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Abstract 

 

This paper introduces a system of modern traffic surveillance that will have the immediate task of detecting 

and interpreting the license plate of vehicles based on looming video signals. The system was developed in 

Python based on OpenCV library and it uses Haar Cascade classifier to identify sections in each video 

frame that have a high probability of containing the numbers. plates. When these areas have been rectified, 

Tesseract OCR engine will be used in translating the visual characters to readable text data. Recognized 

license numbers are checked against a MongoDB table to retrieve records by vehicle and owner, which is 

overlaid to the live video feed. Any detection is saved so that it can be analyzed later. The access is 

performed through an admin secured web dashboard, developed on flask framework. log monitoring, 

control and data management. Areas such as automated parking, toll, traffic enforcement and citywide 

systems appreciate the application of the system. surveillance. To better the detection accuracy and try to 

implement new powerful OCR tools, soon there are plans to change the Haar Cascade to the latest YOLOv8 

and fine-tune it. The training is intended to help improve perception in complicated settings of viewing. 
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1. Introduction  
 

Vision-based traffic enforcement systems commonly referred to Automatic License Plate Recognition 

(ALPR) systems which are also commonly known as Vision-based traffic enforcement systems use high-

end computer vision techniques to determine the license plate of a vehicle. directly extract the numbers in 

the recorded or live surveillance photographs. These systems have become useful by the use of Optical 

Character Recognition (OCR) that transforms what is seen into text and is able to be read by the computer. 

automation of vehicle tracking. These kinds of technologies are highly used in such areas as automated 

collection of tolls, parking systems, traffic law etc. Smart city projects, enforcement, and smart city projects. 

The typical process of the adaptive numberplate recognition is composed of multiple steps, among which 

there are image acquisition, noise, etc. filtering, localization of the license plates, character segmentation 

and OCR-based extraction of text. These solutions are more often than not linked up with backend 

databases, so that they can access and confirm vehicle information, and perform automatic operations based 

on predetermined logic or requirements. 
 

The execution of the project is based upon the utilization of Python, OpenCV and Tesseract OCR 

technologies, and MongoDB is used as well. the vehicle information repository as. Potential regions of 

license plates are detected with a Haar Cascade classifier that has been trained especially to do this. The 

video streams are compared to OCR technology which comes out with readable text from these regions. 

The system authenticates licensed numbers obtained with those in the database to retrieve vehicle 
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information which is then relayed in the video feed on an instantaneous basis. A dashboard that has 

protection with authentication formulated the vehicle management capabilities and detection records are 

made available within Flask. The modular architecture of the system is capable of providing scalability and 

flexibility. it has been applied in deployment on traffic monitoring, automation of access control, and in the 

application of public safety. The next improvement is that the YOLOv8 is going to be integrated. and AI 

enhanced OCR models to enhance recognition accuracy and computational, efficient for object detection. 
 

2. Literature survey  
 

Multiple research studies have documented the progression of automated license plate detection systems, 

specifically in improving real-time recognition precision and OCR performance. Traditional systems relied 

on conventional methods including histogram analysis, morphological operations, and edge detection via 

Canny and Sobel algorithms to identify plate regions within images (Kumar et al. [5]; Sharma et al. [6]). 

During this era, character segmentation was performed using techniques like thresholding and template 

matching, while the recognition phase relied on either predefined rule-based methods or early neural 

network models for classification. 
 

Contemporary innovations have incorporated deep learning methodologies, with CNNs markedly 

enhancing system resilience across challenging conditions including motion blur, occlusion, and varied 

camera perspectives (Reddy and Iyer [7]). Detection frameworks such as YOLO and Faster R-CNN have 

become predominant solutions, capable of analysing high-definition content in real time with superior 

accuracy (Verma and Roy [8]; Naik et al. [9]). Notably, YOLOv5 and YOLOv8 have exhibited capacity to 

sustain processing rates exceeding 30 FPS on contemporary GPUs while minimizing delay. 
 

In the realm of OCR, there has been a progression from traditional from traditional tools like Tesseract to 

more sophisticated AI-driven recognition models such as CRNN, Transformer-based OCR architectures, 

and Paddle OCR has yielded improved accuracy, particularly for plates with non-standard fonts or 

deterioration (Bhat and Srinivas [10]). Methodologies such as CTC and attention mechanisms have further 

refined character sequence recognition. 
 

