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Abstract: Rapid urbanization has overwhelmed traditional 

traffic enforcement, necessitating scalable, automated 

solutions. This paper presents an Autonomous Traffic 

Violation Detection (ATVD) and E-Challan Dispatch System 

that fully automates the enforcement lifecycle. The framework 

integrates YOLOv8 for high-speed vehicle detection and BoT-

SORT for persistent multi-object tracking. A custom spatial-

heuristic engine analyzes real-time trajectories to identify 

over-speeding, red-light jumping, and wrong-way driving. 

Upon detecting a violation, an EasyOCR-powered Automatic 

License Plate Recognition (ALPR) pipeline extracts the 

vehicle's registration details. This computer vision engine is 

seamlessly linked to a secure web backend that logs 

infractions and autonomously generates legally formatted 

PDF E-Challans. Experimental results validate the system’s 

robustness, achieving a real-time inference speed of 31 

Frames Per Second (FPS), a Mean Average Precision 

(mAP@0.5) of 0.79, and 96.8% ALPR accuracy. By reducing 

the violation-to-dispatch latency to under two seconds, this 

approach eliminates manual administrative overhead, 

providing a highly efficient blueprint for Smart City traffic 

management. 

Index Terms: Deep Learning, YOLOv8, ALPR, Multi-Object 

Tracking, Smart City, E-Challan Automation. 

 

I. INTRODUCTION 

The unprecedented surge in vehicular traffic, driven by 

rapid urbanization and economic growth, has placed immense 

strain on existing traffic management infrastructures. 

Traditional methods of traffic law enforcement rely heavily on 

manual policing and human-monitored surveillance systems. 

While standard CCTV cameras capture roadway activity, the 

subsequent processes of identifying violators, extracting license 

plate information, and dispatching fines remain labor-intensive, 

error-prone, and highly inefficient. As cities transition into 

"Smart Cities," there is a critical need for intelligent, 

autonomous systems capable of enforcing road safety without 

continuous human intervention. To address these limitations, 

this project introduces the Autonomous Traffic Violation 

Detection (ATVD) and E-Challan Dispatch System. The 

proposed framework leverages state-of-the-art Deep Learning 

and Computer Vision algorithms to create a fully automated 

pipeline that monitors live traffic, detects infractions, and 

processes administrative penalties in real-time. By utilizing the 

YOLOv8 object detection architecture and the BoT-SORT 

tracking algorithm, the system accurately identifies vehicles and 

monitors their spatial trajectories. When a vehicle commits a 

predefined infraction—such as over-speeding, red-light 

jumping, or wrong-way driving—the system's heuristic logic 

engine captures a high-resolution snapshot of the event. Timely 

and tailored support for individuals across the world is its target. 

Its interactive interface and empathetic nature have the power to 

enable people to take control over their mental well-being and 

acquire the help needed, overcoming time and space boundaries. 

Moving beyond mere detection, this project bridges the gap 

between visual surveillance and administrative action. An 

Automatic License Plate Recognition (ALPR) module extracts 

the violator’s registration data, which is instantly transmitted to 

a secure web-based backend. This portal autonomously logs the 

infraction and generates a legally formatted, consolidated PDF 

E-Challan. 

 

 II. RESEARCH MOTIVATION 

A. The Surge in Vehicular Density and Road Safety Risks  

Rapid urbanization and economic growth have led to an 

unprecedented increase in vehicular traffic, particularly 

along expanding transit corridors and growing semi-urban 

nodes (such as those connecting Hassan, Davangere, and 

Chitradurga). This surge in traffic volume is directly 

correlated with a rise in high-risk driving behaviors—namely 

over-speeding, ignoring red-light signals, and wrong-way 

driving. The primary motivation is the urgent need to 
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mitigate these behaviors to reduce traffic-related fatalities 

and improve overall road safety. 

B. The Bottleneck of Manual Policing   

Traditional traffic enforcement relies heavily on the physical 

presence of traffic police or manual monitoring of live 

surveillance feeds. Human operators are subject to visual 

fatigue and cannot monitor multiple high-density 

intersections simultaneously or continuously 24/7. The 

motivation here is to eliminate the "human bottleneck" by 

transitioning from manual observation to an always-on, 

autonomous digital vigilance system. 

C. The Underutilization of Existing Surveillance 

Infrastructure  

While standard CCTV cameras are widely deployed across 

intersections and highways, they predominantly serve as 

passive recording devices. They are typically only reviewed 

after an accident or dispute has occurred. A key motivation 

of this research is to transform these passive cameras into 

active, intelligent edge-devices that can proactively analyze 

trajectories and detect infractions in real-time without human 

prompts. 

