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The exponential growth in the number of automobiles over the past few decades has created
a pressing need for a robust license plate identification system that can perform effectively
under various conditions. In Morocco, as in other regions, local authorities, public
organizations, and private companies require a reliable License Plate Recognition (LPR)
system that takes into account all plates specifications (HWP, VWP, DP, YP, and WWP) and
multiple fonts used. This research paper introduces an intelligent LPR system implemented
using the Yolov5 and Detectron?2 frameworks, which have been trained on a customized
dataset comprising multiple fonts (such as CRE, HSRP, FE-S, etc.) and accounting for
different circumstances such as illumination, climate, and lighting conditions. The proposed
model incorporates an intelligent region segmentation approach that adapts to the plate's
type, thereby enhancing recognition accuracy and overcoming conventional issues related
to plate separators. With the use of image preprocessing and temporal redundancy
optimization, the model achieves a precision of 97,181% when handling problematic plates,
including those with specific illumination patterns, separators, degradations, and other
challenges, with little advantage to Yolov5 over Detecton?2.

1. Introduction

The global vehicle population has experienced substantial
growth in recent decades fueled by a combination of factors,
including demographic changes, lifestyle shifts, and advancements
in the automotive industry. To accommodate this growth,
numerous countries have developed their own vehicle registration
systems, wherein each vehicle, including cars, trucks, and
motorcycles, is assigned a unique license plate. These license
plates typically consist of a combination of letters and numbers,
serving as an alphanumeric identifier that may also be associated
with the vehicle owner for easy identification.

To enable effective vehicle tracking and activity monitoring,
the development of automatic number plate recognition (ANPR)
systems took place. These systems employ optical character
recognition (OCR) technology to analyze pre-captured images of
license plates, which are captured by dedicated cameras. Through
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this analysis, ANPR extracts the plate numbers and thereby
identifies vehicles and their owners [1]. This advancement
eliminates the need for manual identification of license plates,
previously carried out by human agents and prone to errors. ANPR
finds widespread use in law enforcement agencies for enforcement
purposes and is also utilized by highway agencies to implement
road pricing [2]. Furthermore, ANPR is employed in automated
parking systems to facilitate charging processes [3].

Due to the progress in computer science and technology,
alongside advancements in databases, Automatic Number Plate
Recognition (ANPR) has emerged as a crucial component of
traffic management systems within smart cities [4-6]. ANPR is
recognized as a valuable tool for gathering traffic data and
enhancing road efficiency and safety, aligning with the primary
objectives of Intelligent Transportation Systems (ITS) [7]. The
ANPR procedure encompasses a series of techniques and
automated algorithms, typically comprising four steps: capturing
an image of the vehicle, detecting the license plate, segmenting
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the characters on the plate, and ultimately recognizing the
characters.

2. Literature review
2.1. License Plate Recognition System

With the advent of artificial intelligence and especially deep
learning, several license plate recognition system was built with
interesting achievements. In fact, authors in [§8] utilized a compact
yet powerful network to classify characters on plates extracted by
the Single Shot MultiBox Detector (SSD) [9]. Subsequently,
various extensions of these neural networks have been proposed.
In [10], a system for Automatic License Plate Recognition (ALPR)
specific to Chinese license plates was introduced, utilizing two
Convolutional Neural Networks (CNNs) based on the YOLO2
framework. The system was compared to other version of the
framework and achieved a detection precision of 99.35% and a
recognition precision exceeding 97.89% at a speed of 12.19ms.
Another robust and efficient ALPR system based on Deep Neural
Network was experienced in India [11]. It presents a License Plate
Detection (LPD), followed by pre-processing of detected license
plates and License Plate Recognition (LPR) using the LSTM
Tesseract OCR Engine. Experimental results demonstrate high
accuracy, with a 99% LPD accuracy and 95% LPR accuracy
comparable to commercial ANPR systems such as Open-ALPR
and Plate Recognizer.

In [12], a sliding window technique was proposed for
identifying license plates in Taiwan. The system achieved a license
plate detection accuracy of approximately 98.22% and a license
plate recognition accuracy of 78%, with each image requiring
800ms for processing. Additionally, researchers introduced a novel
ALPR system based on YOLOV2 in [13]. Their focus was on
capturing license plates in uncontrolled scenarios with potential
view distortions. The system employed a unique CNN capable of
identifying and correcting multiple distorted license plates within
a single image, using an Optical Character Recognition (OCR)
approach. The final results were promising.

