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ABSTRACT

Traffic accidents caused by seat belt violations remain a severe problem in low-income countries.
Identifying the vehicles of these violators is vital for enhancing safety. Therefore, this research develops a
vehicle license plate detection and recognition system to support this problem. The proposed system was
divided into three subsystems: windshield detection, license plate detection, and character recognition. The
windshield detection subsystem used the You Only Look Once (YOLOv11) model. License plate detection
combined the determination of the Region Of Interest (ROI) and YOLOv11. Meanwhile, character
recognition combined the Contrast Limited Adaptive Histogram Equalization (CLAHE) algorithm and
YOLOvV11. YOLOV11 is the latest version of YOLO, which is faster and more efficient than the previous
version, and CLAHE enhances the contrast of the image dataset, improving its quality. The dataset was
collected from highways and toll roads in Semarang, Indonesia. The test results for windshield detection
showed that the YOLOv11n model produced higher precision and faster detection time than YOLOv11m
and YOLOv8m. The test results for license plate detection showed that the proposed method achieved
perfect precision and recall. Meanwhile, the test results for character recognition indicated that the
proposed method produced higher precision and average precision than YOLOv11n alone. The proposed
method can produce precision and average precision for character recognition of 0.922 and 0.931,
respectively. This research can potentially be used for automatic and real-time identification of car license

plates for violators who do not wear seat belts on the highway.
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I.  INTRODUCTION

Road traffic accidents remain a significant issue, especially
in low-income countries, with seat belt violations being a
critical cause [1]. Results indicated that only 15.1% of all
vehicle passengers in Saudi Arabia were wearing seat belts at
the time of the crash [2]. Despite regulations, violations persist
even though seat belts effectively reduce the risk of injury.
Monitoring is still mostly manual, limiting detection. A
proposed solution is using Closed-Circuit Television (CCTV)
with computer vision-based technology to automatically detect
seat belt violations. There are three subsystems in license plate
identification for seat belt violators: windshield detection, seat
belt violator detection, and license plate identification. Several

studies have used different methods for windshield detection
and unbuckled violator detection. Some researchers used
manual methods such as edge detection to determine the driver
and seat belt area [3-5]. However, over time, Convolutional
Neural Network (CNN)-based methods, such as MobileNetV2
[6] and You Only Look Once (YOLO) [7-9], have become
dominant due to their higher accuracy and robustness.

The license plate identification subsystem is used to
identify license plates of unbelted violators. This subsystem is
divided into license plate detection and character recognition.
License plate detection is used to determine the location of a
license plate, while character recognition is used to extract
character image objects on the license plate. Several methods
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have been widely used for license plate detection. The image
processing method is still commonly applied by combining
several techniques, including morphological operations,
resizing, contour detection, thresholding, and histogram
equalization [10, 11]. Additionally, authors in [12] used several
image processing methods, namely edge detection,
morphology, and masking. Conventional image processing
methods often encounter difficulties in achieving accurate and
flexible results under real-world conditions, such as varying
angles, lighting, and noise. In addition, deep learning-based
models have been widely used, including YOLOv4, YOLOVS,
YOLOVS8, and YOLOV9. Authors in [13] reported license plate
detection using YOLOvV4 on moving cars. Authors in [14] used
YOLOVS5, which can handle variations in lighting, image
quality, and vehicle orientation. YOLOVS has also been widely
used for license plate detection, and the authors in [15]
compared it to YOLO variants such as YOLO-NAS and
YOLOV9Y.

Several methods have also been used in character
recognition, including Easy Optical Character Recognition
(EasyOCR), Paddle OCR, Tesseract OCR, and YOLOVS.
Authors in [16] used EasyOCR for license plate character
recognition, focusing on the Smart Checkpoint Management
System (SCMS). Authors in [17] proposed Paddle OCR, which
was compared with several variants of previous OCR models.
The proposed method yielded higher accuracy than others.
Authors in [18] proposed the Tesseract OCR method, which
was capable of recognizing characters both during day and
night. YOLOv8 had a good performance for license plate
detection. Authors in [19] compared YOLOv8, YOLOV9, and
SSD: Mobinet. The proposed method produced the best
average precision, although its speed was inferior to YOLOV9.
Meanwhile, authors in [20] compared several YOLO variants.
YOLOV8 produced higher accuracy than YOLOv2, YOLOV3,
and YOLOv4. The latest version of YOLO, YOLOv11, has
emerged, a series of Ultralytics YOLO real-time object
detectors with superior accuracy, speed, and efficiency [21].
YOLOv11 offers significant improvements in its architecture
and training method, making it a flexible choice for various
computer vision tasks [21].

