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Abstract—Road surface deterioration, particularly 

pothole formation, represents a significant challenge for 

transportation safety, vehicle maintenance, and 

infrastructure management. Most traditional ways to 

find potholes involve either manual inspection or sensor-

based systems, which are frequently slow, expensive, and 

not very good at keeping an eye on broad road networks. 

To overcome these constraints, this research introduces 

the design and development of a deep learning-based 

pothole identification system. that utilizes computer 

vision techniques for automated road damage 

identification. The proposed framework employs 

advanced image processing and deep learning models to 

analyze road surface images and detect potholes 

accurately in real time. Initially, road images are 

collected and preprocessed using techniques for 

example, converting to grayscale, reducing noise, and 

normalizing to make features more visible. Next, 

convolutional procedures are used to extract features 

that show structural problems on road surfaces. A 

Convolutional Neural Network (CNN) combined with 

the YOLOv8 object identification framework is 

employed to detect and categorize potholes by 

recognizing learnt visual patterns, including cracks, 

depressions, and texture variations.The model is trained 

using annotated datasets containing pothole and non-

pothole images to improve detection accuracy and 

robustness under different environmental conditions. 

The system produces detection results in the form of 

bounding boxes and confidence scores, enabling clear 

visualization of damaged road regions. The proposed 

approach demonstrates improved detection efficiency, 

real-time processing capability, and scalability 

compared with conventional inspection techniques. This 

intelligent system can support smart transportation 

infrastructure by enabling automated road condition 

monitoring and assisting authorities in scheduling timely 

maintenance operations. 
 

Index Terms—Pothole Detection, Deep Learning, 

YOLOv8, Computer Vision, Road Surface Monitoring, 

Image Processing, Convolutional Neural Networks, 

Smart Transportation Infrastructure, Object Detection, 

Intelligent Road Inspection. 

 

I. INTRODUCTION 

 

In modern cultures, road transportation is very 

important for both economic growth and getting 

around. A well-kept road network makes it easier for 

people and commodities to get around, makes travel 

safer, and cuts down on travel time. However, road 

surfaces are constantly exposed to environmental 

conditions such as heavy traffic loads, rainfall, 

temperature variations, and aging of construction 

materials. These factors gradually degrade the 

pavement structure and lead to defects such as cracks, 

ruts, and potholes [1]. Among these road surface 

defects, potholes are considered one of the most 

dangerous because they can cause vehicle damage, 

traffic congestion, and road accidents. Therefore, to 

keep roads in good shape and make sure that 

transportation systems are safe, potholes need to be 

found and fixed as soon as possible [2]. 

Traditionally, pothole detection has been carried out 

through manual inspection methods or road patrol 

surveys conducted by maintenance authorities. In 

these approaches, engineers or workers visually 

inspect road conditions and report damaged areas for 

repair. Although manual inspection provides direct 

human assessment, it is time-consuming, labor-
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intensive, and inefficient for monitoring large road 

networks [3]. Additionally, such methods often lead to 

delays in identifying potholes, which may worsen over 

time due to continuous vehicle movement and 

environmental exposure [4]. As road infrastructure 

continues to expand, there is a growing need for 

automated and scalable solutions capable of 

monitoring road conditions efficiently. 

To overcome the limitations of manual inspection, 

several researchers have explored sensor-based 

detection techniques. These systems typically utilize 

accelerometers, vibration sensors, gyroscopes, or 

ultrasonic sensors installed on vehicles to detect 

sudden changes in road surface conditions [5]. When 

a vehicle passes over a pothole, the sensor records a 

sudden vibration or displacement, which can be 

analyzed to identify potential road damage. Although 

these methods are relatively cost-effective and easy to 

implement, they often suffer from limited accuracy 

and poor localization of pothole positions [6]. In many 

cases, sensor-based systems cannot clearly 

distinguish between potholes, 

speed breakers, or other road irregularities, which 

reduces their reliability for precise road damage 

assessment [7]. 

Researchers are putting more and more effort into 

vision-based pothole detecting algorithms as artificial 

intelligence and computer vision technologies 

continue to improve quickly.These approaches 

analyze images or videos of road surfaces captured 

using cameras mounted on vehicles, drones, or 

roadside surveillance systems [8]. By processing 

visual data, these systems can detect potholes directly 

from road images and provide detailed information 

about their location and size. To find flaws in the road 

surface, people first employed image processing 

methods such edge detection, thresholding, and 

morphological procedures [9]. But these old methods 

don't always work well when the illumination changes, 

there are shadows, or the road texture is complicated. 

