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Abstract

Traffic violations cause significant problems such as congestion,
accidents, and deaths. It is highly desirable to have an effective automated
system to detect and record these violations, thus, to improve traffic regulation
enforcement and reduce human intervention. This study aims to detect traffic
violations and identify violated vehicle plates in Irag. As the system detects
traffic violations automatically, of three different cases; non-compliance with
the traffic signal, exceeding the speed limit, and driving in the opposite
direction, it is cost-effective, practical, and powerful. The proposed system
uses background subtraction technology to detect moving vehicles and the
concept of time and distance difference over which vehicles move to detect
violations. The You Only Look Once version 4 (YOLOv4) algorithm is used
to identify the license plates (LPs) of violating vehicles with great accuracy.
The Convolutional Recurrent Neural Networks (CRNN) were used with
Optical Character Recognition (OCR) technology to recognize two types of
Iragi LPs; the first type contains Hindi numbers, while the second form
includes Arabic numbers, a future system to be used throughout Irag. The
results achieved from our trial indicate promising system performance, with
multiple real-time violation detection and an overall accuracy rate of 98.06%
for offenses. On the other hand, the proposed system has excelled in
recognizing LPs, achieving a success rate of 94.87% and 98.22% for the first
and second types, respectively. It has outperformed similar systems,
particularly in terms of accuracy and the capability to detect multiple types of

traffic violations simultaneously, thereby establishing its competitive edge.
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Chapter One: Introduction

Chapter One: Introduction

1.1 Introduction

Traffic violations have grown to be a major issue in the modern world.
Due to the growing number of vehicles and other vehicles, there is a
considerable flow density of traffic [1]. The problem is becoming more severe
day by day. The number of accidents in cities is rising. There is obvious need
for a control over traffic because drivers are breaking the law [2]. Traffic
accidents can cause massive human and material losses [3]. Certain high-risk
road segments, like those near schools and major thoroughfares, have traffic
infraction monitoring systems installed in order to preserve traffic order and
lower the frequency of traffic accidents. Traffic infractions including
speeding, unauthorized lane changes, and infractions of traffic signs within
the monitored area can all be recorded and handled by a traffic violation
monitoring system. It mainly makes use of networking and computer image
processing technologies, and an automatic detecting device is used to gather
information about unlawful vehicles [4][5]. The impact of traffic infraction
monitoring on driving habits and vehicle speed has been investigated by
several academics. The likelihood of traffic accidents can be successfully
decreased with traffic violation monitoring. Road traffic safety benefits from
traffic violation monitoring. Traffic violation monitoring lowers the number
of collisions. Automating the procedure is the answer to this issue by using

machine learning [6].
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1.2 Traffic Violation Detection System

A traffic violation detection system can be equipped with multiple
technologies. There are several techniques widely used to detect violations
including sensor-based technology backed by Internet of Things (loT),
computer vision, and wireless networks like Radio Frequency Identification
(RFID) and Vehicular Ad-Hoc Network (VANET). The optimal performance
in its application may come from combining other existing technology
classifications [7]. The tools that the system used to detect traffic violations,
such as cameras, sensors, In Vehicle Monitoring System (IVMS) Servers.. etc,

as shown in Fig. 1.1.

Resort Deices View
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Fig. 1.1 Infrastructure of the vehicle violation detection system [7]
Traffic management systems are deployed to monitor vehicles that

violate traffic laws. These procedures need to be automated and made more
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Chapter One: Introduction

efficient. Thus, a simple and efficient vehicle identifying system is required
as shown in Fig. 1.2. The crucial query is: “How can a specific vehicle be
recognized?”. The license plate (LP) is the obvious way to answer this issue
because each vehicle has a unique number that makes it easy to identify from
other vehicles. Every country assigns its license number to a vehicle displayed
on the LP. This number helps to identify one vehicle from another, especially
when they are both of the same type and model. An automated system can be
applied in place to recognize a vehicle’s LP and get the characters and digits
from the area where the LP is located. Additional information about the
vehicle and its owner can be obtained using the LP number and used for
processing. Such an automated system ought to be lightweight, portable, and
capable of processing data quickly enough. In recent years, several algorithms
for detecting LPs have been created. Every algorithm has benefits and

drawbacks of its own [8].

[21-G 34567)}

Fig. 1.2 Automatic LP recognition system [8]
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1.3 License Plate (LP)

Currently, identifying a vehicle is the primary functional component. A
vehicle’s LP is the major means of instantaneous identification. Hence, its
detection and recognition are regarded as paramount evasion. Even though the
LP detection has been a significant topic in numerous research projects over
the years, the emergence of new technologies like autonomous driving, the
l0T, big data, and deep learning has presented us with several new solutions
and obstacles. Therefore, a problem-solving approach that does not require
prior limitations must be envisioned. Most existing techniques for identifying
LP in photos and movies are only effective in specific, limited settings. One
such constraint is the Region of Interest (Rol), which is based on the
assumption that the LP is localized in a particular area of the test image frame.
Other commonly accepted limitations are camera settings and lighting
circumstances. In practical applications, static cameras are often employed in
lighting conditions that provide good visibility. The area of the problem is
further limited by the aspect ratio of the LP’s dimensions, orientation, and
color patterns. So, prior understanding of LPs characteristics which existed in
different types, as shown in Fig. 1.3, enables of creation a straightforward

solutions that take advantage of the real-time performance [9].



Chapter One: Introduction

l21-G 34567) [ll21-G 34534

21-G 45567

x —
=R

21-G 34677) 155, S

X0 —

R

A123456 @ V&1--

D>»X0—

e pad iy clm SUL diloalss | | g ) ¥

Fig. 1.3 Samples of Iraqgi LPs

1.4 Problem Statement

The problem of traffic violations encompasses a range of behaviors that

deviate from established traffic laws and regulations, posing risks to road

safety and the efficient flow of traffic. The definition of this problem involves

several key components:

1. Behavioral Deviation: traffic violations involve actions taken

by road users that contravene established traffic laws and
regulations. These behaviors include speeding, running red lights

or stop signs, illegal overtaking, and going in the opposite
direction.

. Safety Risk: traffic violations increase the likelihood of

accidents, injuries, and fatalities on roads and highways.
Violations such as speeding and reckless driving can
significantly impact the safety of all road users, including

pedestrians, cyclists, and other motorists.

. Social and Economic Impact: traffic violations have broader

social and economic implications, including costs associated
5
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with healthcare, property damage, and loss of productivity due to
traffic congestion and accidents. Moreover, violations can erode
public trust in transportation systems and institutions responsible
for road safety.

4. Technological Solutions: technology advancements, such as
automated surveillance systems, vehicle-mounted cameras, and
data analytics offer opportunities to enhance traffic enforcement
and reduce violations. These technologies can improve the
accuracy and efficiency of violation detection while reducing the

burden on law enforcement personnel.

1.5 Thesis Aims and Objectives

In accordance with the challenges faced by the latest technologies used
to detect traffic violations and recognize LPs, the proposed system aims to
automatically detect violations of traffic rules. The system relies on a
convolutional neural network algorithm and You Only Look Once Version 4
(YOLOv4) using the camera to achieve the goal of finding the fastest and
most accurate algorithm in detecting and recognizing LPs with the following

objectives:

e Automatic detection: the device must automatically detect violations
without the need for manual intervention, which reduces the time and

effort expended in traditional methods.

e High accuracy: the system for detecting violated vehicles must have a
high degree of accuracy to correctly identify vehicles and take legal

action against them.
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e Real-time processing: the violated vehicle plate must be identified at
the time of the actual violation for it to be recorded in the message sent

to the Traffic Directorate and the vehicle owner.

e The proposed system does not use any sensors to detect traffic
violations; instead, a camera connected to a laptop is used to
photograph the movement of vehicles, detect violated vehicles and

identify their LPs using a Python program.

1.6 Challenges

Automatic traffic violation detection systems are increasingly used to
enhance road safety and enforce traffic laws. However, the system faces

several challenges:

e Environmental Conditions: weather conditions such as rain,
fog, or snow, and varying lighting conditions can affect the
camera's performance, leading to difficulties in accurately
capturing vehicle behavior.

e Camera Limitations: high-quality cameras are required for
precise detection, but they can be expensive and may have
limitations in resolution and range. Additionally, camera
placement and angle can impact their effectiveness.

e Handling of Edge Cases: situations such as emergency vehicles
or unique traffic patterns may not always fit neatly into the
system’s algorithms, leading to potential issues with detection

and enforcement.
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e Cost: implementing and maintaining advanced detection
systems can be expensive. Budget constraints can limit the extent
and effectiveness of deployment.

Addressing these challenges requires ongoing technological advancements,
thoughtful policy-making, and a commitment to balancing enforcement with

fairness and privacy considerations

1.7 Thesis Outline

The remainder of the thesis is organized as follows:
* Chapter Two covers the main concepts of the YOLO, background
subtraction, several Convolutional Neural Network (CNN) models and also
includes a literature review of the previously used detection rules, traffic
violation and License Plate Recognition (LPR ) approaches.
* Chapter Three presents the methodology used for the detection of traffic
violation and LPR and includes a detailed explanation of the techniques,
algorithms, and processes employed to perform LPR accurately in real time
mode.
* Chapter four discusses the results of the used methods and compares them
with the techniques described in other works.
* Chapter Five presents the conclusion and recomodations for further future

work
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Chapter Two: Literature Review and Backgrounds

2.1 Introduction

This chapter collects relevant research from the current literature,
which is divided into two parts: Traffic Violation Detection and LP detection
and Recognition, and compares these approaches. Furthermore, it
comprehensively introduces the fundamental aspects of violated vehicle

detection and LP identification and recognition.

2.2 Literature Review

2.2.1 Traffic Violations Detection

Billones et al., 2016 [10], proposed an intelligent system architecture
was presented for detecting traffic violations based on computer vision. The
algorithms included vehicle detection and tracking using Binary Large Object
(BLOB) analysis, Kalman filter, and plate character recognition using Optical
Character Recognition (OCR). Traffic violations addressed were number
coding, overspeeding, and diverging. The study was in the initial phase, and
experimental results indicated 86.11% accuracy for optical character
recognition and 88.45% accuracy for speed measurement.

Yim et al.,, 2020 [11], proposed and evaluated an automatic plate
recognition and speed detection system for potential deployment on urban
roads. A total of 30 runs were conducted to test the system, with results
indicating a 90% success rate in measuring speed, a 56.67% success rate in
detecting LPs, and a 36.67% success rate in correctly recognizing LPs.

Despite encountering hardware glitches with the sensor during some speed
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detection trials, the system showed promise once lessons from unsuccessful
trials were incorporated, such as improving character recognition.

Grents, Varkentin, and Goryaev, 2020 [12], conducted a study using
a Simple Online and Real-Time Tracking (SORT) tracker along with a two-
stage Faster-Region-based Convolutional Neural Network (Faster R-CNN)
detector. Their goal was to track, categorize, and determine vehicle speeds.
The results of the tests showed that the system could accurately identify,
count, and estimate vehicle speeds with an error rate of less than 22%. The
system achieved an accuracy rate of 78% in classifying vehicles and
estimating their speeds.

M. M. Bachtiar et al. 2020 [13], suggested a system works for vehicle
detection and traffic violation detection the mean shift algorithm was used for
vehicle tracking and BLOB technology to detect vehicles violating traffic
signals, and the system achieved a detection accuracy of 71%.

