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ABSTRACT

	To address the issues of low detection efficiency, insufficient accuracy, and poor adaptability to complex environments in detecting pitting defects after laying the wear-resistant epoxy mortar surface in the intake tower flow channel of the Xiaolangdi Water Conservancy Project on the Yellow River, an intelligent epoxy mortar paving system was designed and manufactured. For simulating tunnel scenarios in laboratory settings to test epoxy mortar pitting detection, an improved YOLOv11s pitting detection model incorporating the CBAM attention mechanism was proposed. By constructing a hybrid dataset combining conventional road and epoxy mortar paving scenarios, the model's generalization capability was optimized using a “transfer learning + incremental training” approach. The system was deployed on Jetson Nano edge devices for real-time detection during epoxy mortar paving operations. Experimental results demonstrate that the improved model achieves a mean average precision (mAP) of 92.1% in conventional road scenarios and 91.5% in epoxy mortar paving scenarios. After optimization with TensorRT technology, the model inference speed increases from 89.6 FPS to 101.2 FPS, with a single-frame detection time as low as 9.9 ms, meeting the real-time detection requirements of edge devices. This technology effectively addresses the challenges of automated and high-precision pothole detection in laboratory-simulated tunnel wear-resistant surface paving environments, providing reliable technical support for epoxy mortar wear-resistant surface paving in hydraulic engineering tunnel structures.
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1. INTRODUCTION

The Xiaolangdi Water Conservancy Project on the Yellow River is a pivotal undertaking in the river's management and development[1]. It integrates multiple functions including flood and ice jam control, sediment reduction, water supply and irrigation, power generation, and ecological conservation[2]. This project holds significant importance for ensuring the safety of the lower reaches of the Yellow River, improving the basin's ecology, and promoting regional development. However, the sediment carried by the Yellow River's currents has caused erosion and wear on the pipe walls within the intake tower flow channels of the Xiaolangdi flood discharge project[3]. This has led to frequent wall thinning, perforations, and localized damage, reducing the pipeline's service life while increasing repair costs and burdening the management of the Xiaolangdi Water Conservancy Project[4]. Therefore, the NE-II epoxy mortar wear-resistant surface, which combines high strength, high abrasion resistance, and excellent adhesion, has become the key solution[5]. Due to the strong adhesion and rapid setting properties of epoxy mortar, traditional manual application requires continuous mixing and transportation, resulting in low efficiency and quality defects due to operational issues, leading to high subsequent repair costs[6]. The developed epoxy mortar paving system integrates automatic mixing, spiral paving, vibratory compaction, and finishing functions to ensure mortar consistency while enhancing paving efficiency and surface flatness[7]. Additionally, a defect detection system employs high-definition cameras for real-time scanning, utilizing image recognition technology to identify pitting defects[8].
As a critical functional protective layer on tunnel surfaces, the abrasion-resistant epoxy mortar coating's structural integrity is directly compromised by pitting defects[9]. Under such conditions, sediment particles entrained by water flow penetrate through cracks to directly impact the tunnel's base concrete, causing abrasive damage to the underlying material. Over time, this significantly degrades the mechanical properties of the base concrete, reducing the tunnel structure's overall load-bearing capacity[10]. This not only increases maintenance complexity during the tunnel's operational lifespan but also potentially creates structural safety hazards. Furthermore, the presence of pitting alters the stress distribution within the wear-resistant surface layer, introducing localized stress concentrations within an otherwise uniform stress field. Under service conditions such as thermal cycling, these stress-concentrated zones become prone to secondary damage like spalling and sanding. This significantly reduces the wear resistance of the surface layer, shortening its service life and increasing the maintenance costs throughout the tunnel's entire lifecycle[11].
This study addresses the challenge of detecting pitting in the wear-resistant surface of the intake tower flow channel at the Yellow River Xiaolangdi Water Conservancy Project after automated paving in a laboratory simulation environment. Traditional defect detection methods primarily rely on manual inspections, which suffer from low efficiency, high costs, and high false-positive rates, failing to meet current demands. Furthermore, existing pitting detection methods still exhibit shortcomings in precise feature extraction and detection efficiency, particularly requiring further breakthroughs in complex environment adaptability and enhancing model generalization capabilities.

