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Abstract

The rapid increase of vehicles and the growth of smart transportation systems
have created a strong demand for accurate and efficient Automated License
Plate Recognition (ALPR) systems. This research presents an end-to-end ALPR
framework optimized for Bangladeshi license plates, addressing challenges such
as non-standardized designs, two-line formats, and bilingual text (Bengali and
English). The proposed system integrates state-of-the-art object detection mod-
els—YOLOv5x, YOLOv8x, and YOLOv11—for precise and real-time license
plate localization, while EasyOCR is employed for robust character recognition.
A custom dataset of 3,500 annotated images was developed, covering diverse
environmental conditions, vehicle types, lighting variations, and plate styles. To
improve model robustness, extensive data augmentation was applied, includ-
ing geometric transformations, photometric adjustments, and simulated weather
effects such as fog and rain. Experimental results demonstrate that the system
achieves high detection and recognition accuracy, with YOLOv11S providing the
best trade-off between speed and performance. The proposed framework is suit-
able for practical applications such as digital toll collection, automated parking,
vehicle identification, and traffic law enforcement, offering a reliable and real-time
solution tailored for Bangladeshi roads.
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1 Introduction

Automated License Plate Recognition (ALPR) systems have emerged as critical
components of modern intelligent transportation infrastructure, enabling seamless
vehicle identification for traffic management, law enforcement, toll collection, parking
automation, and public safety applications. Traditional manual license plate detection
methods—characterized by labor-intensive processes, high error rates, and scalability
limitations—have become increasingly obsolete in contemporary urban environments.
Recent advances in deep learning, convolutional neural networks, and computer vision
have catalyzed the development of robust end-to-end ALPR solutions capable of oper-
ating reliably under diverse environmental conditions, varying illumination levels, and
complex traffic scenarios.

In developing nations such as Bangladesh, where vehicular registration has
increased exponentially—with over 5.8 million registered vehicles as of 2024—the
deployment of automated, scalable ALPR systems has transitioned from convenience
to necessity. The Bangladesh Road Transport Authority (BRTA) employs a distinc-
tive license plate format that presents unique recognition challenges not encountered
in Western systems. Bangladeshi license plates feature a two-line layout structure:
the first line contains city identifiers, metropolitan area codes, and vehicle clas-
sification categories rendered in Bengali script (e.g., Ka/, Kha/, Ga/), while the
second line displays numerical registration identifiers. This bilingual, multi-line config-
uration introduces computational complexities absent from standardized single-line,
English-only license plates prevalent in Europe, North America, and East Asia.
Despite substantial progress in global ALPR research, few studies have systematically
addressed Bengali script recognition within modern deep learning frameworks. Exist-
ing solutions predominantly focus on Latin-script plates using anchor-based detection
architectures, which struggle with the morphological complexity of Bengali characters,
variable font styles, and the spatial constraints of two-line plate layouts. Furthermore,
real-world deployment scenarios in Bangladesh present additional challenges including
occlusions from dirt and damage, extreme lighting variations between day and night
operations, motion blur from high-speed traffic, and complex urban backgrounds with
visual clutter. An effective ALPR pipeline typically comprises four sequential stages:
data acquisition and preprocessing, license plate detection and localization, character
segmentation, and optical character recognition. This research proposes an optimized,
real-time ALPR system specifically engineered for Bangladeshi transportation infras-
tructure, leveraging the state-of-the-art YOLOv11s architecture for plate detection
and the multilingual EasyOCR framework for character recognition. Our primary
contributions include:
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1. Development and annotation of a comprehensive dataset comprising 3,500 images
of Bangladeshi license plates captured under diverse real-world conditions.

2. Implementation and comparative evaluation of YOLOv11s against YOLOv8s and
YOLOv8x architectures, demonstrating superior performance in two-line plate
detection.

3. Integration of EasyOCR with custom preprocessing optimizations for accurate
Bengali and English character recognition.

4. Design of a lightweight, computationally efficient system suitable for real-time
deployment on resource-constrained edge devices.

5. Validation of system performance across varied environmental conditions through
extensive augmentation and testing protocols.

