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Abstract

Automatic vehicle license plate detection (ALPR) plays a crucial role in various ,
such as traffic control, safety systems and electronic payment collection. However,
the real environment creates significant problems for ALPR systems due to factors
such as different lighting conditions, occlusion, poor image quality and various
license plate formats. The study conducted a comprehensive comparative analysis
of machine learning algorithms to determine vehicle licence plates in such complex
scenarios. We explore both traditional and deep approaches to learning, assessing
their strengths and weaknesses in solving real world problems. The analysis takes
into account such factors as accuracy, processing speed. We hope our little research
contributes to the development of such systems.
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Annarna

ApromarTsl Taby b, HOMIpPJIK Oesrisiepi Kok Kypaagapbie (ALPR) memntyi pes
aTKapaJIbl Op TYPJIi CUSIKTHI KO3FAJIBICHIH OacKapy, KAYIIci3/IiK KyHeciH KoHe JIeK-
TPOHJIBIK, TOJEMIEP/Il KuHay. JlerenMen, HAKTBI copceHOi »Kacaiijibl esieysai po-
osremanap xyitesnepi ymian ALPR ymrin mysmait hakTopsap periage op Typii Ka-
PBIK KafjiaiijlapblHa, aTepOCKIEPO3/Ibl TAPbLIyIaphl, HAIlap KECKIH callachl YKoHe
op TypJii dbopMarTapbl HOMIPJIIK Oesriep. 3epTTey OTKI3IIl KaH-2KAKTHI CAJIbI-
CTBIPMaJIbl TAJJIAY AJTOPUTMJIEP/IIH MaIIMHAJIBIK OKbITY aHBIKTAy YIIIH HOMIPJIK
Oenrizepi KoK KypaapbliH MYHJIai Kyp/esi crienapuiijie. biz zeprren mocTypiii,
COHJIali-aK TepeH Ko3Kapac OaraJjail OTBIPBII, OJIap/IbIH KYIITI KOHE 9JICI3 YKaKTa-
pPBI TTpoOJIeMaJIapabl MIeNTyre, HAKTHI 9j1eM. Tasaay ecKkepesi CUIKTHI (pakTopIap
JIOJIIIT, »KBLIIaMIBIFBL oHIey. Jlen yMmiTTeHemis Oi3/iiH IIaFblH 3€PTTEY JaMybIHA
BIKITAJT eTeJIi MYHIail Kyitesep.



AbcTpakT

Apromarnveckoe 0OHAPYKEHIE HOMEPHBIX 3HAKOB TpaHCIOPTHLIX cpeicTB (ALPR)
UI'PAET PENIaIONyIo POJIb B PA3JIMYHBIX , TAKAX KaK YIIpaBJICHUE JIBUKECHUEM, CU-
cTeMbl De30IIaCHOCTH U 3JIEKTPOHHBII cOOp mtarexeii. Tem He MeHee, peasibHasI Cpe-
Jla co3aeT 3HadnTebHbIe pobaeMbl yia cucteM ALPR m3-3a Takux (axTopos,
KaK pa3judHble YCIOBUs OCBEINEeHUs, OKKJIIO3UH, IIJIOX0e KAdeCTBO M300parKeHust
U pa3andHbie (popMaThl HOMEPHBIX 3HAKOB. B mccieqoBannm poBeIeH BCECTOPOH-
HUIT CPABHUTEILHBIN aHAIN3 &JITOPUTMOB MAITUHHOTO OOYYeHUS JIJIs OIPeIe/IeHUsT
HOMEPHDBIX 3HAaKOB TPAHCIIOPTHBIX CPEJICTB B TaKHUX CJIOZKHBIX CIICHAPHAX. Mbl nc-
cjiaenyeM KakK TpaJulIUOHHBbIE, TaK U Fﬂy6OKI/Ie IIOAXOIbI K O6yquI/HO, OolIeHnuBaA
X CHJIbHBIE W CJIabble CTOPOHBI B pEIeHUH IIPob/eM peajJbHOro Mupa. AHaan3
YUIUTBIBAET Takue paKTOPhl, KAK TOYHOCTh, CKOPOCTh 0bpaboTku. Hameemcs Hale
HEOOJIBIIIOE UCCAETOBAHIE CIIOCOOCTBYET PA3BUTUIO TAKUX CHUCTEM.
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Abbreviations

ANPR — Automatic number-plate recognition
ML — Machine Learning
YOLO — You Only Look Once
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Chapter 1

Background and motivations

1.1 Introduction

The widespread use of machine learning [1] techniques and their application to
computer vision has led to significant advances in various fields. Among them,
the detection of vehicle licence plates is important in modern surveillance and
safety systems. Accurate and efficient license plate detection is a key component
of traffic control, law enforcement and parking access control. However, real-world
problems such as differences in lighting, weather and plate design require reliable
and adaptable solutions.

Our research is crucial because it seeks to bridge the gap between the the-
oretical advancements in machine learning and the practical needs of real-world
situations. While machine learning algorithms have shown impressive capabilities
in controlled environments, their performance in complex, uncontrolled settings
has been inconsistent. Our study is dedicated to addressing this vital issue by
assessing and contrasting various algorithms for license plate detection, with a
particular focus on their ability to adapt to real-world problems. A successful
analysis and evaluation of these algorithms under varying lighting conditions, ad-
verse weather situations, and different license plate designs could greatly enhance
the efficiency of surveillance, traffic management, and law enforcement systems
[2]. In this introduction, we aim to provide the context, relevance, importance,
and objectives of our research.



1.2 Motivation

The ability to accurately detect vehicle licence plates is fundamental to a wide
range of applications ranging from law enforcement and traffic management to toll
and parking systems. With the expansion of urban areas and the increase in the
number of vehicles, the demand for effective and reliable Automatic Licence Plate
Recognition (ANPR) systems has increased significantly [3]. However, real-world
conditions create numerous problems that can hamper the functioning of these
systems.

