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ABSTRACT 

Automatic license plate (ALP) detection and recognition is an important task for 

both traffic surveillance and parking management systems, as well as being crucial to 

maintaining the flow of modern civic life. Various ALP detection and recognition methods 

have been proposed to date. In this thesis, a cascaded deep learning approach is proposed 

in order to construct an efficient LP detection and recognition system for the vehicles of 

Kurdistan region. The proposed method initially employs several pre-processing 

techniques. Then, deep semantic segmentation network is used in order to determine the 

three license plate regions of the input image. The determined license plate regions are 

fed into two separate convolutional neural network (CNN) models for both Indian number 

recognition and the province determination.  

Also, in this thesis, a license plate detection method is proposed which is based on 

Faster-Regional CNN (F-RCNN). Pre-trained AlexNet, VGG16 and VGG19 models are 

used in F-RCNN independently and their results are fused in fusing layer. Fusing layer 

use average operator on the X and Y coordinates of the outputs of the Faster-RCNN 

modules and maximum operator is employed on the width and height outputs of the 

Faster-RCNN modules. Also, in this thesis, deep semantic segmentation is used for license 

plate detection. Three different deep semantic segmentation models are considered in 

license plate segmentation. They are SegNet, Fully Convolutional Network (FCN) and 

Densely-Connected and Concatenated-Multi-Encoder-Decoder (DCCMED) network. 

These models are further trained on the same training data set and tested accordingly.  

Moreover, an efficient model is proposed to detect and locate license plate of a 

vehicle that is given in color images. The model is constructed by using different features 

instead of single feature to improve its performance based on multi texture descriptors. 

The work uses a multi- boosting model (AdaBoost) based on HOG descriptors, which 

precisely localizes the ROI of the given vehicle images. Finally, a new dataset, which is 



iv 

 

called Kurdistan Region Vehicle Images (KR-VI) of three provinces (Duhok, Erbil, and 

Sulaimani) for vehicle images, is presented. There are 1500 images in this dataset. They 

were gathered by using handled cameras to form a realistic dataset of the vehicle images. 
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CHAPTER 1 

INTRODUCTION 

1.1 Overview   

In the last years, the Automatic License Plate Recognition (ALPR) system plays 

a significant role in vehicle surveillance. The system is used to recognize a vehicle 

owner after the license plate is detected and then classified (Patel et al., 2013). The 

main goal of the ALPR is to identify and recognize vehicles from their plate numbers. 

Nowadays, these ALPR systems are one of the important topics in the real world. The 

ALPR has many applications in today’s life, such as cars traffic surveillance, traffic 

monitoring for safety and security, control and management of parking systems, and 

other service purposes (M. S. Al-Shemarry et al., 2019), (Yuan et al., 2016a). 

Moreover, it is used in various aspects of the life, such as urban logistics, identify 

vehicle owner, electronic toll collection and smart cities management (Du et al., 2012), 

(Yuan et al., 2016a). The significant challenges that face these systems are situations 

and weather conditions, which significantly affect the performance of algorithms and 

methods for these systems (Li & Shen, 2016).  

The ALPR system is an automatic algorithm or a methodology that starts by 

image capturing of a vehicle image. Then License Plate (LP) is detected (localized) in 

this image. After that, the LP is segmented into characters (letters, digits, and symbols), 

and finally, these segmented characters are recognized and identified. In order, to 

achieve the goal of this thesis, different terms used to refer to the ALPR system, such 

as Automatic Number Plate Recognition (ANPR), Vehicle License plate recognition 

(VLPR) (Zang et al., 2015), Car Plate Recognition (CPR), Automatic Vehicle 

Identification (AVI), and even Optical Character Recognition (OCR), which is a well-

1 
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known term in the image processing field (Du et al., 2012), (Yuan et al., 2016a), 

(Afeefa & Thulasidharan, 2017). In this dissertation, the term ALPR is mainly used to 

represent the full system of automatic license/number plate recognition. 

The detection of the license/number plate in the image is the second step of any 

ALPR, after the image capturing (acquisition) stage, which is called Automatic License 

Plate Detection (ALPD). It is one of the main steps of any ALPR, which detects and 

obtains the location of the plate in the vehicle’s image. It has many algorithms and 

methods that can be applied to achieve the detection of the LP. Some researchers refer 

to ALPD by different terms, such as an Automatic Number plate detection (ANPD), 

Vehicle Number Plate Detection (VNPD), License Plate Detection (LPD), or Number 

Plate Detection (NPD) (Patel et al., 2013),(M. S. Al-Shemarry et al., 2019), (Afeefa & 

Thulasidharan, 2017). In this dissertation, the term LPD is mainly used to represent the 

process of detection of license/number plate in the image of vehicles, which is an 

important part of automatic license/number plate recognition system.   

This step is an essential part of any ALPR system that is the detection and 

localization of the license plate (LP). LPD is vital because subsequent procedures such 

as character segmentation and character recognition highly depend on it. Thus it will 

increase the performance of the ALPR system (Ktata et al., 2013). In some ALPD 

methods, the first stage is to locate and detect a vehicle in the image. To identify and 

recognize a vehicle, several methods and algorithms are developed. In these methods, 

different features are used to locate and detect objects such as plate shape and colours 

based method (Lalimi et al., 2013). The detection of the LP is considered as the most 

important part that can depend on identifying and recognizing vehicles. Therefore, the 

ALPR systems are complicated to implement without detection and locating vehicle 

LPs correctly. After finding the vehicle in the first stage, the second stage of ALPD is 

to segment the whole image into several candidate LP regions. Then, the process of 

this stage is to classify the LP (Region of Interest) from the non-license plate by using 

some classification methods (M. S. Al-Shemarry et al., 2019). Extracting features is a 
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significant factor that is very useful for locating and detecting the LPs. For example, 

these plates have a specific shape and color that help to extract texture features easily.  

In general, any ALPR system consists of four main steps. The first step is 

image capturing by the camera. The second step is called license plate detection. The 

third step is called character segmentation, and the final step is called character 

recognition (Ktata et al., 2013), (Afeefa & Thulasidharan, 2017). The block diagram 

of the ALPR is shown in figure 1.1. 

 

 

Figure 1.1. Block diagram of the main steps in the ALPR systems 
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1.2   Image Capturing (Acquisition):  

  As seen in figure 1.1, image capturing is the first step where a vehicle image 

is acquired by a camera or extracted from a video stream, such as a frame. This image 

should have some useful details so that the LP will be extracted based on these details 

(features). The image quality, which is the resolutions, in this case, is one of the most 

important factors that affect the feature extraction. Although higher quality means more 

size in memory that is needed to store the image, and it will be difficult to use, 

especially in some real-time applications. The weather condition is another important 

factor that has to be considered in the ALPR systems because it shows some realistic 

of the real-life such as dust, snowy, rainy, sunny, or cloudy weather conditions. The 

captured images are generally in a colored form that would help and assistant to have 

better features. But in several applications, it is necessary to convert the colored images 

into grey-scale or even binary images. The process of removing noises from these 

images affect the detection and recognition later. More details will be explained next 

section (Patel et al., 2013), (M. S. Al-Shemarry et al., 2019), (Yuan et al., 2016b).   

1.3   License Plate Detection:  

The ANN is a computational model similar to biological neural networks of the 

human brain. It is based on the structure and functions that represent complex 

relationships between inputs and outputs (Zang et al., 2015)]. The connected 

component analysis (CCA) is an algorithmic of graph theory. It is based on creating 

label subsets of connected components uniquely. It is used for region (blob) extraction, 

which is a useful tool for detection and segmentation (D. Kaur & Kaur, 2014), (M. S. 

Al-Shemarry et al., 2019). The bounding box is a rectangular area in the image of a 

vehicle in this case, that contains set of objects (Vehicle, LP, etc.). It is used to improve 

the performance of operations to detect objects by using simple bounding box areas. 
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The advantage of the bounding box is for objects that rest upon others, such as an LP 

on the ground of the vehicle (D. Kaur & Kaur, 2014), (M. S. Al-Shemarry et al., 2019).     

1.4 Number (License) Plate Segmentation:  

 As depicted in figure 1.1, the third step in LPR is the license plate 

segmentation, which comes after the license plate detection step. It is the process of 

separating the license plate into several regions then extract characters (letters, digits, 

symbols, and/or words) from the license plate for recognition (Yuan et al., 2016a), 

(Zang et al., 2015). This process is quite challenging due to various conditions such as 

noise, illumination, and contrast. Initially, the license plate region is converted into 

grayscale, and different algorithms and methods are applied for noise removal in this 

step, such as Otsu method, morphological operations, connected component analysis, 

Adaptive Histogram Equalization (AHE) technique, iterative bilateral filter, Gaussian 

filtering (D. Kaur & Kaur, 2014). After noise removal, the segmentation process will 

be started. There are many segmentation techniques, such as Thresholding, Artificial 

Neural Network (ANN), Region-Based Method (RBM), Edge Based method (EBM), 

Clustering, Watershed, and Partial Differential Equations (PDE) technique (D. Kaur & 

Kaur, 2014). 

Thresholding is built on the image’s histogram peaks to discover specific 

threshold values. It is the simplest technique that highly depended on the peaks, but it 

does not require for more details (D. Kaur & Kaur, 2014). The ANN is a decision-

making technique depended on the simulation of the learning process. It has a good 

advantage that its no need to write complex programs, but more time wastage is 

required in the training phase (D. Kaur & Kaur, 2014). The EBM is based on the break 

and cut off (discontinuity) of edges in the image. It is useful for contrasted images, but, 

as a disadvantage, it is not suitable for images that have crowded edges (D. Kaur & 
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Kaur, 2014). The RBM technique is created by dividing an image into several 

consistent regions. It is useful when it is easy to find similarity conditions, but, as a 

disadvantage, it cost a lot in term of time and memory (D. Kaur & Kaur, 2014). The 

Clustering technique is based on separating the image into similar cluster groups. It is 

using partial membership, so it is suitable for real problems, but finding a function to 

compute membership for clusters is not easy work (D. Kaur & Kaur, 2014). The 

Watershed technique is depended on topological interpretation. It has more stable 

results, but it used difficult computations to find the gradients. The PDE techniques is 

applied differential equations. It is considered as the fastest technique and the best for 

real time applications, but it is required more time because of its complexity.  

1.5 Number (License) Plate Recognition:  

As seen in figure 1.1, the fourth step is license plate recognition. After 

segmentation, each number of the license plate is segregated and feed into a recognition 

system. The difficulty in ALPR is the variable size of characters due to the size of the 

captures vehicle images. Resizing the characters before recognition can solve this 

problem (Zang et al., 2015). This step is done based on different algorithms and 

methods, such as matching technique, Support Vector Machine (SVM), K- Nearest 

Neighbor (KNN), etc. (Zang et al., 2015).  