For recognizing Jordanian license plates, an ALPR system
based on YOLOvV3 was proposed [14]. This system underwent
testing on genuine videos from YouTube, achieving an accuracy
of 87% in recognition. Similarly, contributors of [15] implemented
a YOLO framework to detect and recognize Iranian license plates.
Their system demonstrated an accuracy of 95.05% after testing
over 5000 images. Another Iranian study [16] has compiled a
complete dataset comprising 19,937 car images and 27,745 license

plate characters, annotated with the entire license plate information.

This dataset was experienced in license plate detection using
several optimization Yolov5 and detectron2 frameworks.

2.2. Temporal redundancy

The incorporation of a temporal redundancy stage within the
proposed license plate recognition architecture has gained
significant attention in the research community. Several studies
have explored the importance of this stage in improving the
accuracy and efficiency of license plate recognition systems.The
benefits of temporal redundancy are widely recognized, the
implementation and optimization of this stage can vary depending
on the specific system requirements. Factors such as dataset size,
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computational resources, and real-time constraints need to be
carefully considered to ensure efficient and accurate license plate
recognition.

One notable study [17] demonstrated the effectiveness of
temporal redundancy in enhancing recognition accuracy. They
presented a high-accuracy pole number recognition framework for
high-speed rail catenary systems, overcoming challenges such as
illumination changes, image blurs, and occlusions. Our approach
combines a cascaded CNN-based Detection and Recognition
model (DR-YOLO) with a temporal redundancy approach,
achieving accurate results through global and local features and
context-based combination of adjacent frames. Extensive
experimental testing validates the effectiveness and efficiency of
their approach in real-world working environments. In another
related work [18], authors experienced the use of temporal
redundancy in license plate detection. The results of their method
reached an overall recognition rate of 86% and achieved an
outstanding accuracy of 99% for four-letter plates. Furthermore,
the incorporation of temporal redundancy significantly enhanced
the recognition rate to 96%. Compared to Sighthound and
OpenALPR, this method outperforms them by 9% and 4.9%
respectively, showcasing its superiority. Also, authors of [19]
explored temporal redundancy to stabilize OCR output in videos.
They introduced an end-to-end Automatic License Plate
Recognition (ALPR) method based on a hierarchical
Convolutional Neural Network (CNN), leveraging synthetic and
augmented data to enhance recognition rates yielding superior
accuracy compared to academic methods and a commercial system
on Brazilian and European license plate datasets.

2.3. License plate recognition in Morocco

In [20], the authors introduced a Moroccan license plate
recognition system consisting of two steps: hypothesis generation
and verification. They utilized the Connected Component Analysis
technique (CCAT) to detect rectangles considered as license plate
candidates. Then, edge detection was applied within these
candidates, followed by the close curves method to confirm their
status as license plates and segment the characters. The experiment
yielded promising results, with an accuracy of 96.37% when tested
on three Moroccan road videos. In addition, authors of [21]
proposed a three-phase method. Firstly, license plate localization
under various environmental conditions was accomplished
through a combination of edge extraction and morphological
operations. Secondly, the segmentation process exploited the
specific features of Moroccan license plates. Finally, optical
character recognition relied on the Tesseract framework, known
for its accuracy as an open-source OCR solution. The authors
demonstrated the method's ability to recognize multiple license
plates in real-time under different acquisition constraints, although
no accuracy rate was provided.

Furthermore, [22] presented a robust method for detecting and
localizing Moroccan license plates from images. This approach
relied on edge features and characteristics of license plate
characters. The model's robustness was verified using various
images capturing Moroccan license plates from different distances
and angles. The experimental results indicated a precision rate of
nearly 95% with a recall rate of 81% and a standard quality
measure of 87.44%. Moreover, authors of [23] contributed to the
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field of Moroccan license plate recognition with their work. They
developed a dataset specifically for Moroccan license plate OCR
applications, consisting of 705 unique and labeled images
collected manually. This dataset is freely available for use and
compatible with CNN models like Yolov3.