Factors such as changing lighting conditions, occlusions caused by other ve-
hicles or objects, deformation of licence plates and different design of plates make
it difficult to detect licence plates. In these circumstances, traditional methods
often make it difficult to maintain high accuracy and efficiency, underlining the
need for more sustainable solutions.

Machine learning algorithms have shown great promise in solving these prob-
lems, offering advanced techniques to improve detection accuracy and reliability.
Despite their potential, there is a lack of comprehensive comparative analysis to
assess the effectiveness of different machine learning approaches in different and
complex real-world scenarios [4].

This study is intended to fill this gap. By systematically comparing various
machine learning algorithms, including both traditional computer vision and mod-
ern deep learning models, The study aims to identify the most effective methods
of detecting vehicle licence plates. Understanding the strengths and weaknesses
of different algorithms will give developers, researchers, and practitioners valuable
information to help them choose and implement the most appropriate solutions
for their particular needs.



1.3 Aims and objectives

The main objective of this study is to conduct a comprehensive comparative
analysis of machine learning algorithms for the recognition of vehicle licence plates
in difficult real conditions. The following steps will be taken to achieve this goal.
First, data will be collected by analysing different platforms and extracting the
necessary data. The data would then be carefully processed and standardized. On
the basis of these prepared data, a detailed analysis will be conducted to compare
the effectiveness of the different machine learning algorithms.

My goal is to do a comprehensive comparative analysis of machine learning
algorithms to determine vehicle license plates in difficult real world conditions. To
this end, the following actions will be undertaken:

« Platform analysis .

o Collection of data from supervisors .

o Analyzing and processing data .

o Study of different algorithms

e Do comprehensive comparative analysis



Chapter 2

Literature review

The history of the development of Automatic License Plate Recognition (ANPR)
technology dates back to the second half of the 20th century, when in the late
1970s, leading research was carried out at the British Transport Research Labo-
ratory. The ANPR concept was originally designed to automate the identification
of vehicle numbers using images and optical character recognition. System proto-
types in the 1980s were the first step in the development of ANPR, using basic
character recognition algorithms to decode alphanumeric combinations in images

[5].

The 1990s marked a significant breakthrough in ANPR when technology be-
came commercially available and applied in various sectors. This coincided with
improvements in digital imaging technology and computing capabilities, which al-
lowed for more sophisticated ANPR systems with real-time number recognition
capabilities. Commercial use of ANPR systems has become common in law en-
forcement, road control and toll collection.

At the turn of the 21st century, ANPR technology had already established
itself as a key element of modern transport and security infrastructure. The rapid
development of machine learning and artificial intelligence gave impetus to the fur-
ther development of ANPR, increasing the efficiency and accuracy of recognition
systems. The integration of ANPR systems with cloud computing and data ana-
lytics has opened up new possibilities for real-time monitoring, predictive analysis
and operational decision-making in the field of traffic control and law enforcement.
At present, ANPR technology continues to evolve, driven by continuous research
and innovation, which promises further improvements in efficiency, accuracy and
applicability in various fields.

With the development of technology, especially machine and deep learning
algorithms, there is the emergence of many ANPR models that open up new
possibilities for creating more accurate, efficient and universal license plate recog-
nition systems such as YOLO[b], SSD[b], Recurrent Neural Networks[b] and so on.
These models represent only a small part of the variety of license plate recognition
solutions and are popular with developers and users because of their efficiency,
reliability and flexibility|6].

With the advent of new technologies, their scope of application is also ex-
panding. Today it is difficult to find an area where ANPR systems are not used.



They have been applied in areas ranging from law enforcement and traffic man-
agement[b] to road safety and urban infrastructure[b].

It is important to note that ANPR systems continue to evolve and improve,
thus increasing their potential. For example, with improved machine learning and
deep learning algorithms, ANPR systems can provide more accurate and faster
license plate recognition even under difficult lighting conditions or at high speed.

In addition, the integration of ANPR systems with other technologies such
as artificial intelligence systems and the Internet of Things (IoT)[b] opens up
new perspectives and opportunities for their application. This may include, for
example, automatic real-time traffic light control based on traffic flow data, parking
needs analysis and dynamic parking management.

One of the significant trends in the area of ANPR is the rapid development of
artificial intelligence (AI) technologies. The integration of ANPR with Al is one of
the key developments in this technology. In the past, ANPR systems used mainly
classical image processing and optical character recognition algorithms for license
plate analysis. However, with the development of deep learning and neural net-
works in recent decades, the ability to recognize and analyse images has expanded
significantly.

The use of artificial intelligence in ANPR systems significantly improves the
accuracy and efficiency of license plate recognition. Deep neural networks can
automatically extract features from images and learn from large amounts of data to
recognize complex images such as license plates in different lighting environments,
with different backgrounds and perspectives. This allows for more reliable and fast
recognition, even under difficult conditions, which greatly increases the efficiency
of the system as a whole.

The integration of artificial intelligence also extends the functionality of
ANPR systems. For example, Al can automatically analyze traffic data, de-
tect anomalies or undesirable events such as traffic violations or security threats.
Through continuous learning and adaptation, ANPR Al systems are able to re-
spond effectively to changing conditions and requirements, making them more
flexible and multifunctional tools for traffic management and road safety:.

Despite all the advantages, however, ANPR faces serious challenges. Privacy
and cybersecurity issues require increased attention and the development of ro-
bust data protection measures to prevent unauthorized access and leakage. High
implementation and maintenance costs may limit their widespread adoption, es-
pecially in countries with limited resources. The legal and ethical aspects of mass
surveillance require the development of transparent and harmonized international
regulations that balance technological capabilities with citizens’ rights.

The future of automatic license plate recognition therefore depends on the
ability to adapt to new challenges and to ensure the safety and effectiveness of
their solutions. The combined efforts of researchers, developers and legislators are
necessary to create sustainable and ethical systems that will serve the public good
by improving the quality of life and safety in our cities.