Wankhede & Bajaj 2021 [14], addressed traffic problems in India,
emphasizing diverse traffic causing congestion and essential accidents. Social
factors like jumping traffic signals and mobile phone use were significant
contributors to accidents. The paper focused on developing a behavioral
detection model using a matching approach and Particle Swarm Optimization
(PSO). Testing on Nagpur city traffic videos showed increased accuracy in
detecting violations. The model specifically targeted red-light violations, and
mobile phone usage, crucial factors in road accidents, showcasing notable red-
light violations were detected using the matching techniques and PSO
algorithms; experimental results showed accurate accuracy of 89.6% and
91.1% were attained, respectively.

Anand, Kilari and Kumar, in 2021 [15], proposed a system that
highlighted the surge in new vehicles, contributing to congested roads and

10
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increased traffic violations. To address this, a computer vision-based traffic
violation detection system was proposed and implemented using You Only
Look Once version 3 (YOLOvV3). The system focused on detecting violations
like signal jumps, vehicle speed, and count, achieving an accuracy of 97.67%
for vehicle count and 89.24% for speed detection. The authors suggested
YOLOv3's suitability for traffic violation detection, particularly in handling
multiple violations from a single input source. The system operated
efficiently, with speed dependent on traffic density, demonstrating lower
detection times in high-density traffic flows.

Peng et al., 2022 [16], aimed to create an automatic traffic violation
detection system using videos reported by the public, especially those from
dashcams. They focused on two violations: running a red light and turning on
a red light. The system included Violation Target Tracking (VTT) and Target
Action Analysis (TAA), utilizing depth and gradient angle changes (GAC).
The experimental results showed an average accuracy of 76.1% and a
conditional accuracy of 81.9%. The developed system aimed to alleviate law
enforcement's resource demands in processing the growing number of
reported traffic violations.

M. Zahid et al., 2022 [17], proposed a system to detect Red Light
Running (RLR) violations using spatial analysis and Machine Learning (ML)
methods. Data  imbalance was  addressed using  random  over-
sampling. Random Forest (RF) and Gradient-Boosted Decision Tree (GBDT)
algorithms classified and predicted RLR, with GBDT achieving 96%
accuracy and outperforming RF.

T. Singh etal., 2023 [18], introduced an improved traffic light violation
detection method, utilizing a modified YOLO algorithm and Hough space
analysis (HSA). The algorithm, implemented using Apache Kafka and
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Apache Spark, operates autonomously, adapting to environmental changes. It
achieved 88.24% accuracy in detecting traffic light violations, showing
scalability and effectiveness in real-world scenarios. The method combines
lightweight YOLO for object detection and Hough space analysis to identify
violation regions during red lights, demonstrating suitability for real-time

traffic violation detection.

Table 2.1 Summary of the related work regarding the violation detection

o Accuracy
Ref. No. Year Method Violation Type rate (%)
BLOB analysis | Exceeding the speed

[10] 2016 and Kalman filter limit 86.11

[11] 2020 Sensors Exceedllr:?ng?e speed 90

[12] 2020 SORT Exceeding the speed | g

limit

[13] 2020 BLOB Traffic signal 71

[14] 2021 PSO Traffic signal 91.1

[15] 2021 YOLOV3 EXCEEd'ﬂ?nE?e speed | g9 94

[16] 2022 Depth and GAC Traffic signal 81.9

[17] 2022 RF+GBDT Traffic signal 96

[18] 2023 YOLO and HSA Traffic signal 88.24

2.2.2 LPs Detection and Recognition
Xie et al., 2018 [19], proposed a technique for detecting LP and
recognizing characters. It is based on a combination of a feature extraction
model and a Backpropagation Neural Network (BPNN ) and can adjust to
complex backdrops and weak illumination. The approach comprised

candidate region verification, contrast enhancement preprocessing, and
12
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precise LP localization using the integral projection method. Through BPNN,
the feature extraction model uses three feature sets trained to recognize
characters accurately. The experimental results demonstrated a 97.7%
recognition accuracy.

Altameemi, Abbas and Alabaichi, 2019 [20], proposed a system that
confirmed that the need for recording vehicle movements in lrag was to
address security concerns and support various sectors like statistics,
economics, and tourism. The algorithm was developed and tested using the
Matlab package to leverage Graphics Processing Unit (GPU) capabilities for
handling extensive data and matrices. An algorithm was implemented to
detect, extract, localize, and recognize Iragi vehicle registration plates,
utilizing object-feature and template-matching (TM) techniques. The method
achieved 96% accuracy in recognizing numbers.

Hendry and R. C. Chen 2019 [21], conducted Automatic License
Plate Recognition (ALPR) using the YOLO-darknet deep learning
framework. The algorithm utilized sliding window detection to recognize
vehicle LPs, specifically from Taiwan. The system achieved 98.22% accuracy
in LP detection and 78% accuracy in license plate recognition. The study
underscores the effectiveness of YOLO-based approaches in ALPR tasks,
particularly in accurately detecting and recognizing LP under diverse
environmental conditions.

Silva and Jung, 2020 [22], emphasized The ALPR system and its
Importance in various areas like Intelligent Transportation and Surveillance
systems. They showcased a sophisticated approach using a hierarchical
Convolutional Neural Network (CNN) for end-to-end ALPR. They developed
two CNN networks based on YOLO: a Large-scale Place Description
Network, which could identify frontal/rear views of vehicles along with LPs

13
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in a cascaded manner, License Plate Segmentation, and a Character
Recognition Network, which focused on detecting characters within cropped
LP regions. Testing their method on datasets containing European and
Brazilian license plates yielded an impressive 89.15% accuracy in identifying
vehicle LPs using CNN and OCR algorithms.

Anson and Mathew, (2020) [23], highlighted the significance of
ALPR, a technique crucial for tracking, identifying, and monitoring moving
vehicles by automatically recognizing LPs through image processing. They
employed a CNN to scan the entire image for character recognition. Further,
they used a plate/non-plate CNN classifier to filter out non-plate areas from
the identified plate region. By combining CNN with Long Short-Term
Memory (LSTM) approaches, they claimed to achieve an accuracy rate of
85.0%.

D. A. Abd Alhamza and A. D. Alaythawy , 2020 [24], developed The
Iraqi License Plate Recognition (ILPR) system to recognize numbers using a
combination of pre-processing, segmentation, and K-Nearest Neighbors
(KNN). This system effectively spots and identifies Arabic numbers on LPs,
boasting an 90% accuracy rate. They built it using Python3.5 and the OpenCV
library. The system works through three key stages: pre-processing, where the
Image is prepared; LP detection and segmentation, which isolates the plate
from the rest of the image; and finally, number recognition, ensuring precise
identification.

X. Zhang et al. 2021 [25], explored machines and deep learning
algorithms, such as CNN, LSTM, and KNN, to tackle the detection of Chinese
LPs. When comparing different models using the Chinese City Parking
Dataset (CCPD) dataset, the CRNN model stood out 95% accuracy rate. This

14
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underscores CRNN's effectiveness in pinpointing Chinese LPs accurately,
especially within the Chinese City Parking Dataset.

Khan et al., 2021 [26], proposed a method for recognizing multiple
LPs in high-resolution images. Their technique involved a two-step process
for plate detection. Initially, all vehicles in an image were identified using the
Faster-Region-based Convolutional Neural Network (Faster R-CNN),
providing accurate data to pinpoint LPs. Then, plates were localized in the
HIS (hue ( H), saturation ( S), intensity ( I )) color space using geometric
attributes and morphological techniques to filter out non-plate regions. They
employed a Look-Up Table (LUT) classifier with adaptive boosting and the
Modified Census Transform (MCT) as a feature extractor to recognize
characters. The results were impressive, boasting an overall detection rate of
96.72% and a recognition rate of 98.02% for numerous LPs, as per their
experiments.

I. Mihoub (2023) [27], proposed a deep learning-based LP detection
and recognition system that utilizes YOLO and CNN for detecting and

recognizing LPs, achieving 87% and 93% accuracy rates, respectively.

Table 2.2 Summary of the related work regarding the recognition of LPs

Ref. No. Year Method Accuracy rate (%)
[19] 2018 BPNN 97.7
[20] 2019 ™ 96
[11] 2020 OCR 56.67
[21] 2019 OCR 78
[22] 2020 CNN+OCR 89.15
[23] 2020 LSTM+CNN 85
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[24] 2020 KNN 90
[25] 2021 CRNN 95
[26] 2021 Faster R-CNN 98.02
[27] 2023 CNN+YOLO 93

2.3 Vehicle Detection

For the effective administration of transportation networks, road safety,
and public safety on crowded streets and highways, private businesses,
governments, and public organizations use traffic surveillance. One typical
example of a surveillance system is a stationary camera monitoring a scene.
Finding invasive items is a crucial first step in scene analysis [28]. Once
moving foreground objects are successfully separated from the background,
object classification, vehicle identification, tracking, and activity analysis are
all made easier. Moving object segmentation offers the ease of object-based
representation and manipulation of video content by removing relevant
information about the moving vehicle from video sequences. For many
computer vision applications, including pattern recognition, video
compression, video retrieval, and video surveillance, it is a crucial step.
Optical Flow (OF), background subtraction (BS) , and frame difference
methods are examples of conventional techniques for segmenting moving
objects [29]. The methods used in motion detection, frame differencing, OF

and BS methods will be explained in some detail.
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2.3.1 Frame differencing

In order to identify regions that correspond to moving objects, such as
people and cars, frame differencing is the process of pixel-by-pixel
comparison between two or three successive frames in a picture stream.
Change is determined by the threshold function, which is based on how
quickly an object moves. It is hard to keep the segmentation quality high if
the object's speed changes dramatically. The inter-frame differencing method
compares two consecutive frames to identify segments of moving objects.
However, because it can only distinguish variations in the background, it can
only recognize portions of a vehicle that was partially hidden by the
background in the preceding frame. This system is not able to handle realistic
traffic situations where vehicles may stop for extended periods of time, even

with some improving techniques [30].

2.3.2 Optical Flow (OF)

OF employs the flow vectors of the moving objects over time to identify
moving regions in a picture. Applications involving motion-based
segmentation and tracking make use of it. Each pixel region's translation is
defined by a dense field of displacement vectors. When there is a motion in
the camera, OF works best. The popular flow calculation methods are

computationally complex [31].

2.3.3 Background Subtraction Method (Gaussian Mixture Model
(GMM))

In the world of computer vision, understanding what's moving and

what's not is vital, especially in fields like surveillance, tracking objects, and

recognizing activities. The main aim here is to accurately pick out the things

that are on the move or catch our interest from the background that stays the

17



Chapter Two:Literature Review and Backgrounds

same in a video. Having strong and effective techniques for background
modeling and foreground separation is crucial for the success of many
computer vision tasks[32].

Most Background Subtraction methods follow a similar technique. It
includes two significant steps: background initialization with maintenance
and foreground detection. Background initialization constructs an initial
background model according to a specified number of frames. In foreground
detection, a comparison is made between the current frame and the
background model for each frame, leading to calculating the scene's
foreground. Typically, the results of the foreground detection are fed back into
the background model for updating [33].

