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In recent years, the rapid growth in the number of vehicles has significantly increased the 

demand for efficient traffic monitoring and law enforcement systems. Automatic Number 

Plate Recognition (ANPR) plays a crucial role in applications such as traffic surveillance, 

automated toll collection, parking management, and security enforcement. However, 

real-world conditions such as non-uniform illumination, motion blur, low resolution, and 

environmental noise make accurate license plate detection and recognition a challenging 

task. This paper presents an ANPR system designed to operate effectively under challenging 

conditions, particularly uneven lighting and blurred images caused by vehicle motion and 

varying weather conditions. The proposed approach enhances image preprocessing using 

adaptive contrast enhancement, noise reduction, and deblurring techniques to improve plate 

localization accuracy. Edge detection and morphological operations are employed for robust 

plate extraction, followed by character segmentation and optical character recognition 

(OCR). Unlike many existing systems developed using proprietary platforms such as 

python, this implementation utilizes free and open-source tools, specifically Python and the 

OpenCV library, making the system cost-effective and adaptable for real-time embedded 

applications. Experimental results demonstrate improved detection and recognition 

accuracy under adverse lighting and blur conditions, validating the effectiveness of the 

proposed method. 

 

I. INTRODUCTION 

The rapid increase in the number of vehicles on 

roads has created significant challenges in traffic 

management, toll collection, parking administration, and 

law enforcement. Manual monitoring of vehicles is 

time-consuming, inefficient, and prone to human error. 

As a result, automated systems capable of accurately 

identifying vehicles in real time have become essential. 
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One of the most reliable ways to identify a vehicle is 

through its license plate number, which is unique to each 

vehicle and serves as its primary identification feature. 

Automatic Number Plate Recognition (ANPR) systems 

are designed to detect a vehicle’s license plate from an 

image or video frame and extract the alphanumeric 

characters for further processing. These systems are 

widely used in traffic surveillance, automated toll 

booths, speed monitoring, parking access control, and 

security systems. Once the license plate number is 

recognized, it can be linked to vehicle and owner 

information stored in a centralized database. Despite 

significant advancements in ANPR technology, 

real-world implementation remains challenging due to 

varying environmental and imaging conditions. In 

particular, non-uniform illumination—caused by 

shadows, headlights, sunlight variations, and night time 

conditions—affects image quality and reduces contrast 

between characters and the plate background. 

Additionally, motion blur resulting from high-speed 

vehicles or camera movement further complicates plate 

localization and character recognition. These factors 

significantly degrade system performance if not 

properly addressed. Several researchers have proposed 

different techniques for license plate detection and 

recognition. Some methods rely on confidence-based 

predictions combined with region merging and tracking 

mechanisms to improve detection accuracy. Others use 

binarization and region elimination techniques based on 

contrast differences between the plate characters and 

background. While these approaches show promising 

results under controlled conditions, their performance 

often declines under uneven lighting and blurred 

imaging scenarios. 

The main objective of this work is to develop a 

robust Automatic Number Plate Recognition (ANPR) 

system, capable of accurately detecting and recognizing 

vehicle license plates under challenging conditions such 

as non-uniform illumination and motion blur. The 

system focuses on enhancing image pre-processing 

techniques, including adaptive histogram equalization 

and filtering methods, to handle uneven lighting caused 

by shadows, sunlight, headlights, and nighttime 

environments. It also aims to reduce blur effects using 

suitable deblurring algorithms to improve image clarity. 

Furthermore, the project seeks to achieve accurate plate 

localization, character segmentation, and recognition 

while ensuring efficient and near real-time performance. 

Automatic Number Plate Recognition (ANPR) 

systems are widely used for traffic monitoring, toll 

collection, parking management, and law enforcement. 

