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Abstract: AVNPR systems are critical in intelligent transportation, monitoring, and law enforcement sys-
tems. Nevertheless, the current systems are usually challenged by the issues of dissimilar illumination, ob-
struction, and the diversity of plate formats, which restrict their practical applicability. To solve these prob-
lems, this paper suggests a real-time deep learning-driven AVNPR framework that incorporates effective
detection and recognition systems. The proposed system employs the YOLOv8 object detector model to
localize number plates with high accuracy and speed, as well as a lightweight recognition module to identify
alphanumeric characters. A custom dataset with different types of vehicles in different environmental con-
ditions was created and improved with the help of preprocessing and data augmentation methods to make
the model more robust. In the experiments, the proposed system demonstrated an overall system accuracy
of 98.7%, representing the combined number plate detection and character recognition results. The mAP@0.5
is 97%, and mAP 0.5-0.95 is 91%, as well as high precision, recall, and F1-score, which suggests that it shows
potential applicability across varying conditions in the assessed dataset and suggests that it may be suitable
for real-world applications. The system is also implemented with a Flask-based web application, and it sup-
ports image based and real-time webcam detection. The results indicate that the proposed framework pro-
vides a viable, efficient, and deployable solution to AVNPR applications. The work will lead to the creation
of scalable and real-time intelligent transportation systems and give a basis for future advancement in the
improvement of robust vehicle recognition in challenging conditions.

Keywords: Automatic Vehicle Number Plate Recognition; AVNPR; Traffic Surveillance; Law Enforcement;
Intelligent Transportation System.
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1. Introduction

Automatic Vehicle Number Plate Recognition
(AVNPR) has become an important part of the current in-
telligent transportation system and serves to identify vehi-
cles automatically to be used in traffic monitoring, toll col-
lection, parking control, and law enforcement [1]. With the
rapid growth of urbanization and the increasing number
of vehicles on roads, there is a growing demand for effi-
cient, accurate, and real-time systems capable of identify-
ing vehicle license plates under diverse environmental

conditions [2], [3]. Nevertheless, the practical implementa-
tion of AVNPR systems is still difficult because of different
illumination, motion blur, occlusion, complicated back-
grounds, and non-standard plate formats [4]. The conven-
tional number plate recognition methods were very de-
pendent on rule-based image processing methods, such as
edge detection, thresholding, and morphological opera-
tions [5], [6]. Although these approaches offered some
early solutions, they were inadequate due to their lack of
strength and flexibility in changing circumstances [7]. The
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shift to machine learning was accompanied by better clas-
sification methods, yet these methods still relied on hand-
crafted features and multi-stage pipelines [8], [9].

Deep learning-based approaches, especially Convo-
lutional Neural Networks (CNNs), have recently made a
tremendous impact on the field, allowing automatic fea-
ture extraction and enhanced generalization [10]. The You
Only Look Once (YOLO) family of models is one of the
most popular deep learning methods because it is capable
of detecting objects in real-time with high accuracy [11].
Particularly, YOLOVS has architectural enhancement, bet-
ter feature representation, and an effective training pro-
cess that makes it very suitable in applications where fast
and reliable detection is needed [12], [13]. Its single-stage
detection architecture enables localization and classifica-
tion of objects in a single forward scan, thus minimizing
computational complexity and latency relative to conven-
tional two-stage detectors [14]. Although these develop-
ments exist, most of the current AVNPR systems are
mainly concerned with high detection accuracy and ignore
practical implementation features like system integration,
real-time performance, and usability [15]. Moreover, some
of these state-of-the-art methods are based on complicated
hybrid architectures and big-scale data that can constrain
their use in resource-constrained settings. A trade-off be-
tween reliable detection, acceptable recognition perfor-
mance, and efficient deployment in real-world situations
is still needed [16], [17].

In this regard, this paper offers a deep learning-based
AVNPR system capable of both vehicle number plate de-
tection and recognition, with the main focus on real-time
vehicle number plate detection based on the YOLOvS8
model. In addition, the system incorporates a small recog-
nition module to isolate alpha-numeric data of the plates
that have been detected and is subsequently implemented
in a Flask-based web application to facilitate easy interac-
tion between the user and the system. An experimental da-
taset with a variety of vehicle types and different environ-
mental conditions is used to increase the generalization of
models.