A more robust method is to model the background with Gaussian
Mixture Model (GMM). In this algorithm, the distribution of the color of each
pixel is modeled as a sum of weighted Gaussian distributions defined in a

given color space. Namely, the intensity is modeled as [34]:

K
P(I(x,y,0)) = z w(i,x,y,6).G(I(x,y,6),u(i, x,y,t),0(x,i,y,t)) (2.1)
i=1

At any time ¢, what is known about a particular pixel is its history. For
each Gaussian function, two parameters (i, o) need to be stored. Parameter
u is estimated as the average value of previous pixels. The parameter o is the
standard deviation and is estimated through previous pixel samples as well.
The history is modeled by a mixture of K Gaussians G. Thus, the probability
of occurrence of an intensity at a given pixel (x,y) is represented as in Eq.
(2.1). The weight of the ith Gaussian model, G, is w(i, x, y,t). The GMM may
simulate appearance as a combination of many items. A backdrop pixel is best

portrayed as a combination of many (typically tiny) objects if the background
18
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features moving textures, such as sea waves, wind-shaking tree branches, or
even merely fluctuations in lighting throughout the day. Initialization of the
means, standard deviations, and mixing weights the parameters in the
Gaussian functions is required. They may be initialized at random. However,
the standard deviation ought to be sufficiently high, and the emerging
Gaussian's weight ought to be sufficiently low. A higher standard deviation
allows for the inclusion of more data in a single model, leading to a more
accurate model. A different method of initialization is to use the kmeans
findings from training samples. It can be calculated from the same cluster,
and the corresponding weight is the ratio of samples from this cluster. Can set
the value of as the average value for one cluster obtained by kmeans. Pixels
are then classified as "in motion" if they deviate from any of the calculated
Gaussian distributions by more significant than (2 or 3) standard deviations

[34].

[I(x,y,t) —ulx,y,t)| > ka(i,x,y, t — 1) (2.2)

If a new pixel value I(x,y,t), can be matched to one of the existing
Gaussians (within Ko)),then the matched Gaussian u(i, x,y,t) and o (i, x,y,t)

are updated as follows [34]:
‘l.l(l, XY, t) = (1 - p)‘l.l(l, XY, t— 1) + pI(X, Y, t) (23)
O-Z(i'x'y't) = (1 _P)Uz(i:x'y;t - 1) +P(I(x:yyt) —M(i:x:yrt - 1))2 (24)

where a is alearning rate and p = a G(I(x,y,t), (i,x,y,t), o (i,x,y,t) ) The

previous weights of every Gaussan are modified as follows [34]:
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w(i,x,y,t) =1 —-a)w(i,x,y,t —1) + a(M(i,t)) (2.5)

where M (i, t)= 0 for all other values and M (i,t) = 1 for the matched
Gaussian. Objects are permitted to blend into the backdrop under this model.
In the event that 1(x, y, t) does not correspond to any of the K known Gaussians,
a new distribution is substituted for the least likely one. The word "least
probable" has a w/c meaning. The new distribution has low weight, high o,
and the formula u(i, x,v,t)= I(x, y, t). Following the updating of each Gaussian,
the K weights w(i,x,y,t) are normalized till their total equals 1. The
Gaussians with the highest supporting weight and lowest variance should be
matched by the backdrop. A larger weight indicates a broader support zone,
and a lower variance indicates a higher probability. The distribution with the
lowest variance, greatest probability, and largest area of support is thought to
be a component of the background. Subsequently, the least number b of
distributions whose weights add up to a sizeable enough fraction of space 7T'is

chosen as the background model, as in Eq. (2.6) [34].

b
B = argmin, (Z? >T) (2.6)
i=1

where T is a threshold. The background subtraction result is shown in

Fig. 2.1 for the same testing frame.
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(a) o (b)

©)

Fig. 2.1 BS using GMM (a) Input video (b) Background model (c)
Foreground mask [34]

In the foreground mask, noise is still there. However, the GMM
approach does the best at obtaining the whole foreground object out of all of
these techniques. However, it performs significantly worse than the mean
Gaussian average technique in terms of providing precise data at the object
border. Even if a different threshold is selected for each pixel using the
Gaussian mixture model and Gaussian average, and these pixel-wise
thresholds are modified over time, it does not consider spatial information.
That is, each pixel makes a decision independently of other pixels, even
though decisions are correlated. That is why the foreground mask boundary is

not accurate even in GMM [32].
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2.4 Morphological Operations

Grayscale images can be subjected to morphological processes since
their absolute pixel values are deemed insignificant or of small interest, and
their light transfer functions are unknown. Morphological approaches analyze
a picture that contains a structural element, which is a small form. A binary
picture, or small matrix of pixels with a value of either one or zero for each
pixel, serves as the structural element [35]. Out of many morphological

operations, some are described as follows.

2.4.1 Dilation
The dilation process causes an object's size to increase. The type and
form of the supporting element determines how much it expands. The
definition of an image A's (set) dilatation caused by structuring element B is
defined as [36]:

A® B ={z|(B); nA =+ 0} (2.7)

The dilation of 4 by B is the set of all displacements Z such that B and
A have at least one element in common if set B is moved and reflected about
its originby Z . As previously stated, dilation increases the boundary elements'
pixel count. The process of dilation causes the number of pixels with value
zero (background) to decrease and the number of pixels with value one
(foreground) to increase. Additionally, a continuous object's holes or missing
pixels are essentially filled in via the dilation technique. The dilation operation
alters the intensity at the object's boundary by adding pixels, and as a result, a

blurring effect is visible. Thus, it can be compared to spatial low-pass filters
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that are smoothed while applying linear image filtering image, as shown in
Fig. 2.2 [36].

(a)

Fig. 2.2 Morphological dilation (a) Original image (b) Dilated image [37]
2.4.2 Erosion
In relation to the operation impact, the erosion operation is the dilation
operation's complement. That example, the process of erosion results in an
object losing size. The definition of an image A being eroded by a structural
element B is [36]:

AS B ={Z|(B); €A} (2.8)

The set of all places Z such that the structuring element B is translated
by Z is a subset of the picture is the erosion of image A by structuring element
B. The object's boundary pixels are lost as a result of this action. The number
of pixels with value zero (background) increases while the number of pixels
with value one (foreground) decreases as a result of erosion. Structures that
are smaller than the structuring element are eliminated by the erosion process.
Therefore, the noisy "connection™ between two things can be eliminated using
it. When undesirable pixels are "erased," the item in a picture becomes sharper
overall. The sharpening of a high pass filter, which is utilized in linear image

filtering, is comparable to the erosion procedure, as shown in Fig. 2.3 [36].
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(a) (b)

Fig. 2.3 Morphological erosion (a) Original image (b) Erosion image [37]

2.4.3 Closing
Additionally, erosion and dilation work together to close a picture. In
terms of the sequence in which erosion and dilation occur, it is different from
the opening procedure. The definition of a structural element B 's closing of
the picture A is [37]:

A-B=(A®B)OB (2.9)

The mathematical statement (2.9) illustrates the relationship between
erosion and dilation with closure. It demonstrates that a closure operation is
when a structuring element B dilates an image A and then erodes the resulting
image using the same structuring element. The points in the structuring
element B that, when B is "rolled" over A around outside of its border, reach
the extreme points of A's boundary constitute the closed image's boundary.
Even if the closure procedure smoothes some curves, it generally combines
thin gaps and narrow breaks. Consequently, it eliminates tiny gaps and fills in
the edges of the objects, as shown in Fig. 2.4 [37].
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(a) (b)

Fig. 2.4 Morphological close (a) Original image (b) Close image [37]
2.4.4 Opening
The opening of an image is a combinational operation of erosion and

dilation. The opening of image A by structuring element B is defined as:

A B=(AOB)®B (2.10)

The above definition gives the relationship between opening and erosion &
dilation. It states that the opening operation is nothing but the erosion of an
image by a structuring element and the resultant is dilated with the same
structuring element. The boundary of the opened image is the points in the
structuring element B that reaches the extreme points of the boundary of A as
B is ‘rolled’ around inside of this boundary. The union set operation is also
used in literatures to find the points of the opened image. The opening
operation smoothest the outline of an object clears the narrow bridges and also

eliminates minor extensions present in the object, as shown in Fig. 2.5 [37].

(a) (b)
Fig. 2.5 Morphological open (a) Original image (b) open image [37]
25



Chapter Two:Literature Review and Backgrounds

2.5 You Only Look Once (YOLO)

YOLO is an object detection algorithm used in computer vision
applications. It has gone through version different iterations, each one an
improvement over the previous version.

YOLO has undergone several changes and improvements to
incorporate the latest developments in computer vision research. Some
concepts were dropped since the algorithm could not perform and be accurate
enough. These adjustments and improvements have made YOLO one of the

most popular and reliable object detection systems currently available [38].
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Fig. 2.6 YOLO’S Summary [39]

This algorithm’s operation is predicated on the division of the image
into individual grid cells Side-by-Side (SxS) as shown in Fig. 2.6. One needs
to know what to expect before delving into the specifics of the YOLOs. The

aim is to forecast the object's class and bounding box, which indicate the
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object's location. Several descriptors can be used to describe each of the
bounding boxes.

e Width (w)

e Height (h)

e The bounding box's center ( cx and cY).

e The letter c stands for an object class, such as a car or traffic lights.

Furthermore, an extra predicted value, pc, represents the probability

that an object is inside the bounding box as shown in Eq. (2.11). The object
detection method is a single regression problem that goes straight from the
Image pixels to the bounding box coordinates and class possibilities, as seen
in Fig. 2.7.

LP = (pc,cX ,c¥,w, h,c) (2.11)
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Fig. 2.7 Bounding box [40]
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2.5.1 Locating the LP Within the Image

The current study employs a single CNN to localize an LP through the
bounding box automatically. The bounding box center coordinates (cX, cY)
are predicted using the YOLOvV4 algorithm along with its width (w) and height
(h) . Equations (2.12) and (2.13) are used to derive the bounding box corners
at the left side [41].

Xo = cX-(w/2) (2.12)
Yo =cY- (h/2) (2.13)

The top right coordinates (X;, Y;) of the bounding box are estimated using
Eqg. (2.14) and (2.15).

Xl = X0+W (2.14)

Y, =Y, +h (2.15)
2.5.2 Intersection Over Union (loU)
The object detector's accuracy on a particular data-set is measured using
an evaluation metric called loU. The following actions are necessary in order

to apply the loU for assessing a (random) object detector [42]:

1. The ground-truth bounding box, which is a manually labeled box
from the testing set that indicates where an object is located in an
image.

2. The suggested model's anticipated bounding boxes loU can be
used when there are five groups of bounding boxes. The loU can
be calculated as follows:
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A;
IoU = A_u (216)
where A; and A,, are the intersection area and union area, respectively; their

definitions are illustrated in Fig. 2.8.

(a) (b)

Fig. 2.8 Regions used in calculating loU (a) Intersection area and (b) Union
area [42]

It should be noted that loU must be any value between 0 and 1 [42]. To
predict bounding boxes accurately, the loU between the expected and actual
bounding boxes must be close to 1, as illustrated in the examples shown in
Fig. 2.9.

IoU=0.403 IoU=0.733 IoU=0.926

Prediction

Actual

Fig. 2.9 Examples of the loU values [42]

2.6 The multi-scale attention CRNN (MACRNN)

Let us explore the structure of the multi-scale attention CRNN
network. It is a blend of CNN, RNN, and Connectionist Temporal

Classification (CTC) orchestrated by an end-to-end text line recognition
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algorithm. The identification network can be divided into three main sections,
as shown in Fig. 2.10, convolutional layers, recurrent layers, and transcription
layers, in sequential order from left to right. The CNN layers, which are made
up of feature reuse networks and asymmetric convolution layers, constitute
the foundation of the entire network. The feature sequences from various
convolution layers of each input image are automatically extracted using
CNNs. Next, each frame of the feature sequence that was taken out of the
CNNs is predicted by the RNNs. The transcription layer, the final component
of the network, is in charge of translating RNN predictions into actual labels
[43].

