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1. Introduction 
 

Ground-penetrating radar (GPR) technology has become 

an increasingly popular technique for geotechnical 

engineers as a non-destructive method for subsurface 

investigations. It uses high-frequency electromagnetic (EM) 

waves to penetrate the ground and measures wave reflection 

or attenuation. This information can then be used to create 

detailed images of the subsurface, showing the location and 

depth of various features, such as buried utilities, voids, 

fractures, and changes in soil or rock type (Baker et al. 

2007, Persico 2014, Utsi 2017). Due to its ability to 

efficiently and accurately image the subsurface, its 

practicality has been evidenced by its widespread 

application in numerous studies and projects to understand 

underground conditions better. Civil engineering fields that 

use GPR include foundations (Çelik 2015, Tallini et al. 

2004), tunnels (Alani and Tosti 2018, Feng et al. 2018, Lin 

et al. 2020), excavation broken zone (Yang et al. 2020), 

underground utilities (Chun et al. 2023, Kouros et al. 2018, 

Tanoli et al. 2019, Yuan et al. 2018), underground voids 

(Kong et al. 2018, Lai et al. 2017, Luo and Lai 2020, Yang 

et al. 2020), and bridges (Benedetto 2013, Benedetto et al. 

2012). From a geotechnical perspective, GPR can provide  
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unseen subsurface information for underground structures. 

It is also useful for identifying potential hazards, such as 

sinkholes or unstable slopes, allowing engineers to take 

proactive measures to mitigate risks.  

Combining GPR with Artificial Intelligence (AI) offers 

a promising avenue for enhancing the accuracy and 

efficiency of subsurface investigations. Using AI 

algorithms, deep learning can give engineers and 

researchers deeper insights into subsurface features and 

properties. The development of Convolutional Neural 

Networks (CNN) has been instrumental in enabling deep 

learning to GPR interpretation. These networks are well 

suited for analyzing and interpreting complex datasets such 

as GPR data. By training AI models to learn from GPR 

data, researchers and engineers can benefit from accurate 

and detailed subsurface information, leading to the effective 

design and construction of geotechnical structures.  

One of the major challenges in using AI for GPR data 

analysis is the lack of sufficiently large datasets to train and 

optimize deep learning models (Alzubaidi et al. 2023, 

Bansal et al. 2022). Deep learning algorithms are designed 

to learn patterns and features from many data without 

compromising performance and accuracy. The scarcity of 

big data in GPR analysis is attributed to several factors, 

including the high cost of GPR data collection, the limited 

availability of GPR survey sites, and the difficulty in 

obtaining ground-truth information that can be used to train 

and validate deep learning models. Consequently, 

researchers often rely on relatively small and heterogeneous 

datasets, leading to overfitting, poor generalization, and 

poor prediction accuracy. Table 1 lists the sizes of the  
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Abstract.  This research investigates the effectiveness of data augmentation techniques in the automated analysis of B-scan 

images from ground-penetrating radar (GPR) using deep learning. In spite of the growing interest in automating GPR data 

analysis and advancements in deep learning for image classification and object detection, many deep learning-based GPR data 

analysis studies have been limited by the availability of large, diverse GPR datasets. Data augmentation techniques are widely 

used in deep learning to improve model performance. In this study, we applied four data augmentation techniques (geometric 

transformation, color-space transformation, noise injection, and applying kernel filter) to the GPR datasets obtained from a 

testbed. A deep learning model for GPR data analysis was developed using three models (Faster R-CNN ResNet, SSD ResNet, 

and EfficientDet) based on transfer learning. It was found that data augmentation significantly enhances model performance 

across all cases, with the mAP and AR for the Faster R-CNN ResNet model increasing by approximately 4%, achieving a 

maximum mAP (Intersection over Union = 0.5:1.0) of 87.5% and maximum AR of 90.5%. These results highlight the 

importance of data augmentation in improving the robustness and accuracy of deep learning models for GPR B-scan analysis. 

The enhanced detection capabilities achieved through these techniques contribute to more reliable subsurface investigations in 

geotechnical engineering. 
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datasets used to train the AI for GPR interpretation from 

previous studies. GPR datasets were manipulated by 

adopting simulated, synthesized, and augmented datasets 

referring to data created using numerical analysis, new data 

synthesized using an algorithm such as Generative 

Adversarial Networks (GAN), and data obtained by 

applying the data augmentation technique that only consider 

geometry transformations, respectively.  

The study presented in Table 1 has two limitations: (1) 

Despite efforts to increase the amount of training data, the 

generated data still appears to be insufficient for general 

deep learning training. The following paragraphs describe 

the amount of data needed for typical deep learning 

training. (2) Although there are many different data 

augmentation techniques, only geometric transformations 

are used, and clean data is often employed through 

numerical analysis, resulting in data that is very different 

from actual GPR data being used for model training. 

Larger datasets create better deep learning models 

(Halevy et al. 2009, Sun et al. 2017). Data-augmentation 

techniques can be employed to overcome these 

shortcomings of GPR data by increasing the number of 

datasets. Data augmentation has been widely used in other 

fields, including skin lesion classification (Esteva et al. 