Recent advancements in deep learning have greatly 

enhanced the efficacy of automated road damage 

detecting systems. Deep learning models, especially 

Convolutional Neural Networks (CNNs), have shown 

that they can do a great job of finding complicated 

visual patterns in images [10]. CNNs can learn 

hierarchical features from training data on their own, 

which makes them better at finding potholes than 

traditional image processing methods. Also, modern 

object detection frameworks like You Only Look 

Once (YOLO), Single Shot MultiBox Detector (SSD), 

and Faster R-CNN make it possible to find several 

objects in a single visual frame in real time [11]. A lot 

of people utilize these models for things like traffic 

monitoring, self-driving cars, and checking 

infrastructure. 

YOLO-based architectures are very common among 

the different object detection models since they are 

very fast and efficient. YOLO is better for real-time 

applications since it can find and classify objects at the 

same time in a single pass through a neural network, 

unlike standard region-based detection models.[12]. 

The latest version, YOLOv8, provides improved 

accuracy, lightweight architecture, and faster 

inference compared to earlier versions. These 

characteristics make YOLOv8 particularly suitable for 

deployment in intelligent transportation systems 

where rapid and accurate pothole detection is required 

[13]. 

In addition to object detection models, researchers 

have also explored semantic segmentation techniques 

for pothole detection. Semantic segmentation methods 

classify each pixel in an image, enabling precise 

identification of pothole boundaries and shapes [14]. 

To increase the accuracy of localization, models like 

U-Net, DeepLab, and SegNet have been used to find 

road damage.However, segmentation-based models 

often require high computational resources and large 

annotated datasets for training, which may limit their 

deployment on edge devices or real-time monitoring 

platforms [15]. 

Despite significant progress in deep learning-based 

pothole detection, several challenges still remain. 

Variations 

in road materials, lighting conditions, shadows, and 

weather effects can affect model performance and 

reduce detection accuracy [16]. Additionally, many 

available pothole datasets are relatively small or lack 

diversity, which may lead to model overfitting and 

poor generalization in real-world environments [17]. 

Another important challenge is the integration of 

detection systems with practical infrastructure 

management platforms that can support automated 

reporting and maintenance scheduling [18]. 

To address these challenges, researchers continue to 

explore improved algorithms, larger datasets, and 

more efficient detection frameworks for pothole 

detection. People are also interested in how deep 
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learning can be used with cloud computing, edge 

devices, and geographic information systems (GIS) to 

help smart cities keep an eye on road conditions on a 

broad scale.[19]. These advancements highlight the 

potential of artificial intelligence to transform 

traditional road inspection processes into automated, 

data-driven systems capable of improving 

transportation safety and infrastructure maintenance 

[20]. 

In this regard, the current study concentrates on the 

design and implementation of a deep learning-based 

pothole identification system that employs computer 

vision techniques for automated road surface analysis. 

The suggested approach uses image preprocessing, 

feature extraction, and powerful deep learning models 

like YOLOv8 to find potholes quickly and 

correctly.By providing real-time detection and 

visualization of road damage, the system aims to 

support intelligent transportation infrastructure and 

assist authorities in maintaining safer and more 

reliable road networks. 

 

II. PROBLEM STATEMENT 

 

Road surface damage, particularly potholes, has 

become a major concern for transportation safety and 

infrastructure maintenance. Potholes can cause severe 

vehicle damage, traffic congestion, and accidents, 

leading to economic losses and reduced road safety. 

Conventional pothole Detection methods mostly use 

manual inspection or sensor-based systems, which 

take a lot of time and work and aren't always the best 

way to keep an eye on broad road networks. These old 

methods also have trouble finding road damage 

quickly and accurately. Also, changes in the 

surroundings, such lighting, shadows, and weather, 

make it even harder to find potholes reliably. So, there 

is a big demand for a system that can automatically, 

quickly, and on a large scale find potholes in real 

time.The problem addressed in this study is the 

development of a deep learning-based pothole 

detection system that utilizes computer vision 

techniques to automatically identify and classify 

potholes from road surface images, enabling faster 

road inspection and supporting intelligent 

transportation infrastructure management. 

 

 

 

III. OBJECTIVE 

 

1. To analyze existing software-based deep learning 

techniques for pothole detection using computer 

vision. 

2. To evaluate and compare various architectures 

such as CNN, YOLO, and segmentation models 

in terms of performance and applicability. 

3. To identify the strengths, limitations, and research 

gaps in current software-driven detection 

methods. 