2 Literature Review

Recent developments in ALPR systems demonstrate varying approaches to address the
challenges of license plate detection and recognition. While Sarif et al. (2020) achieved
97.5% accuracy using YOLOv3 architecture [1], their approach suffers from limited
dataset diversity and lacks real-time processing validation. In contrast, Sufiun et al.
(2023) employed YOLOv5 achieving 95.41% precision [2], however, their methodol-
ogy incompletely addresses all Bangla character classes, limiting practical deployment
feasibility. The progression from YOLOv3 to YOLOvVS architectures shows consistent
accuracy improvements. Nasim et al. (2024) demonstrated that YOLOv8 with Dark
Channel Prior (DCP) preprocessing achieves 98.5% accuracy in foggy conditions [4],
surpassing earlier approaches but limiting applicability to specific weather scenar-
ios. Our proposed YOLOv11s approach addresses these limitations by incorporating
enhanced feature extraction and multi-scale detection capabilities, achieving compa-
rable accuracy (98%) while maintaining broader environmental applicability..OCR
performance across studies also varies widely. Although custom CNN-based recog-
nition achieved 99.89% detection accuracy [13], high processing latency challenges
real-time usage. Our integration of EasyOCR offers a practical balance of speed and
accuracy for diverse Bangla characters.Additional research explores improved reliabil-
ity, security, and environmental adaptability. YOLO with blockchain achieved 96.2%
accuracy using preprocessing and noise reduction techniques [5], while YOLOv4-based
systems reported 90.3%-97% recognition accuracy across mixed datasets and real-
time scenarios [6, 7]. Hybrid frameworks combining YOLO with GRU and CTC
showed 98.98% recognition precision [8], and lightweight embedded implementations
with EasyOCR reached up to 99% accuracy at close range [9]. Classical CNN- and
morphology-based approaches also achieved strong results, including Bangla plate
recognition at 99.5% [12], day/night accuracies of 96% and 92% [15], and template-
matching and OCR-based systems providing reliable, fast detection [16]. Some mobile
OCR applications achieved 75%-97% text accuracy depending on plate quality and
environment [17]. Additional YOLOv3, YOLOv4, and MATLAB-based pipelines
reported 94%-96%+ accuracy across various real-world conditions [18-20].Overall,
while prior systems provide strong performance, they are often constrained by envi-
ronmental conditions, incomplete Bangla character handling, hardware limitations,
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or dataset diversity. Our YOLOvl1ls-based ALPR system addresses these gaps with
improved generalization, efficiency, and real-time readiness.

3 Proposed Methodology
3.1 Experimental Study

The methodological section of our research aims to provide readers an in-depth
overview of the approaches and strategies utilized in carrying out the research. It has
been acknowledged that technological advancements in modern times have led to in
significant improvements in their respective fields. One of these innovations is a new
machine learning and computer vision application for automatic vehicle number plate
identification (AVLPD). The methodology of this research is demonstrated in Fig. 1
which is called the proposed system architecture. It briefly explains every step of the
research, and how we conducted this at every point which we followed.

Data Collection
and Labelling

Data Visualization

Data Process
| v
Data Data ense Plate Are
Augmentation Annotation rracted Number: 34.440
.
Dataset Splitting Authentication
Train,Test, Validation [li§ N YOLOvSs Check
| J
Performance
Model Selection Evaluation
= _

Fig. 1 Proposed System Architecture

3.2 Data Collection

Data collection is a critical step in any study, as the quality and diversity of the
dataset directly impact model performance. For this research, a custom dataset of
3,500 images of Bangladeshi license plates was created. Among these, 3,000 images
were collected in real-time from various urban roads in Dhaka, Bangladesh, captur-
ing vehicles under diverse environmental and lighting conditions. The remaining 500
images were obtained from online repositories, including Kaggle, to supplement the
dataset and increase variability. The dataset includes various types of vehicles, such
as cars, buses, trucks, and motorbikes, with cars being the most common, reflecting
the typical traffic distribution in Dhaka. Each license plate image captures the unique
two-line structure of Bangladeshi plates, consisting of Bengali and English text. The
first line contains city names, metropolitan codes, and vehicle category codes (e.g.,
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Ka, Kha, Ha), while the second line contains the registration number. The dataset
is visually diverse, covering different lighting conditions, plate orientations, and par-
tial occlusions, ensuring that the ALPR model can generalize effectively in real-world
traffic scenarios. Fig. 2 shows sample images from the collected dataset.

