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Abstract—Road surface degradation, particularly in the 

form of potholes, poses a serious challenge to 

transportation safety and infrastructure management. 

Over the past decade, several researchers have explored 

software-based detection approaches leveraging 

advancements in deep learning and computer vision. 

This review paper presents a comprehensive analysis of 

existing pothole detection methods that utilize software-

driven frameworks without the need for additional 

hardware sensors. The study categorizes existing 

techniques based on their underlying algorithms such as 

Convolutional Neural Networks (CNN), You Only Look 

Once (YOLO) architectures, and image segmentation 

models. It discusses key aspects including dataset 

diversity, computational complexity, model accuracy, 

and deployment feasibility in real-world environments. 

Furthermore, this review highlights the evolution from 

traditional edge-based and vibration sensor methods to 

fully automated software-based detection systems 

powered by artificial intelligence. The paper also 

identifies research gaps related to model generalization 

across varying environmental conditions and real-time 

integration challenges. The review concludes that 

software-based deep learning frameworks, particularly 

YOLOv8 and similar architectures, demonstrate strong 

potential for scalable,real-time pothole detection 

within smart city and intelligent transportation 

applications. 

 

Index Terms—Pothole Detection, Deep Learning, 

YOLOv8, Computer Vision, Road Surface Analysis, 

Software-Based Detection, Smart Transportation, 

Image Processing, Convolutional Neural Networks 

(CNN), Object Detection. 

 

I. INTRODUCTION 

 

Road infrastructure serves as the backbone of a 

nation’s economic development and urban mobility. 

The quality of roads directly affects transportation 

safety, logistics efficiency, and travel comfort. 

However, due to continuous exposure to dynamic 

loads, temperature variations, and precipitation, road 

surfaces deteriorate over time, forming defects such 

as cracks, ruts, and potholes [1]. Among these, 

potholes are the most prevalent and hazardous surface 

irregularities that lead to accidents, vehicular damage, 

and increased maintenance costs. Early detection and 

timely repair of potholes are therefore critical to 

ensuring safe and sustainable road transportation [2]. 

Traditional methods for identifying potholes 

primarily depend on manual inspection, road patrols, 

or public complaint systems [3]. These methods are 

time-consuming, subjective, and inefficient for 

large-scale networks. Some studies have attempted to 

use vibration- based sensors or ultrasonic modules 

installed on vehicles to detect surface anomalies [4]. 

Although such sensor-based methods can identify 

uneven surfaces, they often lack precision in 

localization and cannot provide detailed structural 

information about the damage [5]. Consequently, 

there has been a gradual transition toward automated 

software- based pothole detection systems that rely 

on image and video analysis rather than expensive 

hardware installations [6]. 

Recent advances in artificial intelligence (AI), 

computer vision (CV), and deep learning (DL) have 
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revolutionized road inspection systems [7]. 

Convolutional Neural Networks (CNNs) and object 

detection frameworks such as You Only Look Once 

(YOLO) and Single Shot MultiBox Detector (SSD) 

have demonstrated remarkable capabilities in 

detecting visual anomalies on roads in real time [8]. 

These models process images captured from road-

mounted or vehicle- mounted cameras and 

automatically classify and localize potholes within 

frames [9]. As a result, visual-based systems offer 

cost efficiency, adaptability, and scalability compared 

to traditional inspection methods [10]. 

The emergence of new deep learning models such as 

YOLOv8, EfficientDet, and transformer-based 

networks has further improved detection accuracy, 

real- time inference, and robustness to environmental 

variations [11]. Researchers have explored hybrid 

approaches combining semantic segmentation, 

attention mechanisms, and graph neural networks to 

enhance the detection of small or partially obscured 

potholes [12]. Such advancements have made it 

possible to develop software-driven, automated 

detection frameworks capable of processing diverse 

datasets and achieving superior performance metrics 

[13]. However, despite these achievements, 

challenges such as model generalization under 

varying illumination, dataset imbalance, and real-

time deployment efficiency remain significant 

obstacles [14]. 