Finally, a one-stage modified tiny-Y olov3 model was proposed
for real-time Moroccan license plate recognition [24], enhanced
with transfer learning techniques. This method achieved an
excellent balance between speed and accuracy, executing the
detection and recognition process in a single phase. It achieved an
accuracy of 98.45% and a speed of 59.5 Frames Per Second (FPS).

2.4. Plate detection issues

License plate detection systems face significant challenges in
accurately identifying and recognizing license plates in Morocco.
The country's license plate specifications, including multiple plate
types, various fonts, separators, variable character spacing,
partially written Arabic characters, and plate modifications, create
complexities that hinder the recognition process. These unique
specifications require advanced algorithms and techniques to
overcome the challenges and ensure accurate license plate
detection and recognition.

»  Plate formatting (PF)

e Multiple plate types in use : In Morocco, there are multiple
types of license plates used for different purposes. The most
common type is the horizontal plate (HWP), which consists of
three sections. The first section indicates the prefecture or
province to which the vehicle is attached. The second section
represents the registration series, which consists of Arabic
letters in a specific order. The third section indicates the order
of registration with digits. Some vehicles have a two-line plate
(VWP), where the first line contains the first and second
sections separated by a vertical line, and the second line
displays the digits of the third section. Also, specific plates for
local authorities (DP), which include an Arabic character
indicating the concerned authority and a generic number
specific to the wvehicle. Diplomatic, consular agents,
representatives, experts, and officials of international or
regional organizations in Morocco have their own specific
plates (YP) divided into two parts. Additionally, there are
plates for vehicles related to international cooperation and
temporary importation. In addition, new automobiles have
special plates for provisional entry into service (WW) and
vehicle purchased or sold by automobile dealers (W18). These
plates are exclusively delivered by importers, manufacturers, or
traders of new motor vehicles to buyers in Morocco. Figure 1
shows the multiple plates in use in the country.

e Multiple fonts in use : Local lawmakers in Morocco have
granted car owners the autonomy to choose the desired font for
their license plates. The fonts listed in Table 3 are commonly
utilized options. These fonts include Clarendon Regular Extra
(CRE), High Security Registration Plate (HSRP), FE-Schrift
(FE-S), Ingeborg Heavy Italic font (IHIF), Metalform Gothic
JNL font (MGJF), Morton otf (400) (MOTF), and Moroccan
Rekika Font (MRF).
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Figure 1: multiple plates in use in Morocco
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Separators: Different separators are used by Moroccan plate
makers. Even though the vertical line is the most typical
separator, some constructors use hyphens, while others prefer
slashes or don’t use separators at all, as shown in figure 2. The
configuration of plates is altered by the choice of separators or
lack thereof, and this problem persists for plate identification
systems.

L7057 1711

70733u51ﬁ

Figure 2: multiple separators in use in Moroccan plates

Distance between characters: Morocco has a large number of
plate constructors, thus their plates are not uniform, and the
spacing between characters is not constant in all altered plates.
The fact that the distance between characters differs from the
plates poses a significant problem for LPR systems.

Arabic letters specifications: Moroccan license plates use
Arabic characters that are partially written. For instance, "<"
has a dot protruding from its body. Additionally, small
markings like a "+" can be used to denote certain characters or
they can stand alone (as in the case of the "I" character).
Because dots or short marks are left out, these types of
characters cannot be accurately identified during the character
segmentation phase [21].

Plate modification and damage (PMD)

Additions: Even though local government agencies have
waged a significant campaign against extra features on vehicle
license plates, some owners still choose to add drawings, logos,
stickers, or cameras to plates as presented in figure 3.

£
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Figure 3: Plates with irregular additions
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e Degradation: In the context of Morocco's developing status,
vehicle owners often encounter difficulties in maintaining their
license plates in pristine condition. This deterioration can
manifest in different forms, such as scratches on metallic plates
that resemble lines or additional features that may be mistaken
for characters if they possess similar dimensions. Another
common issue involves the degradation of character paint,
resulting in misleading interpretations or even the omission of
altered characters. These damages present a significant
challenge for automated license plate recognition systems, as
they can adversely affect the accuracy and reliability of the
recognition process.

»  Visibility and image quality (VIQ)

e [Illumination: As the sample presented in figure 4, due to the
light shift in the shadow zone, the presence of objects’ shadows
might present a number of difficulties that must be resolved in
order to prevent any false positive detections. We use the
median filtering technique to remove specific forms of noise in
order to complete this objective.

