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Abstract: Pothole detection plays a crucial role in ensuring road safety and effective infrastructure maintenance. However, detecting potholes 

accurately under adverse weather conditions such as rain, fog, snow, and low illumination remains a challenging task due to poor visibility and 

noise in road images. This project proposes a robust pothole detection system that leverages synthetic images and attention-based object detection 

techniques to improve detection performance in challenging environments. Synthetic images are generated to simulate diverse weather 

conditions, enriching the training dataset and reducing dependency on extensive real-world data collection. An attention-based deep learning 

model is employed to focus on relevant road surface features while suppressing background disturbances caused by weather effects. The proposed 

approach enhances detection accuracy, robustness, and generalization across varying weather scenarios. Experimental results demonstrate 

improved performance compared to conventional methods, making the system suitable for real-time road monitoring, intelligent transportation 

systems, and autonomous driving applications. 
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1   INTRODUCTION 

 

Road infrastructure plays a critical role in ensuring safe and efficient transportation. Among various road defects, potholes are 

one of the most common and hazardous issues, leading to vehicle damage, traffic congestion, and serious road accidents [1][2]. 

Timely detection and maintenance of potholes are therefore essential for improving road safety and reducing economic losses. 

However, manual inspection of road conditions is time-consuming, labor-intensive, and often impractical for large-scale road 

networks. Recent advances in computer vision and artificial intelligence have enabled automated pothole detection using image-

based and sensor-based approaches. Camera-equipped vehicles and roadside monitoring systems can capture road surface images, 

which are then analyzed using machine learning or deep learning models to identify potholes. These automated systems 

significantly reduce human intervention and enable scalable road condition monitoring [3]. 

 

Despite notable progress, reliable pothole detection under adverse weather conditions remains a major challenge. Factors such 

as rain, fog, snow, shadows, and low-light environments degrade image quality and obscure road surface features. Water-filled 

potholes, reflections, and reduced contrast often cause conventional vision-based models to miss detections or generate false 

positives [4]. Most existing datasets and detection models are trained primarily on clear-weather images, limiting their 

generalization capability in real-world scenarios. To address these limitations, this paper proposes an AI-based pothole detection 

framework designed specifically for adverse weather conditions. The proposed approach integrates synthetic data generation, 

robust preprocessing, and attention-enhanced deep learning–based object detection to improve detection accuracy in challenging 

environments [5].  

 

By augmenting training data with realistic weather variations and enabling the model to focus on relevant road regions, the 

system achieves reliable pothole detection even under poor visibility. 

The main contributions of this work are summarized as follows: 

• Development of a robust pothole detection pipeline capable of handling adverse weather and low-visibility conditions. 

• Use of synthetic image generation to enhance dataset diversity and reduce data scarcity. 

• Integration of attention mechanisms and multi-scale feature extraction for improved pothole localization. 

• Comprehensive experimental evaluation demonstrating improved detection performance compared to conventional 

methods [6][7]. 
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2   RELATED WORK 
 

Automated pothole detection has been extensively studied using traditional image processing, machine learning, and deep 

learning techniques. Early approaches relied on handcrafted features such as edge detection, texture analysis, and shape-based 

heuristics to identify road surface irregularities. While these methods are computationally lightweight, they are highly sensitive to 

illumination changes, shadows, and surface variations, making them unreliable in real-world conditions [8]. With the advancement 

of machine learning, researchers began using classifiers such as Support Vector Machines and Random Forests combined with 

manually extracted features. These approaches improved detection accuracy compared to rule-based methods but still struggled 

with complex backgrounds and varying environmental conditions. 

 

Deep learning–based methods, particularly convolutional neural networks (CNNs), have significantly improved pothole 

detection performance. Object detection frameworks such as Faster R-CNN [9], SSD [9], and YOLO [10] have been widely 

adopted to detect potholes directly from road images. These models learn discriminative features automatically and achieve high 

accuracy in controlled environments. However, their performance often degrades when tested on images captured in rain, fog, or 

low-light scenarios due to insufficient training data and lack of robustness. Several studies have attempted to improve 

generalization by incorporating data augmentation techniques such as brightness adjustment, noise injection, and image flipping. 