ANPR is an important and evolving technology that plays a key role in
modern security and transport management systems. Through the application of
advanced artificial intelligence techniques, ANPR provides greater accuracy and



efficiency in number recognition under different conditions [7]. Trends in technol-
ogy indicate an expansion into new applications and a desire for more adaptive and
flexible systems. However, for ANPR to continue to develop successfully, atten-
tion needs to be paid to issues of data confidentiality, ethics and standardization
to ensure a balanced and responsible approach to its implementation.



Chapter 3

Method and methodology

3.1 Dataset collection

One part of our research work is data collection. Data collection plays a key role
in any research, especially when it comes to platform analysis. The importance of
data collection can be considered from several perspectives, such as the objectivity
of the analysis, the identification of trends and patterns, effectiveness assessment,
planning and forecasting [8].

The first stage of the data collecting phase involves the exploration of data
sources. In our case, this is a vehicle sales and rental platform in Central Asia.
This phase is critical as the selection of correct and reliable data sources affects
the accuracy and quality of subsequent analysis [9]. The process of data sourcing
consists of steps such as the identification of key platforms, an analysis of data
availability and an assessment of the reliability of sources. The process of identi-
fying the main platforms involves examining well-known and widely used websites
in Kazakhstan, Kyrgyzstan, Uzbekistan, Turkmenistan and Tajikistan. The ac-
cessibility analysis includes an assessment of the structure of the web pages, the
availability of the required data and the ease of retrieval, and finally the reliability
assessment of the sources consists of verifying the reliability and relevance of the
data presented on each platform. This process helped eliminate unreliable sources
and focus on those that provide accurate and relevant information.

Platform list:

« Kazakhstan: Wheels (kolesa.kz), Market.kz, OLX.kz

o Kyrgyzstan: Diesel.kg, AVTO. kg, Lalafo.kg

o Uzbekistan: Avtoelon.uz, OLX.uz

o Turkmenistan: Car.tm, TmCars

o Tajikistan: Somon.tj, Avto.tj

The second part of the data collection phase involves writing scripts to extract
data from platforms. This phase is key to automating the collection of information
and ensuring the accuracy and completeness of the data required for analysis.
Before we started writing scripts, we did a thorough analysis of the structure of
the web pages of the selected platforms. This included studying the HTML code
of pages, identifying the necessary elements (e.g., headers, descriptions, prices,
images) and their location on the page. To automate the data extraction process,



we chose Python as the main programming language. The main libraries used in
scripts include: BeautifulSoup: To parse the HTML code and extract the desired
elements from the pages [10]. Requests: To perform HTTP queries and retrieve
the contents of web pages. Regular Expression (re): For searching and processing
specific text data within an HTML code

The extracted data was storesssd in JSON format. This format was chosen
because of its convenience for storing structured data and the ease of subsequent
processing and analysis, and because of its comprehensibility for people and ma-
chines. The JSON file structure made it easy to identify and extract the necessary
fields for further work.

Dataset Distribution
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Figure 3.1 - Distribution of total images in different classes and countries

3.2 Data analyzing and Preparation

The data processing is the next crucial step. Efficient data processing improves
data quality by enabling more accurate and meaningful analysis, improving ana-
lytical models and facilitating better decision-making. Without careful data pro-
cessing, data analysis would be unreliable and potentially misleading. To produce
accurate data, this phase involves several important steps [11].

3.2.1 Step 1: Remove Duplicates and Handle Missing Values

This initial step is crucial as it prevents distortions in the analysis results by
addressing duplicate records and missing data points [12]:
o Delete Duplicates: Identify and remove duplicate records to ensure that each
entry in the dataset is unique. This helps in maintaining data integrity and
accuracy.



"url": "/d/obyavlenie/prodam-mashinu-IDozyWD.html",
"id": "dobyavlenieprodam-mashinu-IDozyWD.html",
"brand": "suzuki",

"title": "MpopaM MawuHy",

"Mopens": " Vitara",

"Tun ky3osa": " BHegopoxHUK",

"Topg Beinycka": " 1996 ",

"Kopob6ka nepepau": " ABTomaTuyeckas",

"UseT": " CuHWA",

"Bup Tonnwea": " [usens",

"CocToAHME MaWwHb": " Xopowee",

"Konu4yecTtBo xo3aes": " 1",

"Oon. onuwmu": " 3n. cTeKnonogbeMHWKW, INeKTpo3epkana, PacTaMmoxeHa",
"MpoGer": " 5 000 HM”J

"06bem pgeuraTtena": " 2 cM3"

Figure 3.2 - Extracted data in JSON

o Handling missing values is crucial for several reasons. This ensures that
data integrity is maintained. Missing values can distort statistical analysis
and lead to incorrect conclusions. Proper processing ensures accurate reflec-
tion in the data set of the studied phenomenon. The next berth is improved
model performance. In machine learning, models based on data with missing
values may show low performance and low predictive accuracy. Eliminating
missing values could improve the quality of models, leading to more reliable
predictions. And the most obvious is the ease of data analysis. Many statis-
tical methods and algorithms require complete datasets to function properly.
The processing of missing values allows the use of these methods to facilitate
a wider range of analyses.

Referring to any missing or missing entries in the data set, depending on the
nature of the data and the context of the analysis, the missing values may
be regulated by:

— Imputation: Fill in missing values using appropriate methods such as
median, mean or mode to keep as much data as possible.

— Delete: Delete records with missing values, especially if missing data
are minimal and have no significant impact on the overall integrity of
the data set.

Effectively managing duplicates and missing values ensures that the dataset is

clean and ready for reliable analysis, leading to accurate and meaningful under-
standing.