However, their performance significantly degrades 

under real-world conditions such as non-uniform 

illumination and motion blur. Variations in lighting 

caused by shadows, sunlight, headlights, and nighttime 

environments reduce the contrast between the license 

plate characters and background, making accurate 

detection difficult. Similarly, motion blur resulting from 

high-speed vehicles or camera movement distorts 

character shapes and affects segmentation and 

recognition accuracy. Existing ANPR methods often 

perform well under controlled environments but fail to 

maintain reliability and precision in such challenging 

conditions. Therefore, there is a need to develop a robust 

ANPR system capable of accurately detecting and 

recognizing license plates despite uneven lighting and 

blurred image conditions while maintaining real-time 

processing capability. 

This project focuses on developing an efficient 

Automatic Number Plate Recognition (ANPR) system 

capable of handling non-uniform blur and uneven 

illumination conditions. In real-world scenarios, vehicle 

images captured by surveillance systems often suffer 

from varying lighting conditions such as shadows, glare, 

and night time effects, along with motion blur caused by 

fast-moving vehicles. These challenges significantly 

degrade the performance of conventional ANPR 

systems. To address these issues, the proposed system is 

implemented utilizing its powerful image processing 

toolbox for robust analysis and enhancement. The 

system begins with image acquisition, where vehicle 

images are captured from cameras or datasets. 

Pre-processing techniques are then applied to improve 

image quality, including adaptive histogram 

equalization for contrast enhancement, filtering methods 

for noise removal, and de-blurring algorithms to handle 

non-uniform blur. Following enhancement, the system 

performs license plate localization using edge detection 

and morphological operations to accurately identify the 

plate region. Once detected, character segmentation 

techniques are applied to isolate individual characters 

from the plate. The segmented characters are then 

processed using Optical Character Recognition (OCR) 
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methods to extract the alphanumeric license number. 

The proposed approach emphasizes improving 

recognition accuracy under challenging environmental 

conditions while maintaining computational efficiency. 

MATLAB provides a flexible platform for rapid 

prototyping and algorithm development, making the 

system suitable for real-time or near real-time 

applications. This ANPR system can be effectively used 

in applications such as traffic monitoring, toll collection, 

parking management, and law enforcement. Overall, the 

project enhances the reliability and performance of 

license plate recognition systems in non-ideal imaging 

conditions. 

2.LITERATURE REVIEW 

Lubna et al. (2021) presented a comprehensive survey 

on Automatic Number Plate Recognition systems, 

covering a wide range of algorithms used for license 

plate extraction, segmentation, and recognition. Their 

study emphasized that performance of ANPR systems is 

significantly affected by real-world conditions including 

non-standardized plate formats, varied lighting, motion 

blur, camera quality, and environmental noise. They 

highlighted the limitations of existing methods when 

applied under uncontrolled conditions and provided a 

roadmap for future research to develop more robust 

systems capable of handling such distortions.  

MehakArshid et al. (2024) conducted a comparative 

study on license plate detection and recognition methods 

in unconstrained environments with non-uniform plates 

and varying illumination. They compared methods like 

Faster-RCNN and end-to-end detection algorithms, 

illustrating that deep learning-based detectors could 

handle illumination variation and non-standard plates 

better than classical approaches. Their work highlighted 

the importance of advanced deep models to improve 

accuracy under diverse imaging conditions with 

non-uniform lighting and styles.  

Nikola Plavac et al. (2024) evaluated the performance 

of various commercial and research ANPR systems 

under image distortions, including simulated weather 

effects and camera noise that contribute to blur and poor 

contrast. Their results showed that distortions such as 

brightness changes and fog significantly reduced 

recognition rates, underscoring the need for robust 

preprocessing and detection strategies to handle 

illumination and blur in practical scenarios.  

 Sakshi Trivedi et al. (2025) (in International Journal of 

Image Processing and Pattern Recognition) discussed the 

challenges faced by ANPR systems due to weather 

conditions, lighting variation, and image noise. They 

suggested that image enhancement methods like noise 

reduction and contrast adjustment are crucial to improve 

ANPR accuracy when images suffer from blur and 

inconsistent illumination. This work underscored 

preprocessing as a key step for robust license plate 

recognition in real environments.  