The key contributions of this work are the following:

e Creation of a YOLOvS8-based real-time number
plate detector that accurately localizes under var-
ious environmental conditions.

e Detection and recognition should be integrated
into a single lightweight ANPR pipeline, allowing
full plate detection.

e Adoption of a Flask web application that facili-
tates real-time webcam and image-based webcam
detection.

e Development of a heterogeneous dataset to en-
hance the model generalization in different light-
ing, weather, and vehicle conditions.

The rest of the paper is organized in the following
manner. Section 2 conducts a literature review on the field

of automatic vehicle number plate recognition. The pro-
posed methodology, such as dataset preparation, model
configuration, and system architecture, is presented in
Section 3. The experimental results and performance eval-
uation are discussed in Section 4. In Section 5, the findings
are discussed in detail. Lastly, Sections 6 and 7 wraps up
the paper and points out future research directions.

2. Related Work

Automatic Vehicle Number Plate Recognition
(AVNPR) is an important application of computer vision
that enables the automatic detection and recognition of ve-
hicle license plates [18], [19]. It plays a crucial role in intel-
ligent transportation systems, traffic monitoring, parking
management, toll collection, and law enforcement [20]. An
AVNPR system is generally made up of several steps, such
as image acquisition, preprocessing, plate localization,
character segmentation, and optical character recognition
(OCR). The early ANPR systems were based on the con-
ventional methods of processing images, including edge
detection, thresholding, and morphological operations
[21], [22]. Nevertheless, they were very sensitive to envi-
ronmental factors such as lighting changes, shadows, oc-
clusion, and plate format differences, thereby limiting
their practical use in the real world [23]. As the field of ar-
tificial intelligence evolves, more modern ANPR systems
have been developed using deep learning-based methods
to enhance robustness and accuracy [24], [25]. Convolu-
tional Neural Networks (CNNs) have become the back-
bone of modern AVNPR systems due to their strong fea-
ture extraction capabilities [26]. Specifically, plate detec-
tion models like Faster R-CNN, SSD, and the YOLO (You
Only Look Once) family have become widely popular in
plate detection [27]. As single-stage detectors, the YOLO
series provides real-time operation by performing object
detection and classification in a single step. Recent models
such as YOLOv5, YOLOv7, and YOLOvVS included better
feature pyramid networks, anchor-free detection, and
training efficiency. Moreover, more recent versions like
YOLOv9, YOLOv10, YOLOv1l, and YOLOv12 have
added more sophisticated features like programmable
gradients, end-to-end optimization, and hybrid architec-
tures to obtain improved accuracy and scale [28].

Several studies have explored the application of deep
learning models in AVNPR systems. N. Ruseno et al. [29]
suggested an improved Automatic Vehicle Number Plate
Recognition (AVNPR) system to overcome environmental
variations, occlusion, and various plate formats in real-
time traffic surveillance. The study combines YOLOVS to
identify license plates and a Convolutional Neural Net-
work (CNN) to identify characters, where a large dataset
of more than 33,000 images is used to train the model. The
system was also very reliable and effective, with 94.4% de-
tection accuracy and 94.05% character recognition accu-
racy. Although these results are promising, the study also
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has limitations such as high computational demands, reli-
ance on large data, and the inability to deal with extremely
complex or degraded conditions, which can impact scala-
bility and deployment effectiveness.

S. Arukonda et al. [30] suggested a smart parking sys-
tem based on AVNPR in real time to solve the problem of
inefficient parking distribution and monitoring vehicles in
the urban area. The research employs the YOLOvS to iden-
tify license plates and OCR to recognize text, and a rule-
based system to assign parking slots. The system had a
93.5% accuracy, 94.2% precision, 95.8% recall, and 94.0%
Fl-score with a rapid inference of approximately 50
ms/frame, indicating a good real-time performance. How-
ever, the research is limited to poor performance in ex-
treme weather conditions, motion blur, non-standard
plates, and reliance on image quality, which can influence
robustness in a highly dynamic environment.

W. Xiong et al. [31] suggested an improved license
plate recognition system that can work under complex
conditions with CSCM-YOLOVS to detect and CSM-LPR-
Net to recognize. The method enhances YOLOv8 with
modules like CPA-Enhancer, CARAFE, SEAM, and
MLLABIock to improve feature extraction, robustness,
and detection accuracy, while LPRNet is improved using
SE, CBAM, and MixConv2d for better character recogni-
tion. The system had a 94.50% accuracy, 95.70% precision,
95.8% recall, and 96.0% F1-score, and mAP at 0.50 of 95.9%
and 94.9%, respectively, and recognition accuracy of
95.56%, which is much higher than the baseline models. In
spite of good performance, the weaknesses are that the
models are very complex, expensive to compute, and dif-
ficult to implement in real-time on resource-constrained
platforms.