A growing body of literature has reviewed pothole 

detection systems using deep learning. For instance, 

Ma et al. [1] provided a comprehensive analysis of 

computer vision algorithms for road condition 

assessment. Similarly, Amri and Kusuma [6] 

conducted a comparative study of smartphone-based 

pothole detection using deep learning, highlighting 

the portability of software-driven approaches. Other 

studies have focused on integrating Geographic 

Information Systems (GIS) with detection models for 

geospatial visualization [9], or on improving 

detection precision through multi-scale feature fusion 

[7]. These works collectively illustrate the broad 

spectrum of research exploring the intersection of 

AI, vision, and road infrastructure monitoring [15]. 

In this review, we concentrate exclusively on 

software-based deep learning frameworks for pothole 

detection. The term “software-based” refers to 

systems that rely solely on image/video processing 

and AI algorithms, without the support of additional 

hardware sensors. The objective is to summarize and 

analyze the evolution of deep learning-based pothole 

detection systems, emphasizing architectures such as 

CNN, YOLO, and semantic segmentation networks 

[16]. This paper also compares datasets, performance 

metrics, and deployment frameworks, identifying the 

advantages and shortcomings of each approach [17]. 

Furthermore, it highlights the transition from 

conventional image processing techniques to end-to-

end AI- driven solutions, which represent the current 

direction of smart city infrastructure development 

[18]. 

The remainder of this paper is structured as follows: 

Section II outlines the research methodology adopted 

for this review. Section III provides an overview of 

datasets and preprocessing techniques commonly 

used for pothole detection. Section IV discusses 

different software- based deep learning architectures 

and compares their performance. Section V addresses 

deployment issues, challenges, and limitations. 

Finally, Section VI presents research gaps, while 

Section VII concludes the study and proposes future 

research directions [19], [20]. 

Motivation 

The motivation for this study arises from the growing 

need to develop intelligent and cost-effective 

solutions for road maintenance in smart cities. 

Traditional manual and sensor-based inspection 

techniques are inefficient, inconsistent, and unable to 

scale for large transportation networks. With the 

rapid advancement of deep learning and computer 

vision, software-based detection systems now 

provide an opportunity to automate road surface 

monitoring using only visual data. This review is 

motivated by the desire to consolidate and analyze 

existing research in this domain, identify 

performance gaps, and highlight future directions for 

creating reliable, real-time pothole detection 

frameworks. 

Goals and Objectives 

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. 
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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. 

Scope 

The scope of this review focuses exclusively on 

software-based deep learning methods for pothole 

detection that utilize image and video data. It covers 

studies employing object detection, semantic 

segmentation, and hybrid AI models without reliance 

on external hardware sensors or IoT devices. The 

paper emphasizes algorithms developed from 2018 

onward, analyzing their datasets, methodologies, 

evaluation metrics, and deployment feasibility. This 

scope aims to provide researchers and practitioners 

with a consolidated understanding of state-of-the-art 

software approaches for automated road surface 

inspection in intelligent transportation systems. 

 

II. EXISTING SYSTEM 

 

In the initial years of research on pothole detection, 

conventional image processing techniques were 

primarily used to identify surface defects. 

Researchers employed classical algorithms such as 

edge detection, thresholding, and morphological 

operations to isolate potholes from road surfaces. 

These systems achieved moderate accuracy under 

controlled conditions but struggled under varying 

illumination and shadow effects. For example, Abbas 

and Ismael [1] proposed an automated pavement 

distress detection method using morphological filters 

and thresholding operations, achieving approximately 

76% detection accuracy. Similarly, Pehere et al. [2] 

utilized aerial images captured by UAVs for road 

inspection and applied morphological operations to 

detect potholes, attaining about 80% precision. 