Figure 4: multiple plates captured with shadow

e Camera noise: Issue caused by the sensor used can alter the
taken image. Here, we discuss camera vibration, which can
amplify blur, as well as weather-related noise. Vehicle position
and speed can cause technical degradation by making it
challenging to see images or video sequences.

¢ Plate inclination and distortion: Due to various factors such
as improper mounting or external forces, license plates can
become tilted or distorted, making it difficult for automated
systems to accurately capture and interpret the characters. Plate
inclination refers to the angle at which the plate is positioned,
which can vary significantly from one vehicle to another. This
variation in plate inclination introduces complexity in the
recognition process, as the characters may appear skewed or
slanted, leading to potential recognition errors. plate distortion
can occur due to factors such as physical damage, temperature
changes, or poor plate material quality. Distortions may cause
the characters to appear stretched, compressed, or warped [25,
26].

3. Proposed solution

3.1. YOLOvS

YOLO is a real-time object detection algorithm that directly
predicts bounding box coordinates and class probabilities without
the region of interest extraction, resulting in improved detection
speed compared to faster R-CNN [27]. The latest version,
YOLOVS, introduced by Utralytics in 2020, outperforms previous
versions in both speed and accuracy. Written in Python, YOLOvV5
is easier to install and integrate with IoT devices, and it utilizes a
new PyTorch framework for training and deployment, enhancing
object detection results. During training, YOLOVS incorporates
online data augmentation techniques such as scaling, color space
modifications, and mosaic augmentation. YOLOvVS offers four
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models, including YOLOv5s, YOLOv5m, YOLOvSI, and
YOLOvVSx, by adjusting the width and depth of the backbone
network [28]. The backbone, a convolutional neural network,
collects and compresses visual features, leveraging the focus
structure and stacking image edges to reduce calculations and
speed up the process. The CSP1_x and CSP2_x modules split and
combine feature mappings, increasing accuracy and reducing
calculation time. The SPP network separates contextual features
and expands the receptive field. YOLOVS also includes a neck
network that utilizes PANet and FPN structures to fuse and
combine features from different layers, improving feature
extraction and prediction [29-31]. Figure 5 displays the Yolov5
network.
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Figure 5: Network topology of YOLOVS5s [27]

3.2. Detecton2

Detectron2 is a powerful open-source framework for object
detection and instance segmentation [32]. It is built on top of
PyTorch [33] and provides a modular and flexible platform for
training and deploying state-of-the-art deep learning models. With
a focus on research and production deployment, Detectron2 offers
a wide range of functionalities and features that enable efficient
and accurate object detection tasks. It includes a comprehensive
set of pre-trained models and allows users to easily customize and
extend the framework to suit their specific needs [32]. The
architecture of Detectron2 is based on a modular design, with
different components such as backbone networks, feature
extractors, and prediction heads [34], allowing for easy
experimentation and fine-tuning of models. It also supports
distributed training and inference, enabling efficient utilization of
resources and scalability [35]. Detectron2 has gained popularity in
the computer vision community due to its performance, versatility,
and user-friendly interface, making it a valuable tool for
researchers and developers working on object detection and
instance segmentation tasks. Figure 6 displays the network of
Detectron?2.

3.3. Model

In light of the aforementioned, the proposed Moroccan
Automatic License Plate Recognition System (MALPR), shown in
Figure 7, is intended to meet the requirements of the nation while
minimizing as many difficulties as possible. It addresses the

265



http://www.astesj.com/

E.B. Laoula et al. / Advances in Science, Technology and Engineering Systems Journal Vol. 8, No. 3, 262-271 (2023)

Backbone Network

ResNet Region Proposal Network

res§

‘DDDDDDDDDj D nguiimess M8 1000 box

P6
Hi64,
Wis4
g anchor deltas proposals
S RPNOutput

HI32 StandardRPNHead

stem
=z
sz
B
T

StandardROIHeads

4 P4 ﬁ P5

256 channels each

class logits: .

81d 20100 boxes

flatten ! FastRCNN ROI Heads

. bbo predictions. (8 Tt (Box Head)

Feature Pyramid Network FPN 80x4ch
FastRCNN FastRCNN
ConvFCHead OutputLayers

J

Genera}x/edRCNN

Figure 6: Network topology of Detectron2 [36]

recognition of all types of license plates used in Morocco,
including both local and foreign vehicles. There are two main parts
to the MALPR system [37]. An SDK-based system with embedded
IoT devices like a camera, GPS, and GSM as well as a neural
network framework for image analysis constitute the first part of
the system. The second one is an API server-side system that
carries out further processing, like character segmentation and
digits recognition.