Fig. 2 Sample Dataset

3.3 Bengali Standard Number Plate Description

City N
ity Name Metropolitan

Vehicle Class

Vehicle Number

Vehicle Serial Number

Fig. 3 Bengali Standard Number Plate Description
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In this study, we implemented Bengali number plate detection and trained our
model. As we know in Bangladesh licensed vehicles are categorized by a number plate,
as seen in Fig. 3. There are multiple cities in our country. The number plate text
varies from city to city in our country. There are two parts to the number plate of
Bangladesh.

3.4 Dataset Preprocessing

The Dataset Preprocessing subsection demonstrates the necessary steps to prepare
images for deep learning.Once the images are collected and labeled, the next step is
image preprocessing. By resizing images to 640x640 pixels, applying normalization,
and adjusting brightness and contrast, the dataset is standardized, ensuring consistent
model input and improving convergence during training. . This process scales pixel
values from their original range (0-255) to a smaller range (usually 0-1), which helps
in model convergence during training.These steps are appropriate and align with best
practices in YOLO-based object detection.

3.5 Data Augmentation and Annotation

The Data Augmentation subsection enhances dataset diversity, simulating real-world
challenges such as low-light conditions, rain, fog, and occlusion. Techniques like hor-
izontal /vertical flipping, low-light adjustment, Gaussian blur, raindrop overlays, and
histogram equalization are well-suited to improving the model’s robustness. This
section demonstrates a thoughtful strategy for reducing overfitting and increasing
generalization to diverse environmental conditions in Bangladesh. In this study, each
image was manually annotated to mark the bounding boxes around license plates
and the corresponding text labels. The annotations account for the two-line struc-
ture of Bangladeshi license plates, which include both Bengali and English characters.
Bounding boxes were carefully adjusted to tightly enclose license plates, even in cases

Table 1 Number of images in each dataset

Split Percentage Dataset splitting Number of images

80% Training (70%) 3130
80% Validation (10%) 302
20% Testing 151

of partial occlusion or skewed plate angles. The text labels include the city name, vehi-
cle category code, and registration number, providing comprehensive data for both
license plate detection and recognition tasks. Annotation was performed using stan-
dard tools compatible with YOLO training formats, ensuring seamless integration into
the model training pipeline. The Dataset Splitting Table 1 provides clarity on how the
data was divided into training, validation, and testing sets. However, there is a minor
inconsistency: the table mentions 80% for training and validation combined but splits
it into 70% training and 10% validation, which could be clarified for precision.
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3.6 Model Implementation and YOLOv8 Architecture

In deep learning—based computer vision, the YOLO family has become one of the
most widely used real-time object detection frameworks due to its efficiency and high
detection accuracy . A standard YOLO model consists of three main components: the
backbone, neck, and head. The backbone extracts multi-level image features, the neck
aggregates these features across different scales for robust object representation, and
the head generates the final predictions, including bounding boxes and class labels
. YOLOVS, released in January 2023, introduces several architectural improvements
over its predecessors [11]. The backbone is based on CSPDarknet-53, with the tradi-
tional C3 module replaced by the more efficient C2f module to enhance gradient flow
while maintaining a lightweight structure. Similar to YOLOvS5, the SPPF (Spatial
Pyramid Pooling — Fast) module remains part of the backbone for improved multi-
scale feature extraction. The head undergoes significant upgrades, adopting a modern
Decoupled Head that separates classification and regression tasks and transitioning
from an anchor-based to an anchor-free detection strategy. Additionally, YOLOv8
replaces earlier IoU-based matching methods with improved loss functions designed
for more stable and accurate training.

3.7 YOLOv11 Architecture
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Fig. 4 Proposed YOLOv1ls architecture

YOLOv11 introduces significant advancements in real-time object detection by
enhancing accuracy, speed, and efficiency. The model is structured into three main
components: Backbone, Neck, and Head, as seen in Fig. 4. The Backbone is responsi-
ble for multi- scale feature extraction using deep convolutional layers and specialized
modules. Key innovations include the introduction of the C3k2 block, retention of the
Spatial Pyramid Pooling Fast (SPPF) block, and the addition of the C2PSA block
for improved feature representation [7]. These improvements enable better spatial and
semantic information processing, enhancing detection capabilities. With its optimized
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architecture and training methodologies, YOLOv11 sets a new benchmark in object
detection performance.