While these methods provide limited improvements, they fail to accurately simulate complex weather phenomena like rain streaks, 

fog density, and water reflections on road surfaces. 

 

Recent works have explored the use of Generative Adversarial Networks (GANs) [11] to synthesize realistic training data for 

adverse weather conditions. GAN-based augmentation has shown promise in enhancing model robustness by exposing detection 

networks to diverse environmental variations during training. Additionally, attention mechanisms and multi-scale feature 

extraction strategies have been introduced in object detection models to improve focus on relevant regions and detect objects of 

varying sizes. Despite these advancements, existing pothole detection systems still face challenges related to false detections, 

missed potholes in extreme weather, and poor localization accuracy. Most studies do not explicitly address adverse weather as a 

primary design constraint, resulting in limited real-world applicability. In contrast, the proposed work focuses explicitly on robust 

pothole detection under adverse weather conditions by combining synthetic weather data generation, attention-based deep learning, 

and multi-scale detection strategies. This integrated approach addresses key limitations identified in prior studies and improves 

reliability for real-time deployment in intelligent transportation systems [12]. 

 

3   PROBLEM STATEMENT 
 

Potholes are one of the most common forms of road surface damage and pose a significant threat to road safety, vehicle 

durability, and driving comfort. Undetected or late-detected potholes can lead to traffic accidents, increased vehicle maintenance 

costs, and inefficient road infrastructure management. Traditional pothole detection methods, such as manual inspections or sensor-

based approaches, are time-consuming, expensive, and often impractical for large-scale road networks. With the advancement of 

computer vision and deep learning, image-based pothole detection systems have gained attention due to their automation potential 

and real-time applicability. However, most existing pothole detection models perform well only under ideal conditions, such as 

clear weather and good lighting. In real-world scenarios, road images are frequently captured under adverse conditions including 

rain, fog, snow, shadows, glare, low illumination, and nighttime environments. These conditions degrade image quality, introduce 

noise, reduce contrast, and cause potholes to appear small or blend into the background, significantly reducing detection accuracy. 

 

Road potholes are a major infrastructure problem that negatively affect road safety, driving comfort, and vehicle condition. 

Timely identification of potholes is essential for effective road maintenance; however, traditional inspection methods are manual, 

slow, costly, and prone to human error. Automated image-based pothole detection using deep learning has emerged as a promising 

solution, but it faces significant limitations in real-world conditions. Most existing pothole detection systems are trained on images 

captured in clear weather and good lighting. In practical scenarios, road images are often affected by adverse conditions such as 

rain, fog, snow, shadows, glare, and low illumination during evening or nighttime. These conditions reduce image clarity, distort 

road surface textures, and cause potholes to appear small, blurred, or merged with the background, leading to poor detection 

accuracy. 

 

In the existing system, pothole detection is mainly performed using manual inspection or basic automated techniques. Road 

maintenance authorities traditionally rely on human surveys, where personnel visually inspect roads and record potholes. Although 

this method is straightforward, it is time-consuming, labor-intensive, costly, and prone to human error. It also lacks real-time 

monitoring and cannot efficiently cover large road networks. To overcome these limitations, some automated systems use sensor-

based approaches, such as accelerometers and gyroscopes mounted on vehicles or smartphones.  
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These systems detect vibrations caused by road irregularities. However, they often produce inaccurate results due to variations 

in vehicle speed, suspension systems, and driving behavior. They also struggle to distinguish potholes from other road anomalies 

like speed breakers or rough patches. The limitations in existing systems can be listed as follows. 

• Manual inspection is time-consuming and requires significant human effort and cost. 