 SVM is a machine learning approach of supervised type. The performance and 

goodness of SVM depend on the quality of the dataset used for training methods, such 

as variety and amount of data  (Seo et al., 2020). The SVM classification accuracy is 

increased by increasing the number of features and training data set (Pal & Foody, 

2010).  KNN is a classification algorithm, and it is widely used in pattern recognition 

(Song et al., 2007), (Kudo et al., 2003). The KNN algorithm uses Euclidean distances 

as a metric calculation (Song et al., 2007).  
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1.6  Problem Statement 

The problem of this dissertation is to create an ALPR system for the Kurdistan 

Region-Iraq, in which vehicles of this region needs to be recognized. This problem can 

be divided into several problems, such as:  

(a) Since there are no vehicle LP database images related to the Kurdistan 

region/Iraq, therefore through this work, a Kurdistan Region Vehicle 

Images (KR-VI) dataset has been created with different conditions and 

various types of vehicles.  

(b) There is no method to detect and locate VLP for the Kurdistan region. 

This process is very useful for many applications in general and 

specifically for ALND that are used in traffic, security, and parking 

management systems. Therefore, there is no any exist methods that deal 

with LP in the Kurdistan region. The font in the LP consists of Arabic 

characters that are different from other fonts.   

1.7 Motivation and Advantages 

In the Kurdistan region, there is an urgent need to have an ALPR system since 

it would help and assist a lot in many areas, such as traffic surveillance, monitoring, 

safety and security, control as well as management parking systems.  

This thesis can locate/detect the region of interest (ROI) in the vehicle’s license 

plate with Arabic characters (text and numbers). Moreover, it can also detect and 

recognize vehicle license plate from the Kurdistan region in three provinces (Duhok, 

Erbil, and Sulaimani) with Arabic text and numbers. The detection and recognition 

methods are applied in the Kurdistan region vehicle LPs with high performance. These 
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methods are developed by using new technics like deep learning and deep segmentation 

neural networks.    

1.8 Aim of the study 

The main aim of the thesis is Design and Implementation of a New Method for 

License Plate Recognition using Appearance Features. 

Some objectives are taken into account: 

a. A new realistic and challenging dataset for vehicle license plates in the 

Kurdistan region is create. This dataset has been collected under 

different conditions and places, such as weather circumstances. 

Develop and present a License Plate Detection and Recognition 

(ALPD-R) system..  

b. Proposed a method for (ALPD) forgiven (online) data set by using 

Regions with Convolutional Neutral Network (faster RCNN) models 

like AlexNet, VGG16, VGG19, and SegNet. 

1.9 Contribution 

The main contributions of this work are as follows: 

(a) A novel cascaded deep learning approach was introduced for license 

plate detection and recognition. Different from the existing methods, in 

LP detection, the labeling style of plate and non-plate was not 

considered. Instead, partial labeling was considered for the plate 

number and for the province and country regions. Three CNN models 



9 

 

were combined, with one used for detection and two for the province 

and Arabic character recognition. Moreover,  

(b) A new and challenging license plate dataset was introduced, with data 

collected from different area of Kurdistan region. 

(c) The pre-trained CNN models based faster RCNN models are generally 

used in various object detection applications. However, a fusion 

operation over multiple faster RCNN models has not been applied to 

license plate detection until so far. The fusion operation is justified both 

mathematically and experimentally.      

1.10   Organization of the thesis 

The current chapter is about the introduction of this dissertation. The rest of this 

dissertation is organized as follows.  The next chapter is about the literature review of 

the ALPR, ALPD, and datasets that were used to test and experiment with these 

systems. The third chapter is about background theory and techniques used in this 

work. Chapter four is about material and methods (methodology) that are used in the 

thesis. Experimental Works and Results are mentioned in chapter five. The sixth 

chapter conclusion and future works in this field.  
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CHAPTER 2 

LITERATURE REVIEW 

2.1. Image Capturing (Acquisition) 

The capturing of the original colour vehicle images is the first step of the 

Automatic License Plate Detection and Recognition (ALPD-R) system (Luo et al., 

2018) (Patel et al., 2013). The images are captured by handled (unfixed) or fixed 

camera in real-time and in different weather conditions such as nighttime, day, 

snowing, rainy, shadow, foggy, cloudy, etc. As well as in difficult conditions such as 

tilt plate, dirty, rotation, different distance, etc. The captured images are in Red, Green 

Blue (RGB) image, and then they are converted into a grey level and sometimes to 

binary images (black and white) by using image processing techniques for removing 

the noise and unwanted objects from the noisy images as some preprocessing 

operations for easier license plate detection and character recognition (Luo et al., 2018), 

(Patel et al., 2013), (Yuan et al., 2016a).  

Sometimes, the images are captured from a video sequence by a fixed camera 

on the front of the vehicles (Arróspide et al., 2012). The images are collected from 

different points of view aspects, such as front, rear, and angles, likewise from various 

streets, and it includes parking lots of both public and private. Moreover, the images 

are captured in diverse hours (time) of day, like morning, afternoon, evening, night, 

sunny, rainy, heavy rain, cloud, fog, and in shadow. As well, the images are taken 

with a variant of qualities, brightness, or contrasts of different seasons of the year 

(Arróspide et al., 2012), (M. Al-Shemarry & Li, 2020), (Satadal Saha et al., 2015). 

Furthermore, some images are captured in varying conditions, such as low 

illumination, blurriness, various tilt angles, and distance. Different vehicle category 
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images are acquired for (ALPD_R) such as track, bus, and salon. Based on the distance, 

some images are taken in near, middle, and far distances (different length). As well, 

some other images are captured from the left, center, or right view of the vehicle 

(Oliveira & Santos, 2008), (Yaseen et al., 2019a). 

The images are captured at various angles between the camera and vehicles. 

The tilt is begun approximately from 0o to 70o taken image by the camera. However, 

the region of the license plate on the image is different such as, top, left, right, bottom, 

and center position of the image (Yaseen et al., 2019b). 

 2.2   License Plate Detection (Localization) 

License plate detection (LPD) is the main step of vehicle License plate 

recognition (VLPR). License plate localization has many methods that can be applied 

to detect VLP. This section includes some different reviewed works and methods used 

for this purpose.  

Wenzhen N. et al. presented a method to detect and recognize the license plate 

of taxis among vehicles (Nie et al., 2018). This method is applied adaptive Adaboost 

algorithm to train and locate the license plate. After locating the license plate, it is 

converted to YCbCr colour space; then, the Otsu algorithm is used for blocking the 

license plate. Otsu adaptive threshold algorithm is used to classify the blue and white 

colours in the license plate, then binarized the image and decided if the license plate is 

blocked or not.  

To evaluate the performance of this approach, 2100 positive taxi samples and 

8000 negative samples are used for the training phase in this method. Then, the taxi 

image is chosen from social vehicles for the testing phase. 
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Luo. et al. presented an approach to locate (detection) Chinese vehicle license 

plate (Luo et al., 2018). The approach is applied in difficult views then classifying the 

different kind of license plate (blue, yellow, new-energy, black, and white) during two 

steps in real-time.    

In the first step, a colour image is captured by the camera, then detect the area 

of a license plate by applying a single shot multi-box detector (SSD) and classify the 

type of license plate by using a single deep neural network. The second step, refinement 

area of the license plate because of the oblique of the license plate from the unsteady 

camera position. Then, the image is converted to greyscale and is converted to binary 

using multiple adaptive thresholds. After that, the process of finding all rectangular box 

counters, of binary LP image, of characters that meet the character conditions, which 

are aspect ratio and scale. Then, adding a set of points to the side of each rectangular 

counter. Then determine borderlines and obtaining the LP after implementing the warp 

perspective method.   

To evaluate the performance of this approach, 1200 images of Chinese LPs are 

used. These images are divided into two groups: the first 600 images for training SSD 

and the other 600 images for the testing phase. The accuracy rate of the license plate 

location is 96.5%. 

(Kim et al., 2017) presented a method for detecting a USA vehicle license plate 

in challenging environmental conditions. The vehicle license plate is detected in this 

work during two main steps. First, the vehicle region is detected from the whole image 

using a faster R-CNN algorithm. Second, the license plate is located from the detected 

vehicle by applying a convolutional neural network (CNN) classifier, but after filtering 

out the non-license plate region and specify the candidate region using a hierarchical 

sampling method.  To evaluate the performance of this approach, a Caltech Vehicles 

dataset is applied.  
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2.3. License Plate Segmentation (Character Segmentation) 

To get the information without losing character features and recognize the 

character, the segmentation process is proposed (Singh et al., 2016), (Pechiammal & 

Renjith, 2017).  In this step, the license plate is divided (decomposed) into sub-images, 

and sequence characters are separated distinguished within the license plate from each 

other (Babu & Raghunadh, 2016), (Wibirama & Nugroho, 2017), (Tian et al., 2015), 

(Casey & Lecolinet, 1996). The first step in character segmentation (CS) is to convert 

the license plate into grayscale. Then change the LP into a binary image (binarization) 

to highlight the characters and distinguished from the background by using some 

enhancement process and binarization methods like Otsu thresholding. The variety 

between PL foreground and background is more distinguishable at the grayscale level. 

Then, the noise is removed from LP by applying morphological operations. To correct 

the PL tilt, vertical tilt correction was used in many times (Wibirama & Nugroho, 

2017), (Tian et al., 2015).   

Before the character segmentation stage, the LP must be enhanced because of 

different contrast within LP through capturing the images (Kumari et al., 2016). 

Sometimes, the images should be corrected by rotating the extracted image by an equal 

angle of the opposite direction angle. The morphological operation, CCA, bouncing 

box, horizontal boundaries location, vertical tilt correction, template matching 

methods, maximally stable extremal region (MSER), etc. are used with character 

segmentation. In which the upper, lower boundaries and connected components of each 

character have been located and obtained on the LP (Singh et al., 2016), (Tian et al., 

2015). The contrast of the G-component is always higher than the other two 

components in RGB color space, while the R-component has more contrast in images 

that are taken at night  (Tian et al., 2015).  

There have been many works on Optical Character Recognition (OCR) system 

from different countries like English, Japanese, Chinese, and Greek. The character 
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segmentation is an important pre-processing step for more OCR system because bad 

character segmentation caused misrecognition and classification (E. H. Kaur, 2014), 

(Alginahi, 2013). Most Arabic countries are used Hindi digits,

 While the Western world and some other Arab countries 

use Indian numbers (9 8 7 6 5 4 3 2 1 0) (Alginahi, 2013). 

The features of the Arabic text have a great effect on the character segmentation 

rate. Most of the recognition errors are occur in this step. The techniques that are used 

for recognizing the Latin OCR (other languages) and Arabic characters are not much 

different.   

In past years, many methods have been proposed for character segmentation, 

and they work well on their own vehicle LP dataset. However, there are some 

challenges to segment character within images such as character overlapped, 

connected, fragmented and LP quality contains the character. The aim of character 

segmentation is to detect or locate the whole boundaries of every character within LP 

(Tian et al., 2015). The character's order on the LP is a crucial character segmentation 

phase because the wrong combination of the characters leads to produce a different LP 

and defeat the purpose of LP recognition, which is, identify the violation of the vehicle 

owner (Quiros et al., 2015). The character recognition methods perform to recognize 

segmented character individually  

2.4. Automatic License Plate Recognition (Character recognition) 

In this section, some research papers are reviewed only on the LP recognition, 

which means there is no any detection activities in these papers 
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Mondal. et al. presented an algorithm to detect and recognize a vehicle from its 

license plate (Mondal et al., 2017). The algorithm is done using a convolution neural 

network (CNN) and self-synthesized features of CNN. The algorithm achieved 90% 

accuracy in different angles, illuminates, and distorted images with a small size of 

images for the training.  

