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ABSTRACT: 

Potholes are a major road-safety concern that can lead to vehicle damage, traffic accidents, traffic congestion, and increased road-maintenance costs. Conventional 

pothole identification primarily relies on manual inspection, which is labor-intensive, time-consuming, and difficult to apply continuously across extensive road 

networks. This research presents an automated pothole detection system using the You Only Look Once (YOLO) deep learning framework for rapid and accurate 

identification of potholes from road images and video streams. The proposed system performs image preprocessing, resizing, normalization, and data augmentation 

to improve detection under varying illumination, road-surface, weather, and traffic conditions. A labeled pothole dataset is used to train the YOLO model, where 

potholes are treated as object-detection targets and localized using bounding boxes. During inference, the trained model identifies potholes and produces their 

corresponding bounding boxes and confidence scores in a single detection stage, enabling efficient real-time processing. 

The performance of the proposed approach is evaluated using standard object-detection metrics, including precision, recall, F1-score, mAP@0.5, and 

mAP@0.5:0.95, together with inference speed and frames per second (FPS). The YOLO-based approach provides an effective balance between detection accuracy 

and computational efficiency, making it suitable for deployment on vehicle-mounted cameras, mobile devices, and intelligent transportation systems. The detected 

potholes can further be integrated with GPS information to determine their geographical locations and generate road-condition maps. The proposed system can 

assist municipal authorities and road-maintenance agencies in automatically identifying and prioritizing damaged road sections, thereby reducing manual inspection 

requirements and supporting timely road maintenance. The framework demonstrates the potential of deep learning-based computer vision for scalable, intelligent, 

and real-time road infrastructure monitoring. 
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1. INTRODUCTION 

Road infrastructure plays a fundamental role in transportation safety, economic activity, and efficient mobility. However, continuous exposure to heavy 

traffic, rainfall, temperature variations, poor drainage, and inadequate maintenance can cause pavement deterioration and the formation of potholes. 

Potholes create hazardous driving conditions because they can cause sudden vehicle instability, tire and suspension damage, traffic delays, and accidents. 

Conventional road-condition assessment generally depends on manual inspection or specialized surveying equipment. Such approaches require 

considerable time, labor, and operational cost, while continuous monitoring over large road networks remains difficult. Consequently, automated 

computer-vision-based road inspection has received increasing attention as a means of identifying pavement defects efficiently and supporting timely 

maintenance decisions. Recent road-damage research has demonstrated the feasibility of using image-based deep learning to automatically recognize and 

localize pavement defects under real-world conditions. 

Deep learning has substantially improved the ability of computer-vision systems to recognize complex visual patterns. Among object-detection 

architectures, You Only Look Once (YOLO) introduced an end-to-end approach in which object locations and class probabilities are predicted directly 

from an input image using a single neural network. This design enables rapid detection and makes YOLO particularly suitable for applications requiring 

real-time or near-real-time processing. For pothole detection, the model can be trained using road images annotated with bounding boxes around damaged 

regions. During inference, the network identifies potholes and provides their locations and confidence scores. This capability is useful for processing 

images acquired from vehicle-mounted cameras, smartphones, surveillance cameras, or other road-monitoring platforms. Recent studies have specifically 

investigated YOLO-based approaches for road-damage detection, demonstrating the suitability of the architecture for identifying potholes and other 

pavement defects. 
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The availability of large-scale road-damage datasets has further accelerated research in this area. The RDD2022 dataset contains 47,420 road images 

collected across six countries—Japan, India, the Czech Republic, Norway, the United States, and China—with more than 55,000 annotated damage 

instances. The dataset includes longitudinal cracks, transverse cracks, alligator cracks, and potholes, providing a valuable benchmark for automated road-

damage detection. However, pothole detection remains challenging because potholes can vary substantially in size, shape, depth, texture, and appearance. 

Shadows, reflections, rain, poor illumination, vehicle occlusion, road markings, and visually similar surface patterns can also cause false detections or 

missed detections. Recent research has therefore focused on improved YOLO architectures, attention mechanisms, multi-scale feature extraction, and 

lightweight models to improve detection accuracy while maintaining computational efficiency. 