3.8 EasyOCR for License Plate Recognition

EasyOCR —>» Greedy Decorder

YOLOV11

&
YoLovs

Pre- Process Mid-Process

Fig. 5 EasyOCR Workflow

The proposed OCR pipeline integrates object detection and text recognition to
accurately extract characters from images and video frames (see Fig. 5). The process
begins with data acquisition, where images containing text are collected from diverse
environments and viewing angles. These inputs are then pre-processed through resiz-
ing, noise reduction, contrast enhancement, grayscale conversion, and normalization
to ensure stable and precise detection. Once pre-processed, the images are passed to
YOLOv11 and YOLOvS detectors, which identify and localize text-containing regions
by treating text recognition as an object detection task. The detected regions of inter-
est are cropped and further refined through mid-processing steps such as geometric
correction, binarization, and standardization to maintain consistent quality before
recognition. EasyOCR is then used to convert these processed image patches into text,
leveraging its multilingual capabilities and robustness to complex fonts and challeng-
ing visual conditions. The output probabilities from EasyOCR are decoded using a
Greedy Decoder, which selects the most likely character at each time step to form the
recognized sequence, offering fast inference though optimal mainly for clean inputs.
Post-processing is applied to enhance the decoded text through error correction, lin-
guistic rules, and noise removal, ensuring clarity and reliability. Finally, the refined text
is delivered as the system’s output, ready for downstream tasks such as license plate
recognition, automated data entry, or intelligent document processing. The presented
OCR system has object detection as well as text recognition features to accurately
identify characters in images or video frames. The pipeline consists of several stages
that follow one another.

4 RESULTS AND DISCUSSIONS

The experimental results validate the effectiveness of the proposed YOLOvl1ls-
based ALPR system for Bangladeshi license plates. The architectural improvements
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in YOLOvlls—particularly the C3k2 fusion module and C2PSA attention mecha-
nism—contribute to enhanced fea- ture extraction and improved detection of small,
complex objects such as Bengali characters within the two-line plate format. The
integration of EasyOCR, proves advantageous for multilingual character recognition,
achieving high accuracy without extensive custom training. The framework’s native
support for Bengali script, combined with our preprocessing optimizations (grayscale
conversion, contrast enhancement, and noise reduction), enables robust character
recognition across diverse plate conditions. The lightweight architecture (9.4M param-
eters) and fast inference time (10.8ms) position the system as practical for deployment
scenarios ranging from cloud-based traffic surveillance to edge computing on resource-
constrained devices. The demonstrated real-time performance (92 FPS for detection)
substantially exceeds the require- ments for typical traffic monitoring applications
(25-30 FPS). Comparative analysis against recent literature demonstrates that our
approach achieves state-of-the-art performance while maintaining superior computa-
tional efficiency. The system’s robustness across environmental conditions (daylight,
night, rain, occlusion) validates the effectiveness of our augmentation strategy and
model selection.

4.1 Performance Evaluation Matricx

F1-Confidence Curve
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Fig. 6 F1 curve for YOLOvlls

The F1 curve for YOLOV11s, YOLOv8s and YOLOvS8x are presented in Fig. 6, Fig.
7, and Fig. 8, respectively. To evaluate the performance of YOLOv11(s) on the vehi-
cle detection dataset, a range of standard object detection metrics were used. These
metrics facilitate a comprehensive assessment of model accuracy, robustness, and effi-
ciency, and enable direct comparisons with the results from YOLOvS8(s), YOLOv8(x),
and YOLOv11(s). Mean Average Precision (mAP): A popular evaluation metric
for object detection is Mean Average Precision (mAP), which computes the average
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precision across several Intersec- tion over Union (IoU) criteria. There are two reported
mAP levels:

e mAP@O.5: Average precision calculated at an IoU thresh- old of 0.5, primarily
evaluating classification accuracy.

® mAP@O0.5:0.95: Average precision calculated across IoU thresholds from 0.5 to
0.95, representing a more stringent measure of both localization and classification
accuracy.