A hybrid license plate detection and recognition sys-
tem for Bangladeshi vehicles was suggested by S. Rahman
et al. [32], which overcomes certain issues, such as com-
plex Bangla characters, different lighting, and different
plate formats. It is based on YOLOVS8 detection and a hy-
brid recognition method of EfficientNetB0O and EasyOCR,
which is combined via a confidence-based voting system.
The robustness is enhanced by a multi-stage preprocessing
pipeline. The model attained a detection accuracy of
96.7%, 95.3% precision, 95.8% recall, and 94.4% F1-score,
and full-plate recognition accuracy of 94.90%, which is bet-
ter than single CNN and OCR approaches. However, the
limitations are computational overhead, reliance on the
quality of preprocessing, and worse performance with oc-
clusion, degraded images, and non-standard plates.

V. Gnanaprakash et al. [33] suggested an AVNPR sys-
tem based on deep learning to track vehicles in real-time
with CCTV footage, which solves the issue of tracking ve-
hicles in high-speed conditions. The system scans vehicles
and license plates with YOLO, and then processes images
with Image processing methods and Tesseract OCR to
identify characters, established on the ImageAl frame-

work. The model reached 95.5% car detection, 94% plate
detection, and 96.7% character recognition, 96.2% preci-
sion, 95.8% recall, and 95.9% F1-score, which shows the
successful performance in real-time. The study is limited
by poor performance in different lighting conditions, large
computational needs, and reliance on the quality of pre-
processing, which can influence robustness in the real
world.

Other architectures and improvements have also
been explored in addition to the YOLO-based approaches.
As an example, CNNs have been modified with Recurrent
Neural Networks (RNNs) or Connectionist Temporal
Classification (CTC) to enhance the accuracy of character
recognition [34]. These studies show that although there is
a significant improvement in detection accuracy, the over-
all performance of the system remains a function of the da-
taset diversity, environmental factors, and the efficiency of
the recognition stage. In spite of these developments, there
are a number of limitations to the current research. The
newer versions of YOLO (v9-v12) have more complex ar-
chitecture and increased computational demands, and are
less applicable to real-time usage in lightweight or web-
based applications [35]. Moreover, other designs are
mainly concerned with the accuracy of the detection but
not the system integration, usability, and efficiency of the
deployment. Issues like plate format variability, lighting,
and generalization to invisible data are also not yet re-
solved.

Hence, the current work uses YOLOVS as the central
detection model because it offers a balanced trade-off be-
tween accuracy, speed, and the simplicity of implementa-
tion. YOLOv8 provides a stable and well-supported
framework, enabling efficient training and seamless inte-
gration with web technologies such as Flask. It has a re-
duced computational load compared to more recent ver-
sions but still has good detection characteristics, making it
very appropriate for real-time AVNPR systems. The goal
of the proposed study is to create a practical, efficient, and
user-friendly number plate recognition system that can
work effectively in the real-world environment.

3. Methods

This study proposes a real-time Automatic Vehicle
Number Plate Recognition (AVNPR) system based on the
YOLOVS object detection framework. The system is de-
signed to accurately detect and recognize vehicle number
plates under diverse environmental conditions. The over-
all pipeline consists of dataset preparation, preprocessing,
model configuration, training, and deployment within a
web-based application.

3.1. Overview of the Proposed System

The proposed study introduces an Automatic Vehicle
Number Plate Recognition (AVNPR) system built on deep
learning that is capable of real-time and image-based ve-
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Figure 1. Overview of the Proposed Architecture.

hicle number plate detection and recognition. The system
suggested has a systematic pipeline that incorporates data
acquisition, preprocessing, model training, detection,
recognition, and deployment. YOLOVS is chosen as com-
pared to previous versions due to its anchor-free architec-
ture, enhanced training process, and generalizability. The
system is based on the YOLOVS object detector model that
allows the localization of number plates effectively and in
real-time. The plate regions identified undergo further
processing to extract and identify characters. In order to
boost usability, the trained model is deployed to a Flask-
based web app, enabling users to conduct image-based
and real-time webcam detection. The system is designed
to guarantee robustness, scalability, and applicability in
the real world, like traffic monitoring and surveillance sys-
tems.

