption boundary conditions can be divided into natural and forced boundaries, with natural boundaries being computationally simple but less effective. A representative example of a forced boundary is the Perfectly matched layer (PML). This is where the electromagnetic wave arrives at the boundary and is first decomposed in all directions, and different loss factors are applied to the components in different directions.

[bookmark: _Toc113492760]3.5 Example of a GprMax - based lining target detection simulation
As a tool for the application of the FDTD method, the ground-penetrating radar scenarios and processes are simulated using GprMax, open-source software for the implementation of electromagnetic wave propagation processes, which has been successfully used in various academic and engineering fields. Nowadays, with the expansion of computing resources, GprMax can efficiently build detailed and complex ground-penetrating radar FDTD models, redefining robust and practical file formats for the output of geometry and text. For example, program code can be written directly the in a file, a built-in library of realistic simulated antennas, various material properties to simulate realistic geological conditions, and the ability to build heterogeneous and rough surface objects, as well as to correct scripts.

The use of GprMax is a text-based input file that allows the researcher to model the geological structure to suit their needs by writing predefined expression commands to complete the setting of the model parameters, such as the structure size of the model, the time window, the material and the type of excitation source. Taking a two-dimensional model as an example, the parameters of the simulation are set up in this paper in a specific way, with the following simulation parameters.

(1) The frequency is set at 1.5 GHz, and the Ricker waveform is used to generate the simulated data in order to obtain a resolution with a reasonable penetration depth.

(2) The time window is set between 3-10ns to give the radar waves enough time to transmit from the transmitter and return to the receiver. A good image is generated.

(3) FDTD simulations were used to create target objects with different dielectric constants and different burial depths, followed by 80 iterations of the ground-penetrating radar A-Scan data from left to right overlaid on different time domains to create the B-Scan image.

The modelling input file was manipulated to generate random parameters for the central location of the landfill within reasonable limits, taking into account the location of the landfill and the type of media, while also modifying the parameters of the media to achieve a wider range of possible scenarios.

[image: ]
(a) Simulation of geometric model                         (b) Simulation of B-Scan
Fig. 3-6 Simulation of geometric model and B-Scan

Paraview is an open-source, multi-platform data analysis and visualisation application typically used to view modelled features. GprMax generates a .vti file from the overlay of multiple A-scans, which can be visualised by Paraview. Fig. 3-6(a) shows the simulation of the geometric model. The blue circle is the perfect medium for burial. The B-Scan image is shown in Fig. 3-6(b), where the position of the curve vertices corresponds to the position of the reinforcement. The position of the curve vertices corresponds to the position of the reinforcement bars.

In this section, the system components and operating principles of ground-penetrating radar are explained in more detail, as well as the data representation of ground-penetrating radar. In addition, the FDTD-based ground-penetrating radar numerical simulation procedure is used to address the problem of insufficient amount of training data for subsequent deep learning. The key elements of the ground-penetrating radar data simulation are analysed, which are used to simulate the practical application of ground-penetrating radar and to lay the foundation for subsequent ground-penetrating radar data processing.

[bookmark: _Toc113492761]3.6 Dataset
[bookmark: _Hlk113386728]This paper detects structural bodies and defects, mainly reinforcement and voids, in tunnel lining images. The sample dataset was derived from three sources: a publicly available dataset from the University of Waterloo [37], ground-penetrating radar images generated by GprMax software for forwarding simulation, and field data from the Cui Ping Shan tunnel provided by the China Academy of Railway Sciences. From the literature [38], it is clear that mixing a limited amount of real data into the simulated data is beneficial to the performance of the classification model.

In this case, the GprMax software considers the object scenario in different situations with the following simulation parameters: The Ricker waveform with a frequency of 1.5 GHz is chosen to improve the resolution of the ground-penetrating radar image. The scope is set to an area of 1m in length and 0.5m in width to determine the extent of the entire structure. The shape and size of the infill are set, and the position is randomly generated within the scope. The duration of the time window is set to 3-10ns to give the radar waves enough time to transmit from the transmitter and return to the receiver. As shown in Fig. 3-7, the rebar shows a distinct hyperbolic shape, and the hollow appears overlapping and irregular at the vertices.
[image: ]
(a) Rebar                          (b) hollow
Fig. 3-7 GprMax simulated data

The process of building the GPR image dataset consists of the following steps. Firstly noise is added to the GprMax simulation data. Then data processing is performed on all GPR data, including direct wave removal, automatic gain, and filtering processing. Finally, the image annotation tool LabelImg is used to annotate the targets present in the image, record the type and location information of the target object and obtain a file of XML type. The flow of the dataset preparation can be represented in Fig. 3-8. By preparing the dataset, the corresponding dataset was obtained, and Table 3-1 shows the data structure of the dataset.