CNN includes four functioning layers. First, the convolution is used to reduce 

the noise. Second, the rectified linear unit (ReLU) is used to increase the speed of 

training. Third, the maximum pooling is used to reduce the size of images. And fourth, 

the fully connected layer in which neurons are connected with the neurons in the 

preceding layers.  

The experimental results are evaluated on four datasets (Tamil Nadu, 

Jharkhand, Maharashtra, and West Bengal). Each dataset contains 200 images in 

various conditions such as tilt, distortion, and illumination under diverse angles. This 

work used 30% of the small size images for the testing phase. The other 70% of images, 

used with a bigger size for the training. The results of classes were 94.9%, 99.4%, 

99.4%, and 96.6 respectively. 

Kakani  et al. proposed an algorithm to recognize a vehicle license plate by 

using a feed-forward artificial neural network (ANN) (Kakani et al., 2017). The ANN 

is applied during three stages: detect license plate for localizing the license plate, 

character segmentation for character segmentation from the license plate, and finally, 

characters recognition, which is the main role for license plate recognition to identify 

a vehicle and its owner.  

In the pre-processing stage, the colour image is converted into HSV colour 

space, which neglected the effects of shadow in the image. Then, it is converted into a 

binary image to make it easier for edge detection techniques such as (horizontal and 

vertical edge detection, Sobel edge detection). The localization is achieved via using 
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projection technique, vertical band clipping, horizontal band clipping, and skew 

correction. The segmentation is used to locate the characters on the license plate image. 

Finally, the optical character recognition (OCR) on the segmented characters is 

accomplished through an artificial neural network (ANN).   

To evaluate the performance of this work, 300 vehicle images with various 

angles are used in experimental tests. The final obtained result was 94.45% accuracy, 

where 96.7% for localization accuracy and 92.2% for character recognition. 

Khan et al. produced a new technique for recognition vehicle license plate 

system (Khan et al., 2017). The system is applied under various conditions such as 

light, shadow, and different sides. This work is based on several shape feature 

extractions, such as eight geometric features and HOG features.  

This work architecture consists of four basic steps—first, the pre-processing 

step in which the luminance channel is obtained by using CIELab colour space. Second, 

the segmentation step is implemented using Otsu thresholding and transform the image 

into a binary form. Then morphological operations are applied to increase accuracy and 

erase noise from the image. Third, the feature extraction step, the HOG feature (shape-

based features), and eight geometric features of the extracted region used, then entropy-

based features are applied to select relevant features. Finally, the number recognition 

step is applied SVM for feature classification and license plate recognition.   

For evaluating the performance of this algorithm, a Caltech dataset is used 

where images are taken at university vehicle parking. The algorithm tested on the 

dataset and also on the Media-lab LPR dataset.   Three experiments have been 

accomplished with accuracy rates of 98.90%, 96.4%, and 97.2, respectively. 

Björklund et al. designed a system for recognition the vehicle license plate 

automatically (Björklund et al., 2017).  The system is constricting by convolutional 



17 

 

neural networks (CNN) and using artificial (synthetic) images in difficult conditions 

and very close to real-time images.  

In the plate detection stage, the plate is predicted if it exists in the vehicle image 

captured by the camera, then the localized position of license plate after extracting the 

features from the license plate by using CNN.  

In plate recognition, the character is identified and localized by its bounding 

box corners in the character detector stage, similar to the plate detection stage. Then, 

the characters of the license plate are classified (recognized) by implementing CNN. 

The performance rate, when tested on real vehicle images in different conditions, is 

93%. 

Babu & Raghunadh presented a system for location and recognition of the 

vehicle license plate (Babu & Raghunadh, 2016).  The system is used the bounding box 

method in difficult conditions like fog image, destroyed license plate, and similar 

characters.   

This system involves four basic steps. First, the step of preprocessing the image 

which is taken from the camera like converted it into grayscale by this equation: 

 𝐼 =  0.114 ∗ 𝑅 + 0.587 ∗ 𝐺 + 0.299 ∗ 𝐵.      2.1 

Then, delete noise from it using a median filter. After that, the second step is 

used for the license plate location. For identifying edges and borders in the image, the 

Sobel edge filter is used. Then, the license plate is determined, and a rectangle is placed 

around through this step. The third step in this work is the character segmentation; the 

license plate is divided into sub-images (characters) by using the bounding box method. 

Finally, the last step is character recognition, in which segment characters are 
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recognized and identified by comparing character with the template of numbers and 

characters.  

The number of images used for accuracy is 45 in which the performance rate is 

93.33% for detection, 86.67% for segmentation, and 93.33% for character recognition. 

Fu. et al. presented a new cascade framework for vehicle license plate detection 

in real-time (Fu et al., 2018). This framework is applied under various weather 

conditions like day, rainy, fog, and night. In addition, in different places for images are 

used, such as vehicle parks and high way street.  

This work involves two steps, the first is license plate localization from an 

image by applying your look only once (YOLO9000), and the second step is the license 

plate character recognition by implementing convolutional neural networks (CNN). 

This work is achieved without the segmentation stage. However, both steps are trained 

independently, but for testing images, two steps are worked together.  

The dataset involves images for training and testing, which are taken by the 

camera in real life and under different illumination for Chinese vehicles. For locating 

license plate, there are 7771 images used, while 9997 images are used for the testing 

the dataset. The performance rate for detection is 99.96% of the success rate, in time 

of 10.12ms. The license plate recognition involves 71190 images for the training and 

9994 images for testing. The accuracy rate is 99.98% in the time of 17.25ms. 

Jagtap & Holambe presented an approach to locate and recognize the Indian 

vehicle license plate (Jagtap & Holambe, 2018). This approach is applied with various 

styles of fonts such as (Courier, Times New Roman, and Arial) using morphological 

operations and feedforward backpropagation ANN.  
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In the beginning, in the pre-processing stage, the colour image is captured from 

the camera then converted to a grayscale image, and a Median filter is applied to 

remove noise from the grayscale image. In the plate location stage, morphology 

operations (erosion and dilation) with vertical and horizontal edge histograms are 

applied to locate the license plate. In addition, a Sobel edge detector detects the edges 

in the license plate. The third stage is the character segmentation in which characters 

are separated from the license plate by using different morphological operations 

(opening, closing, and thinning) in combination with horizontal and vertical edge 

histogram. The character recognition stage is achieved by using an artificial neural 

network (ANN). To evaluate the performance of this approach, a database is applied 

that involves 100 images of rear and front images with various font styles. The accuracy 

rate of license plate detection is 92%, for character segmentation is 92%, and 87% for 

character recognition.   

Gonçalves et al. proposed a method for recognition Brazilian vehicle license 

plate automatically in real-time (Gonçalves et al., 2018).  This method is completed in 

only two deep networks steps (license plate detection and license plate recognition) 

instead of four steps (vehicle detection, license plate localization, character 

segmentation, and character recognition). For the detection license plate, a specific 

network is used. In addition, for recognition, a deep convolutional network is applied.  

To evaluate the performance of this system, the SSIG-ALPR dataset is used that 

includes 6660 images of 515 various vehicles with 8,683 license plates. The success 

rate of detection is 79.32%, and recognition is 85.60%. 

Nguyen & Nguyen proposed an approach to recognize Vietnam's vehicle 

license plate based on Convolutional Neural Network (CNN) (Nguyen & Nguyen, 

2018). In this work, the license plate detection, character segmentation, and character 

recognition are combined using Convolutional Neural Network (CNN). The CNN, in 

this method, consists of three convolutions, three pooling, and two layers of fully 
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connected. To evaluate the performance of this approach, a database involves 1000 

images of US vehicles, and 100 images of Vietnamese vehicles are applied. The 

accuracy rate of recognition of Vietnamese’s license plate is 98.9% and 99.5% for the 

US license plate.  

Meng et al. presented a method to recognize vehicle license plate by using the 

operation of conventional image analyses in different conditions such as tilt angle, 

various lighting, and distortion (Meng et al., 2018).  

In this work, three neural networks are applied for the recognition license plate 

through three steps: LocateNet, CutNet, and AlexNet. First, locate the vertices of 

interest shape region, then correct the shape by using the LocateNet that involves 10 

layers as a neural network. Second, predict the area to be extracted (cutting license 

plate), then segment characters from the plate by applying CutNet neural network after 

converting the license plate to grayscale. Third and final, classify the extracted 

characters from character segmentation by implementation AlexNet neural network. 

To evaluate the performance of this approach, a database applied that involves 250,000 

unique images from Chinese Province Parking Dataset (CCPD) dataset. The achieved 

accuracy rate for character recognition is 98.3%. 

Lin et al. presented a system to detect a vehicle then recognize its license plate 

(Lin et al., 2018). The system is applied in different weather and condition like a 

nighttime, unclear sign, and tilt license plates. In the beginning, a colour image is 

captured from the camera, then the vehicle is detected, after that, the license plate is 

extracted, and characters are recognized.  

The first step is vehicle detection; the YOLOv2 Darknet-19 technique is used. 

In the second step, to locate the license plate, the SVM OAR (one against rest) is 

applied with the value of HOG for a training classification feature. In the third step, 

characters are segmented from plate background after converting the LP image to 
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grayscale, then to binary and removing noise from the binary image. After all, 

horizontal and vertical projection is applied to identify characters from the plate. 

Finally, the convolution neural networks (LPRCNN) model is used for character 

Recognition. To evaluate the performance of this approach, a coco 2017 database 

involves trucks, vehicles, and motorbikes is used. For vehicle detection, the success 

rate is 96.12%. For license plate detection, 1,779 positive and 5,401 negative sample 

plates are used; the achieved accuracy of success rate is 94.23%. For character 

recognition, 14,627 samples applied, 60% of samples are used for training, and 40% 

for testing, and it achieved accuracy 99.2% of success rate.  

J. Liu et al. presented a system for recognition Chines vehicle license plate 

based on convolution neural networks (CNN) without using segmentation (Liu et al., 

2017).  

In this paper, convolutional neural networks (CNN) based on the Tensor Flow 

framework is employed to integrate segmentation and recognition parts of the ALNPR 

system. The CNN works directly on the vehicle image pixels, which means there is no 

need to segment the character from the license plate. The limitation in this work is it 

capable of recognizing the license plate contains 7 characters only with fixed characters 

fonts. To evaluate the performance of this approach, a dataset of real-time images is 

used, with 7396 images for the training phase and 793 images for testing. The accuracy 

is 88.61% of success rate. This work is tested using a promoted method in which 

vehicle 7396 license plate used for training and 1200 license plate used for testing, the 

accuracy rate achieved by this method is 90.07% of success rate.  

Gao et al. presented a system for detecting and recognition vehicle license plate 

in difficult conditions based on deep convolutional neural networks (CNN) (Gao et al., 

2018). The system is accomplished through three stages: license plate detection, 

cropped, and recognition of the license plate.  
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First, the captured image is entered into CNN without applied pre-processing 

operations. For license plate detection, it used YOLOv2, in which the features are 

extracted from the license plate. Then, a bounding box is created around the plate. After 

that, the network extracts the license plate automatically after deleting the false 

bounding box and merge the identical bounding box. The output of this CNN step is a 

cropped license plate that will be as an input of the second recognition network. For 

license plate recognition, a combination of Dense Convolutional Network (DenseNet) 

and Residual Network (ResNet) is used to create a simple, highly efficient network 

called RDNet, which is used to take the advantages of the combination and to recognize 

the characters on the plate. To evaluate the performance of this approach, a dataset of 

250K real-time vehicle images that consists of 7 characters are used for training and 

1000 images for testing. The accuracy is 99.98% of the success rate for detecting and 

99.34% success rate for recognition.  