A. M. Pujar & Poornima B. Kulkarni (2021) 

investigated ANPR using machine learning techniques 

to detect license plates across varying climatic and 

lighting conditions. Their research worked to mitigate 

effects of image blur and diverse illumination by 

incorporating sensor techniques and advanced 

segmentation, showing that machine learning can 

improve robustness of feature detection and recognition 

even under environmental variations.  

Narasimha Reddy Soora et al. (2024) reviewed vehicle 

license plate detection methods, focusing on recent 

developments that address plate detection challenges 

such as low contrast between characters and 

backgrounds, non-uniform lighting, and motion blur. 

Their survey highlighted that advanced detection 

techniques involving texture, edge, and feature learning 

outperform traditional methods especially under uneven 

illumination conditions.  

Vishakha Hanumant Jagtap et al. (2024) analyzed 

contemporary License Plate Recognition systems, 

pointing out that operational variations including fast 

movement, inconsistent plate styles, reflections, and 

lighting changes pose significant challenges. They 

compared various deep learning and image processing 

approaches, emphasizing the need for solutions that 

adapt to illumination changes and blurred imaging 

typically found in real traffic scenes.  

Vijay Kumar (2022) presented a survey on license plate 

recognition techniques under minimal environmental 

restrictions, noting that most traditional methods 

assume controlled illumination and fixed vehicle speeds. 

He suggested fuzzy logic-based extraction and neural 

approaches to handle non-uniform illumination and 

variable environmental conditions, and demonstrated 

that adaptive techniques are necessary to improve 

recognition in unconstrained images. 

3.EXISTING SYSTEM 
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Automatic Number Plate Recognition (ANPR) is an 

advanced technology used to automatically detect and 

recognize vehicle license plates from images or video 

streams. It is widely applied in traffic monitoring, toll 

collection, parking management, and security systems. 

 

In the existing system, image processing 

techniques—especially histogram equalization—are 

used to improve detection accuracy. Histogram 

equalization enhances the contrast of an image by 

redistributing pixel intensity values across the entire 

range. This makes the number plate more visible, even 

under poor lighting conditions such as shadows, low 

light, or uneven brightness. 

 

After contrast enhancement, the image undergoes 

pre-processing steps such as noise reduction and edge 

detection. Noise reduction removes unwanted 

disturbances, while edge detection highlights important 

features like the rectangular boundaries of the number 

plate. These steps help in accurately locating the plate 

region within the image. 

 

Once the number plate is detected, segmentation 

techniques are applied to separate individual characters. 

The improved contrast ensures that the characters are 

clearly distinguishable. The segmented characters can 

then be stored or further processed using recognition 

techniques such as OCR (Optical Character Recognition). 

 

Finally, the detected number plate information can be 

compared with stored databases for verification, 

monitoring, or enforcement purposes. Overall, 

histogram equalization significantly improves the 

performance of ANPR systems, especially in challenging 

real-world conditions. 

 
Figure 1: Flowchart of the Existing System 

The flowchart represents the process of enhancing and 

detecting number plates using histogram equalization. 

The steps are: 

Input Dataset 

The process begins with a dataset of vehicle images 

collected under different lighting and environmental 

conditions. 

Image Pre-processing 

Images are cleaned and standardized by resizing and 

formatting. Noise is reduced to improve image quality. 

Grayscale Conversion 

The image is converted from color to grayscale to 

simplify processing and reduce computational 

complexity. 

Histogram Calculation 

The distribution of pixel intensity values is calculated to 

understand brightness variations in the image. 

Histogram Equalization 

Contrast is enhanced by spreading pixel intensities 

across the full range, making the number plate region 

clearer. 

Edge Detection 

Edges are identified to highlight the boundaries of the 

number plate. 

Plate Localization 

The system detects and isolates the number plate region 

from the image. 

Character Segmentation 

Individual characters on the number plate are separated 

for recognition. 