2017), liver lesion classification (Frid-Adar et al. 2018), 

cancer classification (Chaudhari et al. 2020), melanoma 

diagnosis (Kato et al. 2020), tomato leaf disease 

identification (Wu et al. 2020), CIFAR-10 image 

classification (Gu et al. 2019), plant disease diagnosis (Cap 

et al. 2020), global forecasting model (Bandara et al. 2021), 

and animal audio classification (Nanni et al. 2020). In the 

studies above, advancements in AI models were confirmed 

using data augmentation techniques. The number of 

augmented datasets implemented in these studies was 

contingent on the number of original datasets, with 

augmented datasets ranging from several thousand to more 

than 70,000 being created as a general rule. 

The primary objective of this study is to acquire a 

sufficient dataset using various data augmentation 

techniques and to investigate the effectiveness of various 

types of data augmentation techniques in the context of 

GPR data analysis. One of the limitations of previous  

 

 

research is the lack of sufficient training data, which 

constrains the performance of AI models. Another limitation 

is that even when data augmentation was employed, only a 

limited range of methods, such as geometric 

transformations and numerical analyses, were utilized. In 

this study, we aimed to address these two limitations by 

actively introducing a variety of data augmentation 

techniques. Given the effectiveness of data augmentation 

techniques across various fields, we applied four distinct 

data augmentation techniques to GPR B-scan data. To 

facilitate transfer learning, the augmented dataset was fed 

into a pre-trained model, all layers of the pre-trained model 

were retrained for GPR B-scan analysis, and a new deep 

learning model was developed. The enhanced models, 

combined with GPR detection tasks and AI models, will 

significantly improve the accuracy and speed of GPR 

applications in civil engineering. 

 

 

2. Backgrounds 
 
2.1 Principle of GPR 

 

It is important to know the characteristics of EM waves 

to understand GPR. As shown in Fig. 1(a), GPR works by 

emitting high-frequency EM waves into a medium, 

receiving the reflected waves from a target, locating the 

target, and evaluating its properties. Because the 

propagation speed of EM waves in air is equal to the speed 

of light, the target's distance can be calculated from the 

round-trip time of the EM waves. These waves are partially 

reflected at the interface between different layers with 

different properties commonly represented by the dielectric 

constant. Some are transmitted through the next layer, 

continuing to propagate. The propagation speed and 

wavelength of the EM wave depend on the dielectric 

constant of each layer through which the EM wave passes. 

Therefore, if the layer's dielectric constant and the EM 

wave's travel time are available, the interface between 

layers, objects' presence, and locations can be evaluated. To 

understand and analyze the characteristics of GPR data, one 

must be familiar with A-scans and B-scans. An A-scan is a  

Table 1 The number of GPR datasets used for training AI algorithms for GPR interpretation 

Application field 

Total number of data for AI model 
Applied 

data augmentation 
Reference Number of 

real data 

Number of 

generated data 

Concrete building 
231 and 296 

for each case 
0 N/A (Xiang et al. 2021) 

Tunnel 220 120 (synthesized) GAN (Qin et al. 2021) 

Bridge and root 188 0 N/A (Hou et al. 2021) 

Highway 90 
748 (simulated) 

5,866 (augmented) 

numerical analysis geometry 

transformation 
(Lei et al. 2019) 

Road with 

underground 

pipeline 

187 1,683 (augmented) geometry transformation (Gao et al. 2021) 

Concrete building - 3,992 (augmented) geometry transformation (Liu et al. 2020) 

N/A 0 900 (simulated) numerical analysis (Pasolli et al. 2009) 

N/A 100 100 (simulated) numerical analysis (Pham and Lefèvre 2018) 
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one-dimensional data set of reflected EM waves recorded 

by a receiver, including information on the amplitude and 

round-trip time of the wave. The B-scan shown in Fig. 1(b) 

is a two-dimensional dataset created by organizing the A-

scan data in the direction of the survey. 

 

2.2 Data augmentation 
 

By converting the amplitude of each EM wave in Fig. 

1(b) into a color scale, the resulting visualization is shown 

in Fig. 2(a). The GPR B-Scan data can exhibit variations in 

color and scale depending on the user's application. If the 

wavelength in Fig. 2(a) is magnified by the same ratio, it 

may appear that the edges in Fig. 2(b) are further enhanced. 

Modifying the color scale of this data once more results in a 

different color distribution, as depicted in Fig. 3(c). 

Additionally, if the user opts to zoom in on a specific area, 

the scale may change accordingly, as illustrated in Fig. 4(d). 

It should also be noted that due to the nature of 

electromagnetic waves, noise may be introduced during the 

data acquisition process. When developing an object 

detection AI model for GPR B-Scan, it is crucial to consider 

these factors and appropriately build the training dataset. 

Data augmentation technique refers to a method of 

expanding a dataset by making minor changes while 

retaining the core characteristics of the data. It is also 

commonly used when converging geotechnical engineering 

and artificial intelligence technology (Abdelmawla et al. 

