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ABSTRACT: Maintaining road infrastructure is essential for ensuring public safety and supporting efficient
transportation networks. One persistent problem is the formation of potholes, which pose hazards to drivers, contribute
to traffic delays, and cause vehicle damage. Conventional methods for detecting potholes typically rely on manual
inspection, which can be time-consuming, labor-intensive, and difficult to scale. This project presents an automated
solution for identifying potholes using cutting-edge computer vision and machine learning approaches. Leveraging the
YOLOV8 object detection algorithm, the system analyzes images and video footage to pinpoint potholes with high
accuracy in real time. Deep learning techniques enhance the system's performance by allowing it to recognize potholes
of various shapes, sizes, and in different environmental settings. By streamlining the detection process, this solution
aims to improve road safety through faster maintenance responses and reduced dependency on manual monitoring.

KEYWORDS: Deep Learning, Machine Learning, Pothole Detection, YOLOVS.
. INTRODUCTION

Potholes pose serious risks to both road safety and infrastructure management, often resulting in vehicle damage,
accidents, and disrupted traffic flow. Relying on traditional manual inspection methods is not only time-consuming but
also susceptible to human error, highlighting the demand for a more efficient, automated approach. With the emergence
of machine learning technologies, particularly object detection frameworks such as YOLOVS, there is now a viable
solution for accurate and real-time pothole identification. This project proposes a system that analyzes video or image
datasets to detect potholes frame by frame, capitalizing on YOLOVS’s capability to perform reliably under various
environmental conditions and across different pothole types. The system represents a novel solution by integrating real-
time video analysis with dimension estimation, using YOLOV8 for detection and monocular depth estimation methods
to determine pothole size. This approach aims to improve the efficiency and precision of road maintenance operations.

Integrating this automated pothole detection system into existing transportation infrastructure can significantly enhance
proactive maintenance strategies. Real-time data gathered from the system can be relayed to road authorities, enabling
quicker response times and efficient allocation of repair resources. Additionally, the ability to calculate pothole
dimensions allows for better prioritization based on severity, ensuring that the most critical road damages are addressed
first. Over time, this data-driven approach can contribute to predictive maintenance models, reducing long-term repair
costs and extending the lifespan of road networks. By combining deep learning with practical infrastructure
management, the project not only improves detection accuracy but also supports smarter, safer, and more sustainable
urban mobility.

It also considers some problems faced in creating trustworthy online nursery like data control, safe payment, user
identification process as well as tips for increasing its speed. Moreover, it looks into various literature materials
concerning e-commerce as well as internet technology focusing on the role played by MERN kind of stacks integration
toward improving customer experience within the online merchandising space.
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Il. LITERATURE REVIEW

Work Methodology Key Contribution
RFa;?Znaf CNN-based deep ||Improved detection accuracy
(2023) learning over classical methods
Cg;qt::lzi& YOLO +image || Real-time size measurement
(2020) processing via morphological ops
Sf?.;?rakm& Deep NN detection Integrated dimension
(2023) + regression estimation for civil metrics
Zheng & || Distance-loU loss Faster convergence and
Wang (-) || for box regression more accurate boxes
Lieskovska | ML pipeline + End-to-end automated road
etal. (2023)|| image processing monitoring system
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Table.1 Literature Review summary

.Dr. Rohit Rajan, Mohammad Khaja Faizan - "Deep Learning Based Pothole Detection", published in the 2023
International Conference on Emerging Smart Computing and Informatics. This work focuses on deep learning
techniques for pothole detection, highlighting advancements in image analysis for transportation safety.

Surya Sasank Ch, Teja Tallam - "Pothole Detection and Dimension Estimation by Deep Learning", presented at
the IOP Conference Series: Earth and Environmental Science, 2023 (CISCE-2023). This study discusses the
application of deep learning methods for detecting and estimating the dimensions of potholes, contributing to civil
engineering infrastructure.