Convolutional layers Recurrent layers Transcription layer
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Fig. 2.10 The network structure of MACRNN [43]
The entire network comprises three main parts:

e Through convolutional layers consisting of an asymmetric
convolutional layer and a feature reuse network, the feature

extraction process is performed.
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e Recurrent layers convert Feature sequences into per-frame
predictions using an attention mechanism and a bidirectional
LSTM.

e The transcription layer generates final predicted labels based

on the per-frame predictions of recurrent layers.

2.6.1 Asymmetric convolution

Since text recognition requires identifying a whole text line, input
Images for text recognition are typically far wider than they are taller than
they are for normal image identification. For instance, the average width is
210 pixels when all of the image heights are reduced to 32 pixels.
Consequently, the image's breadth is significantly more than its height. But
because the width and height of the receptive field of common convolution
are the same, it might not be able to extract the text image's features very well.
To lower computational costs without sacrificing performance, we therefore
apply a horizontal asymmetric convolution operation, which was originally
suggested in conception architecture [44]. The network may then adjust itself
more to the properties of text line images. The outcomes of the experiment
suggest that asymmetric convolution can greatly raise text line identification
accuracy. For convolution operation, when 1x3 and 2x3 asymmetric
convolution kernels are added to the CNN, as shown in Fig. 2.11. By
performing this action, the network improves its capacity to extract
information from horizontal text sections by expanding the receptive field of

such regions in the image.
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Fig. 2.11 Asymmetric convolution operation (a) 1 x 3 convolution (b) 2 x 3
convolution [43]

2.6.2 Feature reuse network

Although the multiple convolutions and pooling operations in a CNN
can extract more abstract, high-dimensional features, image details are more
easily lost with an increase of network depth. It is necessary to input a picture
and return numerous prediction results in order to recognize a text line in its
entirety. In the event that there is a single input and several outputs, the detail
feature is especially crucial. When only high-level features are employed, it is
simple to lose the feature information of small characters, for instance, if there
are varied character sizes in a text line. Therefore, we use a convolutional
neural network to carry out a feature reuse operation. The detailed architecture
of the feature reuse network is depicted in Fig. 2.12. ResNet50 is the basis for

modifications made to the entire feature reuse network .
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Fig. 2.12 Particular structure of the feature reuse network [43]

The symbols of Blockl, Block2, Block3 and Block4, respectively,
represent conv2x, conv3x, conv4dx and conv5x in ResNet50 [45]. The
downsampling is a max pooling operation. Conv 1x1 represents 1x1
convolution operation so as to match dimension when carrying out feature
fusion. The symbol @ is an element-wise addition operation.

The feature reuse network integrates features from several layers in the
network, not simply the last layer's characteristics, as shown in Fig. 2.12. The
output features of Block (i = 2, 3,4) are defined as f; (i = 2, 3, 4) while the
used features are defined as mf; (i = 2,3,4). The feature reuse network's

computational procedure can be expressed as [43]:

mf; = D(mfi_)®C(f;) (2.17)

where mf; = f;, the operation of D is down sampling, or max pooling

and 1 = 2, 3, 4; the operation of C is 1x1 convolution, which is in charge of
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dimension matching; and the element-wise addition operation is represented
by the symbol @. mf, is the final fused feature output to the recurrent layers
that follow. It is evident that the feature reuse network uses a bottom-up
cascaded feature reuse module to mix high-level semantic characteristics from
the deep network with low-level information from the shallow network. This
feature reuse network can significantly enhance text line identification
performance and be more resilient to the size and distortion of various
characters in the image because the much shallower layers can preserve more
specific information of the original image. Fig. 2.13 depicts the block’s
particular structure, which is a residual connection with the same scales that
is defined by Eq. (2.18) [43].
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Fig. 2.13 Specific architecture of the residual block [43]

The number of residual blocks of Block1l-Block4 is separate from each
other After each block, the feature map size is reduced to half and the number
of feature maps is doubled [43].
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Y1 = x;+ F(x, wy) (2.18)

where x; is the input feature of residual block I, w; is a set of weights
and bias related to residual block I, F is a residual function. The residual block,
as shown in Fig. 2.13, solves the deep neural network's gradient disappearance
issue by establishing identity mapping, which directly transfers prior
knowledge to the later layer. Furthermore, for network topologies with a given
depth, the residual block widens and deepens the network structure,
improving the capacity to describe a complex function. By combining low-
level and high-level features, the feature reuse network enhances the ability to
express features. Consequently, it helps to overcome a variety of difficult
circumstances and extract more expressive qualities (e.g., varying sizes of

characters, image distortion, blur and illumination) [43].

2.6.3 Recognition Components
Three components make up the entire recognition component: the
bidirectional Long Short-Term Memory (LSTM), the CTC layer, and the
attention model [46] [47]. In order to produce more accurate predictions, the
attention model can fully account for character relationships and contextual

information. In the feature sequence X = x4, ..., xr, , the bidirectional LSTM

may predict one result y; for each feature sequence, xi. After that, y; is

changed by CTC layer.

2.6.3.1 Bidirectional LSTM with attention
In text recognition, the RNN can be regarded as the decoder module to
decode feature sequences from the CNN and output final prediction results.
When studying the encoder—decoder model of neural machine translation
(NMT), According to the work introduced in [46], encoding a sentence with

a fixed-length vector would result in a significant over-fitting issue,
35



Chapter Two:Literature Review and Backgrounds

particularly for lengthy input sequences. This is because, regardless of the
length of the input sequence, it is encoded as a fixed-length vector
representation; yet, the input fixed-length vector will impose limitations on
the decoder throughout the decoding process. The attention mechanism is then
put forth as a solution to this issue. In addition, augment a bidirectional LSTM
with the attention mechanism. The bidirectional LSTM can therefore receive
the feature sequences associated with the current output and pay greater
attention to those significant feature sequences in order to improve

recognition performance to the attention mechanism, as shown in Fig. 2.14.

: Vi Yi+1 Yi+2
Predictions y
A A A
y o Si Y oSi+1 Y "Sit2 1
Hidden state s <« " - e
b x =
Ci Ci :
Context vector ¢ -{i'\l Feli+1 /d' Ciy2
a; az+1 Qi

m -G 345

Fig. 2.14 Bidirectional LSTM with attention: structure and contextual
summarization [43]

The context vector (c;) is obtained using Eq. (2.19) [43].
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Ty
Ci = a;iX;
; ™ (2.19)

where x; designates as the feature sequence, a;; as the corresponding weights
for vector x; at time i, and T, as the number of feature sequences. Hence, a;;

Is denoted by:

aij = f(Si-1, %) (2.20)

where the feature sequence x; and the hidden state s;_; of the RNN are used
to compute a;;, f is a function that determines how well feature sequences

correlate. Since f requires a neural network model, a choice is made to utilize
a three-layer neural network with the tanh function serving as the activation

function. The method of calculation is as follows [43]:

hij = tanh(wy; X xj + Wiy X s;_1 + b) (2.21)

e;j = hij X wyy (2.22)

where b and w,, respectively, indicate the bias term and the weights of the

second layer, e;; indicates the score of the second layer of the neural
network, and h;;indicates the output vector of the first layer for the feature
sequence x; and s;_;. After that, e;; is covered with a softmax layer to produce
a;j, as in Eq. (2.23) [43].

exp (e;5)

e €xp (eix)

aij (2.23)
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Following that, the bidirectional LSTM receives the context vectors
produced by each attention module and uses them to generate per-frame

predictions, which are subsequently sent to the CTC layer.

2.6.3.2 CTC Layer
The Bidirectional LSTM's per-frame predictions are converted to final
actual labels using CTC [43]. The goal is to ascertain the greatest likelihood
given each prediction. Based on per-frame predictions Y = y1, ..., yr,_, where
the conditional probability for label sequence equals I, the probability is
calculated as in Eq. (2.24).

U= ) pelv) (2.24)

m:B(m)=1

where B shows a mapping relationship from m to [ that removes the repeated
labels when mapping 7 to [ and then removes the "blank™ labels. Whereas
is created by assigning a label to each time step and concatenating the labels
to produce a label sequence.

All conceivable label sequences that B can map to [ are represented by m:
B(m) = L. The definition of the probability of r is [43]:

T.

PN =| | i (2.25)
where y! indicates the likelihood of correctly predicting character o in set L
at time t (which includes all task labels as well as a "blank™ label, such as L
= 6736 in Community Team Learning Disability (CTLD) service). Fig. 2.15
shows a clear explanation of the CTC layer.
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Input sequence from Bi-LSTM | Y1 | Y2 | V3 | Ya | Vs | Ve | V7 | Y8 | Yo |Y10|Y11|V12

Label alignment 2 - 1 - G G 3 4 5 3
Removing repeated labels 2 - 1 - ‘G 3 4 5
Removing ‘blank’ labels 2 1 ‘G 3 4 5

Fig. 2.15 The CTC computation diagram [43]

W N N
=

4

The Bi-LSTM input sequence appears in the first line. The label
alignment procedure is shown in the second line. The final step is to eliminate
redundant labels. Following the removal of "blank™ labels, the final

anticipated results are shown last.

2.7 Optical Character Recognition (OCR)

OCR is a technology that converts written or printed text in images into
editable and searchable text. The OCR technology is integral to image
processing and artificial intelligence [48]. The procedure for performing an
OCR operation is summarized as follows:

« Getting Images: the first step is to prepare images that contain text, where
they can be scanned papers, snapshots, or any other type of picture that
includes visible text.

« Preprocessing: different processes are applied to improve the quality of
the acquired images before proceeding with the text detection. This step
could entail skew correction, binarization (turning the image into black and
white), and noise reduction.

« Text Detection: this process locates the areas of the image that have text

by separating the text from other items that are not text.
39



Chapter Two:Literature Review and Backgrounds

« Character Segmentation: in this step, the text is divided into individual
characters. Accurately identifying each character depends on how accurate
this step is.

. Feature Extraction: OCR algorithms examine every segmented
character’s characteristic, extracting crucial information that sets one
character apart from another. Aspects like shape, size, and spatial
relationships could be included in these traits.

« Character Recognition: every character is identified using the attributes
that were extracted. To match the retrieved features with predetermined
character patterns, OCR algorithms use machine learning models, neural

networks, or pattern recognition approaches [49].
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Chapter Three: Methodology

3.1 Introduction

In this chapter, the methodology of the traffic violations detection
system is defined, and the methods used to create the system are also
described. It offers an overview of the techniques used to create a solution to
automatically detect traffic violations and identify the violated vehicle plate,
which consists of several parts. First, background subtraction is used to
identify vehicles, YOLOV4 is used to identify LPs, OCR is used to identify
violated vehicle plates, and Twillo is a platform that helps developers around
the world create unique communication features and capabilities such as
voice, messaging, video, and email in their applications. In our proposed

work, it is used to send a message to the owner of the violated vehicle.

3.2 The proposed System

The proposed traffic violation detection system uses a camera canon
responsible for wire communication with an MSI computer (laptop) to
indicate whether a violated vehicle is present. The Python program is based
on CNN algorithms to detect and identify the plates of violated vehicles. After
identifying the vehicle plate, it is sent to the Traffic Directorate to match it
with the database for issuing a fine, along with sending a text message to the
owner of the violated vehicle so that he can pay the fine. A flowchart of the
proposed traffic violations detection system is shown in Fig 3.1.
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4

Vehicle detection

I

Violation Detection and Determination

.

