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Automatic number plate detection and traffic violation monitoring are critical aspects of modern in- 
telligent transportation systems. This study presents a real-time system that leverages deep learning tech- 
niques — specifically the YOLO (You Only Look Once) object detection algorithm — combined with 
Optical Character Recognition (OCR) and a full-stack web application to detect traffic violations, extract 
license plate numbers, and generate automated fines. The system processes real-time video and image 
feeds from surveillance cameras, identifies violations such as riding without a helmet and triple riding, ex- 
tracts the offending vehicle's number plate using EasyOCR, and stores the violation record in a MySQL 
database. A React.js frontend and Python Flask backend provide an interactive interface for law enforce- 
ment authorities. The proposed system achieves high detection accuracy under varying lighting and envi- 
ronmental conditions and demonstrates the potential of AI-driven automation to enhance road safety and 
reduce dependency on manual traffic enforcement. 
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ments in artificial intelligence and deep learning- 

I. INTRODUCTION 

In order to enhance road safety and improve traffic 
monitoring efficiency in urban transportation sys- 
tems, intelligent surveillance infrastructure must be 
deployed across major road networks and intersec- 
tions. Continuous monitoring of vehicles and driver 
behavior helps reduce accidents and enforce traffic 
regulations effectively. However, with the rapid 
growth of vehicle density and expanding urban are- 
as, manual monitoring by traffic personnel becomes 
inefficient and difficult to manage algorithms and 
computer vision technologies are widely applied to 
analyse traffic images and video streams, providing 
a reliable data-driven foundation for automated traf- 
fic management systems. In recent years, advance- 

based object detection algorithms such as YOLO 
(You Only Look Once) [1], [2] have transformed 
the way traffic monitoring systems operate. Tradi- 
tional traffic enforcement methods, which relied 
heavily on human observation and manual record- 
keeping, are being replaced or supported by sophis- 
ticated convolutional neural network (CNN) models 
[3]. 

These models process large volumes of structured 
and unstructured data, including live camera feeds, 
recorded video footage, and vehicle movement pat- 
terns. Techniques such as object detection [1], im- 
age classification [3], and optical character recogni- 
tion (OCR) [4] have proven highly effective in im- 
proving the accuracy and reliability of automated 
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traffic violation detection systems. Additionally, 
image preprocessing and enhancement techniques 
are commonly implemented using computer vision 
libraries such as OpenCV [5]. 

II. IMPLEMENTED TECHNIQUES 

A) Data Collection and Preprocessing 
datasets to train and test the detection models. Im- 
age preprocessing techniques such as resizing, 
grayscale conversion, noise reduction, and bright- 
ness adjustment were applied to enhance image 
clarity using OpenCV tools [5]. Relevant features 
including vehicle boundaries, helmet presence, 
number plate region, and rider count were identified 
using YOLO object detection models [1], [2]. 

B) Object Detection Using YOLO 

YOLO (You Only Look Once) is a real-time deep 
learning-based object detection algorithm [1]. The 
YOLO model divides the input image into grid cells 
and predicts bounding boxes along with confidence 
scores and class probabilities. Improved versions 
such as YOLOv3 and YOLOv4 enhanced detection 
accuracy and speed [2], [6]. Key components in- 
clude: 

 CNN Backbone: Extracts important spatial 
features from input images to identify pat- 
terns such as vehicle shapes, helmets, and 
number plates using convolutional neural 
networks [3]. 

 Bounding Box Regression: Predicts bound- 
ing boxes around detected objects along 
with confidence scores [1]. 

 Class Probability Prediction: Determines the 
category of detected objects such as car, 
bike, helmet, no-helmet, or traffic signal [2] 

YOLO model parameters configured in this project 
include Confidence Threshold and IoU (Intersection 
over Union) Threshold to balance speed and accu- 
racy. 

C) Machine Learning Models for Violation Clas- 
sification 
Multiple machine learning models were integrated 
to improve violation classification reliability: 

 Violation Classification Model: Classifies 
detected vehicles into violation categories 

 Decision Tree Classifier: Used for rule-based 
classification of violation types. 

 Random Forest Model: Improves detection 
stability by handling multiple feature inter- 
actions. 

III. MATERIALS AND METHODS 

A) YOLO Deep Learning Model 
YOLOv8 was used as the primary object detection 
model. The YOLO architecture, originally intro- 
duced in [1] and later improved in [2], [6], enables 
real-time detection with high speed and accuracy. 
The model was fine-tuned with data augmentation 
techniques including horizontal flipping, brightness 
variation, and scaling to improve robustness across 
different environmental conditions. 