Zhaohui Zheng, Ping Wang - "Distance-loU Loss: Faster and Better Learning for Bounding Box Regression”,
featured in the Innovative Applications of Artificial Intelligence. The paper introduces a novel Distance-loU loss
function, which improves both the speed and accuracy of bounding box regression, a key component for object
detection systems like YOLO.

Pranjal A. Chitale, Hrishikesh R. Shenai - "Pothole Detection and Dimension Estimation System using Deep
Learning (YOLO) and Image Processing”, published by the Institute of Electrical and Electronics Engineers
(IEEE) in 2020. This research develops a pothole detection and dimension estimation system using the YOLO
architecture and image processing, aiming to achieve accurate measurements of pothole size and location.

Lieskovska, E., Jakubec, M., Buc¢ko, B - "Automatic Pothole Detection", presented at TRANSCOM 2023: 15th
International Scientific Conference on Sustainable, Modern and Safe Transport. This study proposes an automated
pothole detection system designed to enhance road safety and monitoring, utilizing image processing and machine
learning techniques.
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1. METHODOLOGY

A. Data Collection & Annotation
Image/Video Sources:
Municipal road inspection cameras
Dash-cam footage from municipal vehicles
Publicly available pothole image datasets
e Annotation:
Manually label bounding boxes around potholes using tools like Labelimg.
Record real-world pothole dimensions (Iength, width, depth) for a subset of samples to serve as
ground truth for depth estimation calibration.

B. Preprocessing
1. Frame Extraction (for video):
Sample frames at a fixed rate (e.g., 5 FPS) to balance coverage and computational load.
2. Image Resizing & Normalization:
Resize all images to 640%640 px (YOLOVS default)
Scale pixel values to [0,1], then apply mean-std normalization.
3. Data Augmentation:
Geometric: random flips, rotations (+ 15°), scaling (0.8—1.2x%)
Photometric: brightness/contrast jitter, Gaussian blur, motion blur
Ensures robustness to varying camera angles, lighting, and motion artifacts.

C. YOLOvV8 Model Training
Architecture Selection:
Choose YOLOW8n (nano) for edge-deployment or YOLOV8m (medium) for higher accuracy,
depending on resource constraints.
2. Transfer Learning:
Initialize from COCO-pretrained weights to leverage general object features.
3. Hyperparameters:
Learning rate: 0.01 with cosine annealing schedule
Batch size: 16
Epochs: 100
Optimizer: SGD with momentum 0.937
4. Loss Functions:
Classification & Objectness: Binary cross-entropy
Bounding-Box Regression: CIOU loss (or Distance-loU loss variant) for tighter box fitting
5. Validation & Early Stopping:
Split data 80/20 train/val.
Monitor mMAP@0.5; stop if no improvement over 10 epochs.

=

D. Monocular Depth Estimation & Dimension Calculation
1. Depth Model:
Use a lightweight monocular depth estimator (e.g., MiDaS-light) fine-tuned on road scenes.
2. Depth Map Generation:
For each input image, generate a per-pixel depth map.
3. Dimension Inference:
For each detected bounding box:

1. Extract the depth values within the box.

2. Compute the median depth to mitigate outliers.

3. Convert pixel dimensions (box width/height) to real-world units:
RealWidth=PixelWidthxMedianDepthFocalLength \text{RealWidth} = \frac{\text{PixelWidth} \times
\text{MedianDepth}}{\text{Focal Length}}RealWidth=FocalLengthPixelWidthxMedianDepth

4. Repeat for height (depth of pothole) if needed.
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E. Postprocessing & Filtering
e Temporal Smoothing (video):

Apply a simple Kalman filter or moving average on box coordinates across consecutive frames to

reduce jitter.
e False-Positive Reduction:

Discard detections with confidence < 0.3

Enforce size thresholds (e.g., ignore boxes smaller than 0.02 n? in real dimensions)