The proposed system has an architectural framework
of the YOLOV8 detection pipeline, comprising three pri-
mary components: the backbone, neck, and detection
head. As shown in the Figure 1, the input image is initially
fed into the backbone network, which consists of several
convolutional (Conv) and C2f layers to extract hierarchical
feature representations, and the Spatial Pyramid Pooling
Fast (SPPF) module further improves multi-scale feature
learning. These characteristics are subsequently for-
warded to the neck that incorporates operations of upsam-
pling and concatenation (Concat) to combine high-level
semantic features with low-level spatial features, thus
making successful feature merging at varying scales.

Lastly, the detection head uses multi-scale predic-
tions at the various resolutions (e.g., 80x80, 40x40, and
20x20) and enables objects of various sizes to be detected
accurately, including small objects like number plates. It is

an effective architecture to use in localizing number plates
in complex situations with high precision because it effi-
ciently identifies the plates in real time through the use of
robust feature extraction coupled with multi-scale learn-
ing.

The suggested methodology makes a clear distinction
between the detection and recognition phases. The
YOLOV8 model is directly trained to localize number
plates, whereas recognition is performed on extracted
plate regions. This modular architecture enhances inter-
pretability and scalability, and enables detection and
recognition subunits to be optimized separately.

3.2. Data Collection and Preparation

The dataset in this study is a custom dataset con-
structed to be utilized in the training and testing of the pro-
posed AVNPR system. It comprises a total of 572 anno-
tated images of vehicle number plates, which are gathered
in various real-world situations. The data contains the
changes in light, weather, viewing angles, and types of ve-
hicles, so that the data is robust and can be generalized.
The dataset was broken down into three subsets, 401 im-
ages were used to train, 114 images were used to validate,
and 57 images were used to test. This division guarantees
efficient model learning and steady assessment of un-
known data.

The dataset is relatively small compared to large-
scale benchmarks; however, its advantage is its variety
and variability in the real world. To overcome the weak-
ness of the dataset size, large-scale preprocessing and data
augmentation methods were used to artificially enhance
the variability of the data and enhance the quality of the
models. In addition, a pre-trained YOLOvS8 model was
used to implement transfer learning, which enables the
system to utilize learned representations of larger datasets.
This greatly improves detection performance even with
small training samples. Consequently, the integration of a
curated custom dataset, data augmentation, and transfer
learning allows the proposed model to attain strong and
trustworthy results in practical settings. Future research
will involve the expansion of the dataset to cover larger-
scale and multi-region variations in license plates to fur-
ther improve model generalization. Data augmentation in-
volved random horizontal flips, image resizing, changes to
brightness and contrast, and slight rotations. These aug-
mentations were applied during training for real-world
variations and increased model generalization.

3.3. Model Training and Configuration

The YOLOv8 model was configured to perform num-
ber plate detection as the primary task. Key hyperparam-
eters such as input image size, batch size, learning rate,
and number of epochs were carefully selected and opti-
mized based on the dataset characteristics, as shown in Ta-
ble 1. Transfer learning was applied by ensuring that the
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Table 1. Model Configuration and Training Parameters.

Parameter Description

Model Architecture YOLOvS8n (Nano version)

Input Image Size 640 x 640 pixels

Number of Epochs 100

Batch Size 16

Optimizer Default (SGD/Adam auto-confi-

gured)

Hardware Used Tesla T4 GPU (~15.8 GB VRAM)
Model Parameters ~ ~3.15 Million
GFLOPs ~8.9 GFLOPs

model was initialized with pre-trained weights that en-
hanced the speed and effectiveness of training. The model
was trained across several epochs, and as the model be-
came capable of learning spatial and contextual features
related to number plates. The dataset was divided into
training and validation sets to track the performance and
avoid overfitting. The optimization was performed based
on loss functions of bounding box regression, objectness
score, and classification accuracy. Accuracy, precision,
and recall were used as performance metrics to measure
model effectiveness throughout training. Early stopping
and validation checks were implemented to ensure opti-
mal performance while avoiding overfitting.

The final trained model demonstrated the ability to
accurately detect number plates under varying environ-
mental conditions and vehicle types. The experiments
were carried out on a Tesla T4 GPU with about 15.8 GB of
VRAM. Unseen data were used to assess model perfor-
mance and guarantee generalization. The metrics em-
ployed in the evaluation are accuracy, precision, recall,

and Fl-score, which give a holistic description of the de-
tection and recognition results. We trained the model with
a learning rate of 0.001 and the default optimizer settings
of the YOLOVS8 framework. Training included data aug-
mentation with horizontal flipping, scaling, brightness,
and rotation to improve model robustness. A fixed ran-
dom seed was used for all experiments to maintain con-
sistency. We used the same data split for all experiments,
including ablation studies, to maintain consistency. Train-
ing was stopped early according to validation loss to avoid
overfitting, and the model with the best validation accu-
racy was chosen.