Masood et al. presented a system for detecting and recognition vehicle license 

plate (Masood et al., 2017). The system is applied in difficult conditions (various 

lighting, fonts, plate size) based on deep convolution neural networks (CNN) through 

three basic steps: data collection, CNN training, and testing.  

First, the data are collected and prepared for detecting; then, the data is cleaned 

to recognize the license plate. In the training step, CNN trained for the localization 

license plate, detect characters, and character recognition by using real-time images. In 

the testing step, first, the image is input to the system, then check if a license plate 

exists, detect it, then isolate each character from the license plate background. And 

finally, identify and recognize characters on the license plate.  For evaluating the 

performance of this system, a dataset involves 348 US vehicle license plate images and 

608 European images. After updating, the US dataset becomes 328 since 20 images are 

deleted, and the European images become 550 after deleting 58 images from. The 

license plate detection accuracy of success rate is 99.09% for the US dataset and 

99.64% for Europe, while for recognition, the accuracy is 93.44% of the success rate 

for the US and 94.55% for Europe.  
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(Zherzdev & Gruzdev, 2018) presented an approach for recognition Chinese 

vehicle license plate in real-time using Deep Neural Networks, which is called 

(LPRNet). This approach does not require any initial segmentation as well as it does 

not use Recurrent Neural Networks.   

The training experiments is achieved with the ’Adam’ optimizer. It is used a 

batch size of 32; initial learning is set to a rate of 0.001 as well as the gradient noise is 

set to a scale of 0.001. The learning rate is drooped one time every 100k iterations. The 

total number of iterations for a network of this approach is 250k iterations.  

The LPRNet is trained with ’Adam’ optimizer using different random data such 

as translation, scaling, and rotation are used for training purpose. The LPRNet is tested 

on Chines private datasets includes different license plate images from various 

monitoring security cameras. There are 11696 manually extracted license plate images 

in the dataset and 9:1 of images used for training and testing for the validation 

perspective. The recognition accuracy rate in this work is 95%. 

(Špaňhel et al., 2017) presented a method for recognition vehicle license plate 

in low-quality real-time images and different conditions like different illumination and 

lighting, rotation, occlusion, and image blur using convolution neural networks (CNN) 

for holistic recognition. This method used for detecting license plate in image. The 

method is enhanced by a soft cascade classifier with Local Binary Patterns (LBP) 

features, then Kalman filter is used to track the extracted license plate. The training 

process is used 5000 license plate samples and 4000 negative samples. For license plate 

recognition, the Convolutional Neural Networks (CNN) is applied. For avoiding 

character segmentation, the whole image is fed into the network, which predicts only 

8 characters from the license plate.    
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This algorithm is trained and tested on ReId dataset, which contains 182336 

images, 105924 images, are used for the training part, and 76412 images for the testing 

part. This method and achieved good results. 

(Cao et al., 2018) presented a method for recognition Chinese vehicle license 

plate in both single and double line by using an end-to-end neural network. The 

network structure in this work includes three steps. First, the features are extracted 

using a deep convolutional network. Second, the feature map reformation using cutting 

and connecting the feature map. Third, the final step is to employ a deep recurrent 

neural network in which bidirectional LSTM is created, and sequence labels are 

predicted, then characters of the license plate are recognized. To evaluate the 

performance of this approach, the SYSU-ITS dataset is applied, which contains 1402 

images. The images are divided into 958 of the single-line license plate and 84 double 

line license plate images. The accuracy rate achieved in this work is 98.5%. 

 

 

Table 2.1. Overview of license plate detection and recognition studies 

REF. Detect method Recognize method Year Accuracy 

(Mondal et al., 

2017).  

 Convolution 

Neural Network 

(CNN) 

2017 90% 

(Kakani et al., 

2017) 

Vertical projection of edge 

image 

feed-forward 

Artificial Neural 

Network 

2017 94.45% final 

result,  96.7% 

localization,  

92.2%  

recognition  

(Boliwala & 

Pawar, 2016) 

thresholding 

(OTSU)method, Horizontal 

and 

 2016 Not given  
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Vertical Projection, Sobel 

edge detection 

(Khan et al., 

2017) 

 Otsu thresholding, 

HOG, SVM. 

2018 99.5% 

(Björklund et al., 

2017) 

CNN Convolutional 

Neural Networks 

(CNNs) 

2017 93%. 

(John et al., 

2017) 

Thresholding technique, 

Morphological operations, 

Gaussian Filtering, 

connected component 

analysis 

 2017  

(Babu & 

Raghunadh, 

2016) 

median filter, Sobel edge 

filter,  

Bounding Box 

Method 

2016 93.33% for 

recognition, 

detection. 

86.67% for 

segmentation 

(Fu et al., 2018) you look only once 

(YOLO) 9000 

convolutional 

neural networks 

(CNNs) 

2019 99.98% 

(Jagtap & 

Holambe, 2018) 

Morphological operations  

with horizontal and 

vertical edge histogram 

Artificial Neural 

Network (ANN) 

2018 92% 

(Nie et al., 2018) Boosting (Adaboost) 

algorithm, Otsu algorithm 

based on YCbCr colour 

space 

 2018  

(Gonçalves et 

al., 2018) 

a specific network multi-task deep 

convolutional 

network 

2018 79.32% detection 

rate. 85.60% 

recognition rate. 

 

(Nguyen & 

Nguyen, 2018) 

Convolutional Neural 

Network (CNN). 

(CNN) 2018 Vietnamese’s 

license plate is 

98.9% and 99.5 

for US license 

plate. 

(Meng et al., 

2018) 

LocateNet (neural 

network),  

CutNet neural, 

AlexNet neural 

network.  

 

2018 98.3%. 



26 

 

(Luo et al., 

2018) 

Single-shot multi-box 

detector (SSD), single deep 

neural network 

 2018 96.5%. 

(Lin et al., 2018) SVM OAR (one against 

rest) with HOG for training 

classification feature 

Convolution 

Neural Networks 

2018 94.23% for 1st 

dataset, 99.2% 

for 2nd dataset. 

(Liu et al., 2017)  (CNN) 2017 88.61%. and For 

the promoted 

method, 90.07% 

(Gao et al., 

2018) 

YOLOv2 CNN 2019 99.98% for 

detecting and 

99.34% for 

recognition 

(Masood et al., 

2017) 

CNN Deeply Learned 

Convolutional 

Neural Networks 

2017 99.09% US, 

99.64% Europe 

detection. 

93.44% US, 

94.55% Europe 

recognition. 

(Zherzdev & 

Gruzdev, 2018) 

 Deep Neural 

Networks 

2018 95% 

(Špaňhel et al., 

2017) 

boosted soft cascade 

classifier with LBP image 

features, Kalman filter 

CNN 2017 good results 

(Cao et al., 

2018) 

boosted soft cascade 

classifier with LBP image 

features  

 

Neural Network 2018 98.5%. 

(Kim et al., 

2017)  

faster R-CNN,  CNN  2017 98.39% 

 

 From all of the reviewed literature, it can be seen that the latest trend on ALP 

detection and recognition is focused on deep learning approaches. To this end, a deep 

learning approach is proposed in the current study to construct an efficient ALP 

detection and recognition system adapted for the vehicles of Kurdistan region.  
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2.5. Datasets for ALPD and ALPR 

In this section, various license plate image datasets are reviewed (Laroca et al., 

2018), (Arróspide et al., 2012), (Oliveira & Santos, 2008), (P. ‘License Plates., personal 

communication, n.d.),(Satadal Saha et al., 2015), (Hsu et al., 2012). More specifically, 

all these datasets are used for ANPD-R systems. These datasets contain images under 

different circumstances of weather conditions. Usually, these images are related to 

plate numbers that belong to one country. At the same time, on the other hand, some 

datasets are employed for automatic number plate detection (ANPD) systems (Xie et 

al., 2018), (S. He et al., 2018), (Yu et al., 2015). All these datasets are used only for 

detection purposes (not recognition purposes). Moreover, there is some dataset that can 

be used for both detection and recognition of the number of plates in the images. The 

system of these kinds are called ANPR systems (M. S. Al-Shemarry et al., 2018), (Deb 

et al., 2009), (Silva & Jung, 2017), (S. Kaur & Kaur, 2014), (Asif et al., 2017), (More 

& Tidke, 2015). 

(Ho et al., 2009) proposed a license plate detection method (LPD )in real-time 

through two stages. This work uses Adaboost with a support vector machine (SVM) 

and applied scale-invariant feature transform (SIFT) descriptor for feature extraction 

to train SVM. In the first stage, the Adaboost technic able localized (detected) 

approximately all characters within the license plate but with a rising rate of false 

positive. While in the second stage, the false positive has been deleted (filtered) by the 

SVM classifier. This method used a dataset involves 800 negative samples and 800 

artificial characters as positive samples for training in the first stage. For the second 

stage, the data set consists of 128 SIFT descriptors from 46 various regions. The results 

obtained in the proposed method is 88%.  

(Ktata et al., 2013)  Suggested a method to extract and detect vehicle license 

plate based on Gabor filters and neural networks through three steps: first, generate a 

feature vector for training, second train classifier, finally localized LP. The image 
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enhancement by using contrast limited adaptive histogram equalization (CLAHE). 

Gabor filters are used to purge remove noise (unwanted object) from the image. A 

neural network is used as a classifier of LP after training on features. To evaluate the 

*performance of this method used 158 Tunisian vehicle images for training and 58 

images for testing. The authors referred that the proposed algorithm achieved 

acceptable results.  

(Yuan et al., 2016a) organized a method to detect a vehicle license plate. In this 

approach, the line density filter is used to find the candidate region. Then the positive 

(true) license plate is identified based on linear SVMs within cascaded license plate 

classifier after extracting features by colour saliency features. For evaluating the 

performance, the used Caltech license plate dataset and second dataset consist of 3828 

images introduced by the authors of this paper.   The performance rate achieved is 

96.62%.  

(Y. Zhao et al., 2010) studied the performance of Haar-like cascade classifier 

for vehicle license plate location (detection) because of  Haar-like cascade classifier is 

widely used for face detection.  This method is used for vehicle license detection based 

on Haar-like feature and AdaBoost technic (cascade classifier) for training and testing 

algorithms. The dataset used in this work is collected from different places and parks 

in China, also in different conditions weather of resolution720×576. The performance 

or accuracy rate of the proposed method is 89.5%.  

In the work (Azam & Islam, 2016), proposed an algorithm to detected vehicle 

license plate areas in different hazardous image conditions. Many technics are used to 

process various hazardous conditions. First, convert the image from RGB to grayscale 

than remove the noise and rain effect by applying an automatic rain removal technique. 