Take a picture of the violated vehicle

4

Detection and Recognition of the LP

. 4

Release the violation

]

Send a message to the vehicle’s owner

Fig. 3.1 Proposed Traffic Violations Detection System

3.3 System Initialization

At this point, the suggested system has been installed and configured.
A camera has been installed on the top of a pedestrian bridge located in
Karbala, in the middle of Ramadan street to obtain a clear view of the road,
as shown in Fig. 3.2. In addition to drawing the count and speed lines, the

distance threshold between them has also been established. Other thresholds
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have been set up, such as the minimum vehicle size and the image threshold.
A camera captures a data stream from the roads and transmits it to the system

for further processing.

Fig. 3.2 Installing the camera on the pedestrian bridge

3.3.1 Vehicle Detection
The methods of background difference subtraction and color
information contrast were employed for identifying the moving target
vehicles. Initially, a video of vehicles moving on the street was recorded.
Subsequently, the background subtraction approach was utilized to extract the

moving and non-moving portions of the image, with the non-moving portion
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regarded as the background. Overlaying the basic color information of the
non-moving zone onto the moving region in the image enabled the creation of
an approximate backdrop image, as the road information of the moving area
shares similar features. Finally, the moving vehicle was identified using

background difference subtraction.

3.3.1.1 Background Subtraction (BS)

The BS technique is used in object segmentation, security
enhancement, pedestrian tracking, counting the number of visitors and
vehicles in traffic, etc. It can learn and identify the foreground mask by
extracting the moving foreground from the static background, as shown in
Fig. 3.3. This work provides an algorithm that models the spatial interactions

between pixels to promote a boundary that is compatible with space.

(a) (b)

Fig. 3.3 Background Subtraction (a) Original image, (b) Background
Subtraction result
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The Mahalanobis distance (d,,,) between the pixel and the background
model is calculated as in Eq. (3.1) [50].

A = (x =)' 27 (x — ) (3.1)

where x is the color vector or intensity values in the video’s current

frame, u is the mean vector of the background model that represents the

average color or intensity values of the pixel over a series of frames, and £~
Is the inverse of the covariance matrix of the background model for each pixel
location. The covariance matrix captures the variability and correlation of the
color or intensity values of the pixel over the background frames. A threshold
value is chosen to determine whether the object is a vehicle. If the distance is
above the threshold, the pixel is considered a foreground; otherwise, it is
regarded as a background. Therefore, the new pixel intensity is set to the
pixel’s value if it exceeds the threshold; otherwise, the pixels are set to 0, as

shown in Fig. 3.4.

Fig. 3.4 Detection mask
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3.3.1.2 Morphology
Morphology in the context of video processing refers to the application
of morphological operations to a sequence of frames in a video. Just as in
Image processing, morphological operations in video are used for analyzing
and manipulating the shapes and structures of objects within each frame of
the video. Video morphology is particularly useful in computer vision
applications, object tracking, and video analysis.

A. Erosion
Erosion at a specific pixel position is calculated by finding the

minimum pixel value within the neighborhood defined by the structuring
element, which is a matrix that defines the neighborhood used to process each
pixel in the image. This operation has the effect of shrinking or eroding the
boundaries of objects in the image. It is commonly used for noise reduction
and separating connected objects in binary images.

B. Dilation
Dilation at a specific pixel position is calculated by finding the maximum

pixel value within the neighborhood defined by the structuring element. This
operation expands or dilates the boundaries of objects in the image. For each
pixel in the binary image, the structuring element is centered on the pixel, and
iIf any pixel within the structuring element is "1" (foreground), the central
pixel in the output image is set to "1". This process results in larger objects,
fills small holes, and connects close objects, enhancing features for better
analysis in binary images. Dilation is commonly used in image preprocessing
to improve object detection and shape analysis.

C. Maskl opening morphology
The opening operation is an operation that combines erosion and

dilation on each frame of a video sequence as shown in Fig. 3.5. This
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operation is beneficial for removing small objects and noise while preserving
the overall structure, where it was used for:

¢ Noise Reduction: the opening operation is frequently utilized to
reduce noise and unwanted small elements in video frames. Its
purpose is to smoothen the edges of objects and eliminate
imperfections resulting in a depiction of objects.

e Object Separation: the opening technique can be applied to
separate positioned or overlapping objects within video frames.
Doing so facilitates the creation of boundaries between distinct
objects making their analysis and tracking more manageable.

e Preprocessing for Object Detection: opening is commonly
employed as a step before conducting object detection or
recognition tasks. Its primary goal is to eliminate details while
enhancing the visibility of more significant structures.

e Enhancing Object Tracking: while tracking objects across
video frames, utilizing the opening operation can assist in

maintaining consistency and continuity in object shapes.
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Fig. 3.5 Applying mask1l

D. Mask2 closing morphology
Closing operation is the application of dilation followed by erosion, as
shown in Fig. 3.6. It is beneficial for closing small gaps and holes in objects
while preserving the overall structure, where it is used for :
e Object Segmentation: the closing operation is used to improve the
segmentation of objects in the video. It helps fill small gaps or holes
In moving objects, making it easier to identify and track moving
objects across frames.
¢ Noise Reduction: closing reduces noise and small unwanted details
in video frames. It smoothens object boundaries and removes minor
artifacts, contributing to a cleaner representation of objects.
e Improving Object Tracking: when tracking objects across video
frames, the closing operation can help maintain the continuity and
consistency of object shapes. This is very important when dealing

with vehicles whose color is close to the background color.
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Fig. 3.6 Applying mask 2

3.3.2 Violations Detection and Determination
The proposed system is designed to detect three traffic violations:
exceeding the speed limit, driving in the opposite direction, and non-

compliance with the Traffic Signal.

3.3.2.1 Exceeding the speed limit
As the process is accomplished using the recorded video via a camera,
the speed is computed by sketching two lines on the street’s image, as shown
in Fig. 3.7.
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Fig. 3.7 Drawing two lines on the street image

When the vehicle crosses the first line, the time at that moment, which is
denoted as (T,), is recorded. Also, when the vehicle reaches the second line,
the (T,) time is recorded. The time difference (T,;), which is spent between the

two lines, is calculated as in Eqg. (3.2).

Td - Tl - TO (32)

The vehicle speed (s) is calculated as in Eq. (3.3).
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S =— (3.3)

where d is the distance between the two lines. The vehicle will be considered

in violation if it exceeds the speed limit.

3.3.2.2 Driving in the opposite direction
The driving in the opposite direction can be detected by calculating the
vehicle speed. As in the exceeding the speed limit violation, Eqg. (3.3) is used
to calculate the vehicle speed. When the speed appears to retain a negative
value, this means that the vehicle is moving in the opposite direction, where
it crosses the second line first and then touches the first line, as shown in Fig.
3.8.
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Vehicle detection

¥

Calculate the speed using Eq. (3.3)

Speed =07

L 4

Record driving in the
opposite direction violation

Speed =807

Record exceeding the speed limit
violation

s

Take a picture of the violating vehicle [,

.

Recognize the LP

.

Register as violating vehicle and send a
message to the vehicle’s owner

Fig. 3.8 Flowchart of the exceeding the speed limit and driving in the
opposite direction violations
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3.3.2.3 Non-compliance with the Traffic Signal
The system can detect vehicles that do not obey traffic signals if they

cross the stopping line when the signal is red, as shown in Fig. 3.9.

Wehicle detection o

Y

Yes

Red light?

Touching the
stopping line?

v

Record non-compliance with the Traftic
Signal
Take a picture of the violating vehicle
Recognizing the LP
Register as violating vehicle and send a
message to the vehicle’s owner

Fig. 3.9 Flowchart of the traffic light violation
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3.3.3 Taking a Picture of the Violated Vehicle
A picture of the vehicle is taken after confirming the presence of a
violation, where the picture is captured to the vehicle inside the square drawn

around it as shown in Fig. 3.10. The vehicle is detected using the background

subtraction technique.

(b)

Fig. 3.10 Detecting a violated vehicle (a) Drawing a blue box and displaying
the speed (b) Image of the violated vehicle

3.3.4 Detection and Recognition of the LP

After taking a photo of the violated vehicle, the work is done to detect
the vehicle’s LP using the YOLOv4 technology, and the LP is recognized
using OCR. Two types of LPs are most used in Irag: the first type contains
Indian numbers and Arabic words, and the second one contains Arabic
numbers and an English letter. For evidence, the LPs are distinguished based
on their words or letters included. Therefore, the first type may called the
Arabic type and the second one may called the English type.
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3.3.4.1 YOLO Detection

The YOLO algorithm is used for LPs detection in conjunction with a
CNN model. As shown in Fig. 3.11, it divides the input image into 18x18 grid
cells. Every one of the grid cells predicts the object alone. There is a fixed
number of boundary boxes predicted for each grid cell [21]. Predicting the
five bounding box coordinates (cx, ¢y, W, h, c) is the responsibility of grid cell
housing the item in its center. The object center in relation to the grid cell
location is represented by the coordinates (cx, cy), while the width and height
of the object in relation to image dimensions are represented by the
coordinates (w, h). An object’s presence in a grid cell is indicated by its

confidence score (c) [41].

Fig. 3.11 LP Detection Using YOLO
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3.3.4.2 Splitting the LP

Different types of LPs are used in Irag, but two forms are the most
widely used, as displayed in Fig. 3.12. The first form (Fig. 3.12 a) comprises
three parts. The first part includes Hindi numbers and a letter that uniquely
identifies each vehicle within the same type and registering province. The
second part displays the name of the governorate where the vehicle was
registered and the type of vehicle (Cargo, Taxi, Personal, Government, and
Defense). The third part, which contains the word "IRAQ," is painted with
some colors to classify the type of vehicle. The second form (Fig. 3.12 b)
comprises a two-digit number representing the governorate in which the
vehicle is registered, a letter, and a unique series of digit numbers for

identification. On the left side of the plate, the same colors of the first form

[FHr

21:G 34567
popai  Jib qed a2

(a) (b)

are used.

Part 3

o0 —

F

Fig. 3.12 Types of Iraqi vehicle LPs (a) First form and (b) Second form

3.3.4.3 Identifying the LP Type
The average confidence score for the two languages, English (En) and
Arabic (Ar), is calculated based on the confidence scores obtained from the
OCR results to identify the LP type. Fig. 3.13 shows the flowchart of
identifying the LP type. The following steps illustrate the process of
calculating the confidence scores:
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Initialize confidence variables: two variables, EnConf and ArConf, are
initialized to zero. These variables will hold the average confidence
scores for English and Arabic, respectively.

Check for OCR results: OCR results are checked for each language,
which is done by verifying if the length of the list of confidence scores
(EnScore for English and ArScore for Arabic) is greater than 0. If there
are no OCR results for a language, the confidence score for that
language remains zero.

Calculate average confidence scores: if there are OCR results for
English (Encons > 0), calculate the average confidence score for English
(Enconf) by dividing the sum of all the confidence scores in the EnScore
list by the total number of confidence scores (n). Equation (3.4) is used

to obtain the EnConf.

EnConf = 2EnScore (3.4)

n
Similarly, if there are OCR results for Arabic (ArScore > 0), calculate
the average confidence score for Arabic (ArConf) by dividing the sum
of all the confidence scores in the ArScore list by the total number of

confidence scores (m), as in Eq. (3.5).