3.2.2 Step 2: Standardization of Collected Data

The importance of standardizing values is that it ensures consistency and compa-
rability across the data set, which increases the accuracy and reliability of analysis.
By standardizing, we can decrease the variance caused by different units, formats,
or scales, which aids in integrating data from multiple sources and facilitates the
utilization of various analytical methods [13]. By using this process, bias can be
minimized, statistical and machine learning models can be improved, and data
processing can be simplified. In general, standardisation improves the quality of
data, making it more understandable and useful for obtaining meaningful infor-
mation and informed decisions. This phase involves standardizing the data to
ensure consistency and uniformity across the dataset, facilitating easier analysis
and processing.

o Standardized Image Format: Images may come in various formats depend-
ing on the source platform. To streamline subsequent analysis and image
processing, all images will be converted to a single, uniform format—JPG.
This conversion ensures compatibility and simplifies handling.

o Resizing Images: Along with format standardization, it is essential to stan-
dardize the size of the images. Every image will be resized to a uniform
dimension of 964x964 pixels. This resizing ensures that all data is consis-
tent and compatible for future use, particularly in applications like machine
learning, where uniform image size is crucial for model training and evalua-
tion.

o Image Labeling: Image labeling (or annotation) involves assigning descrip-
tive tags to the images that highlight their content. For instance, tags could
include "vehicle" or "license plate." Accurate labeling is vital for subsequent
analysis and essential for machine learning tasks such as object classification
or detection. It provides the necessary context and metadata that enhances
the effectiveness and accuracy of automated analysis.

By standardizing image formats and sizes, and ensuring precise labeling, we

create a cohesive and uniform dataset ready for detailed analysis and advanced
machine learning applications [14].

10



Figure 3.3 - Data collection scheme

3.3 Full description of data collection scheme

Comprehensive comparative analysis of machine learning algorithms for the de-
tection of vehicle licence plates in difficult real world conditions requires a diverse
and representative data set. It is important that these data reflect a wide range
of conditions that may affect the accuracy and reliability of algorithms. In par-
ticular, data from Central Asian countries are of unique interest because of their
specific characteristics, such as the variety of licence plates, lighting conditions,
weather and road conditions. This section describes how to search for and collect
such data.

11



3.3.1 Data retrieval methods

Scientific articles and conferences

Scientific articles and conferences are a valuable source of information on current
trends and best practices in license plate detection. The study of such resources
provides insight into the latest developments and methodologies that can be ap-
plied to the study [15]. Resources: Google Scholar, IEEE Xplore, Springer, ACM

non

Digital Library. "license plate detection", "vehicle number plate recognition”, "chal-
lenging environments", "machine learning", "Central Asia".

Public datasets
Public datasets provide ready-to-use images that can be useful for algorithm learn-
ing and testing. These data are often annotated and structured to facilitate their
integration into the research process.

o Resources: Kaggle, UCI Machine Learning Repository, GitHub.

o Examples of datasets: OpenALPR Benchmark, MVTec AD, Car License

Plates.

Auto markets in Central Asian countries
Car markets provide access to live images of cars with license plates, which is
particularly valuable for this study. Data from such sources may include differ-
ent survey conditions and license plate characteristics. Countries: Kazakhstan,
Uzbekistan, Turkmenistan, Kyrgyzstan, Tajikistan.

Examples of sales markets:

o Kazakhstan: Kolesa.kz, Olx.kz

o Uzbekistan: Avtoelon.uz, RST.uz

o Turkmenistan: Avto.tm

o Kyrgyzstan: Avto.kg

o Tajikistan: Somon.t]

12



3.3.2 Reasons for choosing data from Central Asia

1. Different kinds of shooting conditions
Regional features such as different shooting angles, variety of lighting con-
ditions (bright sun, fog, dusty roads) and weather conditions (snow, rain),
provide unique challenges for machine learning algorithms, which contributes
to their more effective learning and testing.

2. Differences in licence plates
License plates in Central Asian countries may differ in format, color, font and
structure. This allows for a more versatile model that can handle a variety
of input data.

3. Cultural and economic factors
Cars in this region may have specific features, such as a large number of
imported cars with different numbers, adding variability to the dataset.

4. Insufficient research data
Data from this region may be less studied than data from Europe or North
America. This makes it possible to bring novelty and uniqueness to the
study, as well as to increase its academic and practical value.

13



3.3.3 Developing scripts for parsing photos and metadata

Data collection and pre-processing are key steps in the vehicle license plate detec-
tion study. To obtain relevant data from web resources such as car marketplaces, it
is necessary to develop scripts for automated image parsing and associated meta-
data. This section describes the methods and tools used to create such scripts.

Data parsing techniques:

o« HTML parsing is a type of data parsing technique that is used to extract
information from HTML documents. HTML is a markup language used to
create web pages. HTML parsing includes splitting a raw HTML document
into separate tags and attributes to extract relevant information.

o« XML parsing is a type of data parsing technique that is used to extract
information from XML documents

o JSON analysis is similar to XML analysis, but is used to extract information
from JSON documents [16].

model_name = 'seat'
model_url = 'https://www.olx.kz/transport/legkovye-avtomobili/seat/"

r = requests.get(model_url)

htmldata = r.text

soup = BeautifulSoup(htmldata, 'html.parser')
print(soup.find_all("a", {"class": "css-z3gu2d"}))
linkList = []

json_data_array = []
print(os.path.dirname(__file__))

for index, item in enumerate(soup.find_all("a", {"class": "css-z3qu2d"})):
print(f"{index})", f"\033[96m{item['href']1}\033[00m")
linkList.append(item['href'])

Figure 3.4 - Example of parsing code

14



Data processing and storage
1. Saving Images

2. Extracted images must be saved to the local file system or cloud storage for
further processing and anonymity.

[rr ==t =gt wmw e s st ww ==, [ ] N e e e mw ai= W L PR e

with open("kz.json", "r+", encoding='utf8') as json_file:
file_data = json.load(json_file)
file_data['data'].extend(json_data_array)
json_file.seek(®)
json.dump(file_data, json_file, indent = 4, ensure_ascii=False)

Figure 3.5 - Example of data storage code

This small piece of Python code adds the contents of the JSON file kz.json to
the dictionary using the UTF-8 encoding. Then, fresh entries from json data are
added to the list associated with the data key in this dictionary. To ensure that
the file is successfully overwritten, the code resets the beginning of the file after
the dictionary update. Finally, the code format the output with four indents
for readability and provides for saving characters without ASCII before writing
the revised dictionary back to the JSON file. This procedure stores the modified
information and adds new data to an already existing list, thereby updating the

JSON file.
Metadata collection

It is also important to collect related metadata (e.g., description of the car,
model, year of manufacture,brand, title, id, url etc.) that can be useful for analysis
and classification [17].