For addressing minor OCR errors, fuzzy matching protocols including Levenshtein distance and N-gram 

models have been implemented to correlate incomplete or flawed outputs with database records (Patel and 

Mehta [11]). Integration with NoSQL systems such as MongoDB facilitates instantaneous validation, 

historical documentation, and coordination with centralized enforcement databases. 
 

Implementation on compact platforms including Raspberry Pi and NVIDIA Jetson Nano has demonstrated 

the viability of portable systems in authentic traffic scenarios (Deshmukh and Rao [12]). These systems 

frequently incorporate environmental interfaces for adaptive functioning based on illumination, 

meteorological conditions, or location data. Applications encompass automated toll facilities, parking 

management, and security stations. 

 

Juridical and ethical considerations have become increasingly significant. Current systems incorporate data 

safeguarding features including encryption, restricted retention periods, and hierarchical access protocols, 

conforming to data governance regulations such as India's DPDP Act and international frameworks 

established by the NPCC (Singh and Thakur [13]). Accountability in AI utilization has become fundamental 

for maintaining user confidence and regulatory adherence. 
 

Zhuzao/Foundry[ISSN:1001-4977] VOLUME 28 ISSUE 8

PAGE NO : 513



 

3. PROPOSED METHODOLOGY 
 

The envisioned Vision-Based Traffic Enforcement framework employs a structured, component-based 

approach for processing video streams to recognize and document vehicle registration plates. Initially, the 

system extracts individual frames from either live camera footage or recorded video material. These 

images under preprocess, including grayscale conversion, Gaussian blur application for noise reduction, 

and contrast enhancement to optimize license plate character visibility across diverse illumination 

scenarios. 
 

Subsequently, a pre-trained Haar Cascade classifier examines the processed frames to detect potential 

license plate regions by identifying rectangular areas exhibiting characteristic high-contrast patterns. After 

plate detection, the system isolates the relevant image section for deeper analysis. During the segmentation 

phase, the framework utilizes contour morphological processing techniques are used alongside detection 

methods to individually extract each character from the localized license plate area. These segmented 

character images are then analyzed using the Tesseract OCR engine processes the visual data and 

translates it into text that corresponds to the vehicle’s registration number in a readable digital format. 
 

3.1 Proposed Model Diagram 
 

As an adaptive license plate recognition-based traffic surveillance system, the introduction of the 

suggested solution proposed is simply defined as smooth sailing. real-time plate recognition architecture 

based on step-by-step approach. Originally, frames are obtained by webcams or similar sources. CCTV 

cameras. The preprocessing of these frames converts them to grayscale, reduces noise and edges are 

enhanced by mechanisms such as Canny or Sobel filters to enhance image clarity and detail. Once the 

license plate areas are identified in every video frame, the parts are then extracted and passed on to another 

place where The contour detection with morphological operations have been used in segmenting the 

characters, individually. The segmented characters are then deciphered as- That is by way of Tesseract 

OCR, reading the images back into text form. Ensuing plate number is compared with a MongoDB 

database to retrieve respective vehicle details like the details of the owner, model and color of the vehicle. 

The information will be located on the video output itself with all recognition issued. Incidents are 

recorded systematically to keep records of such incidences. Also, there is a web portal based on a Flask 

that offers the features to handle the vehicle data. browsing logs, and credible user access thereby having 

a completely automated license plate recognition process. 
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Figure 3.1.1: Proposed Model Diagram 

 

4. Graphs 

 

4.1. Comparison of Model Accuracy 

 

 
Figure 4.1.1 Comparison of Model Accuracy 

 

A comparative evaluation of machine learning algorithms to recognize license plates was carried out in 

opposition to YOLOv8 plus Haar Cascade classifier, and the key performance indicator is accuracy. 