3.4. Number Plate Detection and Recognition
3.4.1. Plate Detection

The plate detection phase is carried out with the help
of the trained YOLOvV8 model, which is based on a single-
stage object recognition mechanism that recognizes num-
ber plate areas in images or video frames. The model will
process the input image and will produce bounding boxes
around the identified plates and confidence scores.
YOLOVS can effectively detect small objects and is capable
of detecting number plates in complex background clutter,
such as poor lighting, occlusion, and arbitrary rotation.
The architecture uses an anchor-free detection approach
with a feature pyramid to effectively capture multi-scale
features and enhance object localization accuracy regard-
less of object size. This design ensures fast and robust de-
tection in various conditions.

3.4.2. Plate Recognition

When the region of the number plate is identified, the
character recognition is performed by extracting the num-
ber plate and processing it. The recognition phase is based
on the use of image processing to refine the plate area. The
stage is especially difficult because of differences in plate
formats, fonts, and distortions caused by the environment.
The system uses the learned characteristics during the
training stage to correctly identify characters, so that even
non-ideal conditions will yield reliable results.

While the recognition module is simpler than intri-
cate deep learning-based OCR systems, the quality of the
detection stage enhances its performance. Because the
YOLOV8 model provides precise localization of number
plate zones with minimal distractions, the recognition
module receives clean and well-cropped images, enhanc-
ing its effectiveness. This approach allows us to achieve ef-
fective recognition without a sophisticated recognition
module.

3.5. System deployment with Flask Web Application

The trained AVNPR model was implemented into a
Flask-based web application to enable its usability in the
real world. Flask was selected because it is a lightweight
architecture and can easily integrate ML models.
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As illustrated in Figure 2, the web application offers
two main functions: Image-based detection, where users
upload images containing vehicles, and real-time detec-
tion, in which the system processes live video input from
a webcam. The image processing, model inference, and
generation of results are done in the backend, which is
based on the Flask implementation. The frontend is cre-
ated with HTML, CSS, and JavaScript, which include an
interactive interface that allows users to interact with the
front end. Other libraries like OpenCV, NumPy, and PIL
are employed in image handling and processing.

A record management feature is also included in the
system, where identified number plates are kept with time
stamps to be referred to in the future, as shown in Figure
3. This integration guarantees that it is an end-to-end solu-
tion, which comprises detection, recognition, and deploy-
ment in a single and unified system that can be used prac-
tically in areas like traffic monitoring, parking control, and
law enforcement.

3.6. Evaluation Metrics

In order to assess the performance of the proposed
AVNPR system quantitatively, various standard evalua-
tion measures, such as accuracy, precision, recall, and F1-
score, were applied. Besides classification-based evalua-
tion metrics, object detection models are evaluated using
mean Average Precision (mAP), which is the standard
metric used for YOLO models. The mAP@0.5 is the aver-
age precision with an Intersection over Union (IoU) of 0.5,
while the mAP@0.5:0.95 is the average precision with IoU
levels ranging between 0.5 and 0.95. This offers a holistic
assessment of object detection and localization. These
measures are obtained based on the confusion matrix,
comprising true positives (TP), true negatives (TN), false
positives (FP), and false negatives (FN). Accuracy indi-
cates how correct a model is in general, and is defined as:

p ~ TP +TN
CCUracy = TP Y TN + FP + FN

(1)

Precision measures the percentage of number plates
identified correctly out of all the number plates identified:

Precision TP @)
rectswn—m

Recall (Sensitivity) evaluates how well the model can
identify all relevant number plates:

Recall = — 7 3)
CCt = TP Y FN

The Fl-score gives a tradeoff between precision and
recall:

Fl=2 (Precision x Recall) 4
X Precision + Recall

These metrics offer an overall assessment of the de-
tection and recognition capabilities of the proposed sys-
tem. It's worth noting that the proposed system is an object
detection system rather than a classification system. The
confusion matrix and other performance metrics are calcu-
lated based on detection performance with respect to pre-
dicted bounding boxes and their associated ground truth
annotations. A bounding box is classified as correct if the
Intersection over Union (IoU) with the ground truth
bounding box is greater than a certain threshold (e.g., IoU
> 0.5). Using this threshold, true positives (IP), false posi-
tives (FP), and false negatives (FN) are determined to com-
pute the metrics. This method allows the computation of
object detection evaluation metrics.