D. Administrative Latency and Lack of Transparency  

In the current manual workflow, once a violation is captured, 

an operator must visually extract the license plate, cross-

reference databases, and manually generate a fine. This 

introduces massive administrative delays, sometimes taking 

days or weeks to dispatch a challan. This delay dilutes the 

psychological deterrent of the penalty. Furthermore, manual 

ticketing often leads to citizen disputes over the validity of 

the fine. This research is motivated by the need to bridge the 

gap between visual detection and administrative action, 

instantly generating a consolidated E-Challan backed by 

timestamped photographic evidence. 

E. The Opportunity Presented by Modern Deep Learning  

The recent advancements in deep learning—specifically 

high-speed object detection frameworks (YOLOv8), multi-

object tracking algorithms (BoT-SORT), and Optical 

Character Recognition (OCR)—present a unique 

technological opportunity. The final motivating factor is the 

challenge of integrating these isolated AI technologies into a 

single, cohesive, end-to-end web architecture that is highly 

accurate, scalable, and capable of operating on standard 

hardware. 

 

III. OBJECTIVES 

1. To develop an automated system that can detect traffic 

violations using machine learning algorithms. 

2. To identify different types of traffic violations such as signal 

jumping, over-speeding, lane violations, and illegal parking 

through video analysis. 

3. To reduce human effort in monitoring traffic by 

implementing an intelligent surveillance system. 

4. To improve road safety by ensuring quick and accurate 

detection of traffic rule violations. 

5. To provide real-time monitoring and reporting of violations 

using AI-enabled cameras. 

6. To store and manage violation data for future analysis and 

traffic management 

IV. LITERATURE SURVEY 

A thorough examination of recent literature reveals a 

distinct evolutionary trajectory in automated traffic 

enforcement. Researchers have continuously sought to 

overcome the limitations of manual policing by deploying 

computer vision. The existing body of work can be 

broadly categorized into three transitional phases: the use 

of classical image processing, the adoption of deep 

learning for real-time perception, and the development of 

digital administrative backends. 

Recent advancements in intelligent traffic monitoring 

systems have focused on automating traffic violation 

detection and enforcement using computer vision, 

machine learning, and IoT technologies. Early 

approaches, such as Kumar et al. [1] and Fernandez et al. 

[9], relied on traditional image processing and handcrafted 

feature extraction techniques to detect violations like 

signal jumping and illegal turns. Although these methods 

reduced manual effort, they suffered from poor robustness 

under varying environmental conditions and lacked 

scalability. 
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With the emergence of deep learning, several studies have 

adopted convolutional neural networks (CNNs) for 

improved detection accuracy. Sharma et al. [2] and Singh 

et al. [7] utilized deep learning models for real-time 

vehicle and traffic signal detection, demonstrating 

significant performance improvements over classical 

methods. Similarly, Karthik et al. [6] employed YOLO-

based object detection to identify traffic violations with 

enhanced speed and accuracy. However, these works 

primarily focus on detection and lack integration with 

backend systems for violation management and automated 

enforcement. 

Specialized applications such as helmet detection have 

also been explored. Wang et al. [3] and Choudhary et al. 

[8] developed deep learning-based models to identify 

helmet usage among motorcyclists. While achieving high 

accuracy, these systems are limited to single violation 

types and do not support comprehensive traffic law 

enforcement mechanisms. 

In addition to detection, some research has addressed 

traffic management and backend infrastructure. Reddy et 

al. [4] proposed an e-challan system for digital violation 

management, improving transparency and efficiency. 

Meena et al. [10] further integrated machine learning with 

web-based dashboards for traffic monitoring. However, 

both systems rely on manual or semi-automated violation 

detection, limiting full automation. 

IoT-based and hybrid systems have also been introduced 

to enhance traffic monitoring. Manogna et al. [13] and 

Lilhore et al. [15] utilized IoT sensors combined with 

machine learning for traffic signal violation detection and 

adaptive traffic management. While these approaches 

improve real-time data collection and decision-making, 

they require extensive infrastructure and face scalability 

c03hallenges. 

Recent works have also explored specific violation 

detection scenarios such as speed monitoring and signal 

violations. Cypto and Karthikeyan [11] proposed a deep 

learning-based speed violation detection system, while 

Chaurasiya et al. [14] focused on real-time signal 

violation detection using AI techniques. Despite 

promising results, these systems are sensitive to 

environmental factors such as lighting and camera 

positioning. 