One of the datasets used in this study consists of license
plates. The characters on these license plates are often unclear
due to poor lighting, vehicle speed, low camera resolution, and
other challenges. Therefore, it needs to be corrected before
being processed with the model. One way is to increase the
contrast using Contrast Limited Adaptive Histogram
Equalization (CLAHE) by increasing the accuracy [22-24].
Therefore, in this study, CLAHE and YOLOv11 are integrated
for automatic license plate detection and recognition, with a
focus on being used to detect unbuckled violators. The
proposed system consists of three subsystems: windshield
detection, license plate detection, and character recognition.

II. MATERIAL AND METHODS

A. Dataset

We used three datasets: DS_Frame, DS_ROI, and
DS_License_Plate. DS_Frame was a collection of video frames
recorded on the highway containing vehicle objects such as

cars and motorcycles, and this dataset consisted of 2231
frames. This dataset was divided into three parts, including
80% training data, 10% validation data, and 10% testing data.
The recording was conducted in two locations, namely the
highway and the toll road of Semarang City, Indonesia.
Recording was done during the daytime in bright conditions
using a camera placed on a pedestrian bridge above the road.
An example image from the DS_Frame dataset is shown in
Figure 1. The DS_ROI dataset is a Region Of Interest (ROI) of
each car's license plate as seen through the windshield. This
ROI is where the license plate is most likely to be, under the
windshield. An example of this dataset is shown in Figure 2.
Meanwhile, the DS_License_ Plate dataset collects car license
plates from the DS_ROI dataset. An example of this dataset is
shown in Figure 3.
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Fig. 1. Examples of the DS_Frame dataset.

Fig. 2.
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Fig. 3.

Examples of the DS_License_Plate dataset.
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B. The Proposed Method

The proposed system is part of a car license plate
identification system for violators who do not wear seat belts.
This study focuses on detecting and identifying car license
plates, as shown in Figure 4. The proposed system is divided
into three subsystems: windshield detection, license plate
detection, and character recognition.

1) Windshield Detection

A windshield can distinguish cars and other objects on the
road. Additionally, the windshield can be used to identify
unbelted drivers and passengers. The YOLOv11 model is used
for this windshield detection. YOLOv11, the latest version
from Ultralytics, offers lightweight, faster, and more efficient
models than previous versions [21]. This version is built on the
YOLOv8 codebase, features architectural tweaks, and
incorporates elements from YOLOvV9 and YOLOV10 for better
performance. YOLOv11 supports multiple computer vision
tasks, including object detection, instance segmentation, image
classification, pose estimation, and oriented object detection.
For object detection, YOLOv11 uses a CNN to extract image
features, predicts bounding boxes and class probabilities, and
applies Non-Maximum Suppression (NMS) to filter results for
accuracy. Furthermore, it is trained on the MS-COCO dataset,
covering 80 classes. The architecture is an enhanced version of
YOLOv8 with additional integrations and tuning. The
architecture includes the backbone, neck, and head [25].

The backbone extracts the features from the input image at
multiple scales. YOLOv11 introduces the C3k2 (Cross Stage
Partial with kernel size 2) block, a custom Cross Stage Partial
(CSP) bottleneck with two smaller convolutions, replacing the
Convolutional to Fused (C2f) block in YOLOvVS8 for better
efficiency. CSP networks split feature maps, process parts
through a bottleneck, and merge them to reduce computational
load and enhance feature representation.

The neck aggregates features from different resolutions for
prediction, using upsampling and concatenation. YOLOv11

uses the C3k2 block here for improved speed and performance.
It also adds the Convolutional block with Parallel Spatial
Attention (C2PSA), a spatial attention mechanism that focuses
on key regions to help detect smaller or occluded objects, an
enhancement over YOLOVS.

The head generates final predictions, such as bounding
boxes and classifications. Similar to the neck, the C3k2 block
replaces C2f. The Detect layer remains the same as YOLOVS,
but the C3k2 block increases speed and parameter efficiency.