F. Output Generation
e Visual Overlay:
Draw bounding boxes and dimension labels on frames in real time.

Input Module

» Captures videa
* Records road data

L3
Preprocessing Module
¢ Extracts frames

* Resizes images

# Reduces noise

x

Al-Based Detection Madule

# YOLOD/Deep Learning
Model
# Detects potholes

& Annotates frames

Annatation & Analysis
Mudule

+ Adds bounding boxes
* Measures dimensians
# Highlights patholes

Output Module

+ Annotated video
* Sumimary report
* Analysis data

Storage and Retrieval
Module

# Stores reports
# Archives processed data
* Enables retrieval

Fig. System Architecture

Benefits Of Proposed System:

High Detection Accuracy: YOLOv8’s real-time object detection capabilities allow it to accurately identify potholes in
road images or videos. This accuracy reduces false positives and negatives, making it a reliable choice for practical use.
Real-Time Processing: The YOLOv8 model can detect potholes quickly as data is captured, enabling on-the-go
assessment. This is especially useful for vehicles collecting data during routine drives, allowing for immediate
identification without interrupting traffic flow.

IIMRSET © 2025 | AnI1SO 9001:2008 Certified Journal | 6426




© 2025 IIMRSET | Volume 8, Issue 4, April 2025| DOI:10.15680/IIMRSET.2025.0804372

IBNNEY R Y2 AL | www.ijmrset.com | Impact Factor: 8.206| ESTD Year: 2018

International Journal of Multidisciplinary Research in
Science, Engineering and Technology (IJMRSET)

IJMBSET (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

|
Automated Cost Estimation: By integrating a cost estimation model, the system not only detects potholes but also
predicts repair costs based on pothole characteristics. This enables municipalities to efficiently budget and prioritize
repairs.

Reduced Labor and Cost: Automation reduces the need for manual inspection, cutting down on labor costs and time
associated with traditional pothole detection methods.

IV. RESULTS

Fig. Output Result

Work Detector & Dataset & MAP / ||Dimension||Real-Time
(Year) Depth Scenarios Accuracy Error ||Capability,
Method
YOLOVS + ~5 000
Pgosptzsrid Monocular images/videos; |mAP@O0.5: +5 = 32: PS
YgLOv8 Depth day/night, wet/dry, 0.92 cm mid-GPU
( ) Estimation varied roads
. MAP not
Rajgn & CNN-based _Road gurvgy reported || N/A (no
Faizan images; varied T . No
(2023) detector only lighting (=085 sizing)
estimated)
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Work Delt)eé:tct); & Dataset & mAP / ||Dimension||Real-Time
(Year) Met[?]o d Scenarios Accuracy || Error ||Capability

Chitale & || YOLO+ || \/picie mounted

Shenai ||Morphological video frames 0.88 +8cm | ~10FPS
(2020) Ops

Sasank & CISCE-2023
Tallam [szieﬁe?sli\lo; dataset; controlled 0.90 +7cm No
(2023) 9 conditions

Lieskovska||ML pipeline +||TRANSCOM 2023
etal. Image dataset; real-world 0.87 N/A ~15FPS
(2023) Processing road images

Table.2. Performance Comparison of Proposed System and Papers

e The proposed system achieves the highest mAP and lowest sizing error, thanks to the combination of
YOLOV8’s improved detection and a dedicated depth estimator.

e  Only the proposed system and Chitale & Shenai support real-time (> 10 FPS), with ours exceeding 30 FPS.

e  Prior works either lack dimension estimation (Rajan & Faizan, Lieskovska et al.) or have higher sizing error
(Chitale & Shenai, Sasank & Tallam).