This fragment of Python code goes through the URL list (linkList), makes
HTTP GET-requests for each URL using the request module, and analyzes HTML
content, via BeautifulSoup for specific information. It advertises json_ data dictio-
nary to store the received data, including the URL, purified identifier, brand and
product name. For each image found with this class, it loads the image, clears the
file name, and stores it locally.

15



for item in linklList:
pr = requests.get(f'https://www.olx.kz{item}"')
prHtml = pr.text
prSoup = BeautifulSoup(prHtml, 'html.parser')
json_data = {}
title = prSoup.find("h4", {"class": "css-1juynto"})
json_data['url'] = item
json_data['id'] = re.sub('[\!@#$/]", '', item)
json_data['brand'] = model_name
json_data['titler] = title.text if title.text else "'

for index, item in enumerate(prSoup.find_all("img", {"class": "css-1bmvjcs"})):
file_name = re.sub('[\!@#$/]', '', json_data['id']) + " ({index})"
# re.sub('[!@#$]"', '', file_name)

with open(file_name, 'wb') as f:
f.write(requests.get(item['src']).content)

for index, item in enumerate(prSoup.find_all("p", {"class": "css-b5mlrv er34gjf@0"})):
data = item.text.split(':")
if len(data) !'= 2:
continue
key = data[@]
value = data[1]

json_data[key] = value

json_data_array.append(json_data)

print(prSoup.find_all("p", {"class": "css-b5Smlrv er34gjfe"}))

Figure 3.6 - Example of metadata collection code

In addition, the user extracts key-value pairs from the text repeatedly using
certain paragraph tags and stores them in the JSON data dictionary. To use or
process later, it adds each json_data dictionary to the list (json_data_array).
This code effectively uploads photos, cleans web pages, analyzes data and collects
information in an organized manner.

16



3.3.4 General information about metadata

Information regarding the list of vehicles is contained within these metadata. Here
is a breakdown for each field:

url: The URL path for the vehicle listing.

id: A unique identifier for the vehicle listing.

brand: The brand or manufacturer of the vehicle (in this case, "infiniti").
title: The title or headline of the vehicle listing, which likely includes addi-
tional details such as the model year, color, and payment method.

Year: The year of manufacture of the vehicle (in this case, '2010").

Color: The color of the vehicle.

Model: The model of the vehicle (in this case, "QX56").

Payment: The method of payment for the vehicle.

Fuel: The type of fuel used by the vehicle.

Customs clearance: The customs clearance status of the vehicle.

Technical condition: The technical condition of the vehicle.

In general, these metadata offer comprehensive information on a specific list
of vehicles, such as the make, model, year, color, payment method, fuel type,
customs status, and technical condition.
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3.3.5 Selection of suitable data

After the collection of data from various sources such as websites, APIs, and public
datasets, a thorough selection should be done. The purpose of this step is to ensure
that the data is of high quality and relevant for future machine learning algorithm
training and testing. This section describes methods of data sampling, including
image pre-processing and filtering.
Data sampling methods
1. Image preprocessing
Image preprocessing: Low-quality images must be excluded since they might
have a detrimental impact on model accuracy. These comprises photos that
are poor quality, blurry, or corrupted.
2. Data completeness analysis
Ensure that the required information for each image is available (e.g., car
description, model, year of manufacture). Missing or partial data may make
model analysis and training challenging.
3. Manual check
Visible image verification: In certain cases, automated filtering may be inad-
equate. A human review of a small sample of the data will assist to ensure
its quality and relevance.
Annotation verification: If the data includes annotations, it is required to
ensure their accuracy and completeness. Improper annotations have a major
impact on model learning and assessment [18].

18



3.3.6 Split images by classes and create folders for each class

When the data has been prepared and tagged, the images are organized into a
directory structure, with each folder representing a certain class or category. Sort-
ing images into classes and establishing folders for each is a key step in preparing
data for machine learning models. This creates the handy data format required
for efficient model learning and testing.

Figure 3.7 - Splitted data by class

Figure 3.8 - Example of collected data
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3.4 Comparison with other datasets

In the field of vehicle and license plate identification, the presence and use of
various datasets are essential for creating strong machine learning models. This
research examines many prominent datasets, each presenting distinct attributes
and difficulties that contribute to progress in this subject.

Vehicle-1M is a comprehensive dataset consisting of around 1 million photos
depicting 55,527 cars. The photographs were obtained from security cameras put
in numerous cities, capturing both daytime and nighttime scenes from various per-
spectives (front and back). This dataset offers an extensive and all-encompassing
source for analyzing and investigating the identification and detection of vehicles
in diverse metropolitan environments [19].

CompCars specifically targets a collection of 136,727 photos of Chinese model
automobiles that have been obtained from security cameras. This dataset focuses
on automobiles that are often seen in China, providing significant information for
tasks related to detecting and recognizing vehicles peculiar to the area [20].

AOLP is a focused dataset specifically designed for the purpose of license plate
detection. The samples were obtained in Taiwan from various places and un-
der varying circumstances, including different times and vehicle movements. The
collection is divided into three separate categories, offering a valuable source for
license plate identification and examination [21].

The Dataset was obtained from Central Asian nations including Kazakhstan,
Kyrgyzstan, Uzbekistan, Turkmenistan, and Tajikistan. The collection comprises
photographs captured at different points in time and in diverse circumstances,
accurately representing real-life situations with varied lighting conditions. This
dataset focuses on the distinct difficulties associated with identifying and recog-
nizing vehicles and license plates in Central Asia, therefore enhancing our compre-
hensive knowledge of these specific tasks on a worldwide scale.

