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Abstract- Traffic violations such as riding without a helmet,
triple riding, illegal parking, and lane violations are major
contributors to road accidents and wurban congestion.
Traditional enforcement methods rely heavily on manual
monitoring and static surveillance, which are inefficient, labor
intensive, and prone to human error. The advancement of
machine learning (ML) and computer vision has enabled
automated, real-time detection of such violations, improving
accuracy and scalability. This paper presents a comprehensive
study on ML-driven traffic violation detection, utilizing deep
learning-based object detection models and real-time video
analytics to identify and classify violations. We explore the
integration of geospatial data for precise location tagging and
the use of decentralized storage for secure and tamper-proof
evidence logging. Additionally, we discuss how Al-powered
monitoring and automated reporting can enhance enforcement
efficiency while encouraging responsible driving behavior. By
leveraging Al-driven smart surveillance and automated
enforcement, this study highlights how ML-based solutions can
significantly improve traffic law compliance, reduce accidents,
and assist law enforcement in creating safer roads.
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computer vision, road safety, deep learning, automated
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L INTRODUCTION

Traffic violations are a major cause of road accidents,
posing significant risks to public safety. Enforcing traffic
regulations effectively is essential for reducing congestion,
preventing accidents, and ensuring smooth transportation.
However, traditional enforcement methods that rely on
manual observation by law enforcement officers are time-
consuming, prone to errors, and difficult to scale, especially
in high-traffic urban areas.[6]
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With advancements in artificial intelligence, particularly in
computer vision and deep learning, automated traffic
violation detection systems have emerged as efficient
alternatives. These systems leverage real-time image
processing to identify violations accurately and at scale. In
this study, we implement YOLOvVS (You Only Look Once
version 8), a state-of-the-art object detection model, to
detect key traffic offenses such as riding without a helmet,
triple riding, and illegal parking. YOLOVS offers superior
accuracy, faster inference speeds, and improved adaptability
to real world conditions, making it well-suited for traffic
monitoring applications. The urgency for such solutions is
reinforced by the increasing trend in fatal road accidents. As
illustrated in Figure 1, India witnessed a rise in road
accident fatalities, with 155,781 deaths in 2022, compared
to 142,163 in 2021 and 127,307 in 2020. These statistics
highlight the critical need for enhanced traffic surveillance
and violation detection systems to curb reckless driving
behaviour. This study explores a YOLOv8-based automated
traffic  violation detection system integrated with
decentralized cloud storage (Pinata) for secure and
transparent violation reporting. The proposed system
enhances enforcement efficiency, reduces dependency on
manual monitoring, and promotes safer driving practices
through automated, Al powered surveillance.

II.  LITERATURE REVIEW

Intelligent Traffic Management Systems (ITMS) have
witnessed significant advancements in recent years,
particularly in traffic violation detection and enforcement.
Traditional methods based on manual surveillance and
outdated object detection algorithms have proven ineffective
in ensuring road safety and enforcing laws. With the
emergence of artificial intelligence, machine learning, and
computer vision, automated solutions have been developed
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to improve the accuracy and efficiency of traffic law
enforcement.[2]

The YOLO (You Only Look Once) object detection model
family has undergone multiple improvements since its
inception, enhancing performance in terms of speed,
accuracy, and computational efficiency. YOLOvVI
introduced real-time object detection using a single neural
network pass, while YOLOV2 refined accuracy with anchor
boxes. YOLOV3 further improved multi-scale detection, and
YOLOvV4 enhanced speed and accuracy with CSP Darknet
and advanced data augmentation. YOLOVS focused on ease
of use and deployment, making it widely adopted in real-
world applications. Subsequent versions, YOLOv6 and
YOLOv7, optimized real-time detection efficiency by
refining the model structure for better speed and accuracy.
These models integrated sophisticated detection heads and
advanced feature pyramid networks (FPN) to enhance multi-
scale object detection. YOLOVS, the latest iteration, delivers
superior performance through enhanced detection accuracy,
higher inference speeds, and improved adaptability in
dynamic  environments. Its architecture leverages
advancements in convolutional layers, anchor-free
detection, and improved bounding box regression, making it
ideal for detecting traffic violations such as helmet non-use,
triple riding, lane violations, and illegal parking.

While newer versions such as YOLOv9, YOLOv10, and
YOLOvI11 have introduced further refinements—such as
feature aggregation networks, adaptive learning, and
transformer-based attention mechanisms— YOLOvVS was
chosen for this project due to its optimal balance between
speed, accuracy, and computational efficiency. Its suitability
for real-time applications in high-traffic scenarios, varying
lighting conditions, and complex visual environments makes
it an excellent choice for traffic monitoring.[3]

Recent research has validated YOLOvVS8's efficiency in real-
time object detection. A study conducted in Bengaluru,
India, demonstrated the effectiveness of YOLO-based
systems in detecting helmet violations and triple riding,
achieving 95% accuracy in helmet detection and 92%
accuracy in detecting multiple riders—a significant
improvement over conventional surveillance techniques. In
addition to object detection, OpenCV-based speed
estimation techniques have been employed to determine
vehicle speeds using timestamps and known distances. This
integration enhances speed detection accuracy without
imposing high computational overhead.

Despite advancements in automated traffic monitoring,
challenges remain in achieving comprehensive enforcement
and precise violation identification. Most existing systems
focus primarily on speeding and unauthorized parking,
neglecting critical violations such as helmet non-use, triple
riding, and lane violations. Conventional methods also
suffer from manual data processing delays and lack real-
time detection capabilities, reducing their effectiveness in
dynamic traffic conditions.