Output Image / Data 
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The final enhanced image and extracted plate 

information are produced for further analysis or storage 

4. PROPOSED SYSTEM 

The proposed system presents a robust OCR-driven 

Automatic License Plate Recognition framework 

designed for intelligent traffic monitoring and smart 

parking applications. The system integrates advanced 

image enhancement, deep learning–based plate 

detection, and optimized character recognition to ensure 

high accuracy under challenging real-world conditions 

such as low illumination, motion blur, and complex 

backgrounds. Initially, vehicle images are captured 

continuously from surveillance cameras installed at 

entry/exit gates or roadways. The captured frames are 

passed to an adaptive image enhancement module 

where pre-processing techniques such as resizing, noise 

removal, de blurring, and illumination normalization are 

applied. Gaussian filter  is used to improve contrast and 

visibility of the number plate even in night-time or 

shadowed environments. This step ensures that the 

input image quality is suitable for reliable detection. The 

detected region is cropped and forwarded to the plate 

refinement stage. In the plate refinement stage, 

additional image processing techniques such as noise 

filtering, contrast stretching, edge enhancement, and 

perspective correction are applied to generate a clean 

and high-quality plate image. These operations remove 

distortions and improve the clarity of characters, 

enabling effective segmentation. The refined plate image 

is then passed to the OCR which segments individual 

characters using projection profiles or contour-based 

methods. A trained convolutional or sequence-based 

recognition 

 
Figure 2: Flowchart of the Proposed System 

The flowchart represents the process of automatic 

number plate recognition. It begins with a dataset of 

vehicle images containing number plates. These images 

undergo pre-processing to enhance quality, such as noise 

removal and grayscale conversion. A Gaussian filter is 

then applied to smooth the image and reduce unwanted 

variations. Next, edge detection techniques are used to 

identify the boundaries of the number plate region. Once 

the plate is detected, an OCR (Optical Character 

Recognition) process extracts the alphanumeric 

characters from the image. Finally, the recognized 

number plate is produced as the output of the system. 

Dataset Description 

The dataset used for the Automatic Number Plate 

Recognition (ANPR) system consists of vehicle images 

captured under varying real-world conditions, including 

different lighting environments, viewing angles, motion 

blur, and background complexity. The images typically 

contain cars, bikes, and other vehicles with visible 

license plates in diverse formats and fonts. The dataset 

may include both daytime and nighttime scenes to 

ensure robustness against illumination changes. Each 

image serves as input for detecting the number plate 

region and extracting alphanumeric characters using 

OCR. The dataset is unstructured image data and may 

not always contain perfectly centered or clearly visible 

plates, which helps in evaluating the model’s 
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performance under non-uniform blur and illumination 

conditions. This diversity improves the system’s ability 

to generalize to real traffic surveillance scenarios. 

Dataset Preprocessing 

During preprocessing, each input image is first resized 

to a fixed width to maintain uniformity and reduce 

computational cost. The image is then converted into 

grayscale to simplify processing by removing color 

information. A bilateral filter is applied to reduce noise 

while preserving important edges, which is crucial for 

accurate plate boundary detection. Next, Canny edge 

detection is performed to highlight strong edges in the 

image, making it easier to locate contours corresponding 

to number plates. The contours are sorted based on area, 

and the most likely quadrilateral contour is selected as 

the license plate region. A mask is then created to isolate 

the detected plate area from the background. Finally, the 

extracted plate region is passed to the OCR engine for 

character recognition. These preprocessing steps 

improve detection accuracy and make the system more 

robust to noise, blur, and illumination variations 

The proposed Automatic Number Plate Recognition 

system begins by acquiring vehicle images from 

surveillance cameras under varying blur and 

illumination conditions. The captured image undergoes 

preprocessing that includes gray scale conversion, noise 

reduction using bilateral filtering, and adaptive contrast 

enhancement to normalize uneven lighting. Edge 

detection is then applied to highlight structural 

boundaries, followed by contour analysis to accurately 

localize the number plate region. Once the plate is 

detected, perspective correction, sharpening, and 

morphological operations are performed to improve 

character clarity. The refined plate image is then 

forwarded to the Optical Character Recognition (OCR) 

module, which segments and recognizes alphanumeric 

characters. Finally, the recognized number is validated 

using format rules and stored in a database for further 

traffic monitoring or access control applications. 

