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Abstract: Ground Penetrating Radar is a non-destructive tool for detecting subsurface
structures. However, traditional image interpretation is often limited by medium com-

plexity and noise. To improve detection efficiency and accuracy, this study combines deep

learning techniques to develop an automatic embankment cavity identification system
based on the YOLOv10 model.The research first constructs a training dataset containing
GPR images of embankment cavities and expands the dataset through data augmentation
strategies to enhance model adaptability. Subsequently, cross-validation is employed to
fine-tune the hyperparameters of the YOLOv10 model, seeking optimal performance. The
experimental results demonstrate that the YOLOv10 model successfully identifies cavities
in radar images, achieving accuracy rates of nearly 90% and 97%. This study proves the
potential of deep learning in GPR image analysis, effectively improving detection effi-
ciency, accuracy, and automation levels, providing more reliable technical support for
embankment safety inspection.
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1. Research Motivation and Objectives

Ground Penetrating Radar is a non-destructive testing technique used to detect sub-
surface targets such as underground structures, pipelines, and cavities. Although GPR has

[e)}

(o]

10
11
12
13
14
15

17
18
19
20

21
22

23

24
25

clear advantages in detecting buried objects, challenges remain in processing and analyz- 26

ing radar images due to the complexity of subsurface media and interference from noise.
The interpretation process is often labor-intensive and involves several pre-processing
steps, including filtering and background removal. Moreover, the interpretation heavily
relies on engineers’ experience to visually inspect anomalies within the radar images and
make judgments based on professional knowledge. This manual approach not only in-
creases the time required for interpretation but also introduces subjectivity, as results may
vary depending on individual expertise. Consequently, this affects detection accuracy and
leads to low operational efficiency and inconsistency in identification outcomes. This
study explores the integration of Ground Penetrating Radar (GPR) with the YOLOv10
object detection algorithm in deep learning to develop a technique for the automatic iden-
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tification of embankment cavities. The primary goal is to enhance the accuracy and oper- 37

ational stability of image interpretation through automation. The research encompasses
the optimization of the model training process, the construction and annotation of GPR
image datasets, and the integration of image processing and detection models to establish
a complete automated workflow. By training on a large volume of image data and fine-
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tuning model parameters, the system aims to improve the accuracy and generalizability
of cavity feature recognition. Simultaneously, it reduces the time required for analysis and
minimizes reliance on manual interpretation, thereby enhancing inspection efficiency and
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consistency.

2. Materials and Methods 5

In this study, a dataset of Ground Penetrating Radar (GPR) images depicting em-
bankment cavities and pipelines was first collected and established. Data augmentation
techniques such as image rotation and mirroring were applied to expand the dataset and
enhance model adaptability. After image annotation using Labellmg, multiple hyperpa-
rameter experiments were conducted with the YOLOv10 model, adjusting training pa- 10
rameters such as batch size, epochs, and input image size (imgsz) to improve performance. 11
Cross-validation was used to evaluate the model's effectiveness, and the optimal param- 12
eter configuration was selected as the baseline for subsequent recognition tasks. In addi- 13
tion, the YOLOv4 model was adopted as a benchmark for comparative analysis. Model 14
performance was assessed through multiple metrics, including accuracy, recall, and F1- 15
score, to examine the impact of different training volumes and preprocessing strategies. 16
Given that the primary detection targets —subsurface cavities —often exhibit vague 17
boundary features in radar images, traditional evaluation using the mean Average Preci- 18
sion (MAP) metric based on bounding box overlap may be overly stringent. To address 19
this, the YOLO model's prediction results were exported into MATLAB, where evalua- 20
tions were recalculated based on the actual physical dimensions represented in radar im- 21
ages. This approach offers a more application-relevant assessment of model performance, 22
asillustrated in Figure 1. 23
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Figure 1. Standard for calculating metrics based on radar image length (yellow box: ground truth; 25

red box: model prediction) 26
3. Testing Results Analysis 27
3.1. The Impact of Training Epochs on Model Performance 28