Fig. 3-8 The flow of the dataset preparation

Table 3-1 Data structure of the dataset
	ID
	Type
	Feature
	Target
	Source

	1-1986
	Rebar
	Hyperbola
	Single
	Simulation

	1987-2486
	Rebar
	Hyperbola
	Single
	Field

	2487-4375
	Hollow
	Overlapping curves
	Multiple
	Simulation

	4376-5675
	Hollow
	Overlapping curves
	Multiple
	Field



This chapter examines the process of data preparation and related methods of ground-penetrating radar data processing, including the noise and characteristics present in ground-penetrating radar signals are described and illustrated, while direct wave removal and noise suppression are analysed, followed by experiments and comparison of results for the data processing process of three modal decomposition methods, which are related to different types of signals, to provide the subsequent process of implementing target detection methods to make the target features in the image data more obvious and favourable.


[bookmark: _Toc113492762]4 Design and Implementation
[bookmark: _Toc113492763]4.1 Principle of Convolutional Neural Network
Convolutional Neural Network (CNN) is a multilayer feed-forward ANN network in which individual neurons are tiled so that they respond to overlapping areas of input data like the human visual system. CNN's are inspired by biological processes and mimic the functional processes of the human visual system. In recent years, CNNs have revolutionized the fields of computer vision and speech recognition by regularly setting performance records on benchmark data.

The more significant effect of convolutional neural networks in dealing with target detection problems is due to their properties related to it. It is a multi-level structured neural network with properties such as local receptive fields as well as weight sharing. Convolutional neural networks are inspired by the process of biological cognition of the world, where when an image is an input, each neuron is responsible for cognition of only part of the area, which is the local receptive field, and local connections can reduce the parameters, which will reduce the number of operations for the whole process. This approach alone does not effectively solve the problem of large parameters, especially when faced with large volumes of data, as it can lead to a large number of parameters and make the computation very large. For this reason, another feature of convolutional neural networks, weight sharing, is a good solution to the problem of large parameters. Assuming that a network structure contains m neurons, each containing multiple weight parameters, without any processing, the number of parameters would be m × n, while using weight sharing, the number of parameters would be only n. In target detection experiments, where the amount of data used for training is large, and the parameters are complex, the number of parameters can be significantly reduced by weight sharing. Fig. 4-1 shows a diagram of weight sharing.
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Fig. 4-1 Diagram of weight sharing

The structural composition of a convolutional neural network is divided into a convolutional layer, a pooling layer, and a fully connected layer. These three functional parts are each responsible for related functions and then are combined to form the entire convolution process. A schematic diagram of its structure is shown in Fig. 4-2.
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Fig. 4-2 Structure of CNN

The first structure of a convolutional neural network is the input layer, into which the data first needs to be fed before the convolution operation is completed. The convolutional layer is the main building block with learnable filters, and the purpose of this layer is to perform a two-dimensional convolution operation on the input data. Its output size is determined by the Stride, Padding, and Depth parameters. Stride controls the spatial overlap between adjacent receptive fields, Padding allows edge pixels to be considered in the convolution operation, and Depth corresponds to the number of filters in the convolution layer. In simple terms, the layer structure is responsible for focusing the feature information present in the network to facilitate subsequent processing, and the researcher can also run the convolution structure appropriately to optimize the results according to practical needs. When a one-dimensional feature map is an input to the convolution layer, the convolution kernel traverses the feature map like a sliding window, first by multiplying the weights of the convolution kernel with the pixel values of the corresponding feature map and then summing them. The convolution process is shown in Fig. 4-3, and the values obtained are passed through the activation function to obtain the corresponding pixel values of the output feature map.
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Fig. 4-3 Convolution process

The pooling layer reduces the spatial size of the input feature map. Its role is to be responsible for downsampling, and by pooling this step of the operation, it not only simplifies the computational process and reduces the number of data operations but also allows the most prominent feature information to be collected, greatly improving the effectiveness of the convolutional neural network. In general, the convolutional layer is followed by a pooling layer, which filters the values of the corresponding part of the region and selects a value to represent that region. There are two general rules for filtering. One is average pooling, which means taking the average of this region, as in equation (4-1).