Then enhance the quality of the image employed Standard deviation and mean based 

binarization. Also, local counting filters, morphological opening, cropping connected 

components are applied to remove noise from the image background.  Used Radon 
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transform with a tilt correction method to deal with tilted images. To eliminate non-LP 

are used as a method based on the entropy of the image.  This algorithm used 850 

vehicle images of different conditions for performance evaluating, and the achieved 

accuracy rate is 94%. 

(Naimi et al., 2016) proposed an algorithm for license plate detection of the 

various national and multi criterions plate in different conditions of real-time. This 

work is based on deep learning using self-taught features for locating the license plate. 

Deep learning extracts the features of LP that have most discriminate automatically. 

This method combines region proposal network with convolution neural network to 

improving performance. The first features are extracted by CNN and presented the 

feature map to the RPN and the Fast-RCNN. Then classified features in the second step 

by the soft-max classifier and detected LP. The database used in this method consists 

of 5000 JPEG colour images taken in different conditions and from different countries 

(European, Libyan, Algerian, and Tunisian). The performance achieved in this 

algorithm is 99%. 

 (Li & Shen, 2016), proposed an algorithm for vehicle license plate detection 

and recognition using deep Convolutional Neural Networks and LSTMs. In this 

approach, two CNN classifiers are used, one to detect characters from images, while 

the second CNN classifier with the heuristic rule is used to remove false positive. The 

overlap ratio has been improved in this work by using a projection-based method with 

the bounding box. Caltech vehicles dataset and AOLP dataset are used for detection 

performance. The performance achieved is 97.56% Precision and 95.24% Recall. 

     (Lalimi et al., 2013) Presented an automatic algorithm for vehicle license plate 

detection. In this method, the image has been enhancement by using edge density and 

intensity variance. For filtering and smoothing images, background and non- plate 

region applied region-based method. Vertical edge detection, morphological filtering, 

and geometrical features are used to obtain the correct location of the license plate. The 
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dataset used in this paper consists of 425 collected images because of no standard 

database of Iranians vehicle image. The images within the database are taken in various 

conditions, like rainy, cloudy, sunny, darkness, as well as different angles and distance. 

The accuracy rate achieved for VLPD in this algorithm is 94.12%. 

Based on the previously reviewed datasets, a new dataset, which is Kurdistan 

region vehicle Images (KR-VI) of vehicle images for both ANPD and ANPR systems, 

is created. The images are taken in the Kurdistan region. This dataset that involves 

images is taken by a handheld camera (unfixed camera). It is known that images 

collecting from handheld cameras are shows diversity due to the various positions and 

angles., In addition, different lighting and varying backgrounds at different times and 

at different places, those images usually under sunlight or an extra light source, and the 

angled slope for rotation are between (+20o and -20o). For all previous reasons and to 

create a robust dataset, a handheld camera is used for capturing images. 

The KR-VI dataset involves 1500 JPG item type RGB (colour) vehicle images 

by using Nikon DX, AF-S NIKKOR 18-105mm camera. The resolution of images is 

5184x3456, with 7.19 GB as the total size of the dataset. The dataset collected images 

from different points of view aspects, such as front, rear, and angles, likewise from 

variant streets, and it includes parking lots of both public and private. Moreover, the 

images in this dataset are captured in diverse hours of the day, like morning, evening, 

night, sunny, rainy, heavy rain, cloud, fog, and in shadow. Furthermore, in varying 

conditions, such as low illumination, blurriness, various tilt angles and distance. Track, 

Bus, and Salon vehicle images are acquired in this dataset. 

 

 

 

 



31 

 

 

 

 

 

 

Chapter 3 

Background theory 

3.1 Introduction 

Automatic License Plate Recognition (ALPR) considered an important topic in 

intelligent transportation applications. ALPR can be used to identify the vehicles from 

their license plates. ALPR has the potential to be used in a variety of application areas 
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such as traffic surveillance, traffic safety, security, services purposes, and parking 

management (M. S. Al-Shemarry et al., 2019), (Yuan et al., 2016a), (Kakani et al., 

2017), (Singh et al., 2016). Lighting and weather conditions affect the ALPR system 

significantly (Li & Shen, 2016), (Sulaiman et al., 2013). An ALPR system is generally 

composed of four main blocks such as image capturing block, license plate detection 

block, character segmentation block, and character recognition block, respectively 

(Wiharto et al., 2017), (Hurtik & Vajgl, 2017), (Naimi et al., 2016), (Ajanthan et al., 

2013). The license plate detection is in the second block of the ALPD, and it is the most 

important part. Because it affects the recognition performance of subsequent parts of 

the ALPD (Y. Zhao et al., 2010), (Zang et al., 2015), (Prabhakar et al., 2014),  (Kim et 

al., 2017). ALP systems are in demand, and in the last two decades, so many works 

have been carried out on it. In this work, as we concentrated on the license plate 

detection, the literature that are related to license plate detection is reviewed. 

Traffic violation and traffic control become a serious and challenging problem 

all over the world because of increasing vehicle numbers. Moreover, vehicle detection 

and recognition become more difficult from vehicle license plate detection and 

recognition. In the last decade, different algorithms and methods have been proposed 

for detection and recognition vehicle LP to date, such as VGG16, VGG19, CNN (Omar 

et al., 2020), as well as the various dataset used for training evaluation algorithms 

(Yaseen et al., 2019a), (Yaseen et al., 2019b). 

This chapter introduces all background theories of algorithms, methods, 

techniques, and datasets that are used and related to this dissertation. In this chapter, 

Datasets, Classification Stage, Cascade classifiers, Adaboost technique, HOG features, 

Neural network (NN); Deep learning (DL), Pattern Recognition, Convolutional Neural 

Network (CNN), and Gradient descent optimization algorithms are reviewed in details.   
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3.2  Datasets of Vehicle Images 

There are various datasets created for ANPR systems around the world. Each 

of these is concerned with plate numbers that belong to one country, and usually, it is 

the researcher's country. In other words, there is some privacy, for each dataset, 

connected to the traffic rules of the country about the number plate features, such as 

size, colour,  

font, etc.  

 

 

Figure 3.1. Image examples of Baza-Slika Dataset 

Generally, software needs training datasets for the detection and recognition of the 

license plates. It is vital to have a real-time dataset that will be used to identify the 

vehicle owner, who has violated the traffic by driving with high speed more than the 

scheduled speed. Therefore, there is an urgent need to create a dataset for the license 

plate of vehicles in each country in order to investigate and solve the issue of ANPD 

and ANPR (Saleem et al., 2016), (Du et al., 2012), (M. S. Al-Shemarry et al., 2019), 

(Al-Sanjary et al., 2016). This dataset shall be used for three important purposes. 

First, it can be used for only vehicle number plate detection. Second, it can be used 

only for recognition of the number plate since there are labelled number plates in 

the dataset. Third, it can be used for both detection and recognition together, which 

means it can be used for ANPR systems. (Laroca et al., 2018), (Arróspide et al., 

2012), (Oliveira & Santos, 2008), (P. ‘License Plates., personal communication, 

n.d.), (Satadal Saha et al., 2015), (Hsu et al., 2012).
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Figure 3.2. Image examples of AOLP Dataset 

There is some dataset that can be used for both detection and recognition of 

the number of plates in the images. The system of these kinds are called ANPR 

systems (M. S. Al-Shemarry et al., 2018), (Deb et al., 2009), (Silva & Jung, 2017), 

(S. Kaur & Kaur, 2014), (Asif et al., 2017), (More & Tidke, 2015).

Figure 3.3. Image examples of UFPR-ALPR Dataset 

3.3 The HOG Feature  

Histograms of Oriented Gradient (HOG) descriptors are proposed for 

pedestrian detection by Dalal and Triggs (Dalal et al., 2006). The HOG features are 

working based on the occurrences of gradient orientation on the pixels in overlapped 

windows over vehicle images. All gradient angles in the HOG descriptors are oriented 

into B bin groups, as shown below in Figure 3.4, where the value of B is set to 8 (Al-

Ali, 2015a). 



35 

 

The computation of the HOG depends on the length (magnitudes) and angles 

of the gradients (orientations)  (Dalal et al., 2006) (Dalal & Triggs, 2005). The equation 

representations for the bath are: 

𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒 = √𝑑𝑥2 + 𝑑𝑦2   

𝑂𝑟𝑖𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 = arctan (
𝑑𝑦

𝑑𝑥
)   

where 𝑑𝑥 is the differences in the intensities of two consecutive pixels in the 𝑥-

coordinate direction, 𝑑𝑦 is similar to 𝑑𝑥 but in the 𝑦-coordinate direction. This feature 

is obtained from the image of a vehicle. The region that might contain the license plate 

is considered as positive, or without the plate is considered as negative. The 

computation of the HOG feature depends on how many overlapped windows are 

moved over the region image, and also, it depends on how many numbers of bins (B) 

are used for the gradient angles.   

 
 

Figure 3.4. Creation of HOG based on 8 binned orientation, (coloured arrows) angles 

of gradients  (Al-Ali, 2015b) 
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There are few steps for the construction of the HOG feature. First, the image is 

filtered with horizontal and vertical kernels in order to compute the gradients. Then, 

these gradients are used to compute the magnitudes and angles. Next, the image is 

divided into (N×N) of overlapped windows. After that, for each of these windows, 

binding all computed angles into (B) bins. Then, for each bin, the sum of all gradient 

magnitudes is computed, which belongs to this bin. For each window, the computed 

sums are normalized. After these steps, a matrix (N×N×B) of normalized numbers are 

constructed. These numbers are called the HOG features or HOG descriptors of the 

image. The HOG is used, in this thesis, as a feature for each region of the training 

images and also for regions of the testing images.   

3.4 Detection stage 

There are more stages in the LPR process; the detection stage is one of them, 

in which the LP has been detected and distinguished from the whole vehicle image 

(M. S. Al-Shemarry et al., 2019) (Afeefa & Thulasidharan, 2017).  

3.5 Cascade Classifiers  

The cascade classifiers are based on a machine learning approach trained with 

a lot of positive images that contain a specified object and negative images which do 

not have this object. After training the classifier very well, it is applied to a new image 

to detect the specified object. There are several stages in the cascade detector trainer. 

It has more than one weak learner in each stage. These learners are simple basic 

classifiers. The cascade stages are learned using the Adaboost technique, which has the 

ability to train the classifier (detector) with higher accuracy based on the results of the 

average weight for weak learners. In the training process, there is a sliding window 

moving on the training image to extract areas that represent parts (regions) of the 
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image. Each area (interested region) that includes the plate number is labelled as 

positive. In contrast, the area (non-interested region) that does not include the plate 

number is labelled as negative. For non-interested regions, the detector is terminated if 

this region is classified as negative by any of the weak learners.  (Viola & Jones, 2001a) 

Then, the sliding window is moved to the next area to start the same process 

again. But, for the interested region, if this region is classified as positive by all weak 

learners in this stage, then this region is moved to the next stage of the trainer. 

Therefore, if the plate is found in the last stage, which means that this region is passed 

over all stages, then the trained classifies this region as positive (the license plate is 

found). 

 

 

 

 

 

 

 

 

Figure 3.5. Schematic depiction of the detection cascade 

Where 1, 2, 3, and 4 are classifier stages, T is a true positive, and F is a false 

negative. 
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The speed of the cascade detector is that all false (negative) areas are discarded 

early and quickly, while true (positive) areas are worth to spend time to pass all stages, 

be informed that a few (very limited) regions contain the plate (are labelled as true or 

positive), and many regions are without the license plate (are labelled as false positive). 