ArConf = 2ArScore (3.5)

m

The average confidence score calculations (EnConf and ArConf)

include each language’s confidence level in the OCR results. The OCR results

are first checked to avoid divide-by-zero errors. If there are scores, it

calculates the average confidence score by summing the individual confidence

scores and dividing them by the number of scores. These average confidence
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scores are then used to make decisions about the language detected and the

Calculate the average
confidence score

LP type chosen.

Yes

No

No

L Yes

Perform OCR and CRNN
algorithms

v

Recognition Result

B

Fig. 3.13 Flowchart of the LP recognition process using OCR and CRNN

3.3.4.4 Color Detection
As previously mentioned, the color of the rectangular portion on the LP
left side corresponds to the type of vehicle. The color is determined through
specific calculations, as demonstrated below. In practice, the ratio of the

colored part width to the total width of the LP is about (0.0738255). Therefore,
58



Chapter Three: Methodology

the width of the colored part in the detected LP is estimated by multiplying
the total width of the detected LP by 0.0738255. The average color is
calculated as illustrated in Fig. 3.14 to eliminate the effects of light
illumination, dust, and some painting removal.

A threshold value is applied to the resulting average color, which is
about 200 pixels. If the value of the average color is more than 200, it is set to
255, but if it is less than 200, it is reset to 0. Table 3.1 displays the information
regarding the color in the LP.

[ |12 210 219 ]

[ |26 220 21 ]

[ |19 200 205 ]
Avg. = (12426+19)/3= 19 Avg. = (210+220+200)/3=210 Avg. = (219+221+205)/3= 215

Fig. 3.14 Example of calculating average pixel values for the colored region

Table 3.1 Information regarding the colored region

Average pixel LP Type
Color P Vehicle Type 7P
values

21-G 45567
Red [0, 0, 255] Taxi l2‘1mE 34567

Fom—

White [255, 255, 255] Personal
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Yellow [0, 255, 255] cargo | [8]21-G 34677

Blue [255,0, 0] Government l21E 34567
Green [0, 255, 0] Defense lZ]_E 34534

The computed average color is compared with the standard average
pixel values for each color type. For the example shown in Fig. 3.14, the
average color after applying the threshold value becomes [0 255 255], which

refers to the Yellow color .

3.3.4.5 Characters recognition

LPs are recognized using OCR with the CRNN algorithm. The network
architecture of CRNN, as shown in Fig. 3.15, consists of three components,
including the convolutional layers, the recurrent layers, and a transcription
layer, from bottom to top. At the bottom of CRNN, the convolutional layers
automatically extract a feature sequence from each input image. On top of the
convolutional network, a recurrent network is built to predict each feature
sequence frame outputted by the convolutional layers. The transcription layer
at the top of CRNN is adapted to translate the per-frame predictions by the

recurrent layers into a label sequence.
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Transcription
Layer

Recurrent
Layers

Convolutional
Layers

"22B89128"

2 2 B 8 9 1 2 8 Per-frame

Fig. 3.15 The CRNN layers used in LP recognition

3.3.5 Releasing the violation

After recognizing the LP, a violation is issued to the vehicle owner

through the Twilio company, which supports multiple programming
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languages such as Python, JavaScript and Java. Once a violation is registered
on the Twilio platform, a text message is sent to the General Directorate of
Traffic to register the violation, issue the fine, and send a message to the
vehicle owner to inform him of the violation. This message includes all the
details regarding the type of violation, the date and time of the violation, and
the location of the violation. In addition, the most crucial element in this
message is the vehicle number that was previously recognized, as shown in
Fig. 3.16.

Type of Violation Time Location Vehicle Number

l | l

Karbala-Najaf 22-L 40109

Exceeding the
speed limit

20-01-2024
13:34:01

Road

(asad)

Driving in the
opposite
direction

Non-compliance
with the Traffic
Signal

Fig. 3.16 Message Components
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Chapter Four: Experimental Results and Discussion

4.1 Introduction

This chapter presents the results of detecting traffic violations and
proposes three types of violations: Exceeding the speed limit, Driving in the
opposite direction and Non-compliance with the Traffic Signal. In addition,
detection and recognition of LPs using YOLOv4 and CRNN algorithms with
OCR, respectively are also done in this chapter. The results discuss several

stages, including detecting the violation, its type, and LP recognition.

4.2 Experimental results

The PYTHON 3.12.4 programming language is used to validate the
developed algorithm. A personal computer is used for simulation with the
following specifications: Intel Core i7 processor with a speed of 2.3 GHz and
16 GB Memory, and Windows 11 operating system. Canon camera is used
with the following specifications: IR, Optimised Infrared Filter, 30.3
Megapixels, Full frame CMOS sensor, -6 EV AF, Focus in low light, Vari-
angle LCD, 30x Magnification and 4K and 10-bit movies.

4.2.1 Experiments on Detecting Traffic Violations
In this test, the system is used to monitor traffic violations using a high-

resolution camera. It is capable of detecting three types of violations:

« Non-compliance with the traffic signal
« Exceeding the speed limit

« Driving in the opposite direction
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If a vehicle has committed multiple violations, it will be penalized
accordingly. The system uses a background subtraction algorithm to identify
vehicles, and their speeds are calculated according to Eq. (3.3). The YOLOv4
algorithm is used to determine the vehicle’s LP, and the recognition of the LP
Is done using OCR. The detection rates of the three violation types are

displayed in Table 4.1 with the LP recognition rates.

Table 4.1 Experimental results for violation detection and recognition of Iragi LPs

Violation tvpe No. of violated No. of vehicles D(a\'[/elg'rlfc::lornate Recognition rate
yp vehicles detected (%) of LPs (%)
Non-compliance
with the Traffic 105 105 100 99.02
Signal
Exceeding the 72 69 95.83 97.11
speed limit
Driving in the 30 29 96.67 98.53
opposite direction
All violations 207 203 98.06 98.22

Multiple videos are filmed at different times of the day to detect traffic
violations. For exceeding the speed limit violation, 72 vehicles that exceed the
limit are tested, and 69 are correctly detected. Besides, the accuracy rate of
recognizing the LPs is 97.11%. When testing the detection of driving in the
opposite direction violation for 30 vehicles, 29 vehicles are detected, and the
LP recognition rate is 98.53%. During the test, all violated vehicles that do

not respect a red signal are detected.

4.2.1.1 Vehicle Detection

The system relies primarily on detecting moving vehicles to determine
whether it violates traffic rules.
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Moving vehicles are detected using background subtraction by
specifying the minimum vehicle size that is previously specified. If the size
of the detected object is greater than the minimum vehicle size, it is detected
as a vehicle, and a box is drawn around the detected object, (as shown in Fig.
4.1). It is neglected if the size of the detected object is less than the minimum
size of the vehicle. The system achieves an excellent accuracy rate in detecting

moving vehicles with an accuracy of 99%.

Fig. 4.1 Vehicle Detection

4.2.1.2 Non-compliance with the traffic signal
The first violation to be checked is Non-compliance with the Traffic
Signal where the system checks the vehicle if it crosses the first line, as shown

in Fig. 4.2. The system achieves a high accuracy rate in detecting this violation
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with 100% accuracy, demonstrating an excellent recognition rate accuracy for
the LPs of violated vehicles at 99.02%.

b
2

Fig. 4.2 The Vehicle Touches the Stopping Line

4.2.1.3 Exceeding the speed limit
The system showed excellent results in detecting speed violation
according to the time and distance calculations. The camera’s location is taken
into account at a height of five meters from the street, and the system achieved
an accuracy of 95.83% in detecting speeding vehicles.
Fig. 4.3 shows the vehicle that crossed the two lines and its speed is

measured by dividing the fixed distance between the two lines over the time
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taken for the vehicle to cross from the first line, in blue, to the second line, in
green. With this test, the recognition rate for the LPs is excellent with an
accuracy of 97.11%.

Fig. 4.3 Measuring the vehicle’s speed after touching the second line

4.2.1.4 Driving in the opposite direction
The proposed system achieves good accuracy of 96.67% in detecting
vehicles moving in the opposite direction, and excellent recognition rate of
LPs with an accuracy of 98.53%. Fig. 4.4 shows a vehicle moving in the
opposite direction, which shows that the vehicle’s speed appears to be a

negative value.
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Fig. 4.4 Vehicle moving in the opposite direction
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4.2.2 Experiments on LP Recognition

4.2.2.1 Experiment 1
Data collection is a crucial phase in recognition systems. The proposed
work utilizes Google's Open Image dataset to train the YOLOv4 detector,
which includes thousands of object photographs annotated for object detection
and segmentation [51]. The portion of the dataset that deals with LPs
comprises 1500 training images and 300 testing images in the YOLO format,

collected with more explanation on the usage in [51]. Fig. 4.5 provides

samples of mentioned dataset.

This experiment demonstrates the system’s performance in identifying
LPs using the open image dataset comprising 1800 vehicle images in various

lighting conditions. The results are presented in Table 4.2.

Table 4.2 Experimental results of using the open image dataset

No. of training images No. of testing images = Testing Rate (%)

1500 300 90
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4.2.2.2 Experiment 2
Several images taken from a video recorded with a high-resolution
camera at a rate of 30 frames per second are tested. As mentioned previously,
after detecting the violated vehicle, a photo of the vehicle is taken according
to the box drawn around it to determine the LP and identify it. The results of

detecting and recognizing the LP are presented in Table 4.3.

Table 4.3 Experimental results of the second type of Iraqi LP detection and
recognition for moving vehicles

No. of vehicle = No. of detected No. of Detection Rate  Recognition Rate
Images LP recognized LP (%) (%)
115 114 113 99.13% 98.2%

The proposed LPR system evaluates Iraqi LPs using variable-sized colored

images. Table 4.4 shows the achieved results using our own database.

Table 4.4 Experimental results of LPs detection and recognition regarding the two
forms of Iraqi LPs

i Detection rate.  Recognition rate
LP Type No. of images (%) (%)
Arabic LP 40 97.5 94.87
English LP 40 100 97.5

As illustrated in Table 4.4, all the images of the second form are
detected, whereas one image of the first form is undetected. The main reasons
of not correctly extracting an image are that it may have some blur effects or

the process of cleaning up the unwanted objects discards out some critical
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information, and that caused the incorrect crop of the LP, as shown in Fig. 4.6

for a sample.

Fig. 4.6 Sample of incorrectly detected LP

For the recognition step, only one LP of the second form and two LPs
of the first form are not identified. Fig. 4.7 shows the result of detecting and

recognizing some LPs.