However, these methods were limited by 

environmental variations and computational 

inefficiencies, making them unsuitable for large-scale 

or real-time implementation. 

 

Subsequent developments introduced sensor- and 

vibration-based detection systems that employed 

accelerometers, gyroscopes, and ultrasonic sensors 

mounted on vehicles or smartphones. Such systems 

detected the unique vibrations generated when a 

vehicle encountered a pothole. Ozoglu and Gokgoz 

[3] developed a convolutional neural network (CNN)- 

based approach using road vibration data from 

smartphones, achieving an accuracy of 93.24%. 

Although these techniques were cost-effective and 

easy to deploy, they suffered from poor localization 

accuracy and an inability to distinguish between 

potholes, manholes, or speed breakers [4]. 

Furthermore, these approaches only detected potholes 

post- occurrence rather than predicting or mapping 

them in advance, limiting their preventive 

maintenance applications. 

 

Other systems explored 3D reconstruction and hybrid 

sensing approaches, combining visual data with depth 

or point-cloud information. Mukti and Tahar [5] 

presented a method using photogrammetry and 

remote sensing to reconstruct the 3D geometry of 

road surfaces, enabling measurement of pothole depth 

and volume. While these hybrid techniques offered 

superior geometric understanding, they were 

resource-intensive, requiring LiDAR, stereo cameras, 

or UAVs, which increased cost and complexity. As a 

result, their applicability for continuous large-scale 

monitoring remained limited. 

 

With the evolution of deep learning, researchers 

began to focus on software- based vision systems 

using CNNs and object detection models. Sridevi 

and Prasanna Kumari [6] proposed a CNN- based 

pothole detection model trained on 1,157 road 

images, achieving an accuracy of 87.77%. Similarly, 

Singh et al. [7] introduced a CNN integrated with a 

meta- heuristic optimization algorithm, which 

improved model performance on the Kaggle dataset 

compared to traditional machine learning approaches. 

Despite these advancements, most deep learning 

models were trained on small, non-diverse datasets 

and struggled to generalize under real-world 

variations in lighting, road texture, and 

environmental conditions. 

 

More advanced methods have focused on semantic 

segmentation and multi-scale feature fusion. Fan et 

al. [8] proposed a deep segmentation network 

utilizing feature fusion and context attention 

mechanisms to accurately delineate pothole 

boundaries. Such models demonstrated improved 

precision and recall but demanded high 
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computational resources, limiting their use on low-

power edge devices. Additionally, a recent review by 

multiple authors [9] categorized pothole detection 

systems into four major types: traditional image 

processing, 3D sensing, deep learning, and hybrid 

approaches, emphasizing that deep learning-based 

methods currently provide the most reliable and 

scalable solutions for visual detection tasks. 

 

Vyas et al. [10] combined vibration data and vision-

based analysis in a hybrid model to achieve enhanced 

detection reliability, especially under poor lighting 

conditions. However, the integration of sensors and 

cameras increased system cost and required complex 

data synchronization. Overall, the literature shows 

that while traditional and sensor- based systems 

offered initial frameworks, modern research has 

steadily evolved toward fully software-based deep 

learning models, which leverage visual data for 

robust and real-time detection with minimal 

hardware dependence. Despite their promise, these 

systems still face challenges related to dataset quality, 

model generalization, and computational efficiency, 

motivating further research toward optimized, 

lightweight, and scalable architectures. 

 

III. PROPOSED SYSTEM 

 

The proposed system aims to design and implement a 

fully software-based deep learning framework for 

automated pothole detection and classification using 

visual data such as images or live video streams. 

Unlike hardware-dependent or hybrid approaches, 

this model utilizes only image-processing and deep 

learning algorithms without additional sensors, 

making it cost-effective, scalable, and adaptable for 

real-time road inspection in smart city applications. 

The framework leverages advanced computer vision 

techniques and pre-trained models like YOLOv8 and 

Convolutional Neural Networks (CNNs) for efficient 

and accurate detection of potholes from raw visual 

data. 