The proposed architecture involves capturing a real-time video
from a camera and converting it into a specific number of frames
per second, based on the deployment location of the device. For
instance, if the system is used for detecting parking activity, a low
frame rate of one or two frames per second would suffice.
However, in areas with higher traffic density, such as highways, a
higher frame rate would be necessary to enhance the accuracy of
the detection.

Initially, as presented in figure 7, the device performs an
analysis of the video and processes the frames to improve their
quality and increase the accuracy of predictions through
techniques such as compression, greyscale conversion, etc. [37,
38]. Subsequently, the captured vehicle is classified using the
neural network framework [10-16] in object detection, vehicle
classification, and plate localization within the frame. The better
the vehicle classification, the more accurately the plate can be
located within the image. Neural network can easily locate the
plate with a simple configuration. Once the plate is detected, it is
cropped and sent as a binary large object (BLOB). On the server
side, the software development kit (SDK) completes the process
by performing region segmentation, character detection, and
gathering recognized characters to construct the final output. The
current architecture extends beyond the steps outlined above.

EMBEDDED SIDE SERVER PROCESSING

————— — —
VEHICLE PLATE REGION CHARACTER
DETECTION DETECTION SEGMENTATION RECOGNITION

Figure 7: Moroccan License plate overview.
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The Moroccan license plate detection system involves several
key steps to accurately identify and process license plates in real-
time. The system begins by capturing a video feed from a camera
and converting it into frames per second based on the location of
the device. The frames undergo analysis and processing to enhance
their quality and accuracy using techniques like compression and
grayscale conversion. The neural network (Yolo, detectron2,
CRAFT, etc.) is then employed to classify the captured vehicles
and locate the license plates within the frames. The output of this
stage consists of the coordinates of the predicted plate as presented
in equation (1). Once the plate is detected, it is cropped and sent
for further processing.

y =(pc,bx,by,bh,bw,c) (1)

With bw and bh are the width and height of the rectangle, ¢
stands for the class found and bx and by are the coordinate of the
center of the box. pc corresponds to the confidence of the
prediction:

pc=Pr(Object)*IoU (2)

With IoU corresponds to the area of overlap between the
predicted BB and the ground-truth BB [39] which corresponds to
the labeled BB from the testing set that specify where is the object.

The system incorporates region segmentation to categorize the
license plate into major digit regions, allowing for individual
analysis of each part. The plate undergoes color inversion if
necessary, and character recognition techniques are applied to
extract characters and numbers from separated regions. The
recognized characters are assembled to form the final output.

Additionally, the system employs temporal redundancy, where
the largest plate within the frame is selected as a basis for
prediction. Comparative analysis is conducted with previously
stored data to assess the similarity of predicted characters. Plates
with higher dimensions and better prediction precision are
prioritized, while redundant results are rejected to avoid
duplication and optimize efficiency.

Overall, the Moroccan license plate detection system integrates
video analysis, plate detection, cropping, region segmentation,
character recognition, and temporal redundancy stages to achieve
accurate and efficient recognition of license plates, enabling
further processing and utilization of the obtained information.

3.4. Improvements

Temporal redundancy. The incorporation of a temporal
redundancy stage within the proposed license plate recognition
architecture plays a pivotal role in elevating the accuracy rates and
optimizing the utilization of the entire frame. This stage serves as
a crucial component that effectively verifies the output and
facilitates a comparative analysis with previously obtained results,
ultimately leading to the refinement and advancement of the
model's overall performance.

To ensure a comprehensive evaluation, the model begins with
meticulously selecting the output derived from the largest plate
within the frame. The rationale behind this selection lies in the
inherent understanding that plates with larger dimensions often
provide a more accurate basis for prediction. Remarkably,
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empirical evidence has demonstrated that this approach can lead to
an impressive increase in the accuracy of the proposed model by
up to 20% [19]. Such an improvement is substantial, indicating the
crucial role played by this temporal redundancy stage in the
enhancement of recognition capabilities.