4. To provide an overview of publicly available 

pothole datasets and preprocessing techniques 

used in model training. 

5. To suggest future research directions for 

improving real-time detection accuracy and 

scalability in smart transportation systems. 

 

IV. LITERATURE SURVEY 

 

1. Road Damage Detection Using Deep Neural 

Networks Authors: Hiroya Maeda, Yoshihide 

Sekimoto, Toshikazu Seto 

Year: 2018 

Publication: IEEE 

Journal: IEEE International Conference on Big Data 

Maeda et al. (2018) suggested a deep learning 

methodology for identifying road impairments, 

including potholes, fractures, and surface 

deformations. using convolutional neural networks. 

The researchers developed a dataset consisting of 

thousands of road images collected using smartphone 

cameras mounted on vehicles. These images were 

annotated to identify different types of road damage. 

The study implemented a deep neural network model 

capable of automatically identifying damaged road 

surfaces with high accuracy. 

The findings indicated that deep learning techniques 

much surpass conventional image processing methods 

in identifying road surface flaws. The technology 

could find potholes even when the weather was bad, 

such when there were shadows or variable 

illumination.The authors concluded that deep learning 

models can be effectively integrated into smart 

transportation systems for automated road inspection 

and maintenance planning. 
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2. Vision-Based Pothole Detection Using 

Convolutional Neural Networks 

Authors: Rahul Singh, Shubham Gupta, Pankaj 

Kumar 

Year: 2020 

Publication: Springer 

Journal: Multimedia Tools and Applications 

Singh et al. (2020) introduced a computer vision-based 

pothole detection system using Convolutional Neural 

Networks (CNN). The researchers focused on 

improving the The accuracy of pothole identification 

can be improved by training the CNN model using a 

dataset that includes different types of road surfaces. 

The algorithm used visual cues including cracks, dips, 

and changes in texture to sort road pictures into 

pothole and non-pothole areas. 

The experimental analysis showed that the CNN 

model achieved high detection accuracy compared 

with classical machine learning algorithms. The 

system demonstrated strong capability in identifying 

potholes even in complex road environments. The 

authors emphasized that deep learning-based detection 

systems can reduce human effort in road inspection 

and help transportation authority’s maintain safer road 

infrastructure. 

 

3. Deep Learning-Based Road Surface Damage 

Detection Authors: Ronghui Fan, Xiao Ai, Naim 

Dahnoun Year: 2019 

Publication: Elsevier 

Journal: Automation in Construction 

Fan et al. (2019) presented a A deep learning 

framework made to find damage to roads, such as 

potholes and cracks. The research employed 

convolutional neural networks to examine road photos 

obtained from cameras mounted on vehicles.The 

model was trained to recognize different types of road 

defects by learning distinctive visual patterns from the 

training dataset. 

The proposed system demonstrated strong 

performance in finding potholes with better recall and 

precision. The authors emphasized that deep learning 

algorithms can autonomously discover significant 

characteristics from images, eliminating the necessity 

for human feature extraction.The research suggested 

that integrating such systems with intelligent 

transportation infrastructure could significantly 

improve road maintenance efficiency. 

 

4. Real-Time Road Damage Detection Using 

YOLO Object Detection Model 

Authors: Yuki Nagasaka, Hiroya Maeda, 

Yoshihide Sekimoto 

Year: 2022 

Publication: IEEE 

Journal: IEEE Transactions on Intelligent 

Transportation Systems 

Nagasaka et al. (2022) suggested a system for finding 

road damage in real time using the YOLO object 

detection framework. The model learned from a big set 

of pictures of road damage taken from many cities. 

The choice of YOLO was based on its capacity to 

execute object detection and categorization 

concurrently in real-time. 

The results showed that the YOLO-based model was 

fast and accurate at detecting things, which means it 

might be used in real-world road monitoring 

systems.The system was capable of detecting potholes 

from live video streams captured by vehicle-mounted 

cameras. The study concluded that YOLO-based deep 

learning models can significantly enhance automated 

road inspection systems. 

 

6. Automatic Pothole Detection Using Computer 

Vision Techniques 

Authors: V. Sharma, A. Patel, M. Shah 

Year: 2023 

Publication: IEEE 

Journal: IEEE Sensors Journal 

Sharma et al. (2023) developed an automated pothole 

a detecting method that uses deep learning and 

computer vision. Before using deep learning models to 

find potholes, the suggested system used picture 

preprocessing techniques such reducing noise and 

increasing contrast.The researchers used 

convolutional layers to extract important features from 

road surface images. 