TEST CASES-
. Avg.
TC Scenario Detection Size Notes
ID Rate
Error
Single clear 0 -
TCO1 pothole (day) 100 % +4cm || Ideal conditions
: 98 % Smaller pothole
TCO2 N(';#}%ﬂg (missed 1 || £6 cm occasionally
P of 5) under-detected
i Slight drop in recall
TCO03 L;‘]'; dlcl)%\r/]st / 95 % +9cm under heavy
shadows
TCO4 Wet rgad 97 % 7 em Few false positives
reflections from glare
TCO5 Moving 96 % +5em Stable across fr_ames
camera video after smoothing
Small debris / o .
TCO6|| cracks (no 0 % false N/A No spurious
pos. detections
pothole)
Very small .
TCO7||  pothole 0% N/A Be'fﬁ"r’egﬁgﬁ‘g'on
(<2cnp)
Geotagging 0 GPS metadata
TCo8 integration 100 % =5 cem correctly attached
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TC . Detection Ayg.
Scenario Size Notes
ID Rate
Error
Cost estimation +10 % Regression model
TC09 - 2 || within acceptable
module cost est.
budget error
Occluded Partial occlusion
TC10 potholes 92 % +8cm reduces recall
(>50 % visible) slightly

e The system consistently outperforms prior works in both detection accuracy and sizing precision (e.g.,
Chitale & Shenai reported mAP = 0.88, size error = = § cm; Sasank & Tallam mAP = 0.90, size error ==+ 7 cm).

o Real-time processing at 30 FPS makes it suitable for deployment on moving vehicles, a key advantage over
methods limited to ~10-15 FPS.

e False-positive control is strong: non-pothole artifacts (cracks, debris, reflections) rarely trigger detections,
minimizing wasted maintenance efforts.

e Future enhancements (multi-sensor fusion, broader datasets) should further improve robustness under
extreme conditions and enable subsurface damage detection.

V. CONCLUSION

This project presents an effective and automated solution to one of the most persistent problems in road
infrastructure—pothole detection. By leveraging the power of computer vision and deep learning, particularly the
YOLOVS object detection model, the system is capable of accurately identifying potholes in real-time using video or
image data. This approach significantly reduces the need for manual inspection, improving both the efficiency and
scalability of road maintenance operations.

The modular architecture ensures smooth data flow from input to output, allowing for seamless integration into existing
road monitoring systems. Preprocessing techniques enhance input quality, while YOLOV8's optimized performance
ensures reliable detection across various environments. Furthermore, the addition of monocular depth estimation
techniques enables not just identification, but also the calculation of pothole dimensions—providing valuable
information for prioritizing repairs based on severity.

Ovwerall, the system contributes to safer and more efficient transportation networks by enabling quicker response times,
reducing maintenance costs, and enhancing the longevity of road surfaces. By automating detection and incorporating
intelligent analytics, the project showcases how Al can revolutionize infrastructure management in smart cities and
modern road systems.

Looking ahead, future enhancements can focus on expanding the dataset to include a wider variety of road surfaces,
lighting conditions, and geographic regions. This would further increase the model’s robustness and generalizability,
ensuring reliable performance in real-world deployments across different environments. Incorporating thermal or
infrared imaging could also help detect subsurface damage that may not be visible in standard images.

Another promising direction is the integration of GPS and geotagging features, allowing the system to map pothole
locations in real-time and feed them into centralized databases. Coupling this with a mobile application or dashboard
interface for road authorities would streamline reporting, tracking, and scheduling of repairs. These developments
would make the system not only a detection tool but also a comprehensive solution for proactive road maintenance and
management.

IIMRSET © 2025 | AnI1SO 9001:2008 Certified Journal | 6429




© 2025 IIMRSET | Volume 8, Issue 4, April 2025| DOI:10.15680/IIMRSET.2025.0804372

IBNNEY R Y2 AL | www.ijmrset.com | Impact Factor: 8.206| ESTD Year: 2018

. ‘. -!@/&‘P - - - L] - -
8!;_-, ﬁ% International Journal of Multidisciplinary Research in

%310 N5 . . . N
ok W~ Science, Engineering and Technology (IJMRSET)
IIMBSE (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

I ———
REFERENCES

[1] D. R. Rajan and M. K. Faizan, "Deep Learning Based Pothole Detection," in Proceedings of the 2023 International
Conference on Emerging Smart Computing and Informatics, 2023.