Gaussian filtering  

Gaussian filtering plays an important role in number 

plate detection by reducing noise and improving image 

smoothness before further processing. In real-world 

vehicle images, noise is introduced due to low light, 

camera motion, rain, or dust, which makes edge 

detection and character segmentation difficult. A 

Gaussian filter applies a weighted smoothing operation 

using a bell-shaped kernel 

that removes high-frequency noise while preserving 

important structural details like edges of characters. This 

helps in minimizing blur and unwanted variations in 

intensity, producing a cleaner and more uniform image. 

As a result, subsequent steps such as edge detection, 

thresholding, and OCR become more accurate and 

reliable, improving the overall performance of the 

license plate recognition system. 

Edge Detection 

Edge detection plays a crucial role in number plate 

detection by highlighting the strong intensity changes 

that occur at the boundaries of the license plate and its 

characters. After basic preprocessing such as noise 

removal and contrast enhancement, edge detection 

algorithms like Sobel, Canny, or Prewitt are applied to 

identify sharp transitions in pixel intensity. Since license 

plates contain high-contrast alphanumeric characters 

and rectangular borders, these techniques effectively 

isolate the plate region from the vehicle background. The 

detected edges help in locating the rectangular plate area 

and assist in segmenting individual characters for 

further OCR processing, thereby improving detection 

accuracy and reducing false positives. 

In case of Canny Edge Detection there are two masks, 

one mask identifies the horizontal edges and the other 

mask identifies the vertical edges. The mask which finds 

the horizontal edges that is equivalent to having the 

gradient in vertical direction and the mask which 

computes the vertical edges is equivalent to taking in the 

gradient in horizontal direction. Canny masks are given 

in the table below. 

 

 

 

 

 

 

By passing these two masks over the intensity image 

the gradient along x direction (Gx) and gradient along 

the y direction (Gy) can be computed at the different 

location in the image. Now the strength and the direction 

of the edge at that particular location can be computed 

by using the gradients Gx and Gy. The gradient of an 

image (𝑥,) at location(𝑥,𝑦)  is defined as the vector   

-1 -2 -1 

0 0 0 

1 2 1 

1 0 -1 

2 0 -2 

1 0 -1 
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Where Gx is the partial derivative of 𝑓 along x 

direction and Gy is the partial derivative of 𝑓 along the y 

direction. Computation of the magnitude of the gradient 

involves squaring the two components Gx and Gy 

adding them and takes the square root of this addition. 

 
The approximation of this is taken as magnitude of the 

gradient to be sum of magnitude of Gx gradient in the x 

direction plus magnitude of Gy in the y direction 

 
The magnitude tells the strength of the edge at 

location(𝑥,𝑦), it does not tell anything about the direction 

of the edge [9][10]. To compute the direction of the 

gradient𝑓, let (𝑥,) represent the direction angle of the 

vector ∇𝑓 at (𝑥,), then 

 
Canny Edge Operator gives an averaging affect over 

the image, so effect due to the presence of spurious noise 

in the image is taken care of some extent by the Canny 

operator. Canny operator also gives a smoothing effect 

by which we can reduce the spurious edge that can be 

generated because of the noise present in the image. 

Canny Filter Analysis: 

Filtering is the process of applying masks to images 

and the application of a mask to an input image 

produces an output image of the same size as the input 

image. There are three steps of convolution are given 

which is necessary for filtering. 

Step1. For each pixel in the input image, the mask is 

conceptually placed lying on that pixel. 

Step2. The values of each input image pixel under the 

mask are multiplied by the value of the corresponding 

mask weights. 

Step3. The result are summed together to yield a 

single output value that is placed in the output image at 

the location of pixel being processed on the input. 