4.2.2.3 LP Recognition Speed
Usually, the speed of the various optical recognition methods depends
mainly on the accuracy of input images because it specifies the number of
pixels required for processing, where this issue is overcome with the proposed
system. Because grids reduce all input images to 416 x 416 before inserting
them into the first layer, speed is nearly invariant to input image size. Table

4.5 shows the time required for detecting and recognizing the LP.
Table 4.5 Processing speed of detecting and recognizing the LP

Minimum time Maximum time Average time
Stage
(s) (s) (s)
Detection 0.18 0.21 0.195
Recognition 1.0 1.4 1.2
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Vehicle image Detected LP Recognition result

ing=A10.jpq, text=iooo\d Ziuslill _swas', isArabic=True

3), isArabic=False

ir'lg\:i\"g.\:n"u;\, text=14) huly iyel , isArabic=True

ing=photo_8,jpg, text= 24-A 41280 (1), ishrabicsFalse
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Plate Number: 21-H36889 (_.s.a5)

Location: Baghdad

Time: 2024-03-31 10:34:43
YOLO Processing Time: 0.20502161979675293
0CR Processing Time: 1.4681177934010823

Plate Number: 22-C

Location: Baghdad

l:’ZZ’C 40542 Time: 2024-03-31 11:14:32
§ =l YOLO Processing Time: 0.21068239212036133
OCR Processing Time: 1.1808764593941825

Plate Number: 22-G 4

Location: Baghdad
Time: 2024-03-
YOLO Processing Time: 0.1884996891021

OCR Processing Time: 1.11132151

Plate Number: 22-L34030 (_.0s0s)

Location: Baghdad

Time: 2024-03-31 10:51:48

YOLO Processing Time: 0.21122431755065918
OCR Processing Time: 1.0923287664140974

Fig. 4.7 Results of LP recognition
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4.3 Sending a Short Message Service (SMS)

The system aims to send a message to the general traffic department to
issue a fine for the violated vehicle, in addition to sending a text message to
the owner of the violated vehicle to know and pay the financial fine before a
specified time where the fine is doubled. This message is sent using the Twilio
application which contains the type, time, and place of the violation, as well

as the vehicle's LP as shown in Fig. 4.8.

@ >

ot

+1 (Yog) ovv-Ton

duwas dJlw)

] | I

Violation: Driving over the speed limit!
Speed: 100km/h

Plate Number: 22H73484 (sog0>)
Location: Karbala

Time: 2023-11-12 13:53:21

Fig. 4.8 SMS sent to the vehicle’s owner

Fig. 4.9 shows the process of detecting different types of violations and

the results of recognizing the LPs of the violated vehicles.
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K

(b)

0% 486 (20 65250 Ml

(d)

Fig. 4.9 Violation detection (a) Calculating vehicles’ speed (b) Acquiring images of
the violated vehicles (c) Detecting LPs, and (d) Recording the violations

4.4 Comparison with other work

It is crucial to compare the proposed work outcomes with those of the

related work. As per the literature survey, there is no common dataset
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employed in all or most approaches. However, each approach has used a

dedicated dataset created by collecting some images. Therefore, a comparison

Is made in Table 4.6 with the related work despite the dataset used. It is worth

noting that the system works to detect more than one violation at a time, in

addition to using the camera only without using any sensor to detect

violations.

Table 4.6 Comparison with the related work regarding the violation detection

s Accuracy
Ref. No. Year Method Violation Type rate (%)
BLOB analysis = Exceeding the speed
[10] 2016 and Kalman filter limit 86.11
[11] 2020 Sensors Exceedllr;gr;ng?e speed 90
[12] 2020 SORT Exceeding the speed | g
limit
[13] 2020 BLOB Traffic signal 71
[14] 2021 PSO Traffic signal 91.1
[15] 2021 YOLOV3 Exceed'ﬂ?ng?e speed g9 94
[16] 2022 Depth and GAC Traffic signal 81.9
[17] 2022 RF+GBDT Traffic signal 96
[18] 2023 YOLO and HSA Traffic signal 88.24
Exceeding the speed
Pronosed limit, Driving in the
V\?ork 2024 BS and YOLOv4 opposite direction, and  98.06
Non-compliance with
the Traffic Signal

As illustrated in Table 4.6, the proposed work achieves an accuracy rate

of about 98.06%, outperforming other related work. Moreover, the proposed
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system detects three violations simultaneously, unlike the others that can

detect one type of violation.

In the case of recognizing the LPs, a comparison between the proposed

work and the related work is made in Table 4.7.

Table 4.7 Comparison with the related work regarding the recognition of LPs

Ref. No. Yeas Method Accuracy rate (%)
[19] 2018 BPNN 97.7
[20] 2019 ™ 96
[11] 2020 OCR 56.67
[21] 2019 OCR 78
[22] 2020 CNN+OCR 89.15
[23] 2020 LSTM+CNN 85
[24] 2020 KNN 90
[25] 2021 CRNN 95
[26] 2021 Faster R-CNN 98.02
[27] 2023 CNN+YOLO 93

Proposed 2024 OCR + CRNN 98.53

Work

According to the results presented in Table 4.7, the proposed work

achieves a recognition rate of about 98.53%, which is the best among related

work. In contrast to associated approaches, the LPs are detected and identified

while the vehicles are in motion rather than stationary.
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Chapter Five: Conclusion and Future Work

5.1 Conclusion

This work introduces a robust system for detecting traffic violations
using video processing and deep learning. Background subtraction technology
Is used to detect moving vehicles, with morphological operations used to
improve the performance of detecting moving vehicles by filling the blanks
in the images that contain detected vehicles. LPs are identified using YOLOv4
technology trained on the open image dataset in advance, in addition to the
OCR technology and the CRNN algorithm that has the ability to learn from
time sequences, which helps in understanding the relationship between letters
and numbers and recognizing the LPs correctly. Utilizing YOLOv4, CRNN,
and OCR algorithms produces the best results for detecting and recognizing
LPs compared to other methods. The proposed system demonstrates an
applicable real-time approach for detecting traffic violations, achieving a
98.06% overall accuracy rate for offenses such as exceeding the speed limit
that is calculated based on the time difference that the vehicle spends in a
specific distance, driving in the opposite direction when the speed signal is
kept negative, and exceeding the traffic signal that is detected through the red
light signal. Instead of using sensors to detect violations and LPs, which led
to a delay in the system’s response, the system used only a camera, which
increases the speed of detecting violations and LPs.

On the other hand, the proposed system has achieved excellent results
in recognizing LPs, with a success rate of 94.87% for the first type containing
Hindi numbers for a fixed vehicle. The system achieves a 98.22% accuracy

rate for the second type, including Arabic numbers for moving vehicles. This
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achievement is necessary to identify the violated vehicles and enforce relevant
penal efforts accurately. The comparisons with the previous approaches show
the superiority of the proposed work, which achieves the highest accuracy rate
in violation detection and LPs recognition. With more than one violation
detected at the same time, the violation is issued, and a message is sent to the

vehicle owner.

5.2 Future Work

Due to the importance of this system in reducing traffic accidents and
preserving people’s lives. The following suggestions can be taken into
account for future work:

1. Detecting violations such as not wearing a seat belt and using a mobile
phone while driving.

2. Adding a violation for not wearing a helmet for drivers of two-wheeled
motorcycles.

3. Improving the accuracy of the system in different weather conditions.

79



References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

References

A. C. P. Uy et al., “Automated traffic violation apprehension system
using genetic algorithm and artificial neural network,” IEEE Reg. 10
Annu. Int. Conf. Proceedings/TENCON, pp. 2094-2099, 2017, doi:
10.1109/TENCON.2016.7848395.
F.Pan, Y. Yang, L. Zhang, C. Ma, J. Yang, and X. Zhang, “Analysis of
the Impact of Traffic Violation Monitoring on the Vehicle Speeds of
Urban Main Road: Taking China as an Example,” J. Adv. Transp., vol.
2020, 2020, doi: 10.1155/2020/6304651.
F. Chen, M. Song, and X. Ma, “Investigation on the injury severity of
drivers in rear-end collisions between cars using a random parameters
bivariate ordered probit model,” Int. J. Environ. Res. Public Health, vol.
16, no. 14, 2019, doi: 10.3390/ijerph16142632.
H. Zheng, W. Chang, and J. Wu, “Traffic flow monitoring systems in
smart cities: Coverage and distinguishability among vehicles,” J.
Parallel Distrib. Comput., vol. 127, pp. 224-237, 2019, doi:
10.1016/}.jpdc.2018.07.008.
Z. Cheng, J. Lu, Z. Zu, and Y. L1, “Speeding Violation Type Prediction
Based on Decision Tree Method: A Case Study in Wujiang, China,” J.
Adv. Transp., vol. 2019, 2019, doi: 10.1155/2019/8650845.
A. T. Bhat, Anupama, Akshatha, M. S. Rao, and D. G. Pai, “Traffic
violation detection in India using genetic algorithm,” Glob. Transitions
Proc., vol. 2, no. 2, pp. 309-314, 2021, doi: 10.1016/j.gltp.2021.08.056.
A. Alaydrusl, W. K. Putra, Y. Nugroho, Muhammad, and N. Surantha,
“A review of traffic violation detection technology in reporting
mechanism,” IOP Conf. Ser. Earth Environ. Sci., vol. 729, no. 1, 2021,
80



References

[8]

[9]

[10]

[11]

[12]

[13]

[14]

doi: 10.1088/1755-1315/729/1/012005.
R. Shreyas, B. V. P. Kumar, H. B. Adithya, B. Padmaja, and M. P. Sunil,
“Dynamic traffic rule violation monitoring System using automatic
number plate recognition with SMS feedback,” 2nd Int. Conf.
Telecommun. Networks, TEL-NET 2017, vol. 2018-Janua, pp. 1-5,
2017, doi: 10.1109/TEL-NET.2017.8343528.
M. A. Rafique, W. Pedrycz, and M. Jeon, “Vehicle license plate
detection using region-based convolutional neural networks,” Soft
Comput., vol. 22, no. 19, pp. 6429-6440, 2018, doi: 10.1007/s00500-
017-2696-2.
R. K. C. Billones, A. A. Bandala, E. Sybingco, L. A. G. Lim, and E. P.
Dadios, “Intelligent system architecture for a vision-based contactless
apprehension of traffic violations,” in 2016 IEEE Region 10 Conference
(TENCON), IEEE, 2016, pp. 1871-1874.
J. Yim, R. A. Cadiente, G. P. Mayuga, and E. R. Magsino, “Integrated
plate recognition and speed detection for intelligent transportation
systems,” in 2020 IEEE 10th Symposium on Computer Applications &
Industrial Electronics (ISCAIE), IEEE, 2020, pp. 6-11.
A. Grents, V. Varkentin, and N. Goryaev, “Determining vehicle speed
based on video using convolutional neural network,” Transp. Res.
Procedia, vol. 50, pp. 192-200, 2020.
M. M. Bachtiar, A. R. Mawardi, and A. R. A. Besari, “Vehicle
classification and violation detection on traffic light area using BLOB
and mean-shift tracking method,” in 2020 International Conference on
Applied Science and Technology (iCAST), IEEE, 2020, pp. 94-98.
S. S. Wankhede and P. Bajaj, “Traffic Violation Detection Model Using
Soft Computing Tools,” 2021 6th Int. Conf. Converg. Technol. 12CT
81



References

[15]

[16]

[17]

[18]

[19]

[20]

[21]

2021, no. April 2021, 2021, doi: 10.1109/12CT51068.2021.9417887.
S. R. Anand, N. Kilari, and D. U. S. R. Kumar, “Traffic signal violation
detection using artificial intelligence and deep learning,” Int. J. Adv.
Res. Eng. Technol., vol. 12, no. 2, pp. 207-217, 2021.
Y. T.Peng, C. Y. Liu, H. H. Liao, W. C. Lien, and G. S. J. Hsu, “Traffic
Violation Detection via Depth and Gradient Angle Change,” 2022 IEEE
7th Int. Conf. Intell. Transp. Eng. ICITE 2022, no. November 2022, pp.
326-330, 2022, doi: 10.1109/ICITE56321.2022.10101435.
M. Zahid, A. Jamal, Y. Chen, T. Ahmed, and M. Ijaz, “Predicting red
light running violation using machine learning classifiers,” in Green
Connected Automated Transportation and Safety: Proceedings of the
11th International Conference on Green Intelligent Transportation
Systems and Safety, Springer, 2022, pp. 137-148.
T. Singh, V. Rajput, Satakshi, U. Prasad, and M. Kumar, “Real-time
traffic light violations using distributed streaming,” J. Supercomput.,
vol. 79, no. 7, pp. 7533-7559, 2023.
F. Xie, M. Zhang, J. Zhao, J. Yang, Y. Liu, and X. Yuan, “A robust
license plate detection and character recognition algorithm based on a
combined feature extraction model and BPNN,” J. Adv. Transp., vol.
2018, 2018.
A. A. J. Altameemi, H. H. Abbas, and A. Alabaichi, “Iraqi vehicle
license plate recognition using template matching technique,” ICIC
Express Lett. Part B Appl., vol. 10, no. 6, pp. 465-473, 2019, doi:
10.24507/icicelb.10.06.465.
Hendry and R. C. Chen, “Automatic License Plate Recognition via
sliding-window darknet-YOLO deep learning,” Image Vis. Comput.,
vol. 87, pp. 47-56, 2019, doi: 10.1016/j.imavis.2019.04.007.