At the same time, there are some regions that contain the plate, but it does not pass the 

stages (are labelled as false negative). In order to get good results, the (false negative) 

rate must be as low as possible in all stages of the cascade trainer (Viola & Jones, 

2001b).  

3.6 AdaBoost Technique  

The AdaBoost is an algorithm that is used for the machine learning approach to 

image processing. It is employed to train the classifier based on a small number of 

features. This algorithm increases the classification performance of a simple (weak) 

learning classifier to build a strong classifier because it consists of a sequence of weak 

(simple) learners (Viola & Jones, 2001a).  

The Adaboost algorithm has two important advantages. First, it gives more 

refined analysis for true positive regions over the false nagative regions, to obtain 

significantly superior results related to the error of the classifier. Second, it does not 

require prior knowledge of accuracy for the hypotheses, which will be generated by the 

weak learning classifier  (Freund & Schapire, 1997). The AdaBoost can be represented 

by the form: 

𝐹𝑇(𝑥) =  ∑ 𝑓𝑡(𝑥)𝑇
𝑡=1   (3.3) 

Where each 𝑓𝑡 is a weak learner that has input, which is a regional area, and it 

gives back a real value refers to the expected class of the region area as an output result.  
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The 𝑇-layer of the classifier is considered as positive if the license plate exists 

in the region and negative in the other cases. 

The cascade classifier has several weak learners, and each produces a 

hypothesis ℎ(𝑥𝑖) as a result of every image in the training images. In summary, at every 

iteration 𝑡, one of the weak learners is employed and assigned a coefficient 𝛼𝑡 in order 

to minimize the total amount of error 𝐸𝑡 that come out from the 𝑡-stage boost classifier. 

This process can be represented in the form: 

𝐸𝑡 = ∑ 𝐸[𝐹𝑡−1(𝑥𝑖) + 𝛼𝑡ℎ(𝑥𝑖)]𝑖   (3.4) 

where 𝐹𝑡−1(𝑥) is the boosted classifier of the prior stage of training, 𝐸(𝐹) is 

some kind of error function, the weak learner is represented by 𝑓𝑡(𝑥) = 𝛼𝑡ℎ(𝑥), which 

is added to the output of the final classifier (R. Saha & Bhattacharjee, 2013). 

3.7 Classification Stage 

The classification stage is used to match the patterns to the closest classes 

according to their feature spaces with minimum error. Well-defined training plays a 

key role in the performance of the classifier. 

It is possible to group pattern classifiers into conventional and intelligent 

groups. Traditional classification algorithms are based on Bayes decision theory, which 

is a statistical structure. Their disadvantage is that when transforming the feature space 

into the classification space, a noise emerges, and the error criteria for each class are 

not specified. Traditional classifiers, Gaussian models with multivariate, nearest 

neighbour, maximum likelihood, binary tree classifiers, and Fisher's linear classifiers 

can be given as examples (Kil & Shin, 1998). On the other hand, smart classification 
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structures are generally based on ANN, and they are the most widely used and powerful 

classifier types that have proven their performances.  

Capabilities are important for the very large data of pattern recognition 

applications. A smart classification structure is shown in Figure 3.6. Training data is 

encrypted within the classifier's memory. The classifier memory consists of adaptable 

parameters (Türkoğlu, 2002). 

 

 

 

Figure 3.6. Intelligent classification structure 

 

 

3.8 Neural Networks (NN)  

Artificial Neural Networks (ANNs) are proposed by a variety of scientific 

disciplines of researchers to solve different problems in associative memory, 

prediction, pattern recognition, control, and optimization. ANN has many 

characteristics such as learning capability, generalization capability, enormous 

parallelism, fault tolerance, consumptive lower energy, and ability to process inherent 

contextual information and distributed representation and computation. ANN models 

try to apply principles (behaviour) like used in the human brain (Jain et al., 1996). 

A binary threshold unit has been proposed by McCulloch and Pitts4 [as1]as a 

computational model for an artificial neuron, as shown in Figure 3.7. .’ 
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   Figure 3.7.  McCulloch-Pitts model of a neuron. 

Where Xj is the input of jth neuron, and Wj is the weight of jth neuron. The sum 

of multiplying all Xj by all Wj, respectively, where j = 1, 2, …, n is computed. If the 

sum is a certain threshold u, then it generates output equal 1, and otherwise, the output 

is 0. 

y = 𝜃 {∑ 𝑊𝑗𝑋𝑗 − 𝑢
𝑛

𝑗=1
}       3.5 

Where Wj is an associated weight with the jth input and 𝜃(.) is the unit step 

function at 𝜃. Learning in ANN is a process in which connected weights are updates, 

and the network can perform a specific task. The performance of the network can be 

improved through the training stage by iteratively update the associated weights. ANN 

is excited and attractive because it learns automatically from examples (Jain et al., 

1996).   

ANNs are divided into two groups based on ANN architecture connection, 

which are feedforward and feedback (recurrent) networks, as seen in Figure 3.8, and 

the figure also shows the models of each network category (Jain et al., 1996). Figure 

3.9 shows an example model of the NN connection.  
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Figure 3.8. A taxonomy of Recurrent/feedback networks and Feedforward networks 

The main steps of an artificial intelligence system can be considered as feature 

extraction and feature classification. In the neural network (NN) model, feature 

classification can be described as follows: first, the classification feature can be 

described as a mapping set of neurons with numerical weights. Second, an ite-rative 

learning process is generally used to feed input data into the network one by one, and 

the weights are adjusted at each time. The learning phase of the NN lets the network 

learns by adjusting and tuning of all weights to predict a class label for the input data. 

The backpropagation (BP) algorithm is one of the well-known NN training algorithms, 

which developed in the 1980s. In 1989, LeCun implemented the first project using BP 

combined with convolutional networks for the handwritten digit classification. Another 

important step forward made in this period, by Hochreiter and Schmidhuber, which is 

called the short-term memory (LSTM) of Recent Neural Networks (RNN). However, 

this progress has not been noticed until later when it is overshadowed in 1995 by Cortes 

and Vapnik. 

Compared to SVMs, the NN's training procedure can be considered slow, but 

with the same amount of data, NNs achieve a lot better results. With the increasing 
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speed of GPUs, deep networks like CNNs can be trained without any assistance of pre-

training (Sourajit Saha, 2017). 

 

 

 

 

 

 

 

Figure 3.9: An example model of neural connections 

3.9 Deep Learning  

Deep Learning (DL) is a part of machine learning methods, concerns the use of 

deep network processing information. The DL is called "cybernetics" by McClulloch 

and Pitts, in the earlier appearance of DL, in 1943. DL has superior results of complex 

issues. CNN is an example of a deep learning strategy that imitates brain function in 

the processing of information. Recurrent Neural Network (RNN), Deep Neural 

Network (DNN), and Convolutional Neural Network (CNN) are architecture types of 

DL (Zeebaree et al., 2018), (Ahmed & Brifcani, 2019). 

Last year, Deep learning provided new strength to the construction of artificial 

intelligence (AI) systems, which were not found a few years ago. Nowadays, AI used 

to solve a lot of complex problems and tasks that need too much computation power 

by the computer faster and more accurate comparison with doing by humans 

(Namatēvs, 2017). 
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 Recently, deep learning algorithms have many applications in artificial 

intelligence fields (Zeebaree et al., 2018). Intelligent transportation necessitates ALPD-

R. ALPD-R is a robust technology that can be used to identify the vehicles from their 

license plates. ALPD-R has the potential to be used in various applications, namely 

traffic-surveillance, traffic-safety, security, services purposes, and parking 

management (M. S. Al-Shemarry et al., 2019) (Yuan et al., 2016a), (Yaseen et al., 

2019b). 

3.10 Advantages of Deep Learning  

The mind of human beings does not recognize each pixel in the image, but it 

decomposes a big problem, through multiple levels of interpretations, into smaller sub-

problems. 

The visual signals are processed by the human brain through a multiplayer 

structure, well respected by Neural Networks. One of the promises of deep learning is 

to substitute crafting by unsupervised or semi-supervised feature and the extraction of 

hierarchy features. Work in this field is intended to provide enhanced representations 

and build models for learning, especially for large data. The fact is that the calculation 

of any function is one of the striking facts about neural networks.   

Regardless of the function, a neuronal network is guaranteed that the value f(x) 

is generated from the network for any possible input X. Theoretical findings that an 

inadequate depth architecture will require a lot more compute elements and the number 

of such elements is increasing exponentially as far as input sizes are concerned. This 

also makes learning slower. Architectures facilitate component sharing and reuse. The 

common weights principle is the meaning of filters in DL roots.  
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For an input image, different features at some locations are detected by all 

neurons on the first hidden layer. That is why a function map from the input layer to 

the hidden layer is frequently named. 

Shared weights and prejudices are the principles determining the function map. 

The weight and bias common to a specific layer are also used to describe a kernel or 

filter. The great advantage of weight and bias sharing is that the number of parameters 

in the network is reduced significantly. Although kernels on one side allow the 

convolution process, they benefit from the pooling layers on the other networks. A 

group layer is a layer that used a classical layer to generate a simplified feature mapping 

output for each map of the feature. It contributes to the hierarchy of an effective CNN. 

(Sourajit Saha, 2017). 

3.11 Convolutional Neural Network (CNN) Architecture 

CNN is a well-known NN model for DL. One or more layers of CNN uses 

convolutional instead of matrix multiplication. CNN has three particular properties: 

locally connected neurons, spatial subsampling, and commonly shared weights.  Due 

to its 2D structure, a CNN model can be applied to images easily. CNN achieved 

marked success in classification and image recognition. In order to produce results of 

invariant features, local connections of neurons with tied weights are applied then 

followed by some pooling function. The CNNs advantage over NN is that CNNs are 

easier to train with the same number of hidden units and have many fewer parameters. 

To provide an overview of architecture characteristics, CNNs consist of convolutional 

and subsampling layers followed optionally by fully connected layers. The input for 

the convolutional layer is an image of M x M x R, where M is representing the height 

and width of the image, and R is the channel number, e.g., for black white  images, R 

is set to 1, and for RGB images, R is set to 3. The convolutional layers consist of K 

filters, and each filter size is N x N x Q where N is representing a number that less than 
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the image dimensions, and Q is representing a number of channels, similar to R or 

maybe less, and may vary for each kernel. The locally connected structure is increased 

due to the size of the filters, where each filter is convolved with the image to obtain k 

feature maps with the size of MN + 1.  

Each neuron is locally connected to its input of the previous layer in a 

convolutional layer, which functions as a 2D convolution with a specific filter. Then, 

a nonlinear transformation is applied to produce the activation of the neuron. (Sourajit 

Saha, 2017), (Namatēvs, 2017). 

The architecture of CNN consisting of many order layers. Each layer in the 

architecture has its own function to detect distinguishing features in the image or data 

put in as input (Nour et al., 2020), (Berman et al., 2019). Generally, the following are 

the tasks done by these layers: 

(a) Convolution layer: This layer perform to detect discriminative feature 

of data impute. This layer is considered a basic block of CNN 

architecture. Some filters are used in this layer of the data to different 

distinguished levels of features. The size of input data changes after the 

convolution process is done and fix charges depending on the padding 

and stride. Also, the convolution layer generates the activation maps.  