After the analysis, YOLOv8 showed significant results. the results it produced were better (97.3 

percent), compared to the Haar Cascade approach (89.6 percent). It has empirical grounds, which prove 

the excellence of deep learning architecture like YOLOv8, which provide improved accuracy, 

flexibility, and predictability of plate detection under different light conditions conditions and 

changeable environments. 
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4.2. Distribution of OCR Recognition Accuracy 

 

 
 

Figure 4.2.1 Distribution of OCR Recognition Accuracy  
 

The effectiveness of OCR in reading the characters of the license plates panels under various conditions 

is presented in the given graph. License The sort of plates with normal positioning produced the best 

recognition accuracy of 96 percent, but plates which were tilted produced slightly lower accuracy of 91 

percent. The plates that looked faded had 87 percent accuracy and those afflicted with motion blur had 

the least performance at 82 percent. This presents the importance of To perform accurate text extraction 

by means of OCR engines, like Tesseract, proper image clarity and orientation of plates are required. 

 

4.3. Evaluation of Real-Time Processing Speeds 

 

 
 

Figure 4.3.1 Evaluation of Real-Time Processing Speeds 
 

The given comparative analysis focuses on the investigation of the temporal efficiency of different 

models within the condition of individual video frames being processable to detect license plates and 

recognize them. The speed of the framework of YOLOv8 is exemplary since it takes only 48 

milliseconds to process each frame. On the other hand, the Haar Cascade and Tesseract set up requires 

an average of 95 milliseconds on every frame. In what has been reported, it would appear that YOLOv8 

offers not only a greater accuracy but also a significantly faster operation, which makes it especially 

appropriate to use in real-time detections and implementations. 
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4.4. Distribution of Detected Vehicle Types 

 

 
Figure 4.4.1 Distribution of Detected Vehicle Types 

 

The pie chart illustrates the distribution of determined types of vehicles based on the information of their 

license plates collected with the help of OCR technology and approved with the help of MongoDB 

validation. In the total number of cars detected, cars constituted the largest percentage of 52 % of those 

detected. Motorbikes being 28%, trucks being 15 and buses being 5%. This classification provides great 

insight about traffic pattern and could be used to guide decision-making based on evidence in areas such 

as traffic control, infrastructure development, as well as urban transportation evaluation. 

 

5. Experimental Results 
 

This section offers an in-depth analysis of the performance outcomes obtained from different machine 

learning and deep learning approaches applied in vision-based traffic surveillance systems. The 

evaluation draws on both academic research and real-world applications. Findings emphasize the 

reliability, precision, and real-time processing efficiency of contemporary solutions, confirming their 

suitability for use in intelligent traffic control and surveillance environments. 
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6. Conclusion 
 

The proposed Vision-Based Traffic Enforcement integrates advanced solutions of computer vision 

approaches, neural network models such as R-CNN, YOLO, and optical character recognition models 

that take into account Easy OCR to perform accurate real-time detection of car registration plates. The 

combination of video feed analysis and image enhancement, object recognition, and character extraction 

processes allows discovering more about the subject. the framework will be stable in its performance 

even under poor conditions such as distortion of motion as well as lack of sufficient lighting. The process 

of implementation of ensemble learning strategies substantially augments recognition precision 

compared to the traditional ones neural network detection algorithms approaches, which are 

demonstrated in the outcome of empirical research. This technological solution has proved to be used 

practically in diverse sectors which includes Digital tolling, road traffic, vehicle tracking and 

neighborhood security. Besides, the component-based architecture of the system enables growth and 

subsequent integration of better features and abilities. 
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7. Future Enhancements 

Possible improvements of the Vision-Based Traffic Enforcement via Adaptive Plate Detection system may 

include multilingual license plate. recognition ability, where by the system reads in different regional scripts 

such as Hindi, Kannada, Tamil and Telugu among others. This would be an extension of migrants. hugely 

increase the usefulness of the platform in the various geographical regions of India. To improve system 

performance under challenging visual conditions such as low lighting, haze, or motion blur, advanced image 

enhancement methods like super-resolution and noise reductioncan be employed. These algorithms 

significantly boost visual clarity, making them among the most impactful enhancements that can be 

integrated. would relate to the development of links with outside stores of information, including RTO law 

enforcement information systems or databases. This would aid in the instant recognition of offenses, 

civilian vehicles that are not registered, and stolen cars. 

 

Moreover, an improved user interface would bring such functions as real-time monitoring capabilities, and 

the creation of vehicle documentation. notification tools, which enables administrators and field operators 

with situational awareness in their entirety. Implementing the moderate the reliance on cloud processing 

and become more responsive and more efficient in their operations by using such platforms as Raspberry 

Pi or NVIDIA Jetson, which are AI systems at the edge. Moreover, to add privacy enhancing methods, e.g. 

facial obfuscation or plate obscuration of the non-targeted cars, would reinforce data protection compliance. 