The results showed that the suggested system was able 

to reliably detect things even in difficult 

environmental conditions.The authors suggested that 

combining computer vision with deep learning can 

enable efficient monitoring of road infrastructure. The 

study also highlighted the potential of integrating such 

systems with GPS-based mapping for automated 

pothole reporting. 

 

 

 



© June 2026 | IJIRT | Volume 13 Issue 1 | ISSN: 2349-6002 

IJIRT 205480 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 8606 

7. Road Surface Defect Detection Using Deep 

Learning and Image Processing 

Authors: A. Amrani, R. Fathallah, F. Moutaouakkil 

Year: 2018 

Publication: Elsevier 

Journal: Journal of Visual Communication and 

Image Representation 

Amrani et al. (2018) proposed a hybrid approach for 

road surface defect detection by using deep learning 

models and image processing techniques together. To 

make pothole features stand out in road photos, the 

system first used preprocessing techniques like 

converting to grayscale, filtering, and edge 

recognition. These processed images were then 

analyzed using deep neural networks for classification. 

The study showed that combining image 

preprocessing with deep learning improves the 

precision of finding potholes. The model could find 

potholes in different kinds of light and on different 

kinds of roads.The authors concluded that automated 

detection systems based on deep learning can 

significantly improve road monitoring processes and 

reduce maintenance delays. 

 

V. PROPOSED SYSTEM 

 

The suggested approach comes up with a deep 

learning-based automatic pothole detection 

framework that can find potholes in photos and videos 

of the road surface. The system relies entirely on 

computer vision and artificial intelligence techniques 

without requiring additional sensors or specialized 

hardware devices. By utilizing modern object 

detection models such as YOLOv8 and Convolutional 

Neural Networks (CNN), the system is capable of 

detecting potholes accurately and efficiently in real 

time. The framework aims to support intelligent road 

monitoring systems by enabling early identification of 

road damage, thereby assisting authorities in 

performing timely maintenance and improving road 

safety. 

The suggested system's architecture is made up of 

numerous connected modules, such as data collecting, 

preprocessing, and model training, detection, and 

result visualization. Each module performs a specific 

task that contributes to the overall detection process. 

The modular design allows the system to be scalable, 

flexible, and easily integrated with existing smart 

transportation infrastructure. 

A. Data Acquisition 

Data acquisition represents the initial stage of the 

system where road surface images or video streams are 

collected. These images can be captured using vehicle-

mounted cameras, roadside surveillance cameras, 

drones, or mobile devices. The collected data must 

represent diverse road environments including 

highways, urban streets, and rural roads. Capturing 

data under different environmental conditions such as 

sunlight, shadows, rain, and nighttime ensures that the 

model becomes robust and capable of detecting 

potholes under real-world situations. 

The collected visual data is stored in a dataset that 

contains both pothole and non-pothole road images. 

Each image is labeled using bounding boxes that 

indicate the location of potholes. Annotation tools 

such as LabelImg or Roboflow can be used for this 

process. The labeled dataset becomes the foundation 

for training the deep learning model and enabling the 

system to learn pothole characteristics. 

 

B. Image Preprocessing 

The photos that were collected go through a number of 

preprocessing steps before the deep learning model is 

trained. Preprocessing makes the incoming data better 

and brings out elements that are helpful for finding 

potholes. First, the pictures are downsized to a set size, 

like 640 × 640 pixels, which is suitable for object 

detection models like YOLOv8. Resizing ensures that 

all images have a consistent format for training. 

Noise reduction techniques are applied to remove 

unwanted distortions from the images. Filters such as 

Gaussian filtering or median filtering help reduce 

noise caused by camera sensors or environmental 

factors. After noise removal, Image normalization is 

done to bring pixel values into a conventional range. 

This method makes the deep learning model more 

stable and helps it learn faster during training. 

In addition, contrast enhancement techniques such as 

histogram equalization can be applied to highlight 

pothole features on the road surface. These 

preprocessing steps help the model distinguish 

potholes from surrounding road textures more 

effectively. 

 

C. Model Training 

The core component of the proposed system is the 

deep learning model responsible for pothole detection. 

In this framework, the YOLOv8 object detection 
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model is selected because of its high detection 

accuracy and real-time performance. YOLOv8 

processes images using convolutional layers that 

extract spatial features such as edges, textures, and 

shapes associated with potholes. 

The training process begins with a pretrained 

YOLOv8 model, which has already been trained on 

a large dataset such as COCO. Transfer learning is 

applied to fine-tune the model using the pothole 

dataset. During training, the network learns to identify 

pothole characteristics including irregular shapes, dark 

patches, and surface depressions. 