2) License Plate Detection

License plate detection is used to determine the location of
license plates on vehicles. This subsystem is divided into ROI
determination and license plate detection. ROI determination is
used to reduce the area of the license plate in order to increase
the possibility of license plate detection. In addition, it can
reduce computation time. Car license plates are typically
located under the windshield; therefore, the location of the ROI
is under the windshield. An illustration of this ROI
determination is shown in Figure 5. The ROI bounding box can
be determined when the windshield bounding box is formed at
the upper left (Xpin, Ymin) and lower right (Xpax»> Ymax)
coordinates. When the ROI bounding box is formed at the
upper left (Xymin> Yrmin) and lower right (Xrmax » Yrmax)

coordinates, then Y,.,;, and Y., can be calculated
successively using (1) and (2).
Yimin = Ymin + 1.5 X H (€))
Yimax = Yrmin + 1.5 X H (2)

where H is the height of the windshield bounding box (Y4, —
Ynin). After the ROI is determined, the next step is to detect
the license plate in that area. The data used are from cars in
Indonesia and consists of several background colors: black,
white, yellow, red, and green. To detect the license plate, we
use YOLOvI1l by comparing 5 model variants, namely
YOLOvlln, YOLOvlls, YOLOvllm, YOLOvlll, and
YOLOv11x.

Windshield detection
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Fig. 5. Illustration of determining ROI (red bounding box is windshield
and blue bounding box is ROI object).

3) Character Recognition

License plate character recognition extracts letters and
numbers from objects on license plates. For this purpose, we
have integrated the CLAHE algorithm and the YOLOvI11
model. CLAHE is used to increase the contrast of the license
plate image after it is converted to a grayscale image, and
YOLOVI11 is used for character detection and classification.
Examples of some results of the CLAHE algorithm for
increasing the contrast of license plate images are shown in
Table I.

TABLE L. EXAMPLES OF THE CLAHE ALGORITHM

APPLICATION
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CLAHE is an evolution of AHE (Adaptive Histogram
Equalization), which tends to increase noise in relatively
homogeneous areas. This contrast enhancement technique
adjusts pixel intensity in small image regions. It improves local
detail while minimizing artifacts and excessive noise
amplification [26]. CLAHE provides a limit value on the
histogram in the AHE problem. This limit value is called the
clip limit. The CLAHE algorithm is generally divided into
three main stages: tile generation, histogram equalization, and
bilinear interpolation [27]. Tile generation divides the input

image into several parts, each called a tile. Histogram
equalization is then performed on each tile using a
predetermined clip limit. The clip limit (83.) is defined as in (3)
[28]:
ﬁc = j‘:_;(l + %(Smax - 1)) 3

where M, is the area of the tile, N is the grayscale value (256),
a. is the clip factor (ranging from 0 to 100), and s,,4, is the
slope limit of the transformation function. Histogram
equalization is divided into five stages: histogram calculation,
excess calculation, excess distribution, excess redistribution,
and scaling and mapping using the Cumulative Distribution
Function (CDF). The histogram is calculated as a set of bins for
each tile. The histogram bin values above the clip limit are
accumulated and distributed to the other bins. The CDF is then
calculated using (4) for each histogram [28].

fiy@ =S50 h ) 4

where h; j(k) are the histograms of the region (i,j) with
n=20,1,2, e, Ng — 1. The CDF values of each tile are scaled
and mapped using the pixel values of the input image.

C. Performance Evaluation

Precision (P), Recall (R), and Average Precision (AP) are
used to measure the performance of the model. P and R are
calculated using (5) and (6), while AP is calculated using (7)
[29]. TP;,. is the correct detection of the ground-truth
bounding box, FP,, is the incorrect detection of an existing or
absent object, and FNg,. is the ground truth undetected.
P;(R,41) is calculated using (8), where P(R) is the precision
measured at recall R.

— TPgec
N TPgect+FPdec )
TPgec
—_ ‘-dec 6
TPgectFNgec ©
AP = ¥, (Rps1 — Rp)Pi(Rpt1) @
Pi(Rn+1) = MaXgzsr,,, P(R) ®)

II. EXPERIMENTS AND RESULTS

Testing was conducted on each subsystem: windshield
detection, license plate detection, and character recognition.
Windshield detection was tested using the DS_Frame dataset,
license plate detection was tested using the DS_ROI dataset,
and test character recognition was tested wusing the
DS_License_Plate dataset. The model was trained and tested
on the NVIDIA A100. All tests used an image size of 640x640
pixels, a batch size of 16, and an epoch of 100.