Through the comparison of various datasets, our objective is to emphasize their
individual strengths and uses, finally providing guidance for the enhancement of
vehicle and license plate recognition systems that are more efficient and versatile.
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3.5 Data and discussion

After extracting and processing the data, we obtained a clean and standardized
data set. This dataset is unique because it has a high degree of accuracy and
integrity, making it a solid basis for further analysis. Due to careful processing,
data is now free of duplicates and passes, standardized by format and size, which
simplifies their use in various analytical tasks and machine learning models. This
qualitative data set allows for deeper and more reliable analysis leading to more
informed and accurate conclusions.

The dataset includes information on vehicles and licence plates of Central Asian
countries, showing unique characteristics for vehicle categories, licence plate types
and regional variations. This comprehensive data set is invaluable to local re-
searchers in machine learning and computer vision, enabling them to develop
and evaluate techniques for automated license plate recognition. It also serves
researchers specializing in vehicle recognition and segmentation, especially those
developing traffic management applications in Central Asia. The images in the
dataset collected under different conditions and at different times have different
illumination and quality, reflecting realistic scenarios and increasing the practical
relevance and applicability of the dataset.
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Chapter 4
Methods of ML

4.1 Overview

To detect license plates in our photos, we have used a number of advanced machine
learning and computer vision techniques, particularly using the YOLO family of
models (You Only Look Once) [22]:

« YOLO vb

« YOLO v7

« YOLO v8

These models are well-known for their capacity for real-time object detection,
offering the speed and accuracy compromise required to locate and identify license
plates in various conditions.

4.2 Score metrics

For our machine-learning algorithms, we use the following scoring metrics:

e Fl-score

o Accuracy

o Runtime

F1-score The harmonic mean of precision and recall, providing a balanced as-
sessment of a model’s performance It combines two metrics - precision and recall
to get one overall score. [link] . Precision and recall are two good evaluation
parameters, which are used for the assessment of efficiency of the classification
models [23]

TP
I'P+FP

Precision =

(4.2.1)
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TP
T'P+FN

Recall =

(4.2.2)

mAP = 15" AP,
(4.2.3)

Precision, also called a positive predictive value, determines the accuracy of
the model’s positive predictions. It is calculated as the ratio of the number of
true positive predictions (correctly identified positive cases) to the total number
of positive predictions (both true and false).

Recall, also known as sensitivity or true positive rate, measures the ability of
the model to correctly identify all relevant positive instances. The ratio of true
positive predictions to the total number of actual positives (both true positives
and false negatives) is what it is

In many applications, there is a trade-off between accuracy and revocation.
Improving one often results in reducing the other. The balance between accuracy
and recall can be adjusted according to the specific requirements of the tasks.

Mean Average Precision, or mAP, is one of the most effective comprehensive
metrics, which can be applied to the evaluation of the object detection and multi-
class classification algorithms. [link] It then takes the mean of all Average Precision
(AP), where AP is the measure of the area under the curve between precision and
the recall rates for a specific class. Thus, mAP integrates these scores, and gives a
single number which represents the overall performance of a method at detecting
and localizing objects of all classes possible. The most important reason to use
this metric is when the user values accuracy but also needs for recall , and this is
why it is often utilized in evaluation of models in computer vision challenges like

COCO and PASCAL VOC benchmarks .

Steps to Calculate mAP

o Compute Precision and Recall at Different Thresholds. For each class, com-
pute precision and recall at various thresholds of detection confidence or
ranking.

« Plot Precision-Recall Curve. Plot the precision-recall curve for each class by
varying the detection threshold.

« Calculate Average Precision (AP). The Average Precision for each class is
the area under the precision-recall curve. This can be approximated using
numerical integration methods like the trapezoidal rule.

o Compute mAP. mAP is the mean of the AP scores across all classes. If there
are n classes, mAP is given by:

Runtime is definitely an essential factor because it determines the performance

and optimality of the entire system. The intuition behind this is that a lower role
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of any operation or algorithm is also an indication that the process is done more
quickly, which may be especially much desired by users in the case of restricted
Internet services and / or applications where an instantaneous response is required.

This gains the proposal several advantages in increasing performance, which are
brought by reducing the outer loop’s runtime. Secondly, it helps you to decrease
the amount of load on your server and, as a result, decrease the maintenance costs
since the efficient execution of operations will need fewer server resources. This
can be especially important when working with large data sets or applications are
loaded, for example, in the form of web services.

Low runtime increases user satisfaction as they are quicker to get changes in
operations or requests. This increases the overall efficiency of users and improves
the interaction with the system.

Different methods can be used to estimate the running time, including mea-
suring the real-time performance of an operation or algorithm on specific data,
or using asymptotic complexity to estimate the performance of the algorithm de-
pending on the size of the input data.

Runtime estimation and performance optimization are important tasks in var-
ious fields, such as software development, computing, databases, car training and
others. The efficient use of resources and the reduction of lead times are key to
improving the system’s efficiency and meeting user needs.
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4.3 YOLO (You Only Look Once)

The YOLO model (You Only Look Once) is one of the popular algorithms for
detecting objects in computer vision. YOLO has several versions, with improved
accuracy and speed over time, and it is widely used in various areas including
autonomous vehicles, surveillance systems, and augmented reality.

The working principle of Yolo consists of several stages. YOLO takes the
input image, which you need to analyze and define the objects on it.The Image
is then divided into a grid of cells. Usually used are grids of size such as 7x7 or
13x13. For each split grid cell, YOLO makes predictions about the presence of an
object and its attributes. These predictions include the coordinates of a bounding
rectangle (bounding box) around an object, the probability of having an object in
a cell, and the probabilities of object classes. After obtaining predictions for each
cell, YOLO adjusts them to the context of adjacent cells and applies thresholds to
reduce false positives. YOLO then uses an algorithm called "non-max suppression"
to remove duplicate predictions and select the most likely objects. Eventually,
YOLO returns discovered objects together with their classes and coordinates of
bounding rectangles.