2. Pothole Detection Algorithm
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As an end-to-end real-time object detection algorithm, YOLOv11 enhances efficiency through single-pass forward inference while maintaining strong generalization capabilities. In complex post-paving environments such as varying illumination and concurrent defects, it accurately captures diverse pothole features, effectively reducing false negatives and misclassifications. Simultaneously, it maintains rapid inference capabilities. When integrated with onboard cameras, it enables real-time detection of large-area epoxy mortar wear-resistant surfaces under diverse operational conditions. In summary, YOLOv11 demonstrates significant advantages in feature extraction, efficiency, and interference resistance, making it the preferred choice for enhancing pothole detection performance.
YOLOv11 comprises five network architectures of varying scales: YOLOv11n, YOLOv11s, YOLOv11m, YOLOv11l, and YOLOv11x. These architectures increase in scale sequentially . Performance comparisons across these architectures on an NVIDIA RTX 4060 test environment are shown in Table 1. As the scale increases, inference and training speeds gradually decrease while accuracy progressively improves.
Table.1  Performance Comparison of YOLOv11 Series Network Architectures
	Network Architecture
	Parameters (M)
	Inference Speed (FPS)
	Conventional Road Potholes mAP(%)

	YOLOv11n
	3.2
	128.5
	85.3

	YOLOv11s
	11.4
	96.8
	92.1

	YOLOv11m
	25.8
	62.3
	92.3

	YOLOv11l
	48.6
	38.5
	92.5

	YOLOv11x
	82.3
	21.7
	93.1


In the task of detecting potholes during epoxy mortar paving, the paving machine is in real-time motion, necessitating a balance between detection accuracy and inference speed. Given that YOLOv11s serves as a lightweight network architecture within the YOLOv11 family, offering high accuracy and fast inference speed, it is well-suited for deployment in computationally constrained scenarios such as edge devices. Therefore, the YOLOv11s model is preliminarily selected as the detection network architecture for pothole detection after the laying of epoxy mortar wear-resistant surfaces, aiming to achieve both precise and rapid detection.

2.2  IMPROVED YOLOV11S NETWORK ARCHITECTURE MODEL  

For pothole detection tasks after anti-wear surface paving, the detection model must maximize accuracy in complex environments while maintaining inference speed. However, due to its lightweight design, YOLOv11s features simplified architecture and trades off some accuracy for superior inference speed and lower resource consumption. Consequently, it exhibits more pronounced performance shortcomings in detecting potholes within complex post-paving scenarios. Additionally, during training on datasets after transfer learning, the model's pothole detection accuracy further declines. To enhance feature selection capabilities and compensate for feature loss caused by lightweight design, an attention module is introduced to improve the YOLOv11s network architecture. This approach strengthens the model's feature recognition ability and improves network recognition accuracy while ensuring inference speed remains within acceptable limits.
CBAM is a lightweight, dual-channel collaborative attention mechanism. During feature extraction in convolutional neural networks (CNNs), it dynamically enhances effective target features for detection tasks and suppresses redundant noise features through the synergistic action of “channel attention” and “spatial attention” mechanisms . In traditional CNNs, defaulting to equal weights for all channel features and spatial locations leads to redundant channel features and feature maps displaying only sparse target-relevant regions. To address this, CBAM proposes a serial structure combining “channel attention” and “spatial attention,” as illustrated in Figure 1. First, the channel attention mechanism filters out useful feature channels. Then, the spatial attention mechanism focuses on key spatial regions within these channels, forming a dual “channel-spatial” feature optimization. This ultimately outputs more discriminative feature maps, achieving the goal of enhancing model features with minimal computational cost.
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Fig. 1 CBAM Attention Mechanism Module
Finally, the channel attention mechanism and spatial attention mechanism are fused through a dual mechanism of “channel filtering + spatial focusing” to generate the final output feature map of the CBAM module . Embedding the CBAM module into the prediction layer of the YOLOv11s network architecture enables the attention mechanism to precisely enhance core features for detection tasks. This allows the network to adaptively focus on key channel information and spatial location data within target regions during prediction, effectively suppressing interference from redundant background features. Consequently, it significantly improves YOLOv11s' feature representation and detection accuracy for small objects, densely packed targets, and objects in complex backgrounds.
3. Epoxy Mortar Potholes Detection Model
3.1  EXPERIMENTAL DATASET  