2023, Lee et al. 2022). In this study, considering the  

 

 

aforementioned characteristics of the GPR B-Scan data, we 

employed geometric transformations, color-space 

transformations, noise injection, and kernel filtering as data 

augmentation techniques for the experiment. 

One common approach is geometric transformation, 

which includes operations like scaling, translation, rotation, 

reflection, and shearing. These transformations are 

relatively simple yet can significantly enhance the 

performance of AI models by providing diverse data 

representations. Another important technique is color-space 

transformation, which involves converting an image from 

one color space to another. In deep learning, color spaces 

are mathematical models representing colors with numerical 

values. Common color spaces include RGB (Red, Green, 

Blue), HSV (Hue, Saturation, Value). By manipulating these 

color channels, adjustments can be made to brightness, 

saturation, and hue, thereby overcoming lighting challenges 

and improving image quality. Noise injection is also a 

popular technique, used to simulate noisy images by adding 

random values from distributions such as Gaussian, 

impulse, or speckle noise to the image matrix. This 

technique helps in making models more robust by exposing 

them to a variety of noise conditions. Lastly, applying 

kernel filters, or masks, to images is a method used to 

modify features. These filters, which are typically small 

matrices like 3×3 or 5×5, slide across an image, updating 

pixel values based on the weighted sum of the pixels within 

the kernel's coverage area. Common filters include those for 

edge detection, sharpening, and embossing, each of which 

enhances specific attributes of the images. 

 

 
3. Deep learning models 

 
The open-source TensorFlow Object Detection API 

(Application Programming Interface) framework facilitates  

 
(a) 

 
(b) 

Fig. 1 Principle of GPR: (a) Penetration and reflection in 

the layer of the EM wave emitted from the transmitter 

and (b) B-scan data through A-scan data 

  
(a) (b) 

  
(c) (d) 

Fig. 2 GPR B-Scan images observed in various ways 

depending on the user environment: (a) Image without 

preprocessing, (b) Image with clearly visible edges by 

amplifying amplitude, (c) Image with changed color 

distribution, and (d) Image with magnified area of 

interest 
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the development of object-detection models. This study 
leveraged three architecture of models: faster region-based 
convolutional neural network with a residual network 
(Faster R-CNN ResNet), and single-shot multi-box detector 
(SSD) ResNet, scalable and efficient object detection 
(EfficientDet). The characteristics of the three models have 
been tabulated (Table 2) and the structural differences have 
been visualized (Fig. 3). The key features and architectures 
of each model are explained in the subsequent paragraphs. 

 
3.1 Faster R-CNN ResNet 
 

The Faster R-CNN ResNet was developed by combining 

the Faster R-CNN (Ren et al. 2015) and ResNet (He et al. 

2016) as the backbone network for improved object 

detection. Faster R-CNN ResNet employs a two-stage 

structure. In the first stage, a Region Proposal Network 

(RPN) generates potential object locations. In the second 

stage, these proposals are classified and their boundaries are 

refined. The model typically uses ResNet-50 or ResNet-101  

 

 

 

as the backbone network, offering superior feature 

extraction capabilities. This structure results in very high 

accuracy and precise object localization. However, it also 

means that the model has a slower inference speed and 

higher computational costs, making it less suitable for real-

time applications. Faster R-CNN ResNet is ideal for 

applications that demand high accuracy, and it can achieve 

vertical scalability by utilizing deeper backbone networks. 

 

3.2 SSD ResNet 
 

The SSD ResNet, based on the SSD algorithm (Liu et 

al. 2016), is known for its ability to detect objects using 

feature maps of different sizes without requiring additional 

training processes. SSD ResNet features a single-stage 

structure, performing object classification and bounding 

box prediction in one forward pass through the network. It 

uses ResNet-50 or ResNet-101 as the backbone network, 

providing a good balance of performance. The model is  

Table 2 Comparison of features of Faster R-CNN ResNet, SSD ResNet, and EfficientDet 

Feature Faster R-CNN ResNet SSD ResNet EfficientDet 

Speed Medium Fast Very fast 

Accuracy High Moderate High 

Structure 
Two-stage 

(RPN + Object Detection) 

Single-stage (SSD) Single-stage with BiFPN  

Backbone ResNet-50, ResNet-101 ResNet-50, ResNet-101 EfficientNet 

Model Size/ 

Computational Cost 

Large Medium Small (Efficient) 

Key Advantages 
High accuracy, precise object 

localization 

Fast speed, suitable for real-time 

detection 

High accuracy and speed, 

efficient model size, scalability 

Drawbacks 
Slow inference speed, high 

computational cost 

Relatively lower accuracy, 

weaker small object detection 

Complex model design, requires 

tuning 

Core Technologies 
Region Proposal Network (RPN), 

RoI Pooling 

Default Boxes, Multi-scale 

Feature Maps 

BiFPN, Compound Scaling,  

Scalability 

Vertical scalability (can use 

deeper backbone networks) 

Horizontal scalability (can add 

more default boxes) 

Both horizontal and vertical 

scalability (can scale based on 

EfficientNet backbone) 

 

Fig. 3 Comparison of architectures of Faster R-CNN ResNet, SSD ResNet, and EfficientDet 
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Fig. 4 A whole view of the test bed for GPR testing 

 

 

known for its fast detection speed, making it suitable for 

real-time applications. However, it has relatively lower 

accuracy compared to two-stage detectors and struggles 

with detecting small objects. SSD ResNet allows for 

horizontal scalability by adding more default boxes, 

effectively handling objects of various sizes. 