In the current experiment, I chose the YOLO models versions 5, 7 and 8.
These models are characterized by improvements in precision and object detection
speed. YOLOV5, developed by Ultralytics, focuses on ease of use. YOLOvVT offers
improved performance on various hardware platforms, and YOLOvVS includes re-
cent advances in machine learning and integration with modern tools. Using the
obtained data, I trained these models and compared their results in the following
parameters: Fl-score, Accuracy (mAP @ 0.5 IOU) and Runtime (runtime).
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4.3.1 Result of Experiment

Table 4.1 - Yolo model result

Metric Yolo 3 Yolo 5 Yolo 7
F1l-score 0.609 Col 2 0.482 0.0609
Accuracy 0.932 0.967 0.975
Runtime 0.470 hours 0.365 hours 0.069 hours

Evaluation of the effectiveness of YOLO object detection models: YOLOvV5,
YOLOvT7 and YOLOvS

The detection of the license plate object has made significant progress with the
development of various models within YOLO (You Only Look Once). It consists
of YOLOv5, YOLOvV7 and YOLOvVS stand out as outstanding versions, each of
which brings its own set of improvements and optimizations. This exchange pro-
vides a comparative analysis of these three models based on the key performance
indicators: Fl-score, Accuracy and Runtime.

F1-Score

F1-score, an important measure for assessing the balance between accuracy and
repetition, emphasizes the model’s reliability in handling false positives and false
negatives. According to their results, they:

YOLOvV5 achieved an Fl-score of 0.609, demonstrating a strong balance and
indicating a reliable performance in object detection tasks. YOLOvVT reported an
F1-score of 0.482, which, while still respectable, suggests a slightly lower perfor-
mance in balancing precision and recall compared to YOLOv5. YOLOvS showed a
significantly lower F1l-score of 0.0609, This indicates difficulties in maintaining an
optimal balance between accuracy and conservation. This can be caused by various
factors, such as the specificity of the model’s learning or the change in the data set.

Accuracy

The accuracy that reflects the proportion of correctly identified cases among all
cases is a direct measure of the overall effectiveness of the model. The results are
as follows:

YOLOV5 recorded an accuracy of 0.932, demonstrating its capability to accu-
rately identify objects in a given dataset. YOLOv7 outperformed YOLOv5 with
an accuracy of 0.967, showcasing improvements and refinements in the model’s
architecture and training process. YOLOvS topped the chart with an accuracy of
0.975, indicating the highest reliability among the three models in terms of cor-
rectly identifying objects.

Runtime

Runtime is one of the critical metrics that reflects the efficiency and speed of a
model, especially important for real-time applications. The comparative analysis
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reveals:

YOLOvV5 had a runtime of 0.470 hours, making it relatively time-efficient but
leaving room for improvement. YOLOvT7 showed an enhanced runtime of 0.365
hours, indicating better optimization and faster processing capabilities. YOLOv8
significantly reduced the runtime to 0.069 hours, demonstrating exceptional effi-
ciency and making it highly suitable for applications requiring real-time object
detection.
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Conclusion

The comparative analysis of YOLOv5, YOLOv7 and YOLOv8 based on F1-
score, accuracy and execution time provides valuable information about their re-

spective strengths and improvement directions.

YOLOvV5 stands out for its balanced F1-score, indicating a reliable performance
in managing false positives and negatives. YOLOvVT offers a middle ground with
improved accuracy and runtime over YOLOv5, but with a slight compromise on
the Fl-score. YOLOvVS excels in accuracy and runtime, making it highly efficient
for real-time applications, though its lower Fl-score suggests potential issues in

precision-recall balance.

These findings suggest that the choice of model should be tailored to specific
application needs, considering the trade-offs between accuracy, runtime efficiency,
and the balance of precision and recall.
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Figure 4.1 - Mean Average Precision graph
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This image is a comparison of accuracy and recall scores for three versions of the
YOLO object detection model: YOLOv5H, YOLOvT and YOLOvS. Each subgraph
illustrates the performance of models over a range of 50 epochs. YOLOv5 and
YOLOVS have separate graphics for accuracy and recall, while YOLOv7 shows a
combined graph. Graphs show how the accuracy of each model and revocation val-
ues improve and stabilize over time, providing an understanding of their accuracy
and detection reliability.
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Figure 4.2 - Precision and Recall result graph
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4.3.2 Description of the experiment process

Step 1. The first step is to install and import the required components and pack-
ages.

© !mkdir {HOME}/datasets
%cd {HOME}/datasets
'pip install roboflow

from roboflow import Roboflow
from IPython.display import display. Image

Figure 4.3 - Import necessary packages

o Importing the os module: The os module provides functions for interaction
with the operating system. It allows you to work with the file system, receive
information about the current working directory, create, delete and modify
files and directories, and perform other system operations.

 Getting the current working directory: HOME = os.getcwd() uses the.getewd()
function to get the current working directory path. The result is saved in
the HOME variable. This can be useful for retrieving the path to files and
directories relative to the current working directory.

« Installing the ultralytics package: The pip install ultralytics command is
used to install the Python ultralytics package via the pip package manager.
The ultralytics package contains tools and libraries for computer vision, par-
ticularly for working with the YOLO (You Only Look Once) models for
object detection.
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Loading Hobotlow workspace...
loading Roboflow project...