• Prone to human error, leading to missed or incorrectly reported potholes. 

• Limited road coverage, making it unsuitable for large-scale monitoring. 

• Sensor-based methods give inaccurate results due to variations in vehicle speed, suspension, and driving behavior. 

 

4   PROPOSED SYSTEM 

 

The proposed system introduces a robust and intelligent pothole detection framework designed to accurately identify potholes 

under adverse weather and low-visibility conditions. The system leverages synthetic data generation and advanced deep learning–

based object detection models to overcome the limitations of existing approaches. To address the scarcity of labeled pothole images 

in challenging environments, the proposed system uses Generative Adversarial Networks (GANs) to generate realistic synthetic 

pothole images under various weather and lighting conditions such as rain, fog, overcast, dusk, and nighttime. This significantly 

increases dataset diversity and improves model generalization without the need for expensive real-world data collection. The 

detection module employs state-of-the-art object detection architectures such as YOLO-based models enhanced with attention 

mechanisms and multi-scale feature extraction. These enhancements enable the system to focus on important regions of the image 

and effectively detect small, distant, and low-contrast potholes that are typically missed in conventional systems. The block diaram 

of the proposed method is shown in Fig. 1. 

 

 
Fig. 1. Bock Diagram of the Proposed Method 
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The block diagram illustrates the overall workflow of the proposed AI-based pothole detection system designed for adverse 

weather and low-visibility conditions. The system follows a structured pipeline that integrates data augmentation, deep learning–

based detection, and real-time inference to achieve robust pothole identification. The process begins with the Input Road Image 

Acquisition module, where road surface images are captured using vehicle-mounted cameras or roadside surveillance systems. 

These images may be affected by adverse weather conditions such as rain, fog, snow, shadows, and low illumination, which 

significantly degrade visual clarity and make pothole detection challenging. To address the scarcity of labeled road images under 

such conditions, the system incorporates a Synthetic Image Generation Module. In this stage, Generative Adversarial Networks 

(GANs) are used to transform clear-weather road images into realistic synthetic images representing diverse adverse weather 

scenarios. This step enhances dataset diversity and reduces dependency on large-scale real-world data collection in difficult 

environments.  

 

The Data Augmentation and Preprocessing Module performs essential operations such as resizing, normalization, noise 

reduction, and contrast enhancement. These preprocessing steps improve image quality and ensure uniform input dimensions for 

the deep learning model, thereby increasing detection robustness. The processed images are then passed to the Attention-Based 

Deep Learning Detection Model, which forms the core of the system. This model is based on advanced object detection 

architectures, such as YOLO, enhanced with attention mechanisms and multi-scale feature extraction. The attention mechanism 

enables the model to focus on relevant road surface regions while suppressing background disturbances caused by weather effects. 

Multi-scale feature extraction helps detect potholes of varying sizes, including small, distant, and partially occluded potholes. The 

Pothole Detection and Localization Module generates bounding boxes and confidence scores for detected potholes. This module 

accurately identifies pothole locations within the road images, even under challenging visibility conditions. 

 

The Output and Visualization Module displays detection results, including highlighted pothole regions and confidence levels. 

The detected information can be used for real-time road condition monitoring, automated reporting to road maintenance authorities, 

and integration with intelligent transportation systems and autonomous driving platforms. The block diagram demonstrates how 

synthetic data generation, attention-enhanced deep learning, and real-time inference are seamlessly integrated to provide a robust 

and reliable pothole detection system suitable for real-world deployment under adverse weather conditions. 

 

5   RESULTS AND DISCUSSION 

 

This section presents the experimental evaluation of the proposed AI-based pothole detection framework under adverse weather 

conditions. The performance of the system is assessed using standard object detection metrics and compared with baseline deep 

learning models to demonstrate its robustness and effectiveness in challenging environments such as rain, fog, and low-light 

conditions. 