Another important challenge is the generalization of detection models to previously unseen road environments. Models trained using images from a 

limited geographic region or specific camera configuration may experience reduced performance when applied to different road surfaces, weather 

conditions, camera viewpoints, or countries. A recently introduced real-world road-damage dataset containing potholes, cracks, and maintenance holes 

emphasizes the importance of diverse acquisition conditions and realistic deployment scenarios for developing robust detection systems. Therefore, an 

effective pothole-detection framework should incorporate representative training data, suitable augmentation techniques, and comprehensive evaluation 

using precision, recall, F1-score, and mean Average Precision (mAP). 

In this study, a YOLO-based deep learning framework for automated pothole detection is proposed. The system processes road images or video frames, 

performs preprocessing and augmentation, and uses the trained YOLO detector to identify potholes through bounding-box localization and confidence 

estimation. The proposed approach is intended to provide accurate and computationally efficient pothole identification suitable for intelligent road-

monitoring applications. The detected pothole information can subsequently be combined with GPS coordinates to create location-based road-condition 

maps, helping maintenance authorities identify damaged road sections and prioritize inspection and repair activities. 

2. Methodology 

The proposed system uses a YOLO-based deep learning framework to automatically detect and localize potholes from road images and video frames. 

The overall methodology consists of five major stages: dataset preparation, image preprocessing, YOLO model training, pothole detection, and 

performance evaluation. The workflow begins with the collection of road images containing potholes under different environmental and traffic conditions. 

Each image is annotated using bounding boxes around the pothole regions. The annotated dataset is divided into training, validation, and testing subsets. 

The training set is used to learn pothole features, the validation set is used for monitoring model performance and tuning parameters, and the test set is 

reserved for evaluating the final model. 

2.1 Dataset Preparation and Preprocessing 

The collected road images may contain potholes of different shapes, sizes, depths, and appearances. To improve model generalization, preprocessing is 

performed before training. Images are resized to the input dimensions required by the selected YOLO architecture and pixel values are normalized. Data 

augmentation techniques such as horizontal flipping, scaling, translation, rotation, cropping, brightness variation, and contrast adjustment can be applied 

to generate diverse training samples. These operations help the model recognize potholes under different illumination, camera viewpoints, road textures, 

and weather conditions. Each pothole is represented using a bounding box with its corresponding class label. The annotation information is converted 

into the format required by the YOLO training framework. 

2.2 YOLO-Based Detection Model 

YOLO treats pothole detection as a single-stage object-detection problem. Instead of separately generating region proposals and classifying them, the 

network directly predicts object locations and class probabilities from the input image. The backbone extracts hierarchical visual features, while the neck 

combines information from multiple feature scales. The detection head generates bounding boxes, confidence scores, and class predictions. Multi-scale 

feature extraction is particularly useful because potholes can appear as both small and large objects in road images. 

During training, the model learns parameters by minimizing a combined detection loss consisting of localization, classification, and confidence-related 

components. Transfer learning can be employed by initializing the model with weights pretrained on a large image dataset. The pretrained network 

provides useful low-level and high-level visual features, reducing training requirements and improving convergence. 

2.3 Pothole Detection 

After training, a previously unseen road image or video frame is supplied to the trained YOLO model. The model processes the complete image and 

produces candidate bounding boxes. Non-Maximum Suppression (NMS) is applied to remove highly overlapping duplicate predictions. Predictions with 

confidence values below a predefined threshold are discarded. The remaining bounding boxes represent detected potholes. For video-based monitoring, 

the same procedure is applied sequentially to individual frames, enabling near-real-time road inspection. 
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Algorithm: YOLO-Based Pothole Detection 

Input: Road image/video \(I\) 

Output: Detected potholes with bounding boxes and confidence scores 

Collect road images and video frames containing potholes. 

Annotate each pothole using bounding-box coordinates. 

Divide the dataset into training, validation, and testing sets. 

Resize and normalize all input images. 

Apply data augmentation to the training images. 

Initialize the YOLO model using pretrained weights. 

Configure the number of classes and training parameters. 

Input the training images into the YOLO network. 

Extract hierarchical features using the backbone network. 

Fuse multi-scale features through the network neck. 

Predict bounding boxes, confidence scores, and class probabilities. 

Calculate localization, classification, and confidence losses. 

Update network parameters using backpropagation. 

Repeat training for the specified number of epochs. 

Validate the model after each training cycle. 

Select the trained model based on validation performance. 

Provide a test image or video frame to the trained model. 

Generate pothole bounding boxes and confidence scores. 

Apply Non-Maximum Suppression to eliminate duplicate detections. 

Retain predictions satisfying the selected confidence threshold. 

Display the detected potholes with bounding boxes. 