 

3.3 EfficientDet 
 

EfficientDet utilizes a single-stage detection model with 

a Bidirectional Feature Pyramid Network (BiFPN) for 

efficient feature fusion. It employs EfficientNet (Tan and 

Le 2019) as the backbone network, which is known for 

balancing accuracy and efficiency. This model offers high 

accuracy and speed while maintaining an efficient model 

size and computational cost. One of the key advantages of  

 

 
EfficientDet is its compound scaling capability, which 
simultaneously adjusts resolution, depth, and width for 
superior scalability. Despite its complex design requiring 
careful tuning, EfficientDet excels in handling objects of 
different sizes and is highly efficient. 
 
 
4. Methodology 
 

4.1 Test site 
 
Fig. 4 shows the bird-view testing site for the GPR 

scanning used in this study, located in Gapyeong, 

Gyeonggi, South Korea. Sections 1 and 2 contain asphalt 

pavement, and section 3 contains concrete pavement. The 

number on the pavement is the number of the three sections, 

each with a different pavement type and underground 

condition. Fig. 5 shows a detailed plan view of the 

underground buried structures with dimensions. Each 

section was 3 m wide and 20 m long, and various objects 

and cavities were formed at various locations. Other 

information, such as the types, shapes, lengths, and buried 

depths of the cavity models and objects, is confidential 

because the site is being used to verify the GPR 

performance. Still, non-disclosed information does not 

compromise the scope of this study. The total number of 

scanlines across Section 1, which comprises three scanlines 

(A-A', B-B', C-C'), and Sections 2 and 3, which each 

contain four scanlines (A-A', B-B', C-C', D-D'), summing 

up total eleven different scanlines. 

 

Fig. 5 Plan view of underground buried structures: (a) Section 1, (b) Section 2, and (c) Section 3 
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4.2 Data acquisition 
 

Table 3 presents the specifications of the GPR 

equipment used in this study. The frequency of the 

transmitted EM waves was 350 MHz, and the device could 

measure depths of up to 10 m, but with a typical 

measurement depth of 6 m. The precision of the GPR 

equipment was 8 and 4 mm in the horizontal (scanline) and 

vertical (depth) directions, respectively.   

Each scan line was scanned 10 times, and the total 

number of scanlines measured by the GPR equipment was 

110. The number of real data for AI training was 2,714, 

obtained through preprocessing of 110 scanline data as 

follows: In the first step, the raw data from scanlines were 

adjusted using a gain function in the commercial software 

RADAN7 (GSSI 2017). The gain function is essential in 

optimizing the analysis of GPR signals by adjusting the 

signal strength based on the arrival time. The GPR signal 

amplitude is usually too large at shallow depths without a 

gain function. It drops rapidly with depth, making 

evaluating the conditions at deeper depths challenging. 

Amplifying the signal at greater depths using the gain 

function enables the observation of the reflected wave at 

greater depths, which may not be observable without the 

gain function. The second step involves cropping the 

hyperbola in all the GPR B-scan data, indicators of buried 

objects, and 2,714 images were cropped for the experiments. 

To unify the input data size of the cropped images, they 

were trimmed to a specific size centered on the object of 

interest (hyperbola). The size used in this study was 640 × 

640 pixels. 

These preprocessing steps are essential for GPR B-scan  

 

 

data, as they amplify signal strength for deeper targets 

through the application of a gain function and isolate 

objects of interest via hyperbola cropping prior to the 

implementation of data augmentation techniques. 

 

4.3 Data augmentation 
 

Data augmentation artificially alters data to increase the 

amount of available data, as described in Section 2. This 

technique is beneficial for image data, owing to its 

representation as a three-channel tensor. The preprocessed 

real dataset serves as a reference and is labeled as ‘Case 1’.  

The real data of 2,714 preprocessed images were 

divided into a training dataset (2,172 images, 80%) and a 

testing dataset (542 images, 20%). The use of data 

augmentation can prevent overfitting by expanding the 

amount of data and becomes increasingly important when 

obtaining field and experimental data (i.e., GPR scan data).  