A. Windshield Detection

Two variants of the YOLOvll model were used for
windshield detection, namely YOLOv11n and YOLOv11m. In
addition, the YOLOv8m model was also tested in a previous
study [30]. The results of this test are presented in Table II.
From this table, it can be seen that the three models produce the
same R and AP, but YOLOvI11n is superior in terms of P and
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detection time. The P, R, and AP values of the YOLOv11n
model are 0.879, 0.958, and 0.961, respectively.

Meanwhile, the detection time per image of YOLOv11n is 10.1
ms. Therefore, it can be concluded that the proposed method is
more suitable for windshield detection due to its precision and
computation time. An example of the windshield detection
results on the video frame is shown in Figure 6.

TABLE II. WINDSHIELD DETECTION TEST RESULTS

Model P R AP Detection time (ms)
YOLOvI1n 0.879 0.958 0.961 10.1
YOLOvlIm 0.869 0.958 0.951 10.4
YOLOv8m [30] | 0.869 0.958 0.951 11.0

Fig. 6.

Examples of windshield detection on video frame image.

B. License Plate Detection

The model used for license plate detection is YOLOv11.
Testing was carried out with several model variants, namely
YOLOvlIn, YOLOvlls, YOLOvllm, YOLOv1ll, and
YOLOv11x. The results of this test are presented in Table III.
All models produce the same R and AP, 1 and 0.995,
respectively. However, the highest P value was obtained with
the YOLOv11n model. In addition, YOLOv1In requires the
fastest time to detect license plates on each image, which is 8.6
ms.

The proposed method was compared with previous studies
and several variants of YOLOv8, YOLOVY9, and YOLOVI10.
Previous studies used YOLOvVS [14, 31, 32], YOLOvSs [15],
and YOLOv8x [33]. The results of the comparison are shown

in Table IV. From this table, it can be seen that the proposed
method produces the highest P, R, and AP. The P values of the
YOLOVS5s, YOLOv8n, and YOLOv8m models also produce
the highest values, and the AP values of all models are almost
the same.

Meanwhile, the proposed method requires faster detection
time when compared to all variants of the YOLOvVS and
YOLOV9 models. The detection time of the YOLOv10 model
variant is faster than the proposed method. YOLOv10n with
5.3 ms has the fastest detection time. Therefore, it can be
concluded that the proposed model is more suitable for license
plate detection with high P, R, and AP. An example of this
license plate detection is shown in Figure 7.

TABLE III. TEST RESULTS OF LICENSE PLATE DETECTION
Model P R AP Detection time (ms)
YOLOvI1n 1.000 1.000 0.995 8.6
YOLOvlls 0.985 1.000 0.995 9.7
YOLOvlIm | 0.999 1.000 0.995 10.3
YOLOv111 0.997 1.000 0.995 10.6
YOLOvl11x 0.989 1.000 0.995 11.6
TABLE IV. COMPARISON OF THE PROPOSED METHOD
WITH YOLOVS, YOLOV9, AND YOLOV10 FOR LICENSE
PLATE DETECTION
Model P R AP Detection time (ms)
YOLOVS5s [14, 31, 32] 1.000 | 0.995 | 0.995 11.3
YOLOv8n 1.000 | 0.995 | 0.995 8.9
YOLOvS8s [15] 0.999 | 0.995 | 0.995 9.0
YOLOv8m 1.000 | 1.000 | 0.995 9.3
YOLOVSI 0.990 | 1.000 | 0.995 10.1
YOLOv8x [33] 0.994 | 1.000 | 0.995 10.2
YOLOV9t 0.999 | 0.995 | 0.995 10.4
YOLOV9s 0.994 | 0.995 | 0.995 10.2
YOLOVIm 0.999 | 1.000 | 0.995 10.7
YOLOv9c 0.989 | 1.000 | 0.995 11.5
YOLOv9e 0.994 | 1.000 | 0.995 133
YOLOv10n 0.989 | 0.980 | 0.994 5.3
YOLOvV10s 0.979 | 0.985 | 0.994 6.8
YOLOv10m 0.980 | 0.984 | 0.994 7.5
YOLOvV101 0.995 | 0.999 | 0.995 7.8
YOLOv10x 0.989 | 0.980 | 0.994 5.7
YOLOVI 1n (proposed) 1.000 | 1.000 | 0.995 8.6

Number Plate

|

Fig. 7. Examples of license plate detection.

