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A B S T R A C T 

Effectively performing OCR on low-quality images of vehicle number plates poses a significant challenge, primarily due to issues like image noise, blur, and 

variations in lighting conditions. The current OCR systems often struggle to uphold precision and dependability in such circumstances, consequently diminishing 

their effectiveness in applications concerning automated vehicle identification and law enforcement. This research aims to address these issues by developing and 

optimising techniques for image preprocessing to enhance clarity, improving algorithms for robust number plate detection, and integrating advanced OCR 

methodologies to achieve high accuracy in character recognition. The proposed solutions seek to enhance the performance of OCR systems, ensuring their 

applicability in real-world scenarios involving low-quality vehicle number plate images. 
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1. INTRODUCTION 

Automated Number Plate Recognition (ANPR) systems play a crucial role in various sectors such as traffic monitoring, toll collection, and vehicle 

identification. Their effectiveness relies on accurately recognizing number plates under diverse image conditions. However, the performance of ANPR 

systems often deteriorates when faced with low-quality images, typically affected by factors like low resolution, motion blur, noise, and poor lighting. 

Addressing these limitations, this study introduces an innovative approach that integrates advanced image processing techniques with state-of-the-art 

Optical Character Recognition (OCR) tools like Easy-OCR. By focusing on image enhancement strategies, such as noise reduction, contrast adjustment, 

and super-resolution techniques, the solution improves the clarity and readability of number plates, enabling better text extraction. The primary goal of 

this research is to develop a robust number plate recognition system that performs effectively in challenging environments. Through the combination of 

sophisticated image enhancement techniques and modern deep learning-based OCR tools, the proposed system aims to enhance accuracy and reliability. 

Designed for real-world scenarios where image quality and environmental factors fluctuate, this system is expected to improve the overall performance 

of ANPR systems in applications such as traffic control, security, and other related fields, where dependability and efficiency are critical. 

2. LITERATURE REVIEW 

In [1] The authors present a technique that boosts image contrast for optical character recognition (OCR) leveraging Contrast Limited Adaptive Histogram 

Equalization (CLAHE). CLAHE enhances localized contrast, especially in images characterized by inconsistent lighting. The implementation utilizes 

Python libraries such as OpenCV, NumPy, and Tesseract OCR. The suggested approach involves generating image segments for local contrast 

equalization and employing bilinear interpolation to merge segments, thereby effectively reducing noise escalation during OCR tasks. In [2] The system 

utilizes image enhancement methods such as morphological processes and segmentation to achieve precise number plate identification. It implements 

character seg mentation followed by optical character recognition (OCR) to retrieve and verify number plates against a database. The approach 

incorporates cloud storage for data, aiming for instantaneous oversight and analysis, while future developments propose advancements in multilingual 

ANPR and system unification for improved vehicle monitoring and traffic regulation. In [3] The paper proposes an Automatic Number Plate Recognition 

system using Random Forest Classifier with a 90.9 percent accuracy rate, involving preprocessing, localization, segmentation, and recognition steps for 

efficient vehicle surveillance. In [4] The paper proposes an automatic framework utilizing OCR and deep learning for ac curate number plate detection 

and recognition, achieving a high accuracy of 96.23 percent on real-world images. Real-time number plate detection using YOLO with CNN layer. 

Proposed method outperforms existing methods in character recognition accuracy. Optical Character Recognition (OCR), Deep Learning-based approach 

using Convolutional Neural Network (CNN). In [5] Image processing prototype to detect vehicle number plates accurately. Utilizes CNN, OCR, OpenCV 

for plate detection and recognition. Morphological operations and Sobel edge detection used for number plate localization. Segmentation challenges faced 

due to lighting, rotation, and plate frames. In [6] The system proposed in the research paper utilizes image and video processing techniques, along with 

computer vision algorithms and machine learning models, for accurate moving vehicle license plate detection. Detection and recognition of moving 

vehicle license plates using algorithms. Preprocessing, object detection, image processing, and machine learning techniques utilized. In [7] The paper 
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presents an innovative Automated Number Plate Recognition (ANPR) system utilizing OpenCV for accurate license plate detection and recognition in 

various applications like traffic management and law enforcement. OpenCV-based ANPR system achieves high accuracy in license plate recognition. 

System’s effectiveness demonstrated through real-world dataset experiments. Feature extraction, image preprocessing, ma chine learning for number 

plate recognition. Character segmentation, OCR, license plate localization for accuracy and effectiveness. In [8] The paper proposes a unified CNN 

approach for license plate detection and recognition in images, utilizing OCR techniques for character segmentation and identification, showing 

effectiveness and efficiency. Proposed unified CNN and F1 score for license plate detection. Used OCR for character recognition in license plates. Unified 

CNN and F1 score for license plate detection. OCR techniques for character recognition in license plates. In [14], the authors present a cost-effective 

Raspberry Pi-based vehicle number plate recognition system using edge detection, contour analysis, colour segmentation, and machine learning for plate 

localization. OCR is applied for alphanumeric extraction. The system supports real-time processing but may need fine-tuning for better accuracy and 

compliance with legal regulations. In [13], the authors present an ANPR system using YOLOv5 for plate detection with 0.996 precision and OCR for 

character recognition. They highlight challenges like blurry plates and varying lighting, suggesting improvements for better detection in tough conditions. 