The training dataset for Case 1 was augmented to 

15,204 (7-fold) for each method using four different data 

augmentation techniques. The four augmented datasets 

were labeled Cases 2–5. Case 2 adopted a geometric 

transformation, including 1) translations ranging from -20 

to +20 pixels along the x- and y-axes, 2) random scaling 

from 80% to 100% of the original image, and 3) vertical 

flipping. Case 3 utilized color space transformation by 

modifying the hue, saturation, and value (HSV) 

components, forming three image data channels. There are 

two prevalent approaches to computer image recognition: 

the RGB and HSV models. The RGB model represents 

color as a combination of red, green, and blue components, 

whereas the HSV model expresses color using hue, 

saturation, and value components. We randomly modified 

the original images' lightness, hue, and saturation between 

70% and 130%. Case 4 adopted the noise injection 

technique, which can be achieved by artificially adding 

noise to images. The noise types include Gaussian, Shot, 

Impulse, and Speckle. Finally, Case 5 used a kernel filter by 

generating a particular type of kernel tensor or by using an 

algorithm to extract feature points from the image, which 

are then utilized to obtain tensors such as sharpen, emboss, 

and edge detection. Table 4 summarizes the data 

augmentation techniques and explanations applied to the 

datasets of cases 1 to 5 described above. 

Fig. 6 shows examples of B-scan data from scanline,  

Table 4 Description of the dataset for each case 

 Case Descriptions 

Real data 1 (Reference) Preprocessing real datasets for training 

Generated data by d

ata augmentation 

2 (Geometry) 

Shift randomly -20 ~ 20 pixels in the x- and y-axis directions 

Scaling randomly 80 ~ 100% 

Flipping vertically 

3 (Color space) 
Randomly change values for brightness, hue, saturation, and hue and 

saturation between 70 and 130% 

4 (Noise) Add Gaussian, Shot, Impulse, and Speckle noises 

5 (Kernel filter) 

Convolve each image with a 3x3 kernel 

Sharpen an image, then overlay the results with the original 

Emboss an image, then overlay the results with the original 

Detect edges in images, then overlay these with the original 

Table 3 Specification of GPR equipment. 

System Value 

Manufacturer GSSI 

Typical Range 6 m 

Maximum Range 10 m 

Frequency 350 MHz 

Precision 
Horizontal 8 mm 

Vertical 4 mm 

Scan Speed 250 scans/sec 

Remark Hyper stacking 
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preprocessed real data (Case 1), and augmented data (Cases 

2–5) with four different data augmentation techniques 

according to the entire data preparation process. Fig. 6(a) 

shows the scanline data obtained from the GPR analysis 

software before the preprocessing step. Fig. 6(b) shows the 

cropped images with a size of 640 × 640 pixels for training, 

and Fig. 6(c)-6(f) demonstrates the application of four data 

augmentation techniques: geometry, color space, noise, and 

kernel. In deep learning training, annotating the ground 

truth or correct answers is necessary through a labelling 

step. As illustrated in Fig. 6, the ground truth is indicated by 

a box represented by the coordinates of the four green dots.  

 

 

This study created a dataset with a class labelled as 'object,' 

where all ground truths were categorized as follows. 

Fig. 7 presents an overview of the dataset preparation 

used for training and testing. Case 1 consisted of 2,714 

preprocessed real images randomly divided into training 

and test sets. We manipulated a training set with 2,172 

images to 15,204 images via data augmentation. The dataset 

used for testing was not used for data augmentation to 

eliminate any favorable effects on the algorithm's accuracy. 

The effectiveness of these data augmentation techniques 

will be evaluated by comparing the mean Average Precision 

(mAP) and Average Recall (AR) values obtained by  

 

(a) 

 

 

 

(b) 

    

 

 

(c) 

    

 

 

(d) 

    

 

 

(e) 

    

 

 

(f) 

    

 

Fig. 6 Representative examples of each case: (a) Raw data from scanline, (b) Case 1 & Preprocessed real data,(c) Case 

2 & Geometric deformation, (d) Case 3 & Color space transformation, (e) Case 4 & Applying noise, (f) Case 5 & 

Kernel filter 
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developed models trained on augmented datasets (Cases 2-5) 

with those of the baseline model trained on the real data set 

(Case 1). 

 

4.4 Transfer learning 
 

The programming language used was Python 3.6, and 

the framework used was TensorFlow 2.2. To summarize the 

workstation setup, we used 8,704 (4,352 × 2) CUDA cores, 

and CUDA 10.1 and cuDNN 7.6 for the GPU-accelerated 

library were installed to match the CUDA performance of 

the RTX 2080 Ti equipped on the workstation. Fig. 8 

outlines the training process of the deep learning model. 

First, we curated five case datasets according to the 

procedures described in Section 4.3. The dataset for each 

case included GPR images and the ground truth as 

information for training. The base model was created by 

loading pre-trained models such as EfficientDet, Faster R-

CNN ResNet, and SSD ResNet from the TensorFlow Object 

Detection API, using the COCO 2017 dataset (Lin et al. 

2014). To create a new model for this study, the pre-trained 

model was transferred to the GPR B-scan dataset and fine-

tuned appropriately. In the fine-tuning process, the weights  

 

 

 

of all layers of the loaded models were updated to enable 

better detection of the GPR dataset. By retraining the entire 

architecture in this way, we developed new object detection 

models for the GPR B-scan data sets of five cases.  