		(4-1)
In equation (4-1), n is the number of values in the sliding window and is the value of the input image in the sliding window. Another type of pooling is maximum pooling, which filters out the maximum value in this area. The expression is in equation (4-2).

		(4-2)
Maximum pooling is often used in the processing of images. The pooling operation reduces the computational effort of the network to a great extent. It is a selective rounding of the feature image elements and increases the robustness of the network. A schematic diagram of the pooling operation is shown in Fig. 4-4.
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Fig. 4-4 Diagram of the pooling operation

The fully-connected layer is the classical feedforward network for classification and is located at the end of the convolutional neural network, which is responsible for sieving the image classes and mapping them to the corresponding sample space. In particular, the convolutional neural network is followed by an activation function in the convolutional and fully-connected layers, of which ReLU is the classical and most commonly used activation function.

The mathematical expression for the ReLU function is shown in equation (4-3), and its corresponding curve is shown in Fig. 4-5.

		(4-3)
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Fig. 4-5 Curve of ReLU function

When the input is less than 0, the output is 0. When the input is greater than 0, the output is equal to the value of the input. The ReLU function does not have a saturation zone, so it can avoid the problem of gradient disappearance, and it is also simple to calculate and easy to use.

[bookmark: _Toc113492764]4.2 Faster R-CNN network architecture
The success of CNNs has driven recent advances in object detection. A region-based CNN (R-CNN) for object detection was proposed by Girshick et al. First, a set of class-independent object proposals is generated using selective search. Next, the proposed image regions are treated as a feature vector and fed into the classifier and regressor. The R-CNN then needs to perform feature extraction for each proposed object, adding to the computational burden. To reduce this burden, the Faster R-CNN is proposed for generic object detection and consists of two components: the Region Proposals Network (RPN), which generates checkboxes that may contain target objects, and the Fast R-CNN, which is used to delineate the boundaries between the target and the background, with the corresponding structure shown in Fig. 4-6.
[image: ]
Fig. 4-6 Structure of Faster R-CNN

[bookmark: _Toc113492765]4.3 Improved Faster R-CNN algorithm
Although Faster R-CNN has achieved satisfactory results in many target detection experiments, the detection results of tunnel lining targets show that the use of the basic Faster R-CNN network model to identify lining image disease targets is not accurate enough. The most prominent reason for this is that GPR images are different from other natural images, the data detected by ground-penetrating radar. The complex nature of GPR images, the lack of clear demarcation lines between the target objects and the background, and the limited number of samples combine to make the target recognition less effective than expected. Therefore, considering the characteristics and difficulties of the tunnel lining image target recognition task, a cascading feature approach is adopted to improve the backbone feature extraction network in Faster R-CNN by normalizing the feature maps output from different convolutional modules and then forming new detection features by fusing shallow target features with deep target features for detecting targets of different sizes. Thus, the effect of improving the target detection accuracy is achieved.

The specific process of feature cascading is implemented by first normalizing the results of the latter three convolutional blocks in the VGG16 feature extraction network after pooling, then stitching their feature maps to form a separate module, and finally, convolutional processing to reduce the dimensionality of the features to achieve the right feature input dimension to match the original fully connected layer.

For target detection, the Faster R-CNN uses the base network VGG16, whose input layer is a fixed size 224×224 RGB image. The pooling layer is a maximum pooling layer, which is usually connected after the convolutional layer. As can be seen in Fig. 4-6, VGG16 has five convolutional modules, with the number of layers in the convolutional module being 2, 2, 3, 3, 3, 3, followed by the pooling layer, with a pooling window of 2 × 2 and a step size of 2. The last four layers of the network are three fully connected layers plus a softmax layer. In the process of refinement, each pooling feature is connected along the channel axis, and a 1×1 convolutional layer is used at the end in order to make the size of the first fully connected layer 512×7×7.

[image: ]
Fig. 4-6 Improved feature cascade network structure

The detector aggregates regions of interest (ROIs) from multiple layers and combines them. A straightforward approach is to cascade the ROIs of each layer directly and use a 1×1 convolution to reduce the feature dimensionality. However, as the dimensionality of each convolutional layer varies, a simple cascade operation would lead to unstable learning during the training process, resulting in unsatisfactory results in practice and failure to achieve the intended goal. Regularisation is often referred to as Tikhonv regression, which can alleviate the overfitting problem caused by a heterogeneous and computationally intensive model, and is used to limit the capacity of the network model. The regularisation expression is given in equation (4-4), with the parameter representing the weights.