Comprehensive surveys, such as Lee et al. [5], highlight 

that deep learning-based approaches significantly 

outperform traditional methods in complex traffic 

environments. However, the survey also emphasizes the 

lack of fully integrated, real-time, and scalable end-to-end 

systems. Similarly, El Hansali et al. [12] stress the 

importance of combining AI with real-time data systems 

for effective traffic enforcement. 

A. Limitations of Classical Image Processing 

Early attempts to automate traffic monitoring relied heavily on 

traditional computer vision and rule-based methods. Kumar et 

al. (2021) developed a system utilizing classical image 

processing techniques to detect signal jumping and illegal lane 

usage. While the system demonstrated basic feasibility, the 

authors noted that its reliance on traditional feature extraction 

severely limited its robustness under varying lighting and 

adverse weather conditions. Similarly, Fernandez et al. (2020) 

proposed a vision-based framework using roadside cameras to 

identify illegal turns and red-light violations. However, their 

reliance on handcrafted features and basic machine learning 

techniques restricted the system’s performance in complex, 

dynamic urban environments, prompting the authors to 

recommend a shift toward deep learning architectures. 

B. The Shift to Deep Learning and YOLO Architectures 

The paradigm shifted significantly with the introduction of 

Convolutional Neural Networks (CNNs). In a comprehensive 

survey of vision-based systems, Lee et al. (2020) concluded that 

deep learning models vastly outperform classical methods in 
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complex traffic environments, though they identified a 

persistent gap in achieving true real-time implementation. 

Subsequent studies focused on bridging this speed gap. Sharma 

et al. (2022) applied pre-trained CNNs to live video feeds, 

achieving notable improvements in detection accuracy over 

classical methods. Likewise, Singh et al. (2021) utilized CNNs 

to analyze traffic scenes and track vehicles. However, both 

studies functioned strictly as perception engines, lacking the 

classification mechanisms required for actual law enforcement. 

To achieve true real-time processing, researchers began 

adopting the YOLO (You Only Look Once) framework. Karthik 

et al. (2023) successfully implemented YOLO to detect signal 

jumping and lane discipline violations, highlighting the 

framework's superior inference speed and accuracy. Other 

researchers have applied these models to highly specific use 

cases; for example, Wang et al. (2023) fine-tuned a YOLO 

model to detect helmet usage among motorcyclists, successfully 

overcoming challenges like motion blur and occlusion. 

Choudhary et al. (2022) also utilized CNNs for helmet 

detection, though their system struggled in crowded scenes and 

lacked real-time deployment capabilities. A common limitation 

across all these deep learning studies is their narrow focus on 

visual detection, completely omitting automated challan 

generation or integration with violation record management 

systems. 

C. Developments in E-Challan and Backend Automation 

Parallel to the advancements in computer vision, other 

researchers have focused exclusively on the administrative side 

of traffic enforcement. Reddy et al. (2022) proposed an 

intelligent electronic challan system designed to digitize 

violation management through backend automation and secure 

database integration. While this significantly improved 

administrative transparency, the actual identification of 

violations remained manual or semi-automated. Meena et al. 

(2022) attempted to merge these domains by introducing a 

smart traffic management framework combining machine 

learning analysis with centralized web-based dashboards. 

Despite the modern web integration, the system still depended 

on manual human verification before a penalty could be issued. 

D. Identification of the Research Gap 

The literature clearly outlines a fragmented technological 

landscape. Studies focusing on deep learning (such as those by 

Karthik et al. and Wang et al.) achieve high-speed visual 

detection but fail to integrate backend enforcement mechanisms. 

Conversely, studies focusing on digital administration (Reddy et 

al. and Meena et al.) succeed in database management but lack 

autonomous visual intelligence, relying instead on human-in-

the-loop verification. 

Research Gap: There is a critical absence of an end-to-end, fully 

autonomous framework that seamlessly integrates real-time 

deep learning perception (YOLO) with a dynamic, web-based 

administrative backend capable of instantly generating E-

Challans without human intervention. The proposed ATVD 

system is designed specifically to bridge this gap. 

V. PROBLEM STATEMENT 

The rapid expansion of road networks and the escalating density 

of vehicular traffic have rendered traditional, manual methods 

of traffic law enforcement highly inefficient and dangerously 

prone to human error. Currently, most urban surveillance 

infrastructures rely on passive CCTV recording, which requires 

continuous human monitoring—a physically demanding task 

that is logistically unfeasible and highly susceptible to visual 

fatigue, allowing a vast majority of critical infractions to go 

undetected. Furthermore, even when dynamic violations such as 

over-speeding, red-light jumping, or wrong-way driving are 

visually captured, the subsequent administrative workflow 

presents a severe operational bottleneck. The reliance on 

manual transcription of license plates from sub-optimal video 

feeds, coupled with the manual processing of penalty records, 

introduces massive latency between the occurrence of an 

offense and the issuance of a fine, thereby diluting the 

psychological deterrent of traffic laws. Therefore, the 

fundamental problem addressed by this research is the critical 

absence of a fully integrated, end-to-end autonomous 

framework capable of simultaneously performing high-

accuracy, real-time visual detection of traffic violations under 

complex environmental conditions, while seamlessly 

automating the extraction of vehicle registration data to 
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instantly generate and dispatch consolidated digital E-Challans 

without any human intervention. 