 
4.5 Quantitative performance metrics 
 
We evaluated the developed models using mAP and AR, 

commonly used metrics for object detection in computer 
vision. The mAP and AR are performance evaluation 
indices for the (Common Object in Context) metric. They 
provide indices to represent the performance of an object 
detection model (Everingham et al. 2010). It is necessary to 
understand the confusion matrix to evaluate the 
performance of the developed models in deep learning. Fig. 
9 shows the confusion matrix that determines the states (TP, 
FP, FN, and TN) according to the actual and predicted 
values. This matrix calculates evaluation indices such as 
precision, recall, mAP, and AR.  

The precision and recall are defined by Eqs. (1) and (2), 

respectively. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 =  

𝑇𝑃

𝑎𝑙𝑙 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛𝑠
 (1) 

 

Fig. 7 Procedure of dataset preparation 

 

Fig. 8 Architecture of the deep learning model  employing transfer learning for the GPR dataset 
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Fig. 9 Confusion matrix 

 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 =  

𝑇𝑃

𝑎𝑙𝑙 𝑔𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ𝑠
 (2) 

Precision measures the number of positive cases 

predicted as true, which is the ratio of true positive cases to 

the total number of predicted positives. Precision indicates a 

measure of a model's ability to avoid false positives. Recall 

is a measure of a model’s ability to avoid false negatives. 

The recall measures the number of positive cases correctly 

identified by a model, which is the ratio of true-positive 

cases to the total number of positive cases.  

The mAP and AR can be calculated from the precision 

and recall results. The mAP is a commonly used metric for 

evaluating the performance of object-detection algorithms 

measuring the model's accuracy in localizing and 

classifying objects in an image. We calculated the mAP by 

taking each class's average precision (AP) across different 

confidence thresholds. The AP measures the precision-recall 

curve of the model for each class. We calculated the AR by 

taking the average recall of each class across the different 

levels of overlap thresholds. Recall measures the number of 

true positives identified by the model out of all the ground 

truth objects. 

The mAP and AR results vary based on the Intersection 

over Union (IoU) metric threshold. For object detection, it 

is necessary to establish a criterion to determine whether the 

prediction result is positive or negative. The most 

commonly used criterion is the IoU, which can be expressed 

as the ratio of the overlap and union of the prediction box 

and ground truth (Fig. 10). The higher the IoU value, the 

more accurate the prediction box is concerning the ground 

truth. We evaluated the model using the following four 

metrics: AP50, AP75, AP, and AR, and calculated them for 

different IoU threshold values. AP50, AP75, and AP are the 

values determined for mAP when the IoU thresholds were 

0.5, 0.75, and 0.5:0.95 at 0.5 intervals, respectively. In other 

words, the AP is the average mAP calculated with IoU 

thresholds ranging from 0.5 to 0.95. This can be considered 

a higher criterion than the AP50 and AP75. The IoU 

threshold used to calculate the AR was 0.5:0.95, as in the 

AP. 

 

 

5. Results and discussion 
 
5.1 Performance evaluation 
 

Table 5 summarizes the three developed models' mAPs 

at different IoU and AR values. The improvements in mAP  

 

Fig. 10 Concept of Intersection over Union (IoU) 

 

 

and AR vary significantly depending on the developed 

model and the selected IoU thresholds; however, both mAP 

and AR increased effectively by adopting data 

augmentation in all cases. In particular, the improvement 

was considerable for AP75, AP, and AR for EfficientDet 

and SSD ResNet. In contrast, a relatively small 

improvement was observed for Faster R-CNN ResNet 

because the model predicted well regardless of IoU and data 

augmentation. AP75 for the Faster R-CNN ResNet without 

data augmentation (Case 1) was 98.8, resulting in a slight 

improvement after applying data augmentation. On the 

other hand, those for EfficientDet and SSD ResNet were 

63.1 and 62.9, respectively, which were improved to values 

ranging from 94.2 to 97.9 after data augmentation. The 

improvements were minimal for an IoU of 50 (AP50) 

because the values were already near unity without data 

augmentation. 

Figs. 11 and 12 show the AP and AR for comparing the 

models and data augmentation techniques. As shown in Fig. 

11, both the EfficientDet and the SSD ResNet exhibited a 

significant increase in the AP, ranging from 36.3 to 39.7%, 

and the Faster R-CNN ResNet exhibited a slight 

improvement of only 4.4 to 6.3% after the data 

augmentation techniques. We observed similar trends for 

the AR, with a substantial increase rate of 24.9 to 34.9% for 

the EfficientDet and the SSD ResNet and a small increase 

rate of 4.1 to 5.1% for the Faster R-CNN ResNet.  
An intriguing observation is that the Faster R-CNN 

ResNet model, despite its excellent baseline performance, 
exhibited relatively small improvements when data 
augmentation techniques were applied. This trend does not 
suggest that data augmentation techniques lack a significant 
impact on Faster R-CNN. Notably, in the Faster R-CNN 
ResNet model, both mAP and AR achieved the highest 
results with the application of data augmentation 
techniques. Increasing AR necessitates the model to detect 
as many real-world objects as possible, primarily focusing 
on reducing false negatives (missed detections). This 
process is likely to increase false positives. However, an 
increase in mAP was also observed. To achieve a higher 
mAP, the model must reduce both false positives (incorrect 
detections) and false negatives (missed detections). 
Therefore, the Faster R-CNN ResNet model, demonstrating 
increases in both mAP and AR, can be considered 
optimized with higher accuracy and comprehensive 
detection capabilities. 
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Table 5 mAP and AR according to data augmentation technique 