The experimental dataset combines conventional road pothole scenarios with a custom-built epoxy mortar pothole scenario dataset. The model's generalization capability is enhanced through a “transfer learning + incremental training” approach. The conventional road pothole dataset features a large sample size and broad scene coverage, enabling training to learn common features such as concave shapes, edge textures, and grayscale differences. The custom epoxy mortar-paved pothole dataset, though smaller in sample size, incorporates unique pothole characteristics like low-light conditions and complex backgrounds. By using the common features from the conventional pothole dataset as a baseline and progressively fine-tuning with epoxy mortar-specific characteristics, the approach reduces training costs while enhancing the model's generalization capability.
The conventional road scenario utilizes the publicly available Road Damage Dataset (RDD), comprising 2,657 images of road potholes and damage from multiple countries including China and Brazil. The dataset contains over 3,000 instances of pavement damage, covering diverse lighting conditions, weather scenarios, and road materials, ensuring broad representativeness .
The epoxy mortar paving pothole dataset comprises constructed images of potholes after epoxy mortar paving. It demonstrates natural paving characteristics in simulated environments, selecting 238 high-quality images containing pothole defects. The dataset was augmented using “spatial-level transformation enhancement + generative augmentation.” Spatial-level transformation enhancement alters image spatial structures through rotation, scaling, etc., simulating pothole features under varying spatial layouts in real scenarios. This prevents overfitting caused by fixed pothole locations in dataset samples. Generative enhancement employs Conditional GANs (CGANs) to generate pothole images within epoxy mortar paving scenarios, overcoming sample collection limitations. The augmented dataset of pitted epoxy mortar paving scenarios exhibits enhanced diversity and significantly improves the model's generalization capabilities. 
3.2  CONVENTIONAL ROAD POTHOLE DETECTION MODEL  
For the conventional road pothole dataset RDD, training was conducted using an improved YOLOv11s model. Experiments were conducted on the Pycharm development platform, utilizing a GPU (NVIDIA GeForce RTX 4060 Laptop) for training. The training strategy employed a stochastic gradient descent (SGD) optimizer to train the conventional road pothole detection model. Initial training epochs were set to 200, batch size to 8, initial learning rate to 0.01, with an image size of 640×640. After 200 training epochs, the model achieved a Mean Average Precision (MAP) of 92.1%, indicating robust performance in detecting potholes within standard road scenarios. Detection results for single-pothole and multi-pothole scenarios on standard road surfaces are illustrated in Figure 2. This demonstrates that the improved YOLOv11s model performs well in detecting potholes on conventional roads, with confidence scores consistently above 0.9. Consequently, the pothole detection performance of the enhanced YOLOv11s model on conventional roads meets expectations.
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Fig. 2 Model-based potholes detection result map
3.3  BUILDING AN EPOXY MORTAR PATCHING POTHOLE DETECTION MODEL  
After augmenting the self-built dataset through “spatial-level transformation enhancement + generative enhancement,” we performed “transfer learning + incremental training” on the conventional road pothole detection model. After importing the conventional road pothole model, the first 10 layers of the backbone network were frozen. Subsequently, the neck and head networks were fine-tuned, training them to learn common pothole features to obtain the transferred base weights. Using these transferred base weights as the starting point, incremental training optimization was conducted. Paving pothole data was introduced in three phases, with parameter fine-tuning performed at each stage to mitigate model oscillation caused by scene variations. Following transfer learning + incremental training, a detection model tailored for potholes in epoxy mortar paving was obtained. This model effectively identifies potholes in epoxy mortar paving scenarios.
After obtaining the pothole detection model for epoxy mortar paving scenarios through transfer learning and incremental training, validation was conducted on the test set of the self-built dataset. The model achieved a mean average precision (mAP) of 91.5%. By extracting common pit features from a conventional road background pit detection model and then learning epoxy mortar paving-specific features through incremental training, the improved YOLOv11s network structure model successfully detects pits in epoxy mortar paving contexts, meeting the accuracy requirements for pit detection in such scenarios.