In recognizing the vast number of vehicles traversing
Moroccan roads, estimated to exceed an impressive count of 4
million, it becomes evident that the likelihood of detecting multiple
plates simultaneously with similar digit patterns, occupying
identical positions, and preserving the same order is exceedingly
low. Therefore, it becomes viable to employ the system to compare
the predicted characters from the cropped license plate to an
existing collection of previously conserved data, in order to
ascertain their level of similarity and make informed decisions
based on such assessments.

The initial step involves verifying the presence of an existing
output within the redundancy collection for comparative purposes.
If an older output is identified, the model proceeds to scrutinize
whether the predicted license plate corresponds to the same plate
as the last output stored within the redundancy collection. This
verification process is accomplished through the establishment of
a similarity rate, serving as a threshold to determine the degree of
resemblance between the predicted characters and the existing
collection.

Subsequently, in instances where the similarity rate surpasses
the pre-established threshold, confirming that the detected
characters unequivocally belong to the same license plate, a
thorough comparison ensues to ascertain the most relevant output.
Notably, the determination of relevance primarily revolves around
the consideration of plate dimensions and the level of prediction
precision. As shown in figure 8, plates with larger dimensions are
inherently attributed with a higher potential for providing more
accurate predictions, thereby warranting their prioritization within
the selection process.
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|

X

Output = {plate00001(x;,y1)} (%2,y2)>(x1,y1) = Output = {platec00002(,y,)}

Figure 8: Temporal Redundancy optimization sample.

However, in scenarios where the output unequivocally
replicates a redundant result with a similarity rate of 100%, it
indicates that the information has already been transmitted to the
embedded side. Consequently, to avoid redundancy and
unwarranted repetition, such results are promptly rejected,
effectively curtailing the transmission of duplicate outputs to the
API side.

The temporal redundancy stage constitutes a critical juncture
within the license plate recognition system, serving as a formidable
mechanism for bolstering accuracy rates. By incorporating
comparative analyses with previously obtained results, the system
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can intelligently discern the most relevant output, leveraging the
dimensions of the license plate and the level of prediction precision
as key criteria. In doing so, the system avoids the needless
transmission of duplicate information to the API side, thus
optimizing the overall efficiency of the recognition process.

Algorithm 1: Temporal redundancy

Algorithm temporalRedundancyCheck(newOutput,
redundancyCollection)
largestPlateOutput <- selectLargestPlateOutput(newOutput)
if redundancyCollection.isEmpty() then
redundancyCollection.add(largestPlateOutput)
return largestPlateOutput
end if
existingOutput <- redundancyCollection.getLastOutput()
similRate <- calculateSimilRate(largestPlateOutput, existingOutput)
if similRate > threshold then
if similRate = 100 then
return "Redundant output"
else
if largestPlateOutput.dimensions > existingOutput.dimensions
then
redundancyCollection.remove(existingOutput)
redundancyCollection.add(largestPlateOutput)
return largestPlateOutput
else
return existingOutput
end if
end if
else
redundancyCollection.add(largestPlateOutput)
return largestPlateOutput
end if
End Algorithm

Region segmentation. The proposed model makes a
significant addition to the field of region segmentation. Before
extracting each character, it divides the license plate into its major
digit sections. This step is essential to ensuring that every
component of the plate is examined separately and no area is
missed. The regions are created to be as large as feasible during
the training phase in order to support all potential typefaces during
the test phase. In the second stage of isolating the digits for analysis,
extreme care is used to prevent overlapping regions. This model
does not take separators into account, such as the lengthy Arabic
letter "I" and does not divide the alphabet into discrete pieces, in
contrast to other Moroccan license plate recognition systems.
Figure 9 presented the region segmentation.
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Figure 9: Region segmentation overview

267


http://www.astesj.com/

E.B. Laoula et al. / Advances in Science, Technology and Engineering Systems Journal Vol. 8, No. 3, 262-271 (2023)

Image processing : Stage at the beginning of the workflow
where the video input is processed in order to remove small
components and noises, to increase the quality necessary for
further operations (binarization, contrast maximization, Gaussian
blur filter and Adaptive threshold) [40] as well as to reduce the
computation cost.

e Image binarization consist on converting the frame to black
and white [40, 41]. And essential processing for the digits
detection where the input is considered as a collection of
subcomponents (text, background and picture). To each pixel,
a local threshold is set in order to reduce noise, illumination
issues and source type-related degradations.