Data type Model 

mAP  

(Mean Average Precision) 

AR  

(Average Recall) 

AP50 AP75 AP AR 

Case 1 

(reference) 

EfficientDet 96.0 63.1 56.2 65.1 

Faster R-CNN ResNet 100.0 98.8 82.3 86.1 

SSD ResNet 95.5 62.9 56.9 65.3 

Case 2 

(Geometric) 

EfficientDet 100.0 96.8 76.6 81.3 

Faster R-CNN ResNet 100.0 99.0 87.5 90.1 

SSD ResNet 98.4 94.2 78.7 83.0 

Case 3 

(Color space) 

EfficientDet 100.0 97.9 78.4 83.1 

Faster R-CNN ResNet 100.0 98.8 85.9 89.6 

SSD ResNet 99.7 97.9 84.1 88.1 

Case 4 

(Noise) 

EfficientDet 100.0 97.4 78.4 83.0 

Faster R-CNN ResNet 100.0 98.9 87.5 90.5 

SSD ResNet 97.7 94.7 78.6 86.3 

Case 5 

(Kernel) 

EfficientDet 100.0 97.1 78.5 82.9 

Faster R-CNN ResNet 100.0 99.0 86.4 89.8 

SSD ResNet 99.8 96.4 79.5 83.4 

  
(a) Average Precision (b) Average Recall 

Fig. 11 AP (mAP @ IoU = 0.5:0.95) and AR (AR @ IoU = 0.5:0.95) for the three models: (a) Average precision, and 

(b) Average recall 

  
(a) Average Precision (b) Average Recall 

Fig. 12 AP (mAP @ IoU = 0.5:0.95) and AR (AR @ IoU = 0.5:0.95) for the five cases: (a) Average precision, and (b) 

Average recall 
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Among the three models compared in this study, Faster 

R-CNN utilizes a two-stage architecture and has a relatively 

large number of parameters, which can be advantageous for 

recognizing complex patterns. Consequently, although it 

requires more computational resources, Faster R-CNN can 

Among the three models compared in this study, Faster R-

CNN utilizes a two-stage architecture and has a relatively 

large number of parameters, which can be advantageous for 

recognizing complex patterns. Consequently, although it 

requires more computational resources, Faster R-CNN can 
 
5.2 Object detection 
 

 

 

Figs. 13-15 show representative examples of object 

detection in GPR B-scan data using the three models, 

respectively. We randomly extracted the examples from 

images with obvious improvements. Each figure includes 

the detected GPR hyperbolas with the confidence scores of 

four different B-scan images. By the definitions of mAP and 

AR, the mAP is related to the false detection of the models, 

and the AR to the detection miss in the image data. The 

Faster R-CNN ResNet model, the best performing model in 

terms of mAP and AR, displays precise detection with high 

confidence scores regardless of the data augmentation 

techniques. 

(a) 

    

(b) 

    

(c) 

    

(d) 

    

(e) 

    

Fig. 13 Representative examples of object detection in GPR B-scan using EffcientDet: (a) Case 1, (b) Case 2, (c) Case 3, 

(d) Case 4, and (e) Case 5 (note: CS refers to Confidence Score). 

CS: 30 ~ 86% CS: 32 ~ 74% CS: 57 ~ 66% CS: 73% 

CS: 31 ~ 100% CS: 91 ~ 93% CS: 89 ~ 92% CS: 87 ~ 89% 

CS: 71 ~ 99% CS: 97 ~ 98% CS: 95 ~ 96% CS: 95 ~ 97% 

CS: 99 ~ 100% CS: 98 ~ 99% CS: 95% CS: 96 ~ 98% 

CS: 81 ~ 99% CS: 95 ~ 97% CS: 96% CS: 88 ~ 91% 
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On the contrary, we found the EfficientDet and SSD 

ResNet to either miss detection or incorrectly detect without 

data augmentation (refer to Figs. 13-15). For example, Fig. 

13 indicates that the EfficientDet detects too many 

hyperbolas, which are not the ground truths before data 

augmentation, but it correctly detects them after data 

augmentation. The right figure of Fig. 13(a) shows an 

example of a missing detection, which is also corrected 

after data augmentation. Similar improvements in object 

detection were observed for the SSD ResNet, as shown in 

Fig. 15. It is interesting to note that the confidence scores in 

objection detection are higher in the figures for Cases 2-5  

 

 

since the mAP metric is positively related to the confidence 

score. 