I. PROPOSED MODEL 

To overcome the limitations of manual enforcement and 

fragmented automated systems, this project proposes a fully 

integrated Autonomous Traffic Violation Detection (ATVD) 

and E-Challan Dispatch System that seamlessly bridges deep 

learning-based perception with a dynamic web-based 

administrative backend. The architecture initiates by ingesting 

real-time traffic data, utilizing advanced streaming libraries to 

process both local video files and live IP or YouTube camera 

feeds. At its core, the system deploys the YOLOv8 object 

detection model coupled with the BoT-SORT tracking 

algorithm to accurately identify and persistently track 

vehicles—such as cars, motorcycles, buses, and trucks—even 

under dense traffic and severe occlusions. The spatial 

coordinates of these tracked vehicles are then fed into a custom 

heuristic logic engine that projects virtual tripwires to 

autonomously calculate estimated speeds, monitor dynamic 

traffic light states, and track trajectory deltas to instantly detect 

over-speeding, red-light jumping, and wrong-way driving. Upon 

detecting an infraction, the system triggers an Automatic 

License Plate Recognition (ALPR) pipeline utilizing EasyOCR 

to extract the violator’s registration details, employing robust 

regional fallbacks to ensure continuous operation under sub-

optimal visual conditions. Finally, this visual intelligence is 

directly linked to a secure Flask-based web application that 

instantly logs the violation data, stores timestamped 

photographic evidence, and autonomously generates a legally 

formatted, consolidated PDF E-Challan, thereby achieving a 

completely human-out-of-the-loop, end-to-end traffic 

enforcement lifecycle. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 1: Implementation Workflow 

A. Video Ingestion and Pre-Processing 

The workflow initiates at the command center, where the 

administrator selects the surveillance source (either a local MP4 

upload or a live YouTube/IP camera stream). The Flask 

backend routes this source through OpenCV and stream-

handling libraries to capture the video frame-by-frame. Each 

frame is standardized to a 720p resolution to optimize the 

balance between processing speed and image fidelity before 

being passed to the AI engine. 

B. Object Detection and Localization 

The standardized frame is fed into the pre-trained YOLOv8 

neural network. In this phase, the model scans the image to 

identify objects matching specific vehicular classes (cars, 

motorcycles, buses, and trucks). The network outputs spatial 

bounding box coordinates (x1, y1, x2, y2), class labels, and 

confidence scores for every detected vehicle, filtering out 

irrelevant objects or low-confidence detections (below a 40% 

threshold). 
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C. Multi-Object Tracking and Trajectory Mapping 

To analyze driving behavior over time, the bounding box 

coordinates are immediately passed to the BoT-SORT tracking 

algorithm. This algorithm assigns a persistent, unique integer ID 

(Track ID) to each vehicle. The system calculates the centroid 

of each bounding box and logs these coordinates into a temporal 

memory dictionary, creating a continuous historical trajectory 

for every vehicle visible in the camera's field of view. 

D. Heuristic Violation Analysis 

With the trajectories mapped, the frame undergoes heuristic 

spatial analysis. The logic engine projects virtual entry and stop 

lines across the digital frame and continuously evaluates the 

traffic light state. 

• As a vehicle's centroid crosses these virtual lines, the 

system calculates the time elapsed to determine its speed. 

• Simultaneously, it checks the directional delta of the Y-

coordinates to detect wrong-way driving and monitors if 

the stop line is breached during a "RED" signal state. 

• If any of these conditions violate the programmed 

thresholds, a "Violation Flag" is triggered for that specific 

Track ID. 

E. ALPR and Photographic Evidence Extraction 

Once a Violation Flag is triggered, the system temporarily 

pauses tracking for that specific vehicle to execute the ALPR 

pipeline. It crops the vehicle’s bounding box from the high-

resolution frame, applies grayscale conversion and bilateral 

filtering for noise reduction, and passes the cropped image to 

the EasyOCR engine. The OCR extracts the alphanumeric text, 

applying regex-based filtering to format the license plate. If 

the plate is obscured, the system utilizes a regional heuristic 

fallback to assign a recognizable placeholder, ensuring the 

enforcement loop is not broken. Simultaneously, the 

uncropped frame is saved to the local directory as 

photographic evidence. 