3. METHODOLOGY AND IMPLEMENTATION 

3.1 Training Dataset Utilizing YOLOv8 for License Plate Detection 

YOLOv8 represents a cutting-edge object detection framework that captures objects within images, videos and real-time. It builds on the strengths of 

previous YOLO iterations, offering enhanced precision and speed to its architectural refinements. The process of detecting license plates involves 

pinpointing the location of the plate within an image, accomplished by generating bounding boxes around the identified plates and subsequently 

processing them for recognition. 

Backbone 

The backbone architecture of YOLOv8 consists of three essential components: 

Innovative Feature Representation: YOLOv8 incorporates advanced strategies in data augmentation, which bolster the model's generalization capabilities. 

This development aids in improving the accuracy of license plate detection across diverse environmental scenarios. 

Enhanced Feature Extraction: The backbone layers of YOLOv8 extract multi-layered features from the incoming image, capturing both low-level details 

like edges and high-level semantics. 

Streamlined Automation: YOLOv8 employs automated optimization techniques to minimize latency during the training process while ensuring high 

detection accuracy. 

Neck (Detector) 

The function of the neck in YOLOv8 mirrors that of its predecessors, utilizing structures like PANet (Path Aggregation Network) to merge features from 

various stages. This merging facilitates YOLOv8's efficient handling of small objects such as license plates by employing spatial pyramid pooling to 

compile features across scales. The neck in YOLOv8 is specifically engineered to enhance the retention of spatial information, promoting multi-scale 

detection and boosting performance in low quality or noisy images. 

Head (Detector) 

In YOLOv8, the head produces final predictions by interpreting feature maps from the neck and backbone. The head generates a vector for each bounding 

box prediction, which includes the coordinates (center, width, height), the confidence score, and the class (in this instance, the class pertains to the 

recognized license plate). When detecting a license plate, the responsibility of the head is to classify the entity as a plate and assign bounding box 

coordinates, which are subsequently utilized for further recognition processes. 

3.2 Character Recognition using Tesseract 

The tesseract-OCR engine can handle over 100 languages and supports various output formats such as plain text, PDF, HTML, and others. To align with 

their approach, the method utilizes Tesseract OCR to recognize alphanumeric characters from the detected license plates. The input for this stage is the 

cropped bounding box, which is the output from the object detection model, specifically focused on the area containing the license plate. This cropped 

image has already been pre-processed to improve Tesseract’s performance. The accuracy of the results from Tesseract OCR alone will then be compared 

to the results obtained by combining Tesseract with additional techniques, such as an Easy OCR model, to further enhance the quality of the input image 

and thus improve recognition performance. 

3.3 Character Recognition using Easy OCR 

The Easy-OCR engine is capable of recognizing text in over 80 languages and supports output in formats like plain text or structured data. To align with 

their approach, the authors employ Easy OCR to identify alphanumeric characters on the detected license plates. The input for this step is the cropped 

bounding box detected earlier by the object detection model, specifically isolating the license plate region. This bounding box image is pre-processed to 
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optimize recognition accuracy. The result obtained from the stand-alone Easy OCR model will be compared to the results of tesseract ocr engine. The 

results obtained from each recognition method is leading to improved text recognition accuracy. 

3.4 Implementation: 

In this segment, we will explore the methodologies and strategies implemented in this proposed system, elaborate on object detection, character 

recognition via the OCR engine. However, we will discuss the data collection process (gathering, partitioning, annotation), object detection utilizing 

YOLOv8, data cleansing (trimming the object bounding box), pre-processing as per the requirements, and recognition using tesseract ocr and easy ocr. 

 

Figure 1 Overview steps and approach taken by the authors 

3.4.1 Data preparation 

The dataset employed the License Plate Detector Dataset obtained from the roboflow website, comprising 395 images for training, testing, and validation 

purposes. This collection features a variety of car images taken from multiple perspectives and under different 34 lighting conditions. The dataset contains 

images of vehicles with and without license plates. Annotations for this collection are formatted in YOLO V8 style, encompassing bounding box details 

for the license plates.  

The dataset has been tailored to fulfill the necessary specifications and methodology:  

• Data Partitioning: the original dataset is divided into three partitions such as test, train and valid.  

• Annotation Format Transformation: Consistent with the selected approach, the dataset undergoes alterations by converting the initial annotation files 

into versions that align with the YOLO framework. This transformation is essential for smoothly incorporating the dataset with the chosen detection 

frameworks, specifically YOLOv8. Utilizing YOLO formats guarantees that the models are provided with input data in the necessary specifications. 