		(4-4)


Fig. 4-7 The process of target detection

Fig. 4-6 shows the overall structure of the entire improved network. The third, fourth, and fifth convolutional modules of VGG16 are then subjected to maximum pooling, followed by regularisation, then concatenation, followed by dimensionality reduction through 1 × 1 convolution, and finally RoiPooling, where the fully-connected layer processes each descriptor and produces two outputs: a prediction of the target type, i.e., softmax, and an adjustment of the bounding box. The function of the Roi layer is to extract feature information from the feature map and use it for target identification and localization. However, the fully-connected layer in the Faster R-CNN can only receive fixed-size input, which leads to conflicts in the network. The Roi pooling layer used in this paper can convert the input sub-feature size into a uniform fixed size and then perform spatial mapping through the fully-connected layer and use the mapped features to perform linear regression operations to obtain target type and location information.

The improved Faster R-CNN based lining target detection algorithm can be summarised as follows, firstly, the prepared training set of lining images is put into the network model, then the training parameters are set according to the relevant configuration of the network structure, and the weight file is obtained after the number of training rounds is reached, then the trained network is used to detect the targets in the ground-penetrating radar test set images, and the recognition process outputs a number of The network is then used to detect the target in the ground-penetrating radar test set, and a number of prediction bounding boxes are output during the recognition process, after which the eligible prediction boxes are filtered out by Non-Maximum Suppression (NMS) to obtain the final detection results, as shown in Fig. 4-7 and Algorithm 4.1.

	Algorithm 4.1 Improved Faster R-CNN based lining target detection algorithm

	

Input:   Faster R-CNN network , training set of GPR images  after 

denoising, number S, test set of GPR images 

	
Output: Faster R-CNN model 

	1:
	
Number of iterations, set the initial learning rate , batchsize is N.

	2:
	for    i=1   to    M    do

	3:
	       for    i=1   to    S/N    do

	4:
	

              input images from  into backbone in 

	5:
	              concate different feature maps in vgg16

	6:
	
              output  to each anchor

	7:
	
              calculate  between groundtruth and predicted boxes

	8:
	

              update  when 

	9:
	       end for

	10:
	
               //update learning rate

	11:
	
       select images from  to test accuary

	12:
	end for

	13:
	
return Trained Faster R-CNN model 



[bookmark: _Toc113492766]4.4 Model training and key parameter setting
The development environment for the experiments was built on the Tensorflow deep learning framework. The models were trained and tested using a Python version of Faster R-CNN, and the network model was the large network model VGG16. Keras, an advanced neural network API, runs on the backend of Tensorflow. It is easy to operate and program. When the user's system is configured with the NVIDIA GPU driver, CUDAToolkit, and the cuDNN environment, it can be accelerated by the Graphic Processing Unit (GPU) to speed up training. The CPU is used for training in the experiments in this chapter.

The environment platform on which the algorithms in this chapter were implemented was mainly an Intel 8700K CPU, a single GeForceGTX1050Ti graphics card, and the deep learning frameworks were Tensorflow and Keras for an in-depth exploration of the network architecture in this chapter. The specific configuration of the experimental environment is shown in Table 4-2.

Table 4-2 The specific configuration of the experimental environment
	Experimental platform
	Hardware
	CPU
	Intel Core i7-8700K

	
	
	GPU
	GeForceGTX1050Ti

	
	
	Memory
	16G

	
	
	Video card
	4G

	
	
	Hard Disk Drive
	256G SSD+1THDD

	
	Software
	Operating System
	Ubuntu 16.04

	
	
	CUDA
	9.0

	
	
	cuDNN
	7.14

	
	
	Caffe
	Tensorflow+Keras

	
	
	Language
	Python3.7

	Model training parameters configuration
	Initial learning rate
	1e-4

	
	Batchsize
	1



The process used to train the model was in CPU mode, and the training process used alternate training. After several experiments and modifications to the target recognition method, several important parameters were set, and the following are the specific variables and values. The maximum number of iterations Epoch was set to 40, the batch size to 1, the global initial learning rate to 1e-4, and the number of filters in the 1×1 convolutional layer to 512 to match the input dimension of the original model to the fc fully connected layer.

[bookmark: _Toc113492767]4.5 Model performance evaluation metrics
In target identification experiments, the performance of different models needs to be measured by observing several parameters. Therefore, the three evaluation metrics, precision, recall, and F-Score, are selected to assess the model performance from an objective perspective. The precision is the percentage of correct targets identified, as shown in equation (4-5).