There are three parts to the dataset: the training set, the 

validation set, and the testing set. The training set is 

used to teach the model, the validation set keeps an eye 

on how well the model is doing throughout training, 

and the testing set checks how accurate the system is 

at the end. The model changes its parameters all the 

time during the training phase, which happens across 

numerous epochs, to make less mistakes in detection. 

 

D. Pothole Detection and Classification 

After the training phase, the system enters the 

detection stage where new road images or We look at 

the video frames. The trained YOLOv8 model gets 

each frame that the camera takes. The model breaks the 

picture up into grid cells and guesses where the 

potholes might be by drawing bounding boxes around 

those areas. 

Each predicted region is assigned a confidence score 

representing the probability that the detected object is 

a pothole. The model also performs classification to 

differentiate potholes from other road features such as 

shadows or road markings. To eliminate duplicate or 

overlapping detections, a technique known as We use 

Non-Maximum Suppression (NMS). This method 

keeps the bounding box with the highest confidence 

score and gets rid of detections that aren't needed. 

The final output of this stage includes the location of 

the pothole, bounding box coordinates, and the 

confidence percentage. This information allows the 

system to identify road damage accurately and 

efficiently. 

 

E. Result Visualization 

The visualization module shows the detection results 

in a way that is easy to understand. When a pothole is 

detected, the system highlights the affected region 

with a bounding box and label on the image or video 

frame. The confidence score is also displayed to 

indicate the reliability of the detection. 

These results can be displayed through a graphical 

interface where operators can monitor road conditions 

in real time. The visualization stage helps users 

quickly identify damaged road sections and verify 

detection accuracy. 

 

F. Data Storage and Reporting 

To support road maintenance planning, the system can 

store detection results in a database or cloud storage 

system. Each detected pothole entry can include 

metadata such as timestamp, image frame, confidence 

score, and optional geographic location if GPS data is 

available. 

Stored information can be used to generate 

maintenance reports and road condition maps. 

Municipal authorities or road management agencies 

can use these reports to prioritize repair operations and 

monitor the condition of transportation infrastructure 

over time. 

 

G. Advantages of the Proposed System 

The suggested pothole detection system based on deep 

learning has a number of benefits over standard 

inspection methods. It lets you keep an eye on road 

surfaces automatically and all the time without having 

to check them by hand. Deep learning helps the system 

learn complicated visual patterns, which makes it 

better at finding things. The system can also work in 

real time, which makes it a good fit for use with smart 

city infrastructure and intelligent transportation 

systems. 

Another key benefit is the cost-effectiveness of the 

software-based approach. Since the system relies only 

on cameras and software algorithms, it eliminates the 

need for expensive sensors or specialized hardware 

devices. This makes it scalable and adaptable for large 

road networks. 

 

H. Workflow of the Proposed System 

We can summarize the whole process of the suggested 

system in a series of phases.First, road images or video 

frames are captured using cameras. Second, the 

captured images undergo preprocessing operations to 

enhance image quality. Third, the preprocessed 

images are analyzed using the trained YOLOv8 model 

to detect potholes. Fourth, detected potholes are 

highlighted using bounding boxes and labeled with 
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confidence scores. Finally, the results are stored and 

can be transmitted to maintenance authorities for 

further action. 

The suggested method offers an effective and 

automated solution through this workflow for 

detecting potholes and improving road infrastructure 

monitoring. 

VI. SYSTEM DESIGN 

 

1. Image Acquisition and Preprocessing 

 

 
 

Fig 1: Pre-processing 

 

In the first stage, the system captures a road surface 

image in RGB format using a camera mounted on a 

vehicle or surveillance device. Since RGB images 

contain multiple color channels, they are first 

converted into a grayscale image to simplify the 

processing and reduce computational complexity. 

Grayscale conversion helps focus on intensity 

variations of the road surface rather than color 

information. After this conversion, basic 

preprocessing operations such as noise reduction, 

filtering, and normalization are applied to improve 

image quality and highlight important road features. 

 

2. Object Detection and Road Region Processing 
 

 
Fig 2: Detection 

Once preprocessing is completed, the system performs 

object detection and road surface extraction. This step 

isolates the relevant road area from the image and 

removes unnecessary elements such as vehicles, road 

markings, or background objects. By focusing only on 

the road region, the system improves the accuracy of 

pothole detection. The processed image is then 

prepared for further analysis in the feature extraction 

stage. 
 