This study investigates the impact of training epochs—one of the key hyperparameters in the 29
YOLOvV10 model —on detection performance for various types of Ground Penetrating Radar (GPR) 30
images. The model was trained using epoch values of 50, 150, and 300, and evaluated under differ- 31
ent image complexity levels (clearly visible targets, recognizable targets, and complex images). The 32
goal was to assess the trade-off between accuracy and computational efficiency.As shown in Table 33
1 and Figure 2, increasing the number of epochs from 50 to 150 led to significant improvements in 34
Accuracy, Precision, Recall, and F1-score, with the most notable gains observed in Recall and F1- 35
score. Specifically, the Fl-score for clearly visible images improved from 72% to 95%, while 36
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recognizable images saw an increase from 89% to 93%. However, further increasing the epoch count
to 300 yielded only marginal performance gains while significantly increasing training time and
computational resource consumption.Considering both model accuracy and computational cost, the
results indicate that an epoch setting of 150 provides an optimal balance between training efficiency
and detection performance. This configuration demonstrates sufficient flexibility to meet detection
requirements under varying GPR image conditions.
Table 1. Test results of different Epoch hyperparameters across image categories.
Types of Test accuracy F1-score precision recall
Set Images Epoch (%) (%) (%) (%)
50 92 82 95 88
Obvious 150 98 95 96 95
300 99 96 96 96
50 93 89 91 87
Identifiable 150 96 93 92 95
300 97 95 93 97
50 84 81 81 81
Complex 150 95 94 94 95
300 96 95 96 95

Figure 2. Test results for different Epoch hyperparameters ( Hyperparameter epoch=50 - 150 + 300)

3.2. Analysis of the Impact of Training Data Volume on Model Performance

This study investigates the impact of training dataset size on the detection performance of the
YOLOvV10 model for Ground Penetrating Radar images. With all hyperparameters held constant,
the model was trained using datasets ranging from 100 to 1268 images. The corresponding varia-
tions in Accuracy, Precision, Recall, and F1-score were observed. As shown in Table 2 and Figure 3,
the overall detection performance improved significantly with increasing training data volume.
When trained with only 100 images, the model failed to effectively learn representative features,

resulting in an Accuracy of merely 20% and an F1-score of 33%, indicating evident underfitting. As

the training set increased to 500 images, performance improved substantially. However, when fur-
ther expanded to 750 images, although Accuracy continued to rise, Precision declined and the F1-

score fluctuated, suggesting the presence of over-detection—more predicted bounding boxes ac-

companied by a higher false positive rate, reducing the matching accuracy. Upon increasing the
dataset to 1002 and 1268 images, the model’s performance stabilized, and all metrics approached
saturation, indicating that the model had effectively learned and recognized anomaly patterns
within GPR images. Overall, the results reveal a strong positive correlation between training data
volume and model performance. Increasing the quantity of representative training data signifi-
cantly enhances model learning stability and detection accuracy, while reducing misclassification
rates. Thus, a sufficient and well-annotated dataset is essential for improving the recognition capa-

bility of radar images.
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Table 2. Evaluation results for different numbers of training samples.

Test Set Images Number of accuracy F1-score precision recall
training images (%) (%) (%) (%)
50 20 33 73 39
250 51 67 67 63
Underground 500 74 82 78 90
Pipeline 750 82 69 57 88
1002 86 92 88 98
1268 87 92 90 97

YOLOv10 Model Performance vs Training Data Volume
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Figure 3. Performance metrics trends under different training data sizes

4. Conclusions

This study conducted a comprehensive series of hyperparameter adjustments and
training strategy optimizations for the YOLOv10 model, aiming to enhance its perfor-
mance in detecting voids and pipelines within Ground Penetrating Radar (GPR) images.
Initially, key hyperparameters of the model were systematically tuned to identify the most
suitable configuration for void feature detection. After optimization, YOLOv10 was com-
pared with the conventional YOLOvV4 architecture under identical dataset conditions to
evaluate performance differences. The results demonstrated that YOLOv10 achieved an
accuracy of 97% to 99% in void detection, indicating high sensitivity and stability toward
such anomalies. In pipeline detection, the model also achieved approximately 90% preci-
sion, confirming its robustness in multi-object detection. Additionally, the study exam-
ined the effect of training data volume on model performance and found a positive corre-
lation: increasing the number of training samples led to improvements in both accuracy
and stability. In conclusion, the experimental results affirm that the YOLOv10 model
holds strong potential in the automated identification of voids and pipelines in GPR im-
agery. It not only improves detection efficiency but also serves as a valuable tool to assist
professionals in preliminary interpretation, laying a solid foundation for future integra-

tion into automated analysis workflows.
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