82



References

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

S. M. Silva and C. R. Jung, “Real-time license plate detection and
recognition using deep convolutional neural networks,” J. Vis. Commun.
Image  Represent.,, vol. 71, p. 102773, 2020, doi:
10.1016/j.jvcir.2020.102773.
A. Anson and T. Mathew, “Detection and Recognition of License Plate
Using CNN and LSTM,” in Advances in Communication Systems and
Networks: Select Proceedings of ComNet 2019, Springer, 2020, pp.
701-721.
D. A. Abd Alhamza and A. D. Alaythawy, “Iraqi License Plate
Recognition Based on Machine Learning,” lIragi J. Inf. Commun.
Technol., vol. 3, no. 4, pp. 1-10, 2020, doi: 10.31987/ijict.3.4.94.
X. Zhang, X. Ni, Y. Deng, C. Jiang, and M. Maleki, “Chinese License
Plate Recognition Using Machine and Deep Learning Models,” in 2021
IEEE 2nd International Conference on Pattern Recognition and
Machine Learning (PRML), IEEE, Jul. 2021, pp. 342-346. doi:
10.1109/PRML52754.2021.9520386.
A. Imran, H. Z. U. Rehman, M. Zakwan, and Z. Mehmood,
“Performance Enhancement Method for Multiple License Plate
Recognition in Challenging Environment,” 2021.
I. Mihoub, “Algerian license plate detection and recognition using deep
learning,” 2023.
C. Yang, J. Jiang, J. Zhou, M. Hitosug, and Z. Wang, “Traffic safety and
public health in China—Past knowledge, current status, and future
directions,” Accid. Anal. Prev., vol. 192, p. 107272, 2023.
Z. Zhu and Y. Wang, “A hybrid algorithm for automatic segmentation
of slowly moving objects,” AEU-International J. Electron. Commun.,
vol. 66, no. 3, pp. 249-254, 2012,

83



References

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

A.J. Lipton, H. Fujiyoshi, and R. S. Patil, “Moving target classification
and tracking from real-time video,” in Proceedings fourth IEEE
workshop on applications of computer vision. WACV’98 (Cat. No.
98EX201), IEEE, 1998, pp. 8-14.
J. L. Barron, D. J. Fleet, and S. S. Beauchemin, “Performance of optical
flow techniques,” Int. J. Comput. Vis., vol. 12, pp. 43-77, 1994.
B. Aissa, “Models for images and video foreground segmentation using
finite mixtures of generalized Gaussians.” ESI, 2016.
B. Garcia-Garcia, T. Bouwmans, and A. J. R. Silva, “Background
subtraction in real applications: Challenges, current models and future
directions,” Comput. Sci. Rev., vol. 35, p. 100204, 2020.
J. Zhou and O. Veksler, “Color Separation for Background Subtraction,”
no. December, 2016.
S. Singh Rawat, A. Sharma, and R. Gusain, “Analysis of Image
Preprocessing Techniques To Improve Ocr of Garhwali Text Obtained
Using the Hindi Tesseract Model,” Ictact J. Image Video Process., vol.
12, no. 02, pp. 2588-2594, 2021, doi: 10.21917/ijivp.2021.0366.
K. A. M. Said and A. B. Jambek, “Analysis of image processing using
morphological erosion and dilation,” in Journal of Physics: Conference
Series, I0OP Publishing, 2021, p. 12033.
R. Srisha and A. Khan, “Morphological Operations for Image
Processing : Understanding and its Applications,” NCVSComs-13, no.
December, pp. 17-19, 2013.
S. INTHIYAZ, S. K. H. AHAMMAD, A. KRISHNA, V. Bhargavi, D.
Govardhan, and V. Rajesh, “YOLO (YOU ONLY LOOK ONCE)
Making Object detection work in Medical Imaging on Convolution
detection System.,” Int. J. Pharm. Res., vol. 12, no. 2, 2020.

84



References

[39]

[40]

[41]

[42]

[43]

[44]

[45]

J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You only look
once: Unified, real-time object detection,” Proc. IEEE Comput. Soc.
Conf. Comput. Vis. Pattern Recognit., vol. 2016-Decem, pp. 779-788,
2016, doi: 10.1109/CVPR.2016.91.
J. Of, M. Of, and M. Sciences, “IRAQI LICENSE PLATE
RECOGNITION SYSTEM USING ( YOLO ) WITH SIFT AND SURF
ALGORITHM University of Baghdad , College of Science , Department
of Computer Science , Baghdad , Irag University of Baghdad , College
of Science , Department of Remote Sensing and G,” pp. 545-561, 2020.
Y. Jamtsho, P. Riyamongkol, and R. Waranusast, “Real-time license
plate detection for non-helmeted motorcyclist using YOLO,” Ict
Express, vol. 7, no. 1, pp. 104-109, 2021.
H. Rezatofighi, N. Tsoi, J. Gwak, A. Sadeghian, I. Reid, and S.
Savarese, “Generalized intersection over union: A metric and a loss for
bounding box regression,” Proc. IEEE Comput. Soc. Conf. Comput. Vis.
Pattern Recognit.,, vol. 2019-June, pp. 658-666, 2019, doi:
10.1109/CVPR.2019.00075.
G. Tong, Y. Li, H. Gao, H. Chen, H. Wang, and X. Yang, “MA-CRNN:
a multi-scale attention CRNN for Chinese text line recognition in natural
scenes,” Int. J. Doc. Anal. Recognit., vol. 23, no. 2, pp. 103-114, 2020,
doi: 10.1007/s10032-019-00348-7.
C. Szegedy, V. Vanhoucke, S. loffe, J. Shlens, and Z. Wojna,
“Rethinking the Inception Architecture for Computer Vision,” Proc.
IEEE Comput. Soc. Conf. Comput. Vis. Pattern Recognit., vol. 2016-
Decem, pp. 2818-2826, 2016, doi: 10.1109/CVPR.2016.308.
K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” Proc. IEEE Comput. Soc. Conf. Comput. Vis. Pattern
85



References

[46]

[47]

[48]

[49]

[50]

[51]

Recognit., vol. 2016-Decem, pp. 770-778, 2016, doi:
10.1109/CVPR.2016.90.

D. Bahdanau, K. Cho, and Y. Bengio, “Neural machine translation by
jointly learning to align and translate,” arXiv Prepr. arXiv1409.0473,
2014.

A. Graves, S. Fernandez, F. Gomez, and J. Schmidhuber, “Connectionist
temporal classification: labelling unsegmented sequence data with
recurrent neural networks,” in Proceedings of the 23rd international
conference on Machine learning, 2006, pp. 369-376.

T. A.1. Abdelaziz and U. Fazil, “Applications of integration of AI-based
Optical Character Recognition (OCR) and Generative Al in Document
Understanding and Processing,” Appl. Res. Artif. Intell. Cloud Comput.,
vol. 6, no. 11, pp. 1-16, 2023.

S. Patil et al., “Enhancing optical character recognition on images with
mixed text using semantic segmentation,” J. Sens. Actuator Networks,
vol. 11, no. 4, p. 63, 2022.

H. R. Farhan, M. H. Al-Muifraje, and T. R. Saced, “A new model for
pattern recognition,” Comput. Electr. Eng., vol. 83, p. 106602, May
2020, doi: 10.1016/j.compeleceng.2020.106602.

A. Kuznetsova et al., “The Open Images Dataset V4: Unified Image
Classification, Object Detection, and Visual Relationship Detection at
Scale,” Int. J. Comput. Vis., vol. 128, no. 7, pp. 1956-1981, 2020, doi:
10.1007/s11263-020-01316-z.

86



Accepted papers

1. “An Efficient System for Detecting Multiple Traffic Violations and
Recognizing License Plates using Video Processing and Deep
Learning” in International Journal of Electrical and Electronic
Engineering & Telecommunications (IJEETC).

2. “Vehicle License Plates Detection and Recognition” in the 7%
international conference on engineering sciences (ICES) AIP

Proceeding.

87



-~

AadAl

G e all gl gl g Eaal gl g alaa SV Jie 35S JSLEL A ) 5 pal) SlalAl) Cuans
Akt &) a5 «cASLEEY) 028 Jaas g ST Jlad T ks a6 (o) 4l 48
Cila sl a3 5 4y 5 el AN CalS 1) Ayl o3a Caagh (sl JRall (e aalls g all
E e 6 M J< Ay ) 5 el Al dua s el o gy Cua (3 jall 8 AallA] LSl
olai¥) 8 5Ll g de juall aaBY) aadl jolads ¢ g pall 3HLEL Al JIY) a2eS ediliae Vs
Al = hall A - el sl aadieg A8 dlee 5 ASHH Cua e Allad g8 ¢uSlaall
o€l LS all b e @ pam ) dilally el 3 b sgia s AS el LS el CaiS)
227 (YOLOVA) 4 Llaay) "l saal g5 e i il 45l i ahadind 5 culallal
Ll Lpuanl) IS aladiul &35S Ay Al LS pall (LPS) pans il cils ]
Oo e s e Gaill (OCR) Gsoall e (Jgall el 458 oo (CRNN) 855
e 6 singd SN 23 gail) Ll dpaia A e g ging V) & il 6481 jall 83 sl iy sl
Lgiuiad 3 ) i) ol 31 ) el e (8 daladiinn) i  Liie alai g8 5 ¢y ye o8
A8y Jama s ladl) gl 8 CASLEY) (e ) CGLES) aa caldaill ael g elal ) Uiy jad (ge
Glo Gl b el GUaill (385 38 (g AT ali ey il %98.06 o s
By sl e S8 I cue sill %98.22 5 %94.87 curly £lad A 3ia dus <L Ps
CMILA) (e Baanie g ) gif aLEES) e 5 508 5 28001 G (e Lo ¥ clilaal) Al o 0 i

il Lg% s 5 ) (53l Lao canly 0y 3 A5 5l



:uul . alq:v

Gload) 4 sge
(eadad) Gl g Aladl anlasl) 5 ) 3 g
53 S daala
duaigl) A<
A g SN g Al )] Audig) pndd

JJ)J\ 49\35 Qm&acp @m\ W RAL| 91.2."
i el A3 s it (e s m o5 ¢Sk S Anela / Bl A0S alae ) Basie Al
Al oSl Al o sle

(J8 (e
e 2 ol Glo

| P

u\;)ﬁd}w‘)m.lei

35S adir e 20

2024 - &) > 1445 - daall 5