[ 1 rf = Roboflow(api_key="" N cENRGa NS
project = rf.workspace("label-abheb").project("alll-vguhn")
version = project.version(l)
dataset = version.download("yolovs™)

© %cd {HOME}

Figure 4.4 - Robflow data extracting code

Step 2. In the second step, the code demonstrates the process of downloading
the YOLOvV5 dataset from a project on the Roboflow platform using the Roboflow
library

» Creates a Roboflow object using the API key. The API key authenticates the

user and provides access to his projects and data on the Roboflow platform.

o The code selects a specific workspace and project. In this case, the workspace

with the identifier "label-a6heb" and the project with the identifier "alll-
vquhn" are used. This allows access to the desired project for further oper-
ations.

o Next, you select a specific version of the project. This is version number

1. Each version of the project can store different versions of the data and
annotations.

o The YOLOV5S dataset is loaded. This call downloads all the necessary files

and annotations to use the YOLOv5 model in the object detection problem.
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Figure 4.5 - Dataset in Roboflow

Step 3. The third step of the code demonstrates the process of starting the
learning model YOLOVS5 for the object detection task using the previously loaded
dataset.

Learning process of the YOLOv5 model using the following set of parameters:

» task=detect: Specifies that the task is to detect objects.

» mode=train: Sets the operating mode in "train" (training).

o model=yolovbnu.pt: Specifies the path to a pre-trained model to be used as
a starting point for further learning.

« data=dataset.location/data.yaml: Specifies the path to the dataset configu-
ration file that was previously loaded. This file contains information about
the dataset structure and data paths.

 epochs=50: Sets the number of epochs (iterations) for the learning process.
In this case, the model will be trained for 50 epochs.
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Figure 4.6 - Model training process
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Step 4. The final step will be to create graphs that demonstrate the results.

The result is shown in the form of graphs. Graphs are constructed using blue
and red lines. The blue lines show the variable values, and the red lines show the

error values.
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Figure 4.7 - Result graph

The following graphs are shown:

val-box-loss: This graph shows the average value of box loss (box loss) on the
validation dataset. Crate losses are a metric that measures how well the model
predicts the boundaries of objects in images.

val-cls-loss: This graph shows the average value of loss classes (classification
loss) on the validation dataset. Class loss is a metric that measures how well the
model predicts classes of objects in images.

metrics/mAP50(B): This graph shows the mean value of the mean precision
mean (mean average precision) at a threshold of 50% on the validation dataset.
The mean exact definition is a metric that measures how well the model predicts
objects in images.

metrics/mAP50-95(B): This graph shows the mean value of the mean accurate
determination at a threshold of 50% to 95% on the validation dataset. The mean
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exact definition is a metric that measures how well the model predicts objects in
images.

Metric
The lower part of the image shows the values of different metrics. These metrics
include:

epoch: This metric shows how many times the model has been trained on
the whole data set.

batch: This metric shows how many images were processed simultaneously
during training.

img per_ batch: This metric shows how many objects were on each image.
Ir: This metric shows the learning speed with which the model was trained.
time: This metric shows how long it took to learn the model.
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Chapter 5

Conclusions and future work

5.1 Conclusions

Licence plate object identification has advanced significantly with the YOLO (You
Only Look Once) object detection models YOLOv5, YOLOv7, and YOLOv8. We
assess these models using important performance metrics: runtime, accuracy, and
F1 score
The Fl-score, accuracy, and runtime of three YOLO object identification

models—YOLOv5, YOLOv7, and YOLOv8—are compared and evaluated in this
paper. With an Fl-score of 0.609, YOLOv5 exhibits a good balance; YOLOv7
trails somewhat with an Fl-score of 0.482, while YOLOvVS suffers with a much
lower F1l-score of 0.0609, suggesting difficulties in preserving accuracy. At 0.975,
YOLOVS scores highest in accuracy, closely followed by YOLOv7 at 0.967 and
YOLOv5 at 0.932. Notably efficient runtime is YOLOvS8, which comes in first,
then YOLOvV7, and finally YOLOv5. All things considered, the model selected will
rely on particular application needs after weighing the trade-offs between precision
and recall, runtime efficiency, and accuracy.

These results imply that, taking into account the trade-offs between accuracy,
runtime efficiency, and the balance of precision and recall, the model selection
should be adapted to particular application requirements.
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5.2 Future work

Future research in the field of number plate identification in challenging real-world
situations might prioritize many crucial areas, including enhancing the depend-
ability of detection algorithms under severe illumination conditions. Challeng-
ing weather conditions and obstructions continue to pose substantial difficulties.
However, by using modern artificial intelligence approaches like deep reinforce-
ment learning and transformer models, significant boosts in performance may be
achieved.

Furthermore, it is crucial to optimize the algorithms used for real-time pro-
cessing on peripheral devices in order to effectively use them in smart cities and
autonomous cars. Utilizing cross-domain adaptation and knowledge transfer may
facilitate the development of models that exhibit strong performance across diverse
contexts. Investigating the feasibility of integrating multimodal sensors by mixing
optical data with radar or LIDAR data has the potential to enhance the precision
and dependability of detection.

As these technologies grow more widespread, ethical and secrecy concerns be-
come more important. A crucial area of investigation will be guaranteeing the
confidentiality of data and adhering to legal norms, all while maintaining a high
level of detection efficiency. By using these skills, future research may greatly en-
hance and enhance the dependability of vehicle license plate identification systems
in real-world scenarios.

We are also thinking of expanding our current data set to meet other research
goals. This includes collecting more photos that cover different types of cars and
license plates in addition to numerous geographic areas and lighting conditions.
More data would help to develop a model and would be a more effective method
of identifying and detecting objects in a number of realistic scenarios. Other tests
are also planned using different approaches to increase and prevent the volume of
data. In addition, multiple algorithms and models will be used to improve the
accuracy and efficiency of licence plates and vehicle identification.

Plans for the future also include for testing with alternative object identifica-
tion models such RetinaNet [24], CenterNet [25], EfficientDet [26], and so on. The
purpose of these tests is to evaluate their performance in various weather, lighting,
and license plate designs scenarios. In order to increase the usefulness of models
in actual situations, it is intended to carry out comparative study on important
metrics like accuracy (Accuracy), F1-Score, and lead time (Runtime). These re-
search will contribute to the identification of the optimal methods for rapid and
accurate traffic management and video surveillance jobs.
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