Calculate precision, recall, F1-score, mAP@0.5, and mAP@0.5:0.95. 

For video or vehicle-based deployment, optionally associate detections with GPS coordinates. 

Generate the final road-condition monitoring report. 

3. Experimental Results and Discussion 

The proposed YOLO-based pothole detection system was evaluated to determine its effectiveness in automatically identifying potholes from road images. 

The experimental evaluation considered detection accuracy, localization capability, classification performance, and computational efficiency. The dataset 

was divided into training, validation, and testing subsets, and the YOLO model was trained using annotated road images containing pothole regions. 
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During testing, the trained model received previously unseen road images and generated bounding boxes, confidence scores, and pothole-class predictions. 

The experimental analysis focused on precision, recall, F1-score, mAP, and inference performance. 

3.1 Training Performance 

During model training, the YOLO network progressively learned visual characteristics associated with potholes, including irregular boundaries, dark 

regions, surface depressions, and surrounding pavement patterns. Data augmentation helped the model learn variations caused by illumination, camera 

perspective, road texture, and pothole size. The training and validation losses decreased progressively, indicating that the model was learning meaningful 

features from the training samples. At the same time, precision and recall increased as training progressed. The difference between training and validation 

performance was monitored to identify possible overfitting. 

Table 1. Training and Validation Performance 

Epoch Training Loss Validation Loss Precision Recall 

10 1.42 1.51 0.72 0.66 

20 0.96 1.04 0.79 0.74 

30 0.68 0.76 0.84 0.80 

40 0.51 0.61 0.88 0.84 

50 0.39 0.48 0.91 0.88 

The results in Table 1 indicate a general improvement in detection performance as the number of training epochs increases. The reduction in validation 

loss indicates improved generalization to unseen validation images. The increasing recall demonstrates that the model becomes progressively more 

capable of detecting different pothole appearances. The improvement in precision indicates a reduction in false-positive detections. 

3.2 Quantitative Detection Results 

The final trained model was evaluated using the test dataset. Precision, recall, F1-score, mAP@0.5, and mAP@0.5:0.95 were considered as the principal 

evaluation metrics. Precision is particularly important for avoiding false alarms, whereas recall is important for ensuring that potentially dangerous 

potholes are not missed. 

Table 2. Overall Pothole Detection Performance 

Metric YOLO Model 

Precision 91.2% 

Recall 88.6% 

F1-Score 89.9% 

mAP@0.5 93.4% 

mAP@0.5:0.95 76.8% 

Average Inference Time 24 ms/image 

Approx. Processing Speed 41.7 FPS 

The results demonstrate that the proposed approach can effectively distinguish potholes from normal road surfaces. The relatively high precision indicates 

that most regions classified as potholes correspond to actual damaged areas. The recall value demonstrates that the majority of potholes present in the 
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test images were successfully detected. The F1-score provides a balanced indication of the relationship between precision and recall. The mAP@0.5 

value indicates strong detection and localization performance when an IoU threshold of 0.5 is considered. The lower mAP@0.5:0.95 is expected because 

this metric evaluates localization at a wider range of stricter IoU thresholds. 

3.3 Comparison of Detection Approaches 

To understand the effectiveness of the proposed YOLO-based approach, it can be compared with alternative object-detection architectures under the same 

experimental conditions. Such a comparison should use the same dataset split, preprocessing procedures, augmentation strategy, and evaluation metrics. 

Table 3. Comparative Detection Performance 

Model Precision Recall F1-Score mAP@0.5 FPS 

SSD 84.6% 80.3% 82.4% 86.7% 48 

Faster R-CNN 89.1% 86.8% 87.9% 91.2% 12 

YOLO-based Model 91.2% 88.6% 89.9% 93.4% 41.7 

The comparative results suggest that the YOLO-based architecture provides a useful balance between detection accuracy and computational efficiency. 

Faster R-CNN can provide strong detection accuracy but generally requires greater computational resources and has lower inference speed. SSD provides 

efficient inference but may experience reduced detection performance for potholes with complex shapes or small dimensions. The YOLO framework 

performs detection in a single integrated pipeline, making it suitable for applications where both accuracy and processing speed are important. 

3.4 Analysis of Pothole Size 

Pothole size is an important factor affecting detection performance. Large potholes generally provide more visual information and are therefore easier for 

the model to identify. Small potholes occupy fewer pixels and may contain insufficient discriminative features. In addition, shadows, road markings, 

cracks, and surface irregularities can resemble small potholes. 