		(4-5)
In equation (4-5): TP denotes the number of samples that predict the target hyperbola correctly; FP denotes the number of false alarm samples that predict the noise signal as the target hyperbola. As shown in equation (4-6), Recall indicates the proportion of samples that correctly predicted the target hyperbola, whereas FN denotes the number of missed samples that predicted the target hyperbola as a noisy signal.

		(4-6)
[bookmark: _Hlk113449800]The F-Score represents the summed average of Precision and Recall, which is expressed as shown in equation (4-7).

		(4-7)
Precision and recall are two very important features to evaluate in the target detection process, as they reflect the ability of the network structure and algorithm to detect positive class targets and to be correctly detected on all groundtruths, respectively. The higher their values, the better the performance of the network. In practice, there is a mutual constraint between them and it is not guaranteed that both are in a very good state. If a good accuracy is desired, then to ensure a high value of accuracy, the number of predictor frames will be reduced as much as possible when generating predictor frames, resulting in a decrease in recall. Conversely, if the aim is to ensure a better recall, then the number of detection frames is increased, resulting in a decrease in accuracy. Thus, the bias of these two evaluation metrics has to be considered based on the actual situation and the design of the structure of the convolutional neural network concerning its own requirements.

In addition to the numerical expressions mentioned above, the performance of a model structure can also be visualized in the form of a graph, of which the P-R curve is a way of reflecting the relationship between accuracy and recall. If the trend is slow as the recall rate increases, the better the network structure is, and vice versa. It can also be judged by the area enclosed between the P-R curve and the first quadrant axis, which represents the AP (average precision). The larger the area, the higher the average accuracy of the target and the better the performance of the algorithm.
[bookmark: _Toc113492768]5 Results and Discussion
After training the improved Faster R-CNN model using the training set, the performance of the model was tested using images from the test set, where different types of targets from the test set were selected and input to the model. As the location of the target varies from image to image, the model will locate the target and frame the approximate outline of the target. And in the process, there may be multiple targets in some images, and they may be relatively close together, resulting in overlapping target frames. Fig. 5-1 shows the recognition of rebar and hollow targets, where the image features of the rebar target are hyperbolic, while the image features of the hollow are overlapping and have a depressing effect.
[image: ]
Fig. 5-1 The recognition of rebar and hollow targets

In Fig. 5-1, the target objects are marked by red and green rectangular boxes, and the upper left corner of the box is the type of target identified, followed by a number representing the confidence level, i.e., the approximate probability of identifying this type of target in the rectangular box. As can be seen from the figure, the confidence levels of the targets in the images are above 85%, indicating that the improved Faster R-CNN model has good recognition results.

To judge the performance improvement effect of the optimized target detection method, this paper conducts a comparison experiment using lining images to compare the recognition effect of the two algorithms through the target detection network performance evaluation metrics. The purpose of the experiment is to compare the detection efficiency of the Faster R-CNN target recognition algorithm and the algorithm after feature cascading for targets. For this purpose, this paper specifically uses two network models for targets such as steel bars. To ensure the comparability of the experiments, the parameters were set as consistently as possible. The confidence level was set to 0.5, meaning that only prediction frames with scores greater than this value would be saved, and the IoU used for non-great suppression was set to 0.6, where IoU is the ratio of the overlap of two rectangular boxes of the localized target, the overlapping area of the two boxes and the area of the concatenated set. The corresponding training set is selected for training, and the final target recognition experiment is completed to obtain the corresponding experimental results.

Table 5-1 The comparison of the model detection results
	Model
	Detection speed
	Precision
	Recall
	F-values

	Literature [39]
	0.271
	91.50%
	91.50%
	0.915

	Proposed algorithm
	0.248
	92.42%
	92.07%
	0.922



The comparison of the model detection results is shown in Table 5-1. The comparison of the model detection speed, precision, recall, and F-values shows that the optimized model network outperforms the original network in terms of detection of the tunnel lining damage targets. This further demonstrates the effectiveness of the improved method. The improved algorithm in this paper effectively improves the accuracy of disease identification through a combination of applications. In terms of recall rate, a high recall rate implies the extent to which real defects are missed, with higher values indicating a lower number of missed lining defects. A comparison of the F-values of the combined performance metrics verifies that the optimized network in this paper achieves better detection performance.