 

 

F. Database Logging and E-Challan Generation 

In the final phase, the Python detection engine packages the 

vehicle class, violation type, timestamp, image file path, and 

extracted license plate into a data payload and transmits it to 

the Flask backend. The backend inserts this record into the 

SQLite relational database. Instantly, the web dashboards are 

updated: the administrator sees the new infraction in the 

command center, and the vehicle owner’s portal reflects the 

new unpaid fine. Upon request from the vehicle portal, the 

FPDF engine compiles all unpaid records associated with that 

specific plate and generates a consolidated, dynamically 

rendered PDF E-Challan for download. 

VI. SYSTEM DESIGN 

The system design of the Autonomous Traffic Violation 

Detection (ATVD) framework follows a modular, multi-tier 

Client-Server architecture integrated with a high-performance 

Artificial Intelligence (AI) inference pipeline. This design 

ensures separation of concerns, allowing the computationally 

heavy deep learning models to run seamlessly alongside the 

web-based administrative backend. The architecture is logically 

divided into three primary layers: the Presentation Layer, the 

Application and Processing Layer, and the Data Persistence 

Layer. 

 

Fig 3: Software Architecture Design 
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A. Use Case Diagram 

 

 

 

 

 

 

 

 

 

Fig 4: Use Case Diagram 

The use case diagram for the Autonomous Traffic Violation 

Detection (ATVD) system illustrates the interactions between 

three primary actors: the Administrator, the Vehicle Owner, and 

the automated AI Engine. The Administrator accesses a secure 

command center to monitor live surveillance streams, review 

flagged infractions, and manage overall system operations. The 

Vehicle Owner interacts with a public-facing portal where they 

can input their license plate number to view timestamped 

photographic evidence of their offenses and download 

dynamically generated PDF E-Challans. Operating seamlessly 

in the background, the AI Engine serves as the core automated 

actor, responsible for ingesting video feeds, executing YOLOv8 

object detection, tracking trajectories to identify violations (such 

as over-speeding and red-light jumping), extracting license 

plates via EasyOCR, and logging the data into the centralized 

database without any human intervention. 

VI. METHODOLOGY 

The methodology of the Autonomous Traffic Violation 

Detection (ATVD) system integrates lightweight deep learning 

perception with a dynamic web backend to achieve real-time, 

end-to-end enforcement. Initially, the system ingests live video 

streams or local files via OpenCV, normalizing the frames to 

optimize processing speed without sacrificing visual fidelity. 

These frames are continuously analyzed by the YOLOv8 object 

detection model to accurately identify specific vehicular classes, 

while the BoT-SORT algorithm assigns persistent, unique IDs 

to track their spatial trajectories even under heavy traffic 

occlusion. A custom heuristic logic engine evaluates these 

mapped trajectories against virtual tripwires to autonomously 

calculate speeds and monitor directional flow, triggering instant 

flags for over-speeding, red-light jumping, and wrong-way 

driving. Upon detecting a violation, an Automatic License Plate 

Recognition (ALPR) module utilizes EasyOCR—bolstered by 

regional regex patterns and heuristic fallbacks—to extract the 

vehicle's registration details from a high-resolution image crop. 

Finally, this extracted data, alongside timestamped photographic 

evidence, is securely transmitted to a Python Flask server, 

logged into an SQLite database, and processed by the FPDF 

engine to dynamically generate a legally formatted, 

consolidated digital E-Challan without any human intervention. 

 

CONCLUSION 

In conclusion, this paper presented an end-to-end Autonomous 

Traffic Violation Detection (ATVD) system that successfully 

eliminates the manual bottlenecks of traditional law 

enforcement by bridging advanced computer vision with a 

dynamic web backend. By utilizing YOLOv8 and BoT-SORT 

for real-time multi-object tracking, alongside an EasyOCR-

powered ALPR module, the system autonomously detects 

complex infractions such as over-speeding, red-light jumping, 

and wrong-way driving under varying visual conditions. The 

framework instantly logs timestamped photographic evidence 

into an SQLite database and dynamically generates legally 

formatted PDF E-Challans without any human intervention. 

Achieving a real-time inference speed of 31 Frames Per Second 

(FPS), an OCR accuracy of 96.8%, and a violation-to-dispatch 

latency of under two seconds, this highly scalable architecture 

provides a transparent, efficient, and immediate technological 

solution for modern Smart City traffic management. 
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