 The pixel values of an original image is shown in the 

above  fig and Canny masks are also shown in figure 1 

for horizontal and vertical scan. Now compute Gx and 

Gy, gradients of the image performing the convolution 

of Canny kernels with the image and use zero-padding 

to extend the image. The process of computing Gx and 

Gy using convolution 

The working of the proposed OCR-based system starts 

when a vehicle image is input into the system, where 

preprocessing enhances image quality and suppresses 

noise caused by motion blur or poor lighting. The system 

then detects the license plate by identifying rectangular 

contours corresponding to plate boundaries. After 

isolating the plate, image enhancement techniques 

improve character visibility before feeding the image 

into the OCR engine. The OCR module extracts textual 

features from the segmented characters and converts 

them into machine-readable text. Post-processing checks, 

such as removing special characters and verifying plate 

patterns, help reduce recognition errors. The final output 

is displayed and logged with a timestamp, enabling 

reliable real-time number plate recognition even under 

challenging environmental conditions. 

Character Segmentation 

The character segmentation part further segments the 

character individually from the extracted number plate. 

From input image the first process will be to crop out the 

number plate characters from starting to the ending 

point leaving all the extra wide spaces from top to below 

and from right to left as it is. Characters are equally fit in 

the plate region. For easy comparison of the input 

character with the character in the data base the result is 

normalized into the character set as the size of the 

images in the database. 

Optical Character Recognition The optical character 

recognition is a recognition method in which the input is 

an image and the output is string of character. OCR is a 

process which separates the different characters from 

each other taken from an image. Template matching is 

one of the approaches of OCR. The cropped image is 

compared with the template data stored in database. 

OCR automatically identifies and recognizes the 

characters without any indirect input. The characters on 

the number plate have uniform fonts then the OCR for 

number plate recognition is less complex as compared to 

other methods. Next, the system performs number plate 

localization, where the region containing the plate is 

detected and extracted from the image. After this, 

character segmentation is carried out, where each 

individual character on the plate is separated. Since 
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number plates usually have standardized fonts and 

spacing, segmentation becomes easier compared to 

general text recognition. In template matching, every 

segmented character image is compared with a set of 

predefined character templates stored in a database. 

These templates include all possible alphanumeric 

characters (A–Z and 0–9) in the same font style as the 

number plate. The comparison is done by measuring 

similarity between the input character and each 

template. This is usually achieved using correlation, 

pixel-by-pixel matching, or distance measurement 

techniques. properly segmented. Thus in order to ensure 

a proper cut the vertical and horizontal profile of the 

binary image was taken and the largest continuous 

stretch of white pixels was identified in both directions. 

Thus making use of the fact that the characters are 

connected component and the major constituent of the 

image an appropriate cut could be achieved. 

 

Figure 4: Character Splitting  

Since it is necessary to ensure that the entire number 

plate is included without any clipping an additional 

padding of 10 pixels is used in some cases when an 

adjacent slice is not included. (Another approach could 

be to identify the slice with the highest peak and 

consider only the adjacent blocks including above and 

below in the subsequent steps. This was implemented 

but was found to be less effective than the above 

mentioned process)The system calculates a matching 

score for each template, and the template with the 

highest similarity score is selected as the recognized 

character. This process is repeated for all segmented 

characters, and finally, the recognized characters are 

combined sequentially to form the complete license plate 

number. Once characters are isolated, template matching 

is used for recognition. In this method, each segmented 

character is compared with a set of predefined templates 

stored in a database. The system finds the best match by 

measuring similarity between the input character and 

stored templates. Finally, the recognized characters are 

combined to form the complete license plate number as a 

string output.  

 
Figure 5: Slice extracted from the image containing the 

number plate 

The proposed OCR-based ANPR model is evaluated 

using metrics such as character recognition accuracy, 

plate detection rate, precision, recall, and processing 

time. Experimental results show that the integration of 

blur handling and illumination normalization 

significantly improves recognition performance 

compared to traditional methods. The system 

demonstrates high accuracy on both clear and degraded 

images, with reduced false detections due to effective 

contour filtering and post-validation. Processing speed is 

suitable for near real-time deployment, making the 

model practical for intelligent transportation systems. 

Overall, the evaluation confirms that the proposed 

approach provides robust, accurate, and efficient 

number plate recognition in diverse real-world 

conditions. 