(b) Non-Linearity layer: The layer followed by the convolution layer is a 

no-linear layer. In which the Rectifier (ReLU) activation function is 

commonly applied to the output of the convolution operation. 

(c) Pooling layer: This layer is always set between serial convolution 

layers. The function of pooling (Down-sampling) is reduced 

dimensionality but keeping the important information the same. 

Pooling also performs to decrease the number of computational nodes 

and memory required by reducing the size of the feature map. 
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(d) Flatting layer: The data have been collected and prepare in this layer 

for the neural networks to fully-connected layer. 

(e) Fully connected layers: this layer is located at the end of the CNN 

structure.  The obtained activations moved to the next unit after 

streaming the data through the network. 

3.12 Gradient descent optimization algorithms 

Stochastic Gradient Descent with Warm Restarts (SGDWR) is an optimization 

approach that progressively lowers the learning rate (LR) during the training phase. 

Using of this approach, the learning rate is decreased by a half-cosine curve. Therefore, 

the SGDWR is also called a cosine annealing method. The parameter Ƞ𝑡 is representing 

the learning rate of the 𝑡 process. The upper and lower limits of the desired learning 

range shall be defined by the parameters Ƞ𝑚𝑎𝑥
𝑖  and Ƞ𝑚𝑖𝑛

𝑖 . The number of the epoch is 

maintained by 𝑇𝑐𝑢𝑟𝑟𝑒𝑛𝑡 that have passed. Both the restart process and parameter 𝑇𝑖 

makes the number of epochs to be updated (Park et al., 2019). Parameter information 

of the SGDWR is as follows: 

(a) Maximum and Minimum Learning Ratio: it specifies the lower and 

upper learning ratio ranges in the SGDWR. 

(b) Steps per epoch: it returns a value, which is computed by dividing the 

size of epoch size over the size of the mini-batch. 

(c) LR Decay: it decreases the upper limit of the rate of learning (Max. LR) 

after each epoch. 

(d) Cycle Length: it represents the scale number of the first epoch in the 

cycle.  
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(e) Mult. Factor: [as2][B3]It states the epoch scale values to be restarted after 

completing each cycle. (Loshchilov & Hutter, 2017). 

Ƞ𝑡 = Ƞ𝑚𝑖𝑛
𝑖 +

1

2
(Ƞ𝑚𝑎𝑥

𝑖 − Ƞ𝑚𝑖𝑛
𝑖 ) (1 + cos(

𝑇𝑐𝑢𝑟𝑟𝑒𝑛𝑡

𝑇𝑖
)∏)            (3.6) 1.  

The ADAM function is an effective method to optimize and update weight 

parameters and learning coefficients for each batch. This function helps to adjust the 

weight parameters learning rates through the evaluation of gradient values during the 

training. It uses the exponential moving mean computed in gradient descents. The past 

square gradient (𝑉𝑡) and the past gradient (𝑚𝑡) are obtained using the equation (3.7) 

and (3.8), respectively. A hyperparameter value is calculated from the β variable. (Roy 

et al., 2018). 

𝑚𝑡 = β1𝑚𝑡−1 + (1 − β1)𝑔𝑡 2. (3.7) 

𝑉𝑡 = β2𝑉𝑡−1 + (1 − β2)𝑔𝑡
2 3. (3.8) 

For classification and regression in the final layer of CNNs, the Softmax is 

usually preferred. The Softmax is intended to normalize non-linear characteristics. The 

next step is to convert these normalized characteristics to probability values and to 

perform classification  (Kanai et al., 2018; Toğaçar et al., 2020). 

An advanced class of NN is a Multi-Layer Perceptron Sensor (MLP). A 

minimum of three layers available for the MLP network structure. These layers are 

input, hidden layer, and output layer. The MLP method employs a backpropagation 

approach to make weight updates of the network. Because of that, it is a controlled 

model. In order to separate MLP from a linear sensor and MLP separates non-linearly 

separable data, multiple layers and non-linear activation are used. (Salah & Fourati, 

2019).  
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3.13 PATTERN RECOGNITION 

The pattern is the name given to observable or measurable information about 

the assets of interest. These real-world patterns are often ways of quantitatively 

describing the data of interest. Pattern recognition is the linguistic shaping that people 

derive from the formal shapes of various sounds, images, and all similar patterns. 

Pattern recognition covers activities in a wide range of fields of science, engineering, 

and daily life. We can also see pattern recognition applications in people's lives: pattern 

recognition is used in many activities with fuzzy boundaries such as the perception of 

weather change, identification of thousands of flowers, plant, animal species, reading 

books, face and voice recognition. The recognition of human patterns is based on the 

learning of past experiences. Hence, people are able to evaluate the pattern recognition 

events in practice in light of their past experiences. It is not possible to define the rules 

used to recognize a particular sound. Although people do many of these operations 

quite well, they want machines to do them cheaper, better, faster, and automatically. 

Pattern recognition is a multidimensional engineering discipline for realizing such 

intelligent and learning machines (Şengür et al., 2010). 

We can study the pattern recognition phenomenon as follows: the definition or 

classification by means of certain characteristics of complex signs and objects that have 

a common characteristic can establish a relationship between them. The main purposes 

of pattern recognition are to identify and give a certain form to unknown pattern classes 

based on the pattern of known classes. (Şengür et al., 2010). 

Applications of pattern recognition techniques are open to many fields of 

engineering, medicine, military, and science. Some of those; Doppler heart mark 

recognition  (Turkoglu et al., n.d.), communication signal recognition (Şengör & 

Türkoğlu, 2003) and radar target classification (Avci et al., 2005), biomedical control 

(Akin et al., 2001) can be given. These applications, known as pattern recognition, are 

Image 

Processing 
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also known by names such as machine learning, pattern classification, discrimination 

analysis, and feature estimation.  

 

 

. 
 
 

 

 

       

Figure 3.10 Pattern Recognition Concept 

The pattern recognition concept, as shown in figure 3.10. It consists of three 

important units, as explained  (Şengür et al., 2010): 

(a) Signal / Image Processing: It is the pre-processing stage. It is the part 

where the sign or images filtered, processed by various transformation 

and display techniques, separated into components, or modeled. 

(b) Feature Extraction: It is the stage in which the data size of the sign and 

image is reduced, and the descriptive key features are determined and, 

at the same time, subject to normalization. It plays the most effective 

role in the success of the system. 

(c) Classification: It is the descriptive decision stage in which the extracted 

feature set is reduced and formulated. 
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3.14 Performance Evaluation Metrics 

In machine learning (ML) applications, various performance evaluation metrics 

are used to validate the applied ML algorithm. There are numerous performance 

evaluation metrics in ML terminology, but in this thesis, only the performance 

evaluation metrics, which are used in the concept of this thesis, are introduced. Before 

starting to introduce these metrics, let's first have a look at on confusion matrix 

(Powers, 2011), (Perruchet & Peereman, 2004), (Allen et al., 1955). 

A confusion matrix is a table, which is shown in Figure 3.11, which is 

frequently used to describe the performance of a classification model on a set of testing 

data when the true values are known on this set.  

 

Figure 3.11 Confusion matrix 

In the confusion matrix, the observations of green background colours, which 

are true positives and true negatives, are correctly predicted. Generally, numbers of 

false positives and false negatives are aimed to minimize, so they are shown in red 

colour. Similarly, the true positives and true negatives are aimed to maximize as they 

are shown in green colour. More specifically, these terms are introduced as follows;  

The True Positives (TP) are positive values that are correctly predicted, which 

means the actual class value is YES, and the predicted class is also YES. The True 

Negatives (TN) are negative values that are correctly predicted, which means the actual 

class value is NO, and the predicted class value is also NO.  



52 

 

The False Positives (FP) and False Negatives (FN) are found when the value of 

the actual class contradicts the values of the predicted class. False Positives (FP) occur 

when the value of the actual class says NO, and the value of the predicted class is YES. 

False Negatives (FN) occur when the value of the actual class is YES, but the predicted 

class value is NO.  

When the confusion matrix is obtained, then the four parameters: Accuracy, 

Precision, Recall, and F1 score, are calculated.  

Accuracy is the most intuitive measurement of performance and is simply a 

proportion of correctly predicted observation of the entire observation. You may think 

our model is best if we have high precision. Yes, precision is a big measure, but only 

if symmetrical data sets are available, where false positive and false negatives' values 

are almost the same. Therefore, you must examine other parameters in order to evaluate 

your model's performance. 

Accuracy = (TP+TN)/ (TP+FP+FN+TN)                     3.9 

Precision is the ratio of positive observations correctly predicted the total 

positive observations predicted.  

Precision = TP/ (TP+FP)                                  3.10 

Recall (Sensitivity) is the recall ratio to all observations of the actual class is 

correctly predicted 

Recall = TP/ (TP+FN)                                  3.11 

F1 score is the weighted average of recall and accuracy. Thus, both false 

positives and false negatives are taken into consideration. It is not as easy to 
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comprehend as precision intuitively, but F1 is usually better than accuracy, especially 

if the class distribution is uneven. Precision works best when the cost is similar to false 

positive and false negatives. Should the costs of false positive and false negatives vary 

greatly, both accuracy and recall should be considered. 

F1 Score = 2*(Recall * Precision) / (Recall + Precision)          3.12 

 

 

 

 

 

HAPTER 4 

Materials and Methods 

4.1    Materials and Methods for LPD-R 

The proposed LPD-R system initially employs several pre-processing 

techniques such as filtering and contrast enhancement to make the input images more 

suited to further processing. More specifically, Gaussian filtering and Contrast-limited 

adaptive histogram equalization (CLAHE) were applied as the pre-processing steps. 

As the license plates of vehicles in Kurdistan region contain three regions, namely a 

plate number, a province region, and a country region, a deep semantic segmentation 

network was used in order to locate the various regions within the input image. 

Segmentation was carried out via deep encoder-decoder network architecture (Kendall 

et al., 2015) using the VGG16 model in the segmentation network (Simonyan & 

Zisserman, 2014). For the province region recognition, a pre-trained CNN model was 
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fine-tuned. VGG16 model was also applied in the transfer learning. A sequence of 

image processing routines such as filtering, background extraction, thresholding, and 

morphological operations were used for the Arabic character segmentation (M. S. Al-

Shemarry et al., 2019), with an end-to-end CNN model constructed and trained for 

Indian number recognition. For country region recognition, a pre-trained CNN model 

was further fine-tuned, as shown in figure 4.1.  

 

 

 

 

 

 

 

 

Figure 4.1. Block diagram of license plate detection and recognition 

1- Applying pre-processing techniques such as filtering and contrast enhancement to 

make the input images more suited to further processing. To this end, Gaussian filtering 

and Contrast-limited adaptive histogram equalization (CLAHE) were applied.  

2- As the license plates of vehicles in Kurdistan region contain three regions, namely a 

plate number, a city region, and a country region, a deep semantic segmentation 

Input image
Input Labelled 

image

Preprocessing

Deep 
Segmentation 

networkl

Character 
segmentation

Character 
segmentation

Deep CNN 
network

Transfer learning

Classified

Cities

Classified

Characters



55 

 

network was used in order to locate the various regions within the input image. 