In this paper, experiments were conducted using each of the two models for the target object, and the P-R curves obtained are shown in Fig. 5-2. From the experimental result plots, the area enclosed by the P-R curve formed by the optimised method with the first quadrant coordinate axis is larger than that formed by the Faster R-CNN method, indicating an enhanced effect. This paper shows a degree of improvement in recognition accuracy after using the improved feature extraction network. Using the Faster R-CNN, they detected the target with an accuracy of 91.50%, while after the feature cascade improvement, the accuracy increased to 92.42%. The results show that the use of feature extraction strategies can effectively optimise the network to achieve improved recognition accuracy.
[image: ]
Fig. 5-2 The P-R curve




[bookmark: _Toc113492769]6 Conclusions and Recommendations
This paper focuses on ground-penetrating radar signal processing technology, mainly ground-penetrating radar data imaging and target detection, and other technical means to achieve intelligent detection and localisation of target objects in images. Firstly, the research background and significance of the topic are introduced, then the literature and results of ground-penetrating radar detection technology, deep learning-based target detection technology research, and other aspects are summarised, and the problems existing at this stage are pointed out. Secondly, a number of ground-penetrating radar subsurface target orthorectified simulations are carried out based on FDTD, and the effects of different parameters on the orthorectified simulation results are investigated to provide theoretical support for ground-penetrating radar data imaging. At the same time, data processing techniques are investigated, and experiments are carried out from simulated signals, real data, and simulation data to lay a solid foundation for the production of data sets and the extraction of tunnel lining target information.

Finally, this paper uses the Faster R-CNN detection method in deep learning for target recognition of ground-penetrating radar lining images. The structural features of the Faster R-CNN network model are first investigated, and then the large-scale features and small-scale features are combined together in the backbone feature extraction network to form new multi-scale features. From the results of the experiments, there are certain improvements in terms of detection accuracy and stability for different types of targets after adopting the feature cascade improvement strategy, thus further verifying the feasibility and effectiveness of this method, and the method in this paper maintains a high recognition rate for targets such as steel bars and cavities.

The research results of this paper are as follows:

(1) The principle of ground-penetrating radar and its digital simulation method is described, the ground-penetrating radar simulation tool GprMax is used to obtain the forward simulation data of cavity and filled steel targets, respectively, and the radar image features of targets in different settings are obtained by modifying the simulation target parameters, which provides a method for forwarding analysis data for target identification.

(2) The Faster R-CNN-based target detection method is investigated to classify and localize the targets present in ground-penetrating radar, and the feature extraction network is improved to improve the detection accuracy of the model by fusing the extracted feature maps of multiple different sizes. After comparing the results of the traditional recognition method and the improved model recognition, it is found that the improved network model has a higher detection accuracy, further validating the effectiveness of the method.

The innovative points of this paper are as follows：

The network structure of the Faster R-CNN target recognition network is optimized, and the feature extraction network is modified using the feature cascade method to obtain the improved Faster R-CNN method, which demonstrates the effectiveness of convolutional neural networks in tunnel lining image recognition.


[bookmark: _Toc113492770]7 Reflection
In this paper, ground-penetrating radar data processing methods and target identification techniques are investigated, using data processing methods and deep learning to identify and classify targets in tunnel-lining structures. However, due to the time relationship and the special location of the lining, the access to relevant data is limited, resulting in the research in this paper still having room for improvement. In the future, it is expected that more in-depth research can be carried out in the following areas.

(1) The lining internal reinforcement structure and the cavity model established in this paper have a uniform distribution of the subsurface media. In contrast, the actual material inside the lining may be unevenly distributed and mixed with a variety of noises. More specialized equipment and software support is required to obtain a more realistic forward simulation.

(2) Improvement in detection speed. Limited by a large amount of data in the deep learning training process and the complexity of the network structure, it can make the computation huge and take a long time. To improve the detection speed of the algorithm, the network structure can be optimized, or a higher-performance processor can be used for the experiment.

(3) The detection of tunnel lining voids from the aspect of signal software, in future research, can be considered from the perspective of hardware design, improving ground-penetrating radar echo data on the basis of software to further improve the accuracy of the detection of voids.

(4) The function of the software for signal processing and automatic identification of typical tunnel lining defects should be further improved, and more targeted methods should be proposed for the various situations that arise in actual operation so as to improve the resolution of the images and facilitate the interpretation by the operators.

(5) The current ground-penetrating radar echo processing software is only aimed at basic pre-processing and filtering. In order to extend the shortcomings of the current ground-penetrating radar echo data processing software and to verify the feasibility and effectiveness of the proposed method, it is necessary to design and develop a ground-penetrating radar echo data processing application software.
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