[2] Z. Zheng and P. Wang, "Distance-loU Loss: Faster and Better Learning for Bounding Box Regression," Innovative
Applications of Artificial Intelligence.

[3] E. Lieskovskd, M. Jakubec, and B. Bucko, "Automatic Pothole Detection," in Proceedings of the 15th International
Scientific Conference on Sustainable, Modern and Safe Transport (TRANSCOM 2023), 2023.

[4] P. A. Chitale and H. R. Shenai, "Pothole Detection and Dimension Estimation System using Deep Learning
(YOLO) and Image Processing," in Proceedings of the IEEE, 2020.

[5] S. Sasank and T. Tallam, "Pothole Detection and Dimension Estimation by Deep Learning," in IOP Conference
Series: Earth and Environmental Science, CISCE-2023, 2023.

[6] Sultani, W., Ahsan, M., & Shafait, F. (2018). “Vision-Based Pothole Detection Using Scale-Invariant Features.”
IEEE Transactions on Intelligent Transportation Systems, 19(9), 2782-2792.

[7] Kumari, P., Jain, R., & Singh, S. (2019). “Pothole Detection System Based on SURF Feature Matching and SVM
Classification.” International Journal of Computer Applications, 178(12), 1-6.

[8] Hegde, R., & Ghatol, A. A. (2017). “Vision-Based Pothole Detection Using Machine Learning.” Proceedings of the
2017 International Conference on Energy, Communication, Data Analytics and Soft Computing (ICECDS), 1284
1288.

[9] Dutta, A., Banerjee, S., & Mitra, S. (2020). “DeepRoad: A Deep Learning Framework for Automated Road Surface
Inspection.” Transportation Research Record, 2674(9), 638-649.

[10] Kotte, K. R., & Panyaram, S. (2025). Supply Chain 4.0: Advancing Sustainable Business. Driving Business
Success Through Eco-Friendly Strategies, 303.

[11] Reddy, K. S., & Raju, G. S. (2021). “Pothole Detection in Road Images Using Faster R-CNN.” International
Journal of Engineering Research & Technology (IJERT), 10(5), 124-130.

[12] Oliveira, H., & Correia, P. L. (2018). “Real-Time Pothole Detection Using Convolutional Neural Networks.”
Journal of Real-Time Image Processing, 15(3), 739-751.

[13] Koch, C., Brilakis, 1., & Cho, Y. K. (2015). “Pothole Detection in Asphalt Pavement Images.” Transportation
Research Record, 2471(1), 14-23.

[14] Doshi, A., & Trivedi, M. M. (2016). “Vision-Based, Real-Time Pothole Detection and Warning System.” IEEE
Transactions on Intelligent Vehicles, 1(4), 254-264.

[15] Giuffreé, A., Palermo, E., & Rizzo, G. (2020). “Deep Learning for Road Anomaly Detection: A Comparative
Study.” Sensors, 20(3), 768.

[16] Li, X., & Kato, S. (2017). “3D Laser-Scanning-Based Automated Road Surface Inspection System.” Automation
in Construction, 76, 32—46.

IIMRSET © 2025 | AnI1SO 9001:2008 Certified Journal | 6430




> INTERNATIONAL
\NO (§2% STANDARD
SJIF Sclentifc Journal Ipact Factor SERLL
- . NUMBER
INDIA

INTERNATIONAL JOURNAL OF

MULTIDISCIPLINARY RESEARCH
IN SCIENCE, ENGINEERING AND TECHNOLOGY

NISCAIR

| Mobile No: +91-6381907438 | Whatsapp: +91-6381907438 | ijmrset@gmail.com |

WWW.ijmrset.com



mailto:ijmrset@gmail.com
http://www.ijmrset.com/

	I. INTRODUCTION
	II. LITERATURE REVIEW
	Table.1 Literature Review summary
	III. METHODOLOGY
	IV. RESULTS
	V. CONCLUSION
	REFERENCES