 

A. System Architecture 

The overall architecture of the system comprises four 

major modules: data acquisition, preprocessing, 

model training and detection, and result visualization. 

 

1. Data Acquisition: 

In this stage, video or image data of road surfaces is 

collected using standard cameras or existing 

surveillance systems mounted on vehicles or drones. 

The data covers multiple environmental conditions 

such as daylight, shadows, rain, and night-time to 

ensure model robustness. 

2. Preprocessing: 

The captured frames are subjected to image 

enhancement techniques such as histogram 

equalization, noise filtering, resizing, and 

normalization. These steps help improve the visibility 

of pothole features and reduce noise in input data. 

The preprocessed images are then annotated using 

bounding boxes or masks depending on the selected 

model architecture. 

3. Model Training and Detection:  

The system employs a YOLOv8 (You Only Look 

Once, version 8) deep learning model trained on a 

curated dataset of pothole and non- pothole road 

images. YOLOv8 was chosen due to its superior real-

time detection performance and lightweight nature. 

The model learns distinctive features such as 

cracks, depressions, and texture discontinuities that 

represent potholes. The training process uses a 

transfer learning strategy on a pre-trained COCO 

dataset, fine- tuned specifically for pothole features to 

enhance accuracy. During inference, each video frame 

is processed, and bounding boxes are drawn around 

detected potholes in real-time. 

4. Result Visualization and Alert System: 

The detection results are displayed on a graphical 

interface highlighting pothole locations with 

bounding boxes. Each detection includes confidence 

scores and can be recorded for mapping or further 

analysis. The output can also be integrated with 

geotagging and reporting modules for municipal road 

maintenance systems. 

B. Workflow of the Proposed System 

The sequential workflow of the system can be 

summarized as follows: 

 

1. Capture: Acquire real-time video or image data 

of road surfaces using standard cameras. 

2. Preprocess: Enhance and normalize input images 

to prepare them for model analysis. 

3. Detect: Apply YOLOv8 or CNN- based deep 

learning algorithms to identify potholes. 

4. Visualize: Display detection results with labels 

and confidence scores. 
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5. Store/Report: Save results for later use, or 

transmit them to authorities for repair 

scheduling. 

 

This workflow ensures smooth data flow from 

acquisition to actionable insight, allowing the system 

to operate continuously in an automated monitoring 

setup. 

 

C. Algorithm Design 

The YOLOv8-based algorithm is at the core of the 

system’s detection module. The algorithm performs 

end-to-end detection in a single neural pass, which 

makes it faster than region-proposal-based methods. 

The stepwise process is as follows: 

 

1. Input: Acquire and resize road surface image to 

(640×640) pixels. 

2. Feature Extraction: Pass the image through 

convolutional layers to extract spatial features. 

3. Object Prediction: YOLOv8 divides the image 

into grids and predicts bounding boxes and 

confidence scores for each cell. 

4. Classification: Apply softmax or sigmoid 

activation to classify each region as “pothole” or 

“non- pothole.” 

5. Non-Maximum Suppression (NMS): Remove 

overlapping bounding boxes to retain the most 

accurate detections. 

6. Output: Display pothole location with bounding 

box and confidence percentage. 

 

IV. SYSTEM DESIGN 

 

The system design defines the overall structural and 

functional architecture of the proposed deep learning-

based pothole detection framework. The design 

emphasizes modularity, reusability, and scalability to 

ensure efficient data flow from image capture to 

pothole detection and reporting. It primarily consists 

of data acquisition, preprocessing, detection using 

YOLOv8/CNN, and result visualization with alert 

generation. The entire system operates as a fully 

software-driven application, making it cost-effective 

and easy to deploy on various hardware 

configurations such as laptops, embedded systems, or 

cloud platforms. 