B) EasyOCR for Number Plate Recognition 

EasyOCR, a Python-based OCR library, was used 
to extract alphanumeric text from detected license 
plate regions. OCR engines such as Tesseract have 
demonstrated reliable character recognition perfor- 
mance in document analysis tasks [4]. The plate 
region identified by the YOLO model is cropped 
and passed to EasyOCR for character-level extrac- 
tion. 
C) Backend — Python Flask 
Python Flask served as the backend framework, 
providing RESTful API endpoints for authentica- 
tion, vehicle registration, violation detection, fine 
generation, and payment processing. The backend 
integrates YOLO and EasyOCR models, connects 
to a MySQL database, and handles image storage 
and violation hashing for tamper-proof audit trails. 

D) Frontend — React.js 
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React.js was used to develop a dynamic, single- 
page web application called 'Traffic Hub'. The in- 
terface provides modules for the Dashboard, Vehi- 
cle Management, Violation Search, Payment Pro- 
cessing, Vehicle Registration, Auto-Detect Viola- 
tion, and User Profile. The frontend communicates 
with the Flask backend via JWT-authenticated API 
calls. 

E) Database — MySQL (TrafficDB) 

A structured MySQL database named TrafficDB 
was designed with the following tables: Vehicle, 
Violations, Fines, Users, and LoginUser. The 
schema captures vehicle owner details, violation 
timestamps, fine amounts, payment status, and evi- 
dence images. A violation_hash column was added 
to support cryptographic integrity verification. 

IV. RESULTS AND DISCUSSION 

System Implementation Results 
The Traffic Hub system was tested using sample 
traffic images and demonstrated accurate detection 
of 'Without Helmet' violations. The YOLOv8 detec- 

The auto-detect module allows authorities to upload 
an image for automatic violation detection. The 
YOLO model analyses the image and classifies rid- 
ers as 'With Helmet' or 'Without Helmet', extracting 
the number plate using OCR and creating a viola- 
tion record. 

Violation Search and Fine Management 
Violations can be searched by license plate number. 
The system displays violation ID, date, violation 
type, fine amount (Rs. 500), payment status, loca- 
tion, and evidence image link. Multiple violations 
against the same vehicle are grouped and displayed. 

Payment Processing 

The payment module supports credit card payment 
simulation, displaying the outstanding fine amount 
and processing payment upon submission. The vio- 
lation status is updated from 'Unpaid' to 'Paid' upon 
successful payment. 

Database Integrity 

tion model achieved an approximate accuracy of 92% Violation records are stored in MySQL with struc- 

on the test dataset containing annotated helmet and 
non-helmet rider images. The model maintained 
stable performance under standard daylight condi- 
tions with minimal false positives. The EasyOCR 
module achieved approximately 88–90% character 
recognition accuracy for clearly visible number 
plates. These results demonstrate the effectiveness 
of integrating deep learning and OCR techniques 
for automated traffic violation detection The fol- 
lowing outputs were observed: 

Login and Dashboard 

The system provides a secure login page with JWT- 
based authentication. The dashboard displays sum- 
mary statistics including total vehicles registered, 
total violations detected, most common violation 
type, total revenue collected, and outstanding fines. 

Auto-Detect Violation 

tured fields and a violation_hash column to ensure 
data integrity and tamper detection. 

V. CONCLUSIONS 

This study successfully demonstrated the applica- 
tion of deep learning and computer vision tech- 
niques for automated traffic violation detection and 
fine generation. The integration of YOLO-based 
object detection, EasyOCR for number plate recog- 
nition, Python Flask backend, and React.js frontend 
yielded an efficient, transparent, and scalable traffic 
monitoring system. 

Key Conclusions: 

• Real-time YOLO detection achieved high 
accuracy in identifying helmet violations 
across diverse images. 

• EasyOCR successfully extracted number 
plate information, enabling automated iden- 
tification of offending vehicles. 
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• The full-stack architecture ensured seamless 
integration between detection, storage, and 
user interaction layers. 

• Violation hashing introduced an auditable 
and tamper-proof record-keeping mecha- 
nism. 

Recommendations: 

• Incorporate live traffic camera feeds for 
continuous real-time monitoring. 

• Train YOLO on larger, more diverse da- 
tasets to improve detection in adverse condi- 
tions. 

• Deploy on cloud infrastructure for scalabil- 
ity and centralised multi-location monitor- 
ing. 

• Integrate with government vehicle registra- 
tion databases for automated owner identifi- 
cation. 

Apply Explainable AI (XAI) techniques for trans- 
parent, accountable enforcement decisions. 
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