C. Character Recognition

The character recognition test used two scenarios, namely,
using only the YOLOvllin model and a combination of
CLAHE and YOLOvI1n (proposed method). Both tests are
conducted to determine the effect of adding the CLAHE
algorithm on character recognition. The results of this test are
presented in Table V.
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TABLE V. CHARACTER RECOGNITION TEST RESULTS
Class P R AP
YOLOv11 YOLOv11+CLAHE YOLOv11 YOLOv11+CLAHE YOLOv11 YOLOvV11+CLAHE
0 0.947 0.996 0.900 0.900 0.929 0.945
1 0.964 0.971 0.965 0.936 0.967 0.964
2 0.956 0.961 0.986 0.986 0.966 0.966
3 0.960 0.965 0.933 0.933 0.985 0.983
4 1.000 0.994 0.958 0.944 0.989 0.983
5 0.974 0.979 1.000 0.990 0.995 0.995
6 0.967 0.995 0.981 0.981 0.979 0.986
7 0.971 0.977 0.982 0.982 0.979 0.981
8 0.949 0.942 0.936 0.938 0.947 0.937
9 0.933 0.938 1.000 0.978 0.965 0.942
A 0.940 0.984 0.984 0.982 0.979 0.974
B 0.913 0.991 0.961 0.961 0.981 0.984
C 0.864 0.879 0.794 0.857 0.908 0.913
D 0.759 1.000 0.933 0.834 0.940 0.944
E 1.000 0.982 0.931 1.000 0.984 0.995
F 0.954 0.981 1.000 1.000 0.995 0.995
G 0.825 0.920 0.967 0.933 0.939 0.947
H 0.958 0.977 0.961 0.910 0.973 0.975
I 0.852 1.000 0.720 0.676 0.832 0.856
J 1.000 1.000 0.631 0.792 0.820 0.833
K 0.941 0.963 0.963 0.957 0.971 0.967
L 0.841 0.959 0.700 0.700 0.805 0.847
M 0.923 0.881 0.667 0.778 0.858 0.832
N 0.878 0.939 0.857 0.734 0.923 0.917
[0} 0.527 0.541 0.765 0.824 0.663 0.683
P 0.934 0.937 1.000 1.000 0.995 0.995
Q 1.000 1.000 0.396 0.000 0.541 0.560
R 0.920 1.000 1.000 0.998 0.995 0.995
S 0.903 0.907 1.000 1.000 0.974 0.970
T 0.798 0.832 0.929 0.929 0.904 0.927
U 0.994 1.000 1.000 0.974 0.995 0.995
\ 0.886 0.933 1.000 1.000 0.995 0.993
w 0.313 0.996 1.000 0.900 0.746 0.945
X 0.830 0.971 1.000 0.936 0.995 0.964
Y 0.784 0.961 0.875 0.986 0.909 0.966
Z 0.929 0.965 1.000 0.933 0.995 0.983
All 0.891 0.922 0.908 0.876 0.925 0.931

The P, R, and AP values for all classes for the proposed
method are 0.992, 0.876, and 0.931, respectively. The proposed
method has higher P and AP values, although the R value is
lower than the YOLOV1 1n model. The increase in the AP value
is 0.6%. Therefore, it can be concluded that adding CLAHE in
the preprocessing process can increase AP and is more suitable
for character recognition on license plates. An example of the
results of this character recognition is shown in Figure 8.

IV. CONCLUSION

In this study, a system for the detection and identification of
car license plates was developed by combining the Contrast
Limited Adaptive Histogram Equalization (CLAHE) algorithm
and the You Only Look Once (YOLOvll) model. The
proposed system consisted of three main subsystems:
windshield detection, license plate detection, and character
recognition. The proposed method achieved an average
precision of 0.961 for windshield detection and 0.995 for
license plate detection. For license plate character recognition,
the proposed method achieved precision, recall, and average
precision of 0.922, 0.876, and 0.931, respectively.

Tests showed that the YOLOv1ln model had the best
precision, recall, average precision, and detection time in
windshield and license plate detection compared to other
YOLO variants. In addition, the use of CLAHE to enhance
image contrast improved the detection and identification of
characters on license plates, resulting in higher precision and
average precision. Therefore, the developed system has the
potential to be used in traffic surveillance applications,
especially in the monitoring of seat belt violations. Therefore, it
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can be implemented in automated law enforcement systems on
highways.
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