 

A. System Architecture Overview 

The proposed architecture integrates several 

interlinked components responsible for performing 

specific operations in the detection pipeline. The 

primary components are: 

 

1. Input Unit (Camera/Video Source): 

The input module captures real- time road surface 

data using a standard USB or IP camera. Video 

frames are extracted at predefined intervals for 

analysis. 

2. Preprocessing Module: 

This module performs operations like image resizing, 

noise removal, normalization, and contrast 

enhancement. It ensures consistent input quality and 

improves the accuracy of the detection model. 

3. Detection Module (YOLOv8/CNN): 

The deep learning module performs object detection 

using trained neural networks. YOLOv8 identifies 

and classifies potholes by analyzing spatial and 

contextual features from each frame. The output 

includes bounding boxes, confidence scores, and 

labels. 

4. Post-Processing Module: 

Non-maximum suppression (NMS) filters 

overlapping detections, ensuring only the most 

confident pothole instances are displayed. 

5. Visualization and Alert Module:  

The final output is rendered in a user interface 

where potholes are highlighted with bounding 

boxes. Additionally, the system can generate real-

time alerts or store the detected image for 

maintenance records. 

6. Database & Reporting Module (Optional): 

Detected pothole data can be stored in a database with 

metadata such as timestamp, image location, and 

confidence percentage for periodic road condition 

analysis and predictive maintenance. 

 

B. Block Diagram Description 

 
Fig. 1 System Architecture 
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The logical flow of the system can be illustrated in 

the block diagram below (to be included in your 

paper figure): 

 

Explanation of Each Block: 

 

• Camera/Input Block: Captures road surface 

images or live streams in various lighting and 

environmental conditions. 

• Preprocessing Block: Converts raw data into a 

standardized format, enhancing visibility and 

removing irrelevant background noise. 

• YOLOv8/CNN Detection Block: Performs real-

time object detection and classification using 

learned deep features. 

• Post-Processing Block: Applies filtering 

algorithms such as NMS to refine results and 

eliminate false positives. 

• Visualization & Alert Block: Displays detected 

potholes with bounding boxes and generates 

visual/audio alerts if necessary. 

• Database Block (Optional): Archives detection 

results for analysis, record-keeping, and model 

retraining. 

 

C. Hardware Requirements 

Although the system is software-centric, minimal 

hardware components are required for its 

functioning: 

Component Specification 

Processor Intel i5/i7 or equivalent 

(minimum 2.4 GHz) 

RAM 8 GB or higher 

GPU NVIDIA GTX 1050 / RTX 

2060 or higher for training 

Camera USB/IP camera (720p or 

1080p) 

Storage Minimum 256 GB SSD 

Power 

Supply 

Standard 230V AC 

Optional GPS module for location 

tagging 

 

D. Software Requirements 

Software/Tool Purpose 

Operating System Windows 

Programming Language Python 3.10+ 

Libraries/Frameworks TensorFlow, 

PyTorch, 

OpenCV, NumPy, 

Pandas 

IDE/Environment Jupyter Notebook 

or VS Code 

Model Architecture YOLOv8 / CNN- 

based detection 

network 

Database (Optional) MySQL or 

Firebase 

 

These software tools collectively provide a robust 

environment for developing, training, and deploying 

the proposed deep learning model. 

 

E. Workflow Steps 

The complete working process of the system can be 

summarized in the following sequential steps: 

 

1. Image Capture: 

The camera captures video frames of the road surface 

during vehicle movement or fixed roadside 

surveillance. 

2. Preprocessing: 

Each frame undergoes image enhancement, resizing, 

and normalization to prepare it for neural network 

input. 

3. Model Execution: 

The YOLOv8 model processes each frame and 

predicts bounding boxes around detected potholes. 

4. Result Refinement: 

Post-processing filters false detections and refines 

bounding box positions using confidence 

thresholding. 

5. Visualization: 

The final processed frame is displayed with labeled 

pothole regions and confidence scores. 