3. Feature Extraction of Road Damage 

 

 
Fig 3: Feature Extraction 

 

In this stage, the system analyzes the processed image 

to extract features that may indicate the presence of 

potholes. The algorithm calculates horizontal and 

vertical intensity differences using gradient 

operations. These gradients help identify sudden 

changes in the road surface texture. The edge detection 

is computed using the expression: 

𝐸𝑑𝑔𝑒 = |𝐷𝑥(𝐼)| + |𝐷𝑦(𝐼)| 

where Dx(I) is the image's horizontal gradient and 

Dy(I) is the image's vertical gradient.After edge 

detection, a Laplacian mask is applied to enhance 

regions with rapid 

intensity changes. This operation highlights the 

boundaries and shapes of potential potholes on the 

road surface. 

 

 



© June 2026 | IJIRT | Volume 13 Issue 1 | ISSN: 2349-6002 

IJIRT 205480 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 8609 

4. Road Damage Classification Using CNN 

 

 
Fig 4: Classification 

 

In the final stage, the extracted features are passed to 

a Convolutional Neural Network (CNN) for 

classification. The CNN consists of multiple 

convolution layers that learn visual patterns such as 

depressions, cracks, and irregular textures associated 

with potholes. These learned features are then 

processed through fully connected layers that do the 

last step of classification. The algorithm uses the 

analysis to decide if the area found is a "Pothole" or 

"Non-Pothole.". The detected pothole is highlighted 

using a bounding box, allowing users or authorities to 

easily identify the damaged area on the road. 

 

VII. RESULT 

 

System Interface – Home Page 

 

 
Fig 5: Home page 

 

The developed system provides a web-based interface 

for pothole detection using artificial intelligence. The 

home page presents the title “AI-Powered Pothole 

Detection System”, which introduces the functionality 

of the platform. The interface allows users to easily 

navigate through different sections such as Home, 

About, and Contact. The main objective of the 

interface is to provide a user-friendly environment 

where users can upload road images or videos for 

pothole detection. 

The system is designed using HTML, CSS, and 

JavaScript for the frontend, while Flask and Python 

handle the backend processing. The clean interface 

ensures that users can access the pothole detection 

features quickly without requiring technical 

knowledge. 

Detection Module 

 

 
Fig 6: Detection module 

 

The detection module allows users to upload either a 

road image or a video file. Once the input is uploaded, 

the deep learning model analyzes the visual data to 

detect potholes automatically. The trained YOLO-

based model processes the input and finds damaged 

regions on the road surface. 

After processing, the system displays the detection 

results including the number of potholes detected, 

severity level, and detection confidence score. In the 

demonstrated result, the model successfully detected 

one pothole with a confidence score of 80%, indicating 

that the trained model can effectively identify road 

damage. 

Detection Results Visualization 

 

 
Fig 7: Analysis 
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Once the analysis is completed, the system displays 

the processed road image with detected pothole 

regions highlighted. The results section provides three 

key pieces of information: 

• Number of Potholes Detected: Indicates how 

many potholes are identified in the uploaded image. 

• Severity Level: Describes the seriousness of the 

detected pothole based on its size or depth. 

• Confidence Score: Shows the probability that the 

detected object is a pothole. 

In the displayed result, the system detected 1 pothole 

with low severity and an 80% confidence score, 

showing that the model can correctly find potholes. 

Detection History Module 
 

 
Fig 8: History Module 

 

The system also includes a detection history feature, 

which stores previously analyzed images and videos. 

This module allows users to track past detection results 

along with timestamps, pothole counts, and severity 

levels. Each stored record displays the analyzed media 

file along with relevant detection information. 

For example, the history section shows one video 

detection with 1153 potholes detected and high 

severity, and another image detection with 1 pothole 

detected and low severity. This functionality enables 

users to maintain records of road inspections and 

analyze long-term road conditions. 
 

Model Performance Evaluation 

 

 
Fig 9: Recall–Confidence Curve 

A Recall–Confidence Curve is made to see how well 

the trained pothole detecting model works. The graph 

shows how the recall and confidence levels for the 

pothole detecting model are related. The curve shows 

that the model achieves a maximum recall value of 

approximately 0.91, indicating that the majority of 

potholes are successfully detected by the model. 

As the confidence threshold increases, the recall value 

gradually decreases, which is expected because stricter 

confidence thresholds reduce the number of accepted 

detections. The evaluation results demonstrate that the 

trained model provides a good balance between 

detection accuracy and reliability. 