 

 

5. RESULTS& DISCUSSION 

The proposed Automatic Number Plate Recognition 

(ANPR) system was evaluated under real-world 

conditions characterized by non-uniform illumination 

and motion blur. The results show that incorporating 

adaptive pre-processing techniques, such as contrast 

enhancement and image de-blurring, significantly 

improved the accuracy of license plate localization and 

character recognition. The system effectively handled 

uneven lighting conditions caused by shadows, glare, 

and low-light environments by enhancing the contrast 

between the plate characters and background. 
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Additionally, motion blur introduced by moving 

vehicles was reduced using filtering and edge 

enhancement methods, enabling clearer segmentation of 

characters. Compared to conventional approaches 

without illumination correction and blur handling, the 

proposed method demonstrated improved robustness 

and higher overall recognition accuracy. However, 

performance slightly decreased under extreme blur or 

very poor lighting, indicating scope for future 

enhancement using advanced learning-based models. 

Overall, the system proves reliable for real-time 

applications such as traffic surveillance, toll collection, 

and parking management where lighting and motion 

variations are common. 

 
Figure 6: Browsing input image 

The image shows a file browser window where the 

user is selecting a vehicle license plate image from a 

dataset folder. This step is part of the input stage in 

MATLAB, allowing the system to load an image for 

further processing such as gray scale conversion and 

noise removal number plate extracted. 

Figure 6: Input Image 

The figure shows the selection of a vehicle license 

plate image from a dataset using a file browser interface 

in MATLAB. This input image is used as the initial step 

for further processing such as enhancement, 

segmentation, and character recognition in the ANPR 

system. 

 
Figure 7: Gray scale Image of License Plate 

The figure shows the vehicle license plate after 

converting the original RGB image into gray scale 

format. This step simplifies the image by reducing colour 

information, making it easier for further processing like 

noise removal, edge detection, and character 

segmentation. 

 
Figure 8: Edge Detection using Canny Operator 

The figure illustrates the edges of the license plate 

extracted using the Canny edge detection algorithm. 

This step highlights the boundaries of characters and 

plate regions, which helps in accurate segmentation and 

recognition. 

 
Figure 9: Cropped and Cleaned License Plate Image 
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This figure shows a processed license plate after 

cropping and noise removal, where only the region of 

interest is retained. The characters are clearly enhanced 

in high contrast, making them suitable for accurate 

recognition in ANPR systems. 

 

 
Figure 10: Character Segmentation and Recognition 

Output 

This figure shows the results of an image processing 

pipeline where individual characters are segmented and 

identified. Each window displays a detected character 

extracted from the original image 

5. CONCLUSIONS 

 Automatic Number Plate Recognition (ANPR) 

systems play a vital role in modern traffic monitoring, 

toll collection, parking management, and law 

enforcement. However, real-world challenges such as 

non-uniform illumination and motion blur significantly 

affect detection and recognition accuracy. The proposed 

system focuses on improving preprocessing techniques, 

plate localization, segmentation, and character 

recognition to handle uneven lighting and blurred 

images effectively. By incorporating adaptive image 

enhancement and robust detection methods, the system 

improves overall recognition performance under 

challenging environmental conditions. The use of 

open-source tool  makes the system cost-effective, 

flexible, and suitable for real-time applications. 

Future Scope: 

The future scope of this work includes integrating 

advanced deep learning–based object detection models 

such as YOLO (You Only Look Once) to further enhance 

license plate detection accuracy under extreme lighting 

variations and high-speed motion conditions. YOLO can 

improve real-time performance by detecting license 

plates quickly and efficiently in complex environments. 

The system can also be extended to support 

multi-country license plate formats and continuous 

real-time video stream processing. Implementation on 

embedded platforms and edge devices will enhance 

portability and large-scale deployment in smart city 

infrastructures. Furthermore, integration with 

cloud-based databases and IoT frameworks can enable 

centralized vehicle monitoring, data analytics, and 

intelligent traffic management solutions. 
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