6. Storage/Reporting: 

Results are optionally stored or transmitted to 

relevant authorities for maintenance purposes. 

7. Alert Generation: 

Alerts are generated when multiple potholes are 

detected within a predefined area, aiding in quick 

field response. 
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V. CONCLUSION 

 

The review presented in this paper highlights the 

advancements in software- based pothole detection 

systems utilizing deep learning and computer vision 

algorithms. Techniques such as CNN, YOLO, and 

semantic segmentation have shown promising results 

in automating the identification of road surface 

anomalies using image and video data [1]–[10]. The 

findings suggest that while current methods achieve 

satisfactory detection accuracy under controlled 

conditions, their performance often declines in 

varying illumination, occlusion, and environmental 

settings. Therefore, enhancing dataset diversity and 

improving model generalization remain key areas for 

continued research. 

 

VI. FUTURE WORK 

 

Future research in this domain can focus on 

integrating transformer-based vision models and self-

supervised learning techniques to enhance detection 

accuracy and robustness in real-world environments. 

Additionally, the incorporation of edge 

computing and lightweight deep learning 

architectures can enable real-time pothole detection 

on embedded devices. Further exploration of 

federated learning, synthetic dataset generation, and 

multimodal fusion approaches could also improve 

scalability and adaptability, paving the way for fully 

autonomous road condition monitoring systems in 

smart cities. 

 

REFERENCES 

 

[1] N. Ma, J. Fan, W. Wang, J. Wu, Y. Jiang, L. 

Xie, and R. Fan, “Computer Vision for Road 

Imaging and Pothole Detection: A State-of-the-

Art Review of Systems and Algorithms,” arXiv 

preprint, 2022. 

[2] A. Khaple, S. Barangule, N. More, O. Mote, and 

A. Doke, “Survey on Pothole Detection and 

Complaint Management System Using Deep 

Learning,” IJNRD, vol. 8, no. 5, pp. 123–130, 

2023. 

[3] M. Yurdakul and Ş. Taşdemir, “An Enhanced 

YOLOv8 Model for Real-Time and Accurate 

Pothole Detection and Measurement,” arXiv 

preprint, May 2025. 

[4] A. U. Amri and G. P. Kusuma, “Comparative 

Study of Pothole Detection Using Deep 

Learning on Smartphone,” Indonesian J. of 

Electrical Eng. and Computer Science, vol. 33, 

no. 4, pp. 165–174, 2024. 

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

Devadkar, “RoadScan: A Novel and Robust 

Transfer Learning Framework for Autonomous 

Pothole Detection,” arXiv preprint, Aug 2023. 

[6] M. Boosam, J. M. R. Pothireddy, and M. V. 

Kamal, “Pothole Detection Using Deep 

Learning,” Int. J. of Info. Tech. and Computer 

Eng., vol. 12, no. 1, 2024. 

[7] R. Fan et al., “Multi-Scale Feature Fusion: 

Learning Better Semantic Segmentation for 

Road Pothole Detection,” arXiv preprint, Dec 

2021. 

[8] R. Fan, H. Wang, Y. Wang, M. Liu, and I. Pitas, 

“Graph Attention Layer Evolves Semantic 

Segmentation for Road Pothole Detection,” 

arXiv preprint, Sep 2021. 

[9] “Smart Pothole Detection and Geospatial 

Visualization using Deep Learning and 

ArcGIS,” J. of Information Systems Eng. and 

Management, vol. 10, no. 38S, 2025. 

[10] “Advanced Pothole Detection and Repair 

Recommendation System Using Computer 

Vision Techniques,” Int. J. of Innovative 

Science and Research Technology, 2024. 

[11] “Pothole Detection Using Image Processing and 

Deep Learning Convolutional Neural Network 

Model,” Journal of Computer Technology & 

Applications, 2024. 