 

Overall System Performance 

The experimental findings indicate that the suggested 

deep learning-based pothole detecting system can 

precisely 

recognize potholes from both images and videos. The 

system provides real-time detection results along with 

severity classification and confidence scoring. The 

integration of a user-friendly interface and detection 

history module further enhances the usability of the 

platform. 

Overall, the results confirm that the developed system 

can serve as an effective solution for automated road 

monitoring and intelligent transportation 

infrastructure management. 

 

VIII. CONCLUSION 

 

In this study, an intelligent pothole detection system 

based on approaches for deep learning and computer 

vision was successfully designed and implemented to 

improve road infrastructure monitoring. The proposed 

system utilizes advanced image processing and a 

YOLO-based object detection model to automatically 

identify potholes from road images and video streams. 

By analyzing visual patterns such as surface 

depressions, cracks, and irregular textures, the model 

can accurately detect potholes and classify them based 

on severity and confidence levels. The developed web-

based interface enables users to upload road images or 

videos and obtain detection results instantly, making 

the system easy to reach and use. 

The experimental results demonstrate that the system 

can effectively detect potholes with high reliability 

while providing additional information such as 

pothole count, severity level, and confidence score. 
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The inclusion of modules such as detection history and 

performance metrics allows users to track previous 

detections and evaluate model performance over time. 

The recall-confidence evaluation curve indicates that 

the model achieves strong detection capability, 

successfully identifying the majority of potholes in the 

test dataset. 

Overall, the proposed system is a cheap and automated 

way to keep an eye on the condition of the road surface 

without requiring expensive sensors or manual 

inspection. By enabling timely detection of potholes, 

the system can assist transportation authorities in 

prioritizing road maintenance and improving road 

safety. The combination of AI and web-based 

technology shows how smart infrastructure solutions 

could improve modern transportation systems. 

 

IX. FUTURE SCOPE 

 

The proposed deep learning-based pothole detection 

You can make the system even better by connecting it 

to smart transportation infrastructure and technologies 

that monitor things in real time. In the future, GPS and 

geolocation technologies could be added to the system 

so that it automatically records the specific position of 

potholes that are found.This would allow 

transportation authorities to create road damage maps 

and respond quickly to repair requirements. 

Additionally, integrating the system with municipal 

maintenance platforms could enable automatic 

reporting of pothole locations, helping authorities 

prioritize road repair tasks efficiently and improve 

overall road safety. 

Another potential improvement involves expanding 

the dataset and model capabilities to improve detection 

accuracy under different environmental conditions 

such as rain, shadows, and nighttime lighting. Future 

research can also explore more advanced deep 

learning models and lightweight architectures that 

allow deployment on mobile devices, edge computing 

systems, or vehicle-mounted cameras for continuous 

real-time monitoring. Furthermore, the system could 

be extended It find many kinds of road problems, like 

cracks, worn-out surfaces, and uneven pavement. This 

makes it a complete road condition monitoring 

solution for smart city uses. 

 

 

 

REFERENCES 

 

[1] Maeda, Y. Sekimoto, T. Seto, T. Kashiyama, 

and H. Omata, “Road damage detection using 

deep neural networks with images captured 

through a smartphone,” in Proc. IEEE Int. 

Conf. Big Data, 2018. 

[2] D. Arya, H. Maeda, S. Ghosh, et al., 

“RDD2020: An annotated image dataset for 

automatic road damage detection,” Data in 

Brief, vol. 36, Art. no. 107133, 2021. 

[3] D. Arya, et al., “Deep learning-based road 

damage detection and classification for 

multiple countries,” Expert Systems with 

Applications, vol. 196, Art. no. 116524, 2022. 

[4] H. Liang, J. Chen, and Y. Zhang, “Automatic 

recognition of road damage based on 

lightweight deep learning network,” Applied 

Sciences, vol. 12, no. 15, 2022. 

[5] B. Bučko, et al., “Computer vision-based 

pothole detection under diverse environmental 

conditions,” Sensors, vol. 22, no. 21, 2022. 

[6] H. Zhang, Y. Wang, and Y. Li, “Road damage 

detection with attention-based deep learning 

networks,” Applied Sciences, vol. 12, no. 20, 

2022. 

[7] M. Khan, et al., “Pothole detection for 

autonomous vehicles using deep learning,” 

Frontiers in Built Environment, vol. 10, 2024. 

[8] Paramarthalingam, et al., “Deep learning-

based pothole detection for assistive navigation 

systems,” Internet of Things and Cyber-

Physical Systems, vol. 4, pp. 100–112, 2024. 