4. Deployment and Practical Application of the Epoxy Mortar Paving Pothole Detection Model
4.1  DEPLOYMENT OF THE EPOXY MORTAR PAVING POTHOLE DETECTION MODEL ON EDGE DEVICES
For the deployment of edge devices in epoxy mortar paving pothole detection, the Jetson Nano development board from NVIDIA was selected. As a high-performance, low-cost embedded device, it meets the platform requirements for edge devices in conventional scenarios. To meet real-time detection requirements, the existing YOLOv11s-CBAM model was optimized and compressed using TensorRT technology. The maximum batch size was set to 1, with a maximum memory allocation of 256MB. To balance accuracy and inference speed, half-precision quantization using 16-bit floating-point format (FP16) was adopted. Additionally, a strict optimization mode strategy was employed to ensure full FP16 computation throughout all operators.
After compression and optimization with TensorRT, the YOLOv11s-CBAM model's changes in mAP, detection accuracy, inference speed, and single-frame detection time are shown in the table below. As shown, after compression and optimization with TensorRT, the YOLOv11s-CBAM model maintains a mAP of 91.2%, a 0.3% decrease compared to the uncompressed model. The model size reduced from 12.8MB to 11.7MB, while inference speed increased from 89.6FPS to 101.2FPS. and the single-frame detection time decreased from 11.2ms to 9.9ms. In summary, after compression optimization with TensorRT technology, the YOLOv11s-CBAM model demonstrated significant improvements in inference speed and single-frame detection time, meeting the requirements for edge detection.
Table.2  Change Table 
	Metric  
	Before Optimization
	After Optimization

	mAP（%）
	91.5
	91.2

	Model Size (MB)
	12.8
	11.7

	Inference Speed (FPS)
	89.6
	101.2

	Single Frame Processing Time (ms)
	11.2
	9.9




4.2  PRACTICAL APPLICATION OF THE EPOXY MORTAR PAVING POTHOLES DETECTION MODEL ON EDGE DEVICES
The optimized YOLOv11s-CBAM epoxy mortar paving defect detection model was deployed on an NVIDIA Jetson Nano edge development board . Mounted at the front of an epoxy mortar paver, the board integrated with a high-definition industrial camera to form a real-time detection system. In a laboratory simulation of actual epoxy mortar paving operations, the system operated continuously and stably for one hour, accurately identifying 12 pitting defects with a false positive rate of 3.1% and a false negative rate of 2.8%. Detection efficiency surpassed manual inspection by 5 times, with positional deviation ≤5mm. This not only meets engineering precision requirements but also adapts to field conditions through lightweight deployment and low-power operation. The system provides efficient and reliable technical support for real-time inspection and timely repair of pitting defects after epoxy mortar wear-resistant surface paving.
5. Conclusion 

To address the low efficiency of manual inspection, insufficient accuracy in complex environments, and poor real-time performance for detecting pitting defects in epoxy mortar anti-abrasion surfaces after paving, this study proposes an improved YOLOv11s detection method incorporating the CBAM attention mechanism. By optimizing model generalization through “transfer learning + incremental training” and TensorRT technology for edge device deployment, this approach achieves automated, high-precision detection of pitting defects in epoxy mortar intelligent paving. It expands the application scenarios of deep learning and edge intelligence technologies in tunnel operation and maintenance for water conservancy projects.
Despite these phased achievements, certain limitations remain: for instance, the self-built epoxy mortar pitting dataset requires expanded scene coverage, as it currently lacks sufficient samples simulating extreme lighting conditions and concurrent multiple defects in deep tunnel environments. Additionally, the model's recognition accuracy for pits ≤5mm in size still has room for improvement. Future efforts will focus on expanding the dataset scale to incorporate more complex operational samples. Concurrently, we will explore multi-attention mechanism fusion and multi-scale feature enhancement strategies to continuously optimize the model architecture and enhance its detection robustness under extreme conditions.
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