3.4.2 License plate detection 

The license plate detection component employs the YOLOv8 model for identifying license plates.  

• The YOLOv8 framework is trained on an extensive dataset and adept at recognizing objects in real-time.  

• This component accepts an input image and forecasts bounding boxes around license plates.  

• Identified bounding boxes are displayed on the image for reference. 

3.4.3 License plate preprocessing 

The license plate preparation module employs various preprocessing methods contingent on the average hue of the ROI.  

The subsequent steps are taken:  

• Conversion to grayscale.  

• Bilateral filtering to diminish noise. 
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3.4.4 Optical character recognition (OCR) 

• Tesseract OCR:  

The OCR leverages the pytesseract to conduct text recognition on the refined ROI. The pytesseract library is set up with the Tesseract OCR engine. The 

pre-processed ROI is submitted to the OCR engine for text retrieval. The extracted text from each license plate is achieved.  

• Easy OCR:  

The refined grayscale image is fed into Easy-OCR’s readtext method, which extracts the text from the image. Easy-OCR produces a 

collection of outputs, where each output includes the identified text along with its confidence rating. 

4. RESULTS AND DISCUSSION 

In the license plate identification phase, the system proposed employs YOLOv8 to forecast and spot the bounding box around vehicle license plates. Once 

the bounding box is established, we advance to the license plate recognition stage, utilizing two distinct methods. The first method involves the exclusive 

use of Tesseract-OCR for the recognition of characters on the license plate. The second method employs Easy-OCR for character identification. Following 

the training of our dataset, we present the outcomes produced by the algorithm. The graph displayed below illustrates a confusion matrix, highlighting 

the True Negative and False Positive values acquired post-model training. 

4.1 License plate detection results 

This indicates that the model has evaluated the accuracy of the model by 99%. 

 

 

Figure 2 Confusion Matrix 

The F1-Confidence curve demonstrates the model’s ability to maintain a high F1 score (0.99) at an optimal confidence threshold of 0.768, indicating 

excellent precision-recall balance. The Precision-Confidence curve shows that the model achieves 100% precision at confidence levels around 0.772, 

ensuring that highly confident predictions are extremely reliable. 
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               Figure 3 F1-Confidence Curve                                                                                   Figure 4 Precision-Confidence Curve 

The Precision-Recall curve highlights a mAP of 0.987, further verifying that the model has near-perfect detection and classification performance for 

number plates. TheRecall-Confidence Curve shows that the model achieves a recall of 0.99 at a confidence threshold of 0.000, indicating that the model 

detects almost all License Plates at the lowest confidence level. 

      

               Figure 5 Precision-Recall Curve                                                                         Figure 6 Recall-Confidence Curve 

 

4.2 License plate recognition results 

license plate images are shown with OCR results from both Tesseract-OCR and Easy OCR. Tesseract-OCR exhibited lower accuracy, frequently 

misidentifying characters, especially in low-quality or noisy images. This is likely due to its difficulty handling complex fonts and uneven lighting. In 

contrast, Easy-OCR achieved much higher accuracy in rec organizing characters under the same conditions. 

               

                                  Figure 7 Tesseract Result                                                                                                Figure 8 Easy-OCR Result 

The Table II presents the accuracy results of both OCR engines tested on 50 images. Easy-OCR consistently achieved higher accuracy than Tesseract-

OCR, demonstrating better handling of varying font styles, lighting, and noise. These findings suggest that Easy-OCR is more dependable for practical 

applications were image quality image quality. 
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Table.1 Accuracy results for different types of images 

Type of images No of images tested Tesseract Results Easy-OCR Results 

Nearby 15 15 15 

Far 15 5 15 

Low Resolution 10 5 10 

High Resolution 10 10 10 

CONCLUSION  

This research delves into the identification and recognition of license plates through the use of YOLOv8 and OCR technologies. The object detection 

framework underwent training, validation, and testing on a specialized License Plate detector dataset. YOLOv8 exhibited superior performance during 

the detection stage. Following this, the system harnessed the bounding boxes produced by YOLOv8, cropped the visuals, and applied them in the 

recognition phase. In this recognition stage, the implementation of Easy-OCR greatly improved accuracy when compared to Tesseract-OCR. While 

certain images may not be reliably recognized, especially those that are excessively tilted or contain significant noise. This in-depth study underscores 

the significance of utilizing OCR technologies like Easy-OCR for optical character recognition in license plate detection systems. Future research could 

focus on enhancing the accuracy of license plate recognition systems through advanced image preprocessing techniques, such as deep learning-based 

denoising and super-resolution models, to address issues with severely distorted or noisy images. Developing adaptive OCR models that handle diverse 

plate designs, fonts, and languages could further improve robustness. Additionally, integrating other object detection frame works alongside YOLOv8 

and optimizing the system for real-time processing would be valuable. Extensive field testing in various real-world conditions and enhancing the user 

interface for better integration with applications like law enforcement systems are also crucial for advancing the effectiveness and practicality of license 

plate recognition technologies. 
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