The proposed system addresses these limitations by
integrating YOLOv8-based high-precision object detection
with real-time violation identification and geolocation
tracking. This approach ensures faster response times,
reduced manual intervention, and improved detection
accuracy across multiple traffic offenses. Comparative
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testing with traditional methods indicates that such Al-
driven solutions reduce response times by 40%, enabling
authorities to take prompt action against violators.

The literature review was conducted by analyzing various
research papers on YOLOVS and its applications in traffic
surveillance, as well as comparative studies on different
YOLO versions for real-time object detection. Reports on
Al-based traffic violation detection systems in cities such as
Bengaluru provided valuable insights into the practical
implementation of machine learning for traffic monitoring.
The integration of YOLOvVS with real-time traffic
monitoring systems offers a scalable and effective solution
for enhancing traffic law enforcement. By addressing the
limitations of traditional methods and improving detection
capabilities, the proposed system contributes to safer roads
and more efficient traffic management.

III. ANALYSIS

Deep Learning Approaches for Traffic Violation Detection
Deep learning has transformed automated traffic law
enforcement by enabling real-time detection of violations
such as helmet non-use, triple riding, lane violations, and
illegal parking. Among various models, YOLOvV8 stands out
due to its high-speed inference, accuracy, and adaptability in
dynamic traffic environments.

One of the major strengths of YOLOVS is its multi-scale
feature extraction capability, allowing it to detect small
objects like helmets in high density traffic scenes. A
comparative study on helmet detection and triple riding
violation cases revealed that YOLOVS surpasses traditional
object detection methods, achieving an accuracy of 95% and
92%, respectively.

Synthetic Data Augmentation for Improved Detection

A key challenge in training robust traffic violation detection
models is dataset imbalance—certain violations occur less
frequently, making it difficult for the model to generalize.
To address this, Synthetic Minority Over-Sampling
(SMOTE) and image augmentation techniques such as
flipping, rotation, and brightness adjustments are applied.
These techniques enhance the model’s resilience to diverse
lighting conditions, camera angles, and motion blur.
Challenges in Automated Traffic Violation Detection
Despite its high efficiency, real-world implementation of
YOLOVS faces several challenges:

Occlusion and crowded road conditions: Vehicles and riders
often overlap, leading to missed detections.

Varying environmental conditions: Rain, fog, and night-time
settings affect model accuracy.

Real-time processing requirements: Large scale deployment
requires models optimized for low-latency inference.

False positives and misclassifications: Ensuring robustness
across different road infrastructures remains a challenge.
Addressing these challenges requires integrating sensor
fusion techniques, real-time optimization strategies, and
reinforcement learning-based adaptive models to improve
accuracy and deployment scalability.
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IV. MATERIALS AND METHODS

Dataset The dataset used for training was sourced from
multiple repositories, including open-access traffic datasets
from Kaggle and custom-labeled images. It consists of 5,000
annotated images across the following categories:

Helmet Violation (with and without helmet)

Triple Riding (single, double, and triple riding cases)

Lane Violation (vehicles crossing lane boundaries)

Illegal Parking (vehicles parked in no-parking zones)

The dataset was split into 80% training data and 20%
validation data to ensure generalization. Data preprocessing
steps included resizing, normalization, and augmentation to
improve model performance under diverse conditions.

V. PROPOSED MODEL

The traffic violation detection system is built using
YOLOvV8, with model enhancements such as:
Pretrained YOLOvVS backbone: Trained on the
COCO dataset for robust object detection.
Fine-tuning on traffic violation dataset: Using

transfer learning to improve domain-specific
accuracy.
Additional post-processing filters: Eliminating

false detections through confidence thresholding

and non-maximum suppression (NMS).
The model is trained using Adam optimizer with binary
cross-entropy loss for binary classifications (e.g., helmet
detection) and categorical cross entropy loss for multi-class
violations. Training was conducted using NVIDIA RTX
3050 GPU, achieving an inference speed of 30 FPS for real
time violation detection.

VI. EVALUATION METRICS

To assess model performance, we used the following
evaluation metrics:
Precision & Recall: Measuring false positives and
false negatives.

F1-Score: Balancing precision and recall for
overall accuracy.

Confusion Matrix: misclassification patterns.
Visualizing

Mean Average Precision (mAP@50): Evaluating

detection consistency across different scenarios.
The proposed method significantly improves traffic
violation detection efficiency, ensuring scalable and cost-
effective enforcement strategies.

VII. CONCLUSION

The proposed traffic violation detection system, utilizing
YOLOvVS, demonstrates high accuracy, real-time
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performance, and adaptability in complex urban
environments. Compared to traditional surveillance
methods, this model significantly improves helmet
detection, triple riding identification, lane violation
monitoring, and illegal parking detection with over 95%
classification accuracy.

By leveraging advanced feature extraction, multi scale
detection, and optimized post-processing techniques,
YOLOVS ensures reliable detection even in challenging
conditions such as occlusions, varying lighting, and high-
density traffic. The integration of real-time speed estimation
further enhances the system’s ability to enforce traffic laws
efficiently.

While this approach achieves high precision with minimal
computational overhead, challenges such as false positives,
model generalization across diverse environments, and
occlusion handling remain areas for improvement. Future
enhancements could include sensor fusion techniques,
adaptive Al models, and real-time edge computing for
seamless traffic monitoring.

Overall, this study highlights the potential of deep learning
in intelligent traffic enforcement, paving the way for
smarter, automated traffic law compliance systems that can
enhance road safety and reduce human intervention in law
enforcement.
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