4. Experimental Results and Analysis
4.1. Overall Performance Evaluation

The AVNPR system was tested on a private dataset of
401 training, 114 validation, and 57 test images. The over-
all accuracy of the system was measured at 98.7%, combin-
ing the results of number plate detection using YOLOvS8
and recognition. This accuracy is largely attributable to the
effectiveness of YOLOv8-based detection, which accu-
rately locates the number plate and facilitates recognition
of individual characters. The detection results were also
confirmed using the standard object detection metrics,
with 97% mAP@0.5 and 91% mAP@0.5:0.95, showing
strong localization capabilities at different IoU levels. The
recognition module was also tested independently (Sec-
tion 4.7) to verify its effectiveness while being compact.
The model exhibited fast inference speeds with minimal
latency, although there was some performance decline un-
der difficult conditions such as poor lighting and back-
ground clutter.

Figure 4 shows the confusion matrix of the detection
results, where the detected number plates are compared to
the ground truth with an IoU threshold (IoU > 0.5). True
positives are the number of correctly detected number
plates, whereas false positives and false negatives are er-
rors and omissions, respectively. The high values along
the diagonal of the matrix demonstrate accurate and relia-
ble detection performance. These results demonstrate that
the proposed system works well under different condi-
tions in the dataset; however, as evaluation was done on a
single dataset, additional testing on other datasets is
needed to further validate its effectiveness in real-world
conditions.

4.2. Accuracy

The stated accuracy is calculated using detection out-
put results, with correct number plate localization (calcu-
lated using IoU) and correct number plate recognition
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taken as true positives. The main measure of assessing the
general correctness of the system is accuracy, which deter-
mines the percentage of correctly detected and recognized
number plates in relation to the total number of samples.
As shown in Figure 5, the accuracy of the proposed system
is compared with existing techniques indicates that the
system was effective in dealing with real-world variations
like lighting variations, plate orientation, and background
noise. The accuracy value reported here corresponds to the
overall system performance, including both detection and
recognition stages of the AVNPR system, and demon-
strates that the YOLOv8 model is capable of learning ro-
bust features for number plate detection, although further
improvements can be achieved with larger and more di-
verse datasets.

4.3. Precision

The precision is computed based on detection results,
where number plates localized correctly are considered
true positives, and incorrect or false detections are treated
as false positives. Precision is a measure of how many

number plates are correctly identified, as compared to the
total number of number plates detected, and can be used
to show how the system detects only false positives. The
proposed system had a high value of precision, and indi-
cated that a majority of the number plates detected were
classified correctly, as shown in Figure 6. This implies that
the YOLOVS8 model is effective in minimizing false detec-
tions, so that irrelevant areas are not recognized as number
plates. The use of high precision is especially vital in the
case of law enforcement and surveillance, where a wrong
identification can result in serious mistakes.

4.4. Recall

Recall reflects the capability of the detection model to
detect all number plate instances, based on bounding box
matching with the ground truth labels. The results of the
experiment show that the system has a satisfactory recall
value and thus it is able to identify most number plates
under various circumstances, as shown in Figure 7. How-
ever, some missed detections were observed in challeng-
ing scenarios, such as low-resolution images, motion blur,
and extreme lighting conditions. These limitations high-
light the need for further optimization in handling edge
cases.

4.5. F1-Score

The Fl-score is the harmonic mean of both precision
and recall, capturing the overall performance of the detec-
tion model. As shown in Figure 8, the suggested AVNPR
system had a competitive Fl-score, suggesting that there
was a good trade-off between the accuracy and complete-
ness of detection. The equal performance indicates that the
system is consistent in reducing false positives as well as
maximizing true detections. This measure is a validation
of the general stability of the system when it is used in the
real world, where precision and recall are essential.

4.6. mAP Evaluation (mAP@0.5 and mAP@0.5:0.95)

To assess the performance of the proposed AVNPR
system, we also adopted conventional object detection
evaluation metrics, such as mean Average Precision
(mAP). Specifically, mAP@0.5 and mAP@0.5:0.95 were em-
ployed to evaluate the performance of the proposed
YOLOV8-based detection model on the basis of different
Intersection over Union (IoU) criteria. The proposed sys-
tem attained an mAP@0.5 score of 97% and an
mAP@0.5:0.95 of 91%, demonstrating high detection and
localization accuracy. The strong mAP@0.5 score indicates
the model's ability to accurately localize number plate re-
gions when using a moderate level of overlap, while the
mAP@0.5:0.95 value suggests reliable performance when a
higher degree of overlap is required. As illustrated in Fig-
ure 9, both metrics show stable convergence during train-
ing, which suggests the stability and efficacy of the pro-
posed model in practical applications.
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Table 2. Recognition Performance Metrics of the Proposed
AVNPR System.