[12] M. Roman-Garay, “Architecture for Pavement 

Pothole Evaluation Using Deep Learning, 

Machine Vision, and Fuzzy Logic,” Elsevier 

TRID Database, 2025. 

[13] S. Dhurgadevi et al., “Pothole Detection Using 

Deep Learning,” Int. Academic J. of Innovative 

Research, vol. 9, no. 2, 2022. 

[14] “Literature Review on Pothole Detection 

Techniques,” IARJSET Journal, 2023. 

[15] “Machine Learning Algorithms for Pothole 

Detection: A Review,” IJRASET, 2023. 

[16] S. V. Bidve et al., “Pothole Detection Model for 

Road Safety Using Computer Vision and 

Machine Learning,” IAES Int J. of Artificial 

Intelligence, 2023. 

[17] “Detection of Potholes Using Machine Learning 



© December 2025 | IJIRT | Volume 12 Issue 7 | ISSN: 2349-6002 

IJIRT 187969 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 288  

and Image Processing,” IJERT, 2020. 

[18] J. Fan, M. J. Bocus, B. Hosking, R. Wu, and Y. 

Liu, “Semantic Segmentation for Road Pothole 

Detection: A Benchmark and Algorithms,” 

arXiv preprint, 2021. 

[19] “Review of Vision-Based Pothole Detection 

Methods Using Computer Vision and Machine 

Learning,” Sensors, vol. 24, no. 17, 2024. 

[20] “Deep Learning-Based Vision Techniques for 

Intelligent Road Damage Detection: A Review,” 

IEEE Access, vol. 11, pp. 98235–98249, 2023. 

[21] I. H. Abbas and M. Q. Ismael, “Automated 

Pavement Distress Detection Using Image 

Processing Techniques,” Engineering, 

Technology & Applied Science Research, vol. 

11, no. 5, pp. 7702-7708, 2021. 

[22] S. Pehere, P. Sanganwar, S. Pawar, and A. 

Shinde, “Detection of Pothole by Image 

Processing Using UAV,” Journal of Science & 

Technology, vol. 5, no. 3, pp. 101-110, 2020. 

[23] F. Ozoglu and T. Gokgoz, “Detection of Road 

Potholes by Applying Convolutional Neural 

Network Method Based on Road Vibration 

Data,” Sensors, vol. 23, no. 22, 9023, 2023. 

[24] Anonymous, “Literature Survey: Pothole 

Detection Systems,” International Journal of 

Advanced Research & Ideas Innovation in 

Technology, vol. 7, no. 5, 2021. 

[25] S. A. Mukti and K. Tahar, “Detection of 

Potholes on Road Surfaces Using 

Photogrammetry and Remote Sensing Methods,” 

Scientific & Technical Journal of Information 

Technologies, Mechanics & Optics, vol. 22, 

no. 3, pp. 459-471,2022. 

[26] P. Sridevi and R. P. Kumari, “Real- World 

Pothole Detection Using Image Processing and 

Deep Learning C N N  Model,” Journal of 

Computer Technology & Applications, 2024. 

[27] P. Singh, M. Sharma, and R. Gaba, “Pothole 

Detection Model Based on CNN and 

Metaheuristic Group Learning Algorithm,” 

Journal of Propulsion Technology, vol. 45, no. 4, 

2024. 

[28] J. Fan et al., “Multi-Scale Feature Fusion: 

Learning Better Semantic Segmentation for 

Road Pothole Detection,” arXiv preprint, 2021. 

[29] Anonymous, “A Review of Vision- Based 

Pothole Detection Methods Using Computer 

Vision and Machine Learning,” Sensors, vol. 24, 

no. 17, 5652, 2024. 

[30] T. Vyas, K. Tandel, and H. R. Varia, 

“Automated Potholes Detection Using Vibration 

and Vision-Based Techniques,” World Journal 

of Advanced Engineering Technology & 

Sciences, vol. 10, no. 1, 2023. 