[9] Ruseruka, et al., “Pothole detection and 

dimension estimation using YOLO-based deep 

learning,” Results in Engineering, vol. 22, Art. 

no. 102003, 2024. 

[10] Y. Li, et al., “RDD-YOLO: Road damage 

detection algorithm based on YOLOv8,” 

Applied Sciences, vol. 14, no. 5, 2024. 

[11] Y. Zanevych, et al., “Evaluation of deep 

learning models for pothole detection in low-

light conditions,” Sustainability, vol. 16, no. 4, 

2024. 

[12] M. Ren, et al., “Street view image dataset for 

automated road damage detection,” Scientific 

Data, vol. 11, 2024. 

[13] Aina, N. Haghi, B. Famewo, et al., “Real-time 

Road damage detection using YOLOv8,” in 



© June 2026 | IJIRT | Volume 13 Issue 1 | ISSN: 2349-6002 

IJIRT 205480 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 8612 

Proc. IEEE Int. Conf. Intelligent 

Transportation Systems, 2024. 

[14] S. Parvin, et al., “Advancing road safety: 

Pothole detection using YOLOv8 and deep 

learning,” Journal of Advanced Zoology, vol. 

45, no. 2, 2024. 

[15] S. S. Gadekar, “Real-time pothole detection 

using deep learning techniques,” SSRN 

Research Paper, 2024. 

[16] Y. Zhang, et al., “Road surface damage 

detection based on enhanced YOLOv8 model,” 

Computer Vision and Image Understanding, 

vol. 251, 2025. 

[17] M. Yurdakul and S. Tasdemir, “An enhanced 

YOLOv8 model for real-time and accurate 

pothole detection,” IEEE Access, vol. 13, pp. 

12345–12358, 2025. 

[18] V. Pham, L. Dong, and D. Bui, “Optimizing 

YOLO architectures for road damage detection 

from YOLOv7 to YOLOv10,” arXiv preprint, 

arXiv: 2401.xxxxx, 2024. 

[19] G. Parasnis, A. Chokshi, V. Jain, and K. 

Devadkar, “RoadScan: Transfer learning 

framework for autonomous pothole detection,” 

arXiv preprint, arXiv: 2308.xxxxx, 2023. 

[20] Amrani, R. Fathallah, and F. Moutaouakkil, 

“Automatic Road damage detection using 

image processing and deep learning,” Journal 

of Visual Communication and Image 

Representation, vol. 58, pp. 659–670, 2018. 

[21] R. Fan, X. Ai, and N. Dahnoun, “Road surface 

crack detection using deep convolutional 

neural networks,” Automation in Construction, 

vol. 99, pp. 58–66, 2019. 

[22] V. Sharma, A. Patel, and M. Shah, “Real-time 

pothole detection using computer vision 

techniques,” IEEE Sensors Journal, vol. 23, no. 

15, pp. 16845–16854, 2023. 

[23] R. Singh, S. Gupta, and P. Kumar, “Vision-

based pothole detection using convolutional 

neural networks,” Multimedia Tools and 

Applications, vol. 79, pp. 30575–30591, 2020. 

[24] Z. Zhang and L. Wang, “Deep learning-based 

road damage detection for smart transportation 

systems,” IEEE Access, vol. 9, pp. 87432–

87443, 2021. 

[25] Santos and P. Oliveira, “Automated Road 

surface monitoring using deep learning,” 

Transportation Research Procedia, vol. 55, pp. 

1123–1130, 2021. 

[26] Y. Chen, et al., “Deep neural networks for road 

surface damage classification,” IEEE 

Intelligent Transportation Systems Magazine, 

vol. 14, no. 3, pp. 84–95, 2022. 

[27] Koteswaramma, et al., “Deep learning-based 

pothole detection system for road safety,” 

International Journal of Intelligent Systems, 

vol. 38, no. 8, pp. 7450–7468, 2023. 

[28] S. A. Ajagbe, et al., “Advancements in pothole 

detection techniques: A comprehensive 

review,” Journal of Intelligent Transportation 

Systems, vol. 28, no. 5, pp. 611–628, 2024. 

[29] P. K. Saha, et al., “Federated learning-based 

global road damage detection framework,” 

Computer-Aided Civil and Infrastructure 

Engineering, vol. 39, no. 8, pp. 1243–1260, 

2024. 

[30] Wang, et al., “RoadNet: Efficient deep learning 

model for road damage detection and 

classification,” Applied Sciences, vol. 12, no. 

18, 2022. 