Metric Value (%)
Character Level Accuracy 96.5
Plate Level Accuracy 92.3
Recognition Precision 95.8
Recognition Recall 95.1
Recognition F1-Score 95.4

4.7. Recognition Performance Evaluation

To demonstrate the effectiveness of the proposed
AVNPR system, the recognition module was evaluated in-
dependently. The performance was evaluated by the cor-
rect extraction of the number plate's alphanumeric charac-
ters. Two types of accuracy were evaluated: character-
level and plate-level accuracy. Character-level accuracy re-
fers to the percentage of characters correctly extracted
from all number plates, and plate-level accuracy indicates
whether the whole number plate string has been correctly
extracted. The system achieves a character-level accuracy
of around 96.5% and a plate-level accuracy of 92.3%, as
demonstrated in Table 2.

These measures show that while the recognition
module is straightforward, it is effective because of the
quality of the input it receives from the detection stage,
which accurately locates the number plate and extracts it
with minimal background noise.

4.8. Real-Time Performance Evaluation

As shown in Table 3, the real-time performance eval-
uation shows that the suggested AVNPR system satisfies
real-time application requirements by achieving effective
inference. The real-time inference assessment demon-
strates that the AVNPR system performs inference effi-
ciently with an average detection time of 45-60 ms per
frame, and an overall end-to-end processing time (includ-
ing both detection and recognition) of 50-65 ms per frame.
The separation of detection time and end-to-end pro-
cessing time helps to understand the latency of the system.
The system is appropriate for implementation in web-
based applications since the lightweight YOLOv8 model
guarantees minimal latency and moderate resource usage.
The system's practical usability in real-world applications
is ensured by the integration with a Flask application,
which further validates its capacity to process both image-
based and live video inputs with low delay.

4.9. Ablation Study

To evaluate the contribution of individual compo-
nents in the proposed Automatic Vehicle Number Plate
Recognition (AVNPR) system, an ablation study was con-
ducted by systematically modifying key elements of the
framework. The objective of this analysis was to assess
how preprocessing and data augmentation influence the
overall performance of the YOLOv8-based model. The ac-
curacy reported in this section refers to the overall system
performance, including both detection and recognition.
The model trained on raw data without data augmenta-
tion and preprocessing achieved an accuracy of around
91.8%, demonstrating poor generalization. The addition of
data augmentation resulted in an accuracy of 93.5%, con-
firming its contribution to generalization performance.
Likewise, the use of preprocessing led to an increase in ac-
curacy to 95.7%, demonstrating the benefits of input qual-
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Table 3. Real-time Performance Metrics of the Proposed Study.

Metric Value / Description
Inference Time (per frame) ~45-60 ms

Frames Per Second (FPS) ~16-22 FPS
Detection Time ~30-40 ms
Recognition Time ~10-15 ms
End-to-End Processing Time ~50-65 ms

Model Size ~6-8 MB (YOLOv8n)

GPU Used Tesla T4 (~15.8 GB VRAM)

GPU Memory Usage ~2.1-2.3 GB

CPU Usage Moderate (depends on deployment)
Latency Low (near real-time response)
Deployment Platform Flask Web Application

Input Mode Image Upload + Real-Time Webcam

Table 4. Comparative Analysis of Existing AVNPR Studies with Proposed Framework.

. Accuracy  Precision Recall F1-Score

Authors Techniques/Models Used %) %) %) %)
N. Ruseno et al. [29] YOLOVS8 + EasyOCR 94.4 X X X

S. Arukonda et al. [30] YOLOv8 + OCR 93.5 94.2 95.8 94.0
W. Xiong et al. [31] YOLOVS8 + Semi-supervised 94.5 95.7 95.8 96.0
S. Rahman et al. [32] YOLOVS8 + EasyOCR 96.7 95.3 95.8 944
V. Gnanaprakash et al. [33] YOLOvVS 94.0 96.2 95.8 95.9
M.R. Alam et al. [34] YOLOVS + Preprocessing 93.7 91.3 95.7 X

S. Basak et al. [35] CNN / ML-based ANPR 96.9 X X X

Proposed Study YOLOVS + Flask Deployment 98.7 97.6 97.1 95.3
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Figure 9. mAP@0.5 and mAP@0.5:0.95 performance curves.

ity improvement. Lastly, the use of both preprocessing
and data augmentation led to the highest accuracy of
98.7%, confirming the effectiveness of the integrated ap-
proach.