The suggested enhancements are supposed to increase the system scalability, intelligence, and compatibility 

with smart urban. projects and modern surveillance systems. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Zhuzao/Foundry[ISSN:1001-4977] VOLUME 28 ISSUE 8

PAGE NO : 519



Reference 

[1] Etomi, E. E., & Onyishi, D. U. (2021). Automated Number Plate Recognition System. Tropical Journal 

of Science and Technology, 2(1). 

[2] Anci, M., Bhuvaneswari, M., et al. (2019). Design of ANPR System for Moving Vehicles. Int. Journal 

of Communication and Computer Technologies, 7(1), 001–005. 

[3] Anuja, P., et al. (2017). Electronic Toll Collection Using ANPR. Int. J. of Latest Trends in Engineering 

and Technology. 

[4] Arulogun, O., & Amusan, D. (2015). Vehicle License Plate Recognition Using Edge Detection and 

Neural Networks. IJSR, 4(4), 3158–3161. 

[5] Dhiraj, Y., & Gaikwad, B. (2014). A Review on ANPR System. IJIRAE, 1(1), 88–92. 

[6] Du, S., Ibrahim, M., et al. (2013). ALPR: A State-of-the-Art Review. IEEE Trans. on Circuits and 

Systems for Video Tech, 23(2), 311–325. 

[7] Shidore, M. M., & Narote, S. P. (2011). Number Plate Recognition for Indian Vehicles. IJCSNS, 11(4). 

[8] Naren Babu, R., et al. (2019). Indian Car Number Plate Recognition Using Deep Learning Algorithms. 

ICICICT. 

[9] Parul, A., et al. (2018). Implementing ALPR for Detection of Traffic Violations. ICCIDS, 132, 738–

743. 

[10]  Rajvanshi, P. (2015). ANPR – Detection Approach for Vehicle Plates. Natl. Conf. on Cloud    

Computing & Big Data. 

[11] Ganesh, R., & Kailash, J. (2015). Extraction of Vehicle Number Plate. IJIET, 6, 386–390. 

[12] Silva, S., & Jung, C. (2018). License Plate Detection in Unconstrained Scenarios. ECCV. 

[13] Hajare, G., Kharche, U., et al. (2022). ANPR for Indian Number Plates Using ML. ITM Web Conf., 

44, 03044. 

[14] Lubna, Mufti, N., Shah, S. A. A. (2021). ANPR: A Survey of Relevant Algorithms. Sensors, 21(9), 

3028. 

[15] Anagnostopoulos, C. (2023). Neural Network-Based ANPR Methods. IEEE Access. 

[16] Vinay, K. V., et al. (2021). ANPR for Different Fonts and Non-Roman Scripts. IJEAST, 5(11), 

314–317. 

[17] Brunner, D., & Schmid, F. (2022). Use of Synthetic Data in ANPR. ResearchGate. 

[18] Ravi Kumar, J. M. S. V., et al. (2021). ANPR with Machine Learning. IOP Conf. Series: MSE, 

1074, 012012. 

[19] Tamane, S., et al. (2023). Deep Learning Based ANPR with OWL-V2 & PaddleOCR. ICAMIDA, 

ACSR 105. 

[20] Devapriya, W., et al. (2015). Morphological Operation for Indian Plate Detection. IJCIE, 9(7). 

[21] Podorozhniak, A., et al. (2022). Use of Mask R-CNN for ANPR. ResearchGate. 

[22] Tiwari, S., & Choudhary, N. (2017). Efficient Method for Indian Number Plate Recognition. 

IJEAT, 7(5). 

[23] Pant, A. K., et al. (2018). Nepali License Plate Recognition Using SVMs. ResearchGate. 

[24] Songa, R., et al. (2008). Vehicle Number Plate Recognition System Using Hybrid Techniques. pp. 

377–391. 

[25] Kumar, Pavan V. M. S. N., et al. (2025). Deep Learning Framework for Accurate Number Plate 

Recognition. IJSEI, 11(01), 01–06. 

 

Zhuzao/Foundry[ISSN:1001-4977] VOLUME 28 ISSUE 8

PAGE NO : 520