e Thresholding is used in the aim of classifying dark pixels as
black and others as white. The most important is to set the
optimal threshold value for particular image, hence the use of
adaptive thresholding. A threshold can be selected by user
manually or it can be selected by an algorithm automatically
which is known as automatic thresholding. Also called
automatic tresholding, this mode is used to set automatically
the threshold value by an algorithm when it becomes difficult
or almost impossible to select optimal one [42].

e Histogram Equalization (HE) is the method that standardize
the intensities of the input image by spreading out the most
recurrent ones, which results in an improved contrast. Figure
10 shows the impact of applying the histogram equalization
technique on a vehicle image. Accordingly, HE equalize the
light intensity and improve dark and indistinguishable license
[15].

-BEFORE-

-AFTER-

Figure 10: Vehicle image before and after HE optimization.

4. Experiment and results
4.1. Dataset

Machine learning systems require a ivolume of high-quality
data. Although efforts have been made to solve the issue of license
plate detection, it is still difficult to identify license plates in
uncontrolled and unconstrained contexts. In fact, whether
attempting to detect license plates that are rotated, in uneven
illumination, in snowy conditions, or in a dimly lit environment,
the majority of offered algorithms have low accuracy. The vast
majority of researchers have trained and tested their detectors on
really short datasets, which only contain a small number of unique
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photos or modest variations in angles, limiting their usefulness to
particular scenarios.

In fact, a unique dataset is created based on the plate types
(HWP, VWP, YP, WWP, and DP) and fonts used (CRE, HSRP,
FE-S, IHIF, MGJF, MOTF, and MRF) to test the proposed method.
This dataset, shown in figure 11, consists of 11617 photos of
unique vehicles taken from Moroccan roads in a variety of settings
(including location, time, rotation, background, lighting, and
weather). These photos are organized based on the plate style and
font used. After being cropped, each annotated plate is segmented
(HWP-N, HWP-P, HWP-L, etc.). This serves as a segmentation
data that may be trained on and annotated.

[ HSRP FE-S IHIF MGJF B MOTF EMRF

13456 [ 127

Number of plates
N
&
=]
S|

nozss BN
PR

SRS

2891

__..f.".c|113-lt5|l;u
LR

HWP vwep YP WWp bp
Figure 11: Dataset composition (fonts and plate types).

Also, specific folders are built to test the present model on
problematic plates: Plates Formating (PF) having plates with
difference distance between characters with almost all fonts in use
and with several types of separators, Visibility and Image Quality
(VIQ), having plates with illumination and shadowing issues,
pictures with camera noise and plates under different inclinaison.
Also a folder named (PMD) Plate Modification and Damage is
built with plates with degradation and those having additions to
test the robustness of the model to deal with these issues.

4.2. Training

The dataset is labeled using Labellmg [43]. This desktop
software analyzes the image annotation process for training Deep
learning models in modern image recognition systems. This tool
creates a classes.txt file and saved annotation with the following
structure, with the first character corresponding to the order of the
class in class.txt. The next four values are the coordinates of the
BB annotated.

To perform the training we used NVIDIA GeForce RTX 3070
(total memory 16196 MB) build on AMD Ryzen 9 3900XT 12-
Core Processor computer with 16384 MB RAM and Windows 10
Pro N 64-bit (10.0, Build 19045). The model was built with
Python-3.9.13, torch-1.9.1+cul11 CUDA:O0.

The wusual approach of the presented model involves
categorizing outcomes into four cases denoted by T and F,
representing true or false predictions. The letters P and N indicate
whether the instance is expected to be part of a positive or negative
class. Evaluating the model's performance involves examining the
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distribution of these prediction outcomes, which can be formed by
various combinations of these categories. To gauge the model's
precision, the following metrics are commonly employed.