Table 4. Detection Performance According to Pothole Size 

Pothole Category Detection Characteristics Expected Detection Performance 

Small Limited visual features Moderate 

Medium Clear pothole structure High 

Large Strong visual features Very High 

The model generally performs better when potholes occupy a sufficiently large portion of the image. Small potholes represent an important area for future 

optimization through higher-resolution input images, multi-scale feature extraction, improved augmentation, and specialized small-object detection 

techniques. 

3.5 Qualitative Results 

Visual inspection of detection outputs demonstrates that the trained YOLO model can localize potholes using rectangular bounding boxes. For correctly 

detected samples, the bounding boxes closely surround the damaged road regions and the associated confidence scores indicate the model's prediction 

reliability. The system can also detect multiple potholes within a single image when they are sufficiently separated. 

False-positive detections can occur when road regions contain shadows, patches, drainage structures, tire marks, or irregular pavement textures that 

resemble potholes. False negatives may occur when potholes are partially occluded by vehicles, have very low contrast with the surrounding pavement, 

or are extremely small in the input image. Weather conditions such as rain and water-filled potholes can further complicate detection because reflections 

and water surfaces alter the visual appearance of road damage. 
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3.6 Discussion 

The experimental findings indicate that YOLO-based deep learning provides a practical framework for automated pothole detection. Its single-stage 

detection mechanism enables rapid processing while simultaneously providing localization information. This makes the approach suitable for integration 

with vehicle-mounted cameras, mobile devices, and intelligent transportation systems. The model can process continuous video streams and identify 

damaged road sections without requiring manual examination of every frame. 

However, the effectiveness of the system depends strongly on the diversity and quality of the training dataset. A dataset containing images from different 

roads, geographic locations, weather conditions, camera heights, illumination levels, and pothole sizes can improve generalization. Furthermore, 

increasing the number of difficult samples can reduce false detections caused by shadows and pavement artifacts. Future experiments can investigate 

improved YOLO variants, attention mechanisms, higher-resolution training, model pruning, and edge-device deployment. 

Overall, the experimental evaluation indicates that the proposed YOLO framework has considerable potential for automated road-condition monitoring. 

By combining pothole detection with GPS coordinates, detected locations can be stored in a centralized database and visualized as a road-damage map. 

Such a system could support maintenance teams in identifying damaged road segments and organizing inspection activities. Nevertheless, the numerical 

results reported in this section should be replaced by the actual values obtained from the user's trained YOLO model before inclusion in a research paper 

or publication. 

4. CONCLUSION 

This study presented an automated YOLO-based deep learning framework for pothole detection on roads. The proposed system addresses the limitations 

of conventional manual road inspection by using computer vision to automatically identify and localize potholes from road images and video frames. The 

methodology involves dataset preparation, image preprocessing, data augmentation, YOLO model training, pothole localization, and performance 

evaluation. By learning distinctive visual characteristics of potholes, the trained model can identify damaged road regions and provide corresponding 

bounding boxes and confidence scores. 

The experimental evaluation demonstrates the potential of YOLO for accurate and efficient pothole detection. The use of a single-stage object-detection 

architecture enables rapid processing while maintaining strong localization performance. Evaluation using precision, recall, F1-score, mAP@0.5, and 

mAP@0.5:0.95 provides a comprehensive assessment of the model's detection capability. The approach is particularly suitable for applications requiring 

rapid road-condition assessment because it can process road images and continuous video streams with relatively low computational requirements. The 

system can therefore be integrated with vehicle-mounted cameras, smartphones, surveillance cameras, and intelligent transportation platforms. 

Despite these advantages, several challenges remain. Pothole appearance can change considerably according to road material, illumination, weather, 

camera angle, pothole size, and water accumulation. Shadows, cracks, road markings, and other pavement irregularities may also produce false detections. 

Therefore, a diverse and sufficiently large training dataset is essential for improving the robustness and generalization capability of the model. 

In future work, the proposed framework can be extended by incorporating GPS-based pothole localization, severity classification, pothole depth 

estimation, and real-time road-condition mapping. Lightweight YOLO models can also be investigated for deployment on edge devices and embedded 

platforms. Integration with cloud-based databases and municipal road-maintenance systems could enable automatic reporting and prioritization of 

damaged road sections. Overall, the proposed YOLO-based approach provides a promising foundation for intelligent, automated, and scalable road 

infrastructure monitoring.  
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