N
1
AP = — ST AP 1
m N; (1)
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Fig. 7 F1 curve for YOLOv8s

Table 2 presents a comprehensive comparison of the three evaluated YOLO archi-
tectures on our custom Bangladeshi license plate dataset. YOLOv11s demonstrates
superior overall performance, achieving the highest F1l-score of 0.98 while maintain-
ing competitive precision and recall values. The Fl-confidence curve (Fig. 6) shows
that YOLOv11s achieves optimal Fl-score (0.98) at a confidence threshold of 0.45,
suggesting the model produces well-calibrated predictions. The precision-recall curve
demonstrates consistent performance across different threshold values, with the area
under the curve (AUC) of 0.989, indicating robust detection capability.

Table 2 Classification report for different YOLO models

Model Precision Recall Fl-score mAP50
YOLOVS (s) 0.96 0.98 0.97 0.98
YOLOvV11 (s) 0.97 0.97 0.98 0.98

YOLOVS8 (x) 0.96 0.97 0.97 0.98
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Fig. 9 License plate detection in real-time video

This output of YOLO model detect on realtime video capture and then extract the
number plate with specific plate into bounding box. Fig. 9 and Fig. 10 illustrate the
real-time license plate detection process and its corresponding output from the input
image.

The OCR subsystem achieved 97.9% character-level ac- curacy, with digit recog-
nition performing best (98.7%) due to standardized numeral fonts, as seen Table
3. Bengali character recognition achieved 96.2% accuracy, with primary confusion
between morphologically similar characters (Kha/ and Ka/). English letter recogni-
tion reached 97.3%, with common errors involving ambiguous characters like O’ and
’0’. For complete license plate recognition (all characters correct), the system achieved
94.3% accuracy on the test set. Error analysis revealed that most failures occurred in
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cases with severe degradation, extreme angles (40°), or multiple challenging conditions
combined (e.g., night + occlusion 4+ motion blur).

Table 3 OCR character recognition performance

Type Total Correct Accuracy (%)
Bengali 1,245 1,198 96.2
English 2,890 2,812 97.3
Digits 4,560 4,502 98.7
Overall 8,695 8,512 97.9

e

Fig. 10 Image to license plate Detection output

Table 4 Comparison with state-of-the-art ALPR systems

Study Year Data Detection (%) OCR (%) RT
Shams et al. 2021 2,100 94.2 89.5 No
Rahman et al. 2022 2,800 96.8 92.3 No
Hossain et al. 2023 3,200 95.4 91.7 Yes
Islam and Ahmed 2023 1,500 98.2 89.4 No
Nasim et al. 2024 2,500 98.5 94.1 No
Proposed (YOLOv11s) 2024 3,500 98.0 97.9 Yes

Table 4 compares the proposed YOLOv11s-based ALPR system with state-of-the-
art methods. The table reports the dataset size, detection accuracy, OCR accuracy,
and real-time (RT) capability. The proposed system achieves competitive detection
(98.0%) and the highest OCR accuracy (97.9%) while supporting real-time operation.
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5 Conclusions

After the text edit has been completed, the paper is ready for the templ This
study successfully developed and evaluated an Automatic License Plate Detection and
Recognition (ALPR) using modern technologies including YOLO V11 and Easy OCR.
The model of computer vision for contemporary smart city facilities 98.00% accuracy
is achieved using Yolov11s lightweight input layered model on our custom dataset of
3500 images. Furthermore, this study utilizes images from Dhaka city only and needs
to collect images from other districts. Improve image quality using CLAHE and pursue
black-and-white imaging. In this study, we implemented AVLPD for detecting license
plates with an outperforming result. We overcome the result of the previous license
plate detection model. Our model is to implement real-world applications. However,
in the future, we will include other systems in this research. We will aim to Develop a
smart toll management process by using YOLO-based number plate recognition mod-
els coupled with OCR and IoT technology. The system will detect its number plate
using a YOLO-based model then the OCR-extracted text will be stored against a pre-
registered database containing vehicle IDs and owner details. If a match is found, the
toll fee will automatically be deducted toll from the linked account. and the access
barrier (belt) will open for the vehicle to pass.
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