From a geotechnical and safety perspective, it is 

beneficial to develop models that prioritize increasing the 

AR. A high AR indicates that most true positives are 

detected, resulting in fewer missed detections, which is 

crucial because missing an object (false-negative) can have 

serious consequences. In contrast, the incorrect detection of 

objects (false-positive) is less critical, as long as the number 

is not excessive, because these can be filtered out more 

easily. Additionally, in GPR object detection, high AR is 

From a geotechnical and safety perspective, it is beneficial  

(a) 

    

(b) 

    

(c) 

    

(d) 

    

(e) 

    

Fig. 14 Representative examples of object detection in GPR B-scan using Faster R-CNN ResNet: (a) Case 1, (b) Case 

2, (c) Case 3, (d) Case 4, and (e) Case 5 (note: CS refers to Confidence Score) 

CS: 100% CS: 100% CS: 100% CS: 100% 

CS: 100% CS: 100% CS: 100% CS: 100% 

CS: 100% CS: 100% CS: 100% CS: 100% 

CS: 100% CS: 100% CS: 100% CS: 100% 

CS: 100% CS: 100% CS: 100% CS: 100% 
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to develop models that prioritize increasing the AR. A high 

AR indicates that most true positives are detected, resulting 

in fewer missed detections, which is crucial because 

missing an object (false-negative) can have serious 

consequences. In contrast, the incorrect detection of objects 

(false-positive) is less critical, as long as the number is not 

excessive, because these can be filtered out more easily. 

Additionally, in GPR object detection, high AR is essential 

for identifying critical subsurface features, such as utilities 

or voids, which, if missed, could lead to significant 

structural or safety hazards. 

 

 

 

 

6. Conclusions 
 

This study evaluates the effectiveness of data 

augmentation techniques for object detection using GPR B-

scan data. GPR B-scan images were obtained from 110 

scanlines in the testbed with various buried objects, 

resulting in the real data of 2,714 preprocessed images 

containing hyperbolas. We divided the preprocessed dataset 

into training and test sets at a ratio of 8:2, and 2,172 training 

images were considered the reference training set (Case 1). 

We generated four training sets (Cases 2–5) using four 

different data augmentation techniques, resulting in 15,204 

training images per set. In this study, we adopted three pre-

(a) 

    

(b) 

    

(c) 

    

(d) 

    

(e) 

    

Fig. 15 Representative examples of object detection in GPR B-scan using SSD ResNet: (a) Case 1, (b) Case 2, (c) Case 3, 

(d) Case 4, and (e) Case 5 (note: CS refers to Confidence Score). 

CS: 35% CS: 45 ~ 52% CS: 43 ~ 65% CS: 33 ~ 40% 

CS: 97 ~ 99% CS: 96 ~ 99% CS: 95 ~ 98% CS: 97 ~ 98% 

CS: 89 ~ 94% CS: 91 ~ 94% CS: 92 ~ 97% CS: 85 ~ 93% 

CS: 94 ~ 99% CS: 89 ~ 97% CS: 94 ~ 99% CS: 95 ~ 98% 

CS: 93 ~ 98% CS: 91 ~ 99% CS: 95 ~ 98% CS: 90 ~ 97% 
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trained models (EfficientDet, Faster R-CNN ResNet, and 

SSD ResNet) and used five different training datasets to 

develop the new models for GPR B-scan dataset. We used 

the mAP and AR metrics to evaluate the performance of the 

three developed models before and after data augmentation. 

The following conclusions were drawn: 

• Improvements in mAP and AR varied depending on the 

selected IoU threshold; however, it is clear that, in most 

cases, data augmentation techniques enhanced both mAP 

and AR. In particular, the improvements were significant 

for EfficientDet and SSD ResNet. However, the 

improvement was minor for the Faster R-CNN ResNet. 

• The increases in AP and AR range from 36.3 to 39.7% and 

from 24.9 to 34.9%, respectively, for the EfficientDet and 

SSD ResNet with data augmentation techniques. The 

increase for the Faster R-CNN ResNet was approximately 

5.0% because the values of the model were sufficiently 

high, even before the data augmentation. 

• The developed models (three models for five cases) were 

used to detect objects in the GPR B-scan data. EfficientDet 

and SSD ResNet presented higher confidence scores and 

better performance in object detection after data 

augmentation. 

• Because the Faster R-CNN ResNet showed higher mAP 

and AR before data augmentation, the model showed good 

object detection with high confidence scores, regardless of 

the data augmentation technique. Faster R-CNN ResNet 

outperformed the others, due to its two-stage architecture 

and extensive parameters, which aid in recognizing 

complex patterns. 

• The AR metric seems more significant than the mAP 

metric because false negatives in object detection may 

result in serious consequences. The application of data 

augmentation techniques led to improvements in the AR 

metric, indicating that this technique is highly beneficial for 

creating training images for object detection in GPR B 

scans. 

This study demonstrates the effectiveness of data 

augmentation for GPR B-scan object detection. However, 

this research is limited by the use of a single test site and a 

specific set of buried objects. Future research should 

involve testing these methods on a larger dataset with more 

diverse GPR data and exploring more sophisticated data 

augmentation techniques. Furthermore, while the 

conclusions primarily address the technical contributions, it 

is crucial to emphasize the broader applicability of the 

findings. These results hold significant potential for the 

development of robust GPR object detection systems, which 

can be invaluable for various applications such as 

identifying buried utilities, locating potential sinkholes, and 

characterizing underground structures. 
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