TP+ TN

Accuracy (4) = TPEINTFES FN 100% 3)

Precision (P) = PP~ 100% 4)

Recall (R) = TPTFN 100% %)

Fi=2 oo ©6)

mAP — —— Z AP, )
N(T)

True positive (TP) refers to a test result that correctly detects
the presence of a certain characteristic, while true negative (TN)
indicates accurate identification of the absence of the region or
character. False positive (FP) occurs when a result wrongly
suggests the presence of a specific region or character, and false
negative (FN) represents a test result that falsely indicates the
absence of a particular condition or attribute. Figure 12 illustrates
three types of losses: classification loss, objectness loss, and box
loss. The box loss evaluates the algorithm's ability to accurately
determine an object's center and how well the estimated bounding
box encompasses the object. Objectness measures the probability
of an object's existence within a suggested region of interest. A
higher objectness indicates a higher likelihood of an object being
present in the image window. Classification loss demonstrates how
effectively the algorithm can assign the correct class to a given
object. The model's precision, recall, and mean average precision
show significant improvement initially, reaching stability around
50 epochs. The validation box, objectness, and classification losses
also showed a noticeable decrease until approximately epoch 50.
We employed early stopping to select the best weights for the
model.

rain/box_loss train/obj_loss traincls_loss

—— results o0

0.05 08
004 06
003 08
0.02
001

0 200 0 200 0 200 0 200 0 200

vallbox_loss vallobi_loss vallcls_loss metricsimAP_0.5 metrics/mAP_0.5:0.95
006
005 08 06
0.04 06
0.03

002 02
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Figure 12: Plots of box loss, objectness loss, classification loss, precision, recall
and mean average precision (mAP) over training and validation epochs.

4.3. Result and discussion

After performing precision of 95.492%, a recall of 98.259%
and mAP 50% up to 97.768% in training, the model performed
excellent rates on problematic dataset. In fact, as shown in figure

WWww.astesj.com

Accuracy

13, almost all PF images were detected and correctly predicted and
the model showed very good results when tested on VIQ and PMD
datasets with little advantage to Yolov5 over Deteron2. The
average speed of all detection stages (vehicle detection, plate type,
plate segmentation, and plate characters) is up to 135.3ms when
run under experimentation configuration.

98,15% 98,12%

100,00% 94,55% 95,27% 94,75% 94,37%

90,00%
80,00%
70,00%
60,00%
50,00%
40,00%
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10,00%

0,00%

Detectron2  Yolovs  Detectron2  Yolov5  Detectron2  Yolov5

PMD PF

ViQ

Issued Datasets

Figure 13: Model precision on issued datasets.

By implementing the described architecture, the model has
effectively addressed the aforementioned issues. The current
model guarantees the following outcomes:

Accurate recognition of characters confined within regions,
addressing the problem of separators.

Elimination of false recognition of separators as characters,
specifically the Arabic letter "I".

Proper identification of the desired result from region
segmentation, ensuring that letters are not misidentified as
numbers (such as "1" and Arabic letter "I", " 5" and the number
9, etc.).

Enhanced recognition of Arabic characters "<", "<", "o") and
"Ui" that often have separated parts (dots), through optimized
contour finding solutions.

Improved handling of repeated inputs by considering the most
precise result obtained from the most relevant frame.
Optimization of the training dataset to include a wide range of
fonts used on license plates, degraded digits, variations in
shadows, and different lighting conditions.

Capability to add new license plates (foreign plates) by
incorporating new categories in plate detection (HWP, VWP,
YP, WWP, DP, FRP, GERP, etc.).

"non
>

5. Conclusion

Based on the aforementioned considerations, the increasing
number of vehicles on the roads has led to a growing demand for
a reliable and versatile license plate recognition system. This
requirement is shared not only in Morocco but also in other regions,
where local governments, government agencies, and private
businesses seek a robust License Plate Recognition (LPR) system
that can effectively handle the specific plate specifications (HWP,
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VWP, DP, YP, and WWP) and typefaces used by plate
manufacturers. To address this need, a CNN-based intelligent LPR
system is introduced in this study. The system was trained on
diverse datasets focusing on multiple fonts (CRE, HSRP, FE-S,
etc.) and environmental factors such as illumination, climate, and
lighting conditions and testes using both Yolov5 and Detectron2
frameworks. Notably, the model incorporates an intelligent region
segmentation stage that adapts to the specific type of license plate.
This segmentation process greatly enhances recognition precision
and successfully resolves previous separator-related challenges.
The results obtained from testing the trained model indicate its
exceptional capability in accurately identifying automobiles,
license plates of various types and fonts, as well as individual digits
and plate components. Specifically, the model achieved an average
precision rate of 97,18% when tested on issued plates.
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