 

5.1. Experimental Evaluation Setup 

 

The experiments were conducted on a dataset consisting of road surface images captured under both normal and adverse 

weather conditions. To improve robustness, the training dataset was augmented using synthetically generated weather effects, 

including rain streaks, fog, shadows, and reduced illumination. The detection model was trained using annotated pothole images 

and evaluated on unseen test images representing diverse real-world scenarios. The proposed model was compared with 

conventional object detection approaches that do not explicitly handle adverse weather conditions. 

 

Table 1. Performance Comparison of Pothole Detection Models 

Method Precision (%) Recall (%) F1-Score (%) Detection Accuracy (%) 

Faster R-CNN 78.4 72.1 75.1 76.3 

YOLOv5 (Baseline) 81.7 76.9 79.2 80.5 

YOLOv5 + Augmentation 85.3 81.4 83.3 84.6 

Proposed Attention-Based Model 90.8 88.2 89.5 91.1 

 

5.2. Discussion of Results 

 

The results in Table 1 clearly demonstrate that the proposed attention-enhanced pothole detection framework outperforms 

conventional deep learning models across all evaluation metrics. Baseline models such as Faster R-CNN and standard YOLOv5 

show limited performance when exposed to adverse weather conditions, primarily due to reduced visibility, reflections, and noise 

introduced by rain and fog. Incorporating basic data augmentation improves detection performance to some extent, as observed in 

the augmented YOLOv5 model. However, such techniques alone are insufficient to capture the complex visual distortions caused 

by real-world weather phenomena.  
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The proposed model achieves the highest precision and recall values, indicating both accurate pothole identification and 

reduced false detections. The improved recall demonstrates the model’s ability to detect partially occluded and water-filled 

potholes, which are commonly missed by conventional approaches. The higher precision confirms that the attention mechanism 

effectively suppresses background interference such as shadows, wet road reflections, and surface irregularities. The overall 

detection accuracy of 91.1% highlights the robustness of the proposed framework in low-visibility conditions. This improvement 

is primarily attributed to three factors: 

1. synthetic weather-based data generation that enhances training diversity, 

2. attention mechanisms that focus on pothole-relevant regions, and 

3. multi-scale feature extraction that enables detection of potholes of varying sizes. 

 

The experimental results indicate that the proposed system is well suited for real-world deployment in intelligent transportation 

systems. The ability to reliably detect potholes under adverse weather conditions enables continuous road monitoring without 

dependency on manual inspections. The system can support timely maintenance decisions, reduce accident risks, and improve 

overall road safety. 

 

6   CONCLUSION 

 

This paper presented an AI-based pothole detection framework specifically designed for adverse weather and low-visibility 

conditions. Unlike conventional vision-based approaches that perform well only in clear environments, the proposed system 

addresses real-world challenges such as rain, fog, shadows, and low illumination by integrating synthetic weather data generation, 

robust preprocessing, and attention-enhanced deep learning–based detection. The regenerated block diagram clearly demonstrates 

how data augmentation, attention mechanisms, and multi-scale feature extraction are combined into a unified detection pipeline. 

Experimental results confirmed that the proposed approach consistently outperforms baseline object detection models in terms of 

precision, recall, F1-score, and overall detection accuracy. The improved recall highlights the system’s ability to detect partially 

occluded and water-filled potholes, while higher precision indicates effective suppression of false detections caused by weather-

induced visual noise. The results validate that incorporating weather-aware training data and attention-based feature learning 

significantly enhances pothole detection robustness under challenging environmental conditions. The proposed framework is 

therefore well suited for real-world deployment in intelligent transportation systems, smart city infrastructure monitoring, and road 

maintenance planning, where continuous and reliable pothole detection is critical. Future work will focus on extending the system 

to video-based pothole detection, optimizing the model for real-time edge deployment, and incorporating additional sensor data 

such as depth or inertial measurements to further improve detection reliability in extreme weather scenarios. 
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