Conversely, the proposed system, based on YOLOVS,
has an efficient accuracy of 98.7% and has a balanced
performance in precision, recall, and Fl-score. The main
benefit of the given solution is that it is simple,
lightweight, and can be deployed in real-time with a Flask
web application, while also achieving higher accuracy
compared to existing approaches. As demonstrated in
Table 4, the proposed method achieves the highest

accuracy among all compared approaches. Image pre-
processing enhances image quality and reduces noise,
leading the detection model to learn better features.
Augmentation enhances the diversity of the data, allowing
the model to adapt to different environmental factors.

To confirm the effectiveness of these enhancements,
we trained and tested all models under the same experi-
mental conditions using the same data split. Testing was
always done on the same set of unseen images, ensuring
that comparisons between configurations were fair. This
confirms that the observed performance gain is systematic
and not due to experimental variation or bias. Ablation
studies were performed using the same training settings,
such as hyperparameters, data split, and evaluation met-
rics. This allows us to compare the performance gains from
incorporating preprocessing and data augmentation, ra-
ther than differences in the experimental conditions.

5. Discussion

The evaluation shows that the proposed AVNPR sys-
tem performs well by leveraging the integration of a
YOLOV8-based object detector and a lightweight recog-
nizer. The overall high accuracy is largely attributable to
accurate detection, allowing the recognition component to
work on clear and well-cropped inputs. Custom data, data
augmentation, and pre-trained models help achieve better
generalization even with a small dataset. The evaluation is
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based on object detection principles with IoU matching,
and the high mAP@0.5 and mAP@0.5:0.95 indicate the de-
tection model's effectiveness. The independent evaluation
of character and plate accuracy also confirms that the sys-
tem is capable of an end-to-end AVNPR system. However,
the robustness claim is limited, and additional evaluations
on other datasets are needed to validate the model's gen-
eralization. While the system performs well, some failures
are noted. False positives may arise when text-like objects
are confused with number plates, while false negatives can
be caused by harsh conditions such as low brightness,
blur, occlusion, and low resolution. Recognition errors
may also occur when detected plate regions are partially
distorted. Such shortcomings suggest the need for more
diverse data, better preprocessing, and more effective
recognition methods. While the proposed system delivers
higher accuracy and efficiency than other methods, base-
line comparisons with the same data under the same
model settings were not undertaken. Cross-dataset testing
and baseline comparisons will be conducted in future
work to further demonstrate the effectiveness and robust-
ness of the proposed system.

6. Limitations and Future Work

Although the proposed AVNPR system has shown
promising performance, some limitations still exist. Com-
pared to the other modules, the recognition module is rel-
atively simple and might not be optimal in some demand-
ing environments like low-resolution images, occlusion,
and non-standard plate formats. Moreover, the dataset
size and diversity can constrain the extrapolation of the
model to unseen environments. The future work will be
aimed at incorporating new recognition methods, such as
OCR-based or sequence learning models, to enhance the

accuracy of character recognition. Moreover, increasing
the dataset to more realistic life situations and streamlin-
ing the model to be used on the edge will improve the sta-
bility and usability of the system. The lack of cross-dataset
evaluation is another limitation of the current study. The
model has only been tested on a custom dataset, which
may not capture all real-world scenarios. In this regard,
future research should aim to test the model on publicly
available datasets and cross-dataset scenarios for robust
generalization capabilities.

7. Conclusion

This paper introduced an Automatic Vehicle Number
Plate Recognition (AVNPR) system that uses deep learn-
ing and combines the use of YOLOVS to detect the number
plates in real-time with the lightweight recognition model
and a Flask-based web app to implement it in practice. The
proposed system proves to be highly efficient with an
overall accuracy of 98.7% and strong robustness under di-
verse environmental conditions within the evaluated da-
taset, including light, weather, and diversity of vehicles.
The system effectively addresses the existing gap between
model development and real-life implementation by offer-
ing image-based and real-time detection features in an
easy-to-use interface. Although the recognition compo-
nent remains relatively simple and performance can be
further improved through enhanced datasets and ad-
vanced OCR techniques, the proposed framework offers a
lightweight, efficient, and deployable solution. In general,
the paper helps to develop practical AVNPR systems and
serves as a platform upon which future research in the
field of intelligent transportation and surveillance applica-
tions can be conducted.
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