Segmentation was carried out via deep encoder-decoder network architecture using the 

VGG16 model in the segmentation network.  

3- For the city region recognition, a pre-trained CNN model was fine-tuned. VGG16 

model was also applied in the transfer learning.  

4- A sequence of image processing routines such as filtering, background extraction, 

thresholding and morphological operations were used for the Arabic character 

segmentation, with an end-to-end CNN model constructed and trained for Arabic 

number recognition.  

5- For country region recognition, a pre-trained CNN model was further fine-tuned. 

A new license plate dataset was also used in the experimental works. The 

performance of the proposed method was then evaluated for both detection and 

recognition. For detection, recall, precision and F1-scores were used, whilst for 

recognition, classification accuracy was used. The obtained results showed the 

proposed method to be quite efficient in both license plate detection and recognition. 

The schematic illustration of the proposed method is provided in figure 4.2. As 

previously mentioned, pre-processing, segmentation network, character segmentation, 

transfer learning and end-to-end learning blocks were used in order to compose the 

proposed license detection and recognition. Each block is introduced in the following 
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subsections.
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Figure 4.2. Proposed method 

The input images are initially pre-processed and conveyed to the SegNet 

architecture. SegNet accepts the input image and the corresponding labelled images. 

The output of the SegNet architecture drives the character segmentation and transfer 

learning blocks. The output of the character segmentation is conveyed to an end-to-end 

CNN architecture for license plate recognition. The cities are recognized based on a 

fine-tuned CNN model.  

4.1.1 Deep Segmentation Network 

The SegNet architecture (Kendall et al., 2015) was adopted for the detection of 

the license plate regions. SegNet is a well-known approach for semantic image 

segmentation. SegNet contains both an encoder and a corresponding decoder network. 
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A pixel classification layer is used after the decoder network to predict the categorical 

label for each pixel within the input image. The encoder network uses convolution, 

rectified linear unit (ReLU), and max-pooling layers from the VGG16 model 

(Simonyan & Zisserman, 2014). A total of 13 convolutional layers with 3×3 filter size 

and five max-pooling layers of 2×2 window size construct the encoder network. The 

decoder network has a structure that is symmetric to the encoder block. The decoder 

network contains upsampling and transposed convolution processes. In the upsampling 

process, the max-pooling indices for the corresponding encoder layer are recalled for 

upsampling. The segmentation is finally conducted using a k-class Softmax classifier. 

The input to the SegNet architecture is a training set sample and its 

corresponding label set. The objective function of the SegNet is the cross-loss entropy 

(CLE), which is obtained by determining the weight value of each pixel in the training 

sample. The weights are tuned by optimization of the minimum error using a 

backpropagation algorithm. In short, the output of the SegNet is determined by the 

convolution of weights and inputs, and the weights are updated using a 

backpropagation algorithm. 

4.1.2 Character Segmentation 

Character segmentation aims to detect each number in the license plate region 

determined by the deep segmentation network. This process is quite challenging due to 

various conditions such as noise, illumination, and contrast (M. S. Al-Shemarry et al., 

2019). The license plate region is initially converted to grayscale, and Gaussian 

filtering is applied for noise removal (M. S. Al-Shemarry et al., 2019). The grayscale 

of an input colour image is calculated as follows; 

𝐼𝑚𝐺𝑟𝑎𝑦 = 𝐼𝑚𝑅𝑒𝑑 ∗ 0.3 + 𝐼𝑚𝐺𝑟𝑒𝑒𝑛 ∗ 0.59 + 𝐼𝑚𝐵𝑙𝑢𝑒 ∗ 0.11   (4.1) 
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where, 𝐼𝑚𝑅𝑒𝑑, 𝐼𝑚𝐺𝑟𝑒𝑒𝑛 𝑎𝑛𝑑 𝐼𝑚𝐵𝑙𝑢𝑒 are the red, green, and blue components of 

the input colour image. A two-dimensional Gaussian smoothing kernel with a standard 

deviation of σ is used in the Gaussian filtering as follows; 

𝑔(𝑥) =  
1

𝜎√2𝜋
𝑒−0.5(

𝑥−𝜇

𝜎
)

2

      (4.2) 

where σ and µ are the standard deviation and expected value of the Gaussian 

function, respectively. The Gaussian filtering of the input image with Gaussian 

function can be expressed as; 

𝐼𝑚𝑓𝑖𝑙𝑡 = 𝐼𝑚𝑔𝑟𝑎𝑦 ∗ 𝑔(𝑥)      (4.3) 

where ∗ operation shows the convolution process. After noise removal, the 

filtered image is subtracted from the grayscale image for background elimination and 

foreground improvement as shown in Equation 4.4; 

𝐼𝑚𝐹𝑔 = 𝐼𝑚𝐹𝑖𝑙𝑡 − 𝐼𝑚𝐺𝑟𝑎𝑦      (4.4) 

The foreground objects (characters) are extracted by thresholding. Otsu 

thresholding method was adopted due to its simplicity (Otsu, 1979). After image 

binarization, morphological operations such as erosion and dilation are applied in order 

to remove any unwanted binary objects (M. S. Al-Shemarry et al., 2019). Finally, 

bounding boxes are used to detect each of the plate numbers in the final binary image. 

The bounding box is a single rectangular box that indicates the exact location of each 

plate number (Choeychuen et al., 2006).  



59 

 

4.1.3 Convolutional Neural Networks (CNN) 

A CNN model is generally composed of various layers, such as convolution, 

pooling, normalization, and fully connected layers (Başaran et al., 2020), (Nour et al., 

2020). These layers are used sequentially to construct various architectures for various 

tasks. The convolution layers are employed to extract the local features from the input 

images.  

Let 𝑋𝑖
𝑙−1 denote the features from the previous layers and 𝑘𝑖𝑗

𝑙  and 𝑏𝑗
𝑙 show the 

learnable kernels and training bias, respectively. Training bias is used to prevent 

overfitting (Başaran et al., 2020). Then, the output of the feature map is calculated as 

follows;  

X𝑗
𝑙 = f ( ∑ 𝑋𝑖

𝑙−1 ∗ 𝑘𝑖𝑗
𝑙 + 𝑏𝑗

𝑙

𝑖 ∈𝑀𝑗

)                                                                          (4.5) 

Where, 𝑀𝑗  and 𝑓(. ) denotes the input map selection and activation function, 

respectively. Pooling layer is used to carry out downsampling of the feature maps that 

is conveyed from the convolution layer. Various pooling methods, such as average and 

maximum pooling, are used in the literature. Pooling layers is useful to avoid 

overfitting problem in the CNN architecture and minimize computational nodes (Xu et 

al., 2019). The pooling is defined as follows; 

𝑋𝑗
𝑙 = 𝑑𝑜𝑤𝑛(𝑋𝑗

𝑙−1)                                                                                          (4.6)    

where the downsampling operation is carried out with the 𝑑𝑜𝑤𝑛(. ) function. It 

should be noted that the downsampling gives the next level a summary of local features. 

Fully connected layers (FC) contains complete connections to all the previous layer 

activations. The FC layer offers discriminatory characteristics when classifying the 
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input image into its different classes. Activations of the FC layer are computed with 

matrix multiplication, followed by a bias offset (Xu et al., 2019). The CNN training is 

performed with an algorithm of optimization (see equation 4.7). Two well-known 

training methods for neural networks are stochastic gradient descent with momentum 

(SGDM) and adaptive time estimation (ADAM). For each training set, the weights of 

the SGDM method are regularly updated to the earliest point (Zeiler, 2012), (Başaran 

et al., 2020). 

𝑉𝑡 =  𝛽𝑉𝑡−1 + 𝑎∇𝑤𝐿(𝑊, 𝑋, 𝑦)                                                                              (4.7) 

where, , α is learning rate, L is loss function and W is the weights. The new 

weights are computed accordingly during the CNN training; 

𝑊 =  𝑊 − 𝑎𝑉𝑡                                                                                   (4.8)   

The ADAM optimizer uses two kind of moments. First, it utilizes the average 

of second moments for slops in order to update the learning in each iteration cycle. 

Second, it utilizes the average of the first moment based on RMSProp method to adopt 

parameters for the learning rates. (Kingma & Ba, 2014) (Shindjalova et al., 2014).  

4.1.4 Deep Transfer Learning (DTL) 

Deep transfer learning is a useful approach to solving image classification 

problems where there are a limited number of training images (Pan & Yang, 2010). In 

DTL, knowledge is transferred from a source domain where the training data is of 

significant size. In the target domain, the transferred knowledge is used to achieve 

efficient classification where the training data is considerably few in number. For the 

CNN aspect, DTL is defined as using some of the layers such as convolution and 

pooling of a CNN model previously trained on a large dataset. In other words, the fully 
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connected layers, the Softmax layer, and the classification output layer are discharged, 

and the remaining layers are transferred to the new classification task. The pretrained 

CNN model is fine-tuned on a new dataset with a comparably low number of training 

images to the previously trained datasets (Deniz et al., 2018). 

4.1.5 New License Plate Dataset 

In this subsection, a new license plate dataset is introduced. The dataset will be 

made publicly available. The vehicle images in the introduced dataset are taken in real-

time by using two handheld digital cameras from a variety of positions and angles. The 

images were captured using a Canon 60D camera fitted with an EFS 18-55mm lens, 

and a Nikon DX fitted with an AF-S NIKKOR 18-105mm lens. The camera resolution 

settings were 4288×2848 and 5184×3456, respectively. A total of 600 vehicle images 

were collected in different conditions such as day and night lighting and in various 

weather conditions such as sun, cloud, snow, fog, and also dust cloud. The new dataset 

includes images of different vehicle types, with cars, trucks, buses, and minibusses. 

Figure 4.3 shows various vehicle images from the dataset, including various vehicle 

types, with images collected in different weather conditions.  
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Figure 4.3. Images from the new dataset (various vehicle types/weather conditions) 

As previously mentioned, vehicle license plates in Kurdistan region use different 

colours and are composed of three separate regions, namely a plate number region, a 

province region, and a country region. Sample license plates are shown in figure 4.4b. 

As can be seen in figure 4.4a, the upper region of the license plate indicates the plate 

number, and is labelled as the “Number Region.” The lower part of the license plate 

has two separate regions, with the “Province Region” on the left and the “Country 

Region” on the right. 

 

 

 

 

Figure 4.4a. License plate structure in Kurdistan region 

   

Figure 4.4b. Sample license plates from Kurdistan region 

Number Region

City Region Country Region
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The country region is fixed for all license plates. Thus it is discarded. The plate 

number and province name are written in the Arabic language. The plate number length 

is not fixed. Figure 4.5 provides a comparative illustration of Indian numerals and their 

corresponding Latin numbers. 

          

0 1 2 3 4 5 6 7 8 9 

Figure 4.5. Indian numbers (top row) and Latin numbers (bottom row) 

 

There are three cities in the Kurdistan region, namely Erbil, Duhok, and 

Sulemania. An illustration of these three cities on license plates is shown in figure 4.6. 

   

Erbil Duhok Sulemania 

Figure 4.6. Kurdistan region province names on license plates 

 

4.1.6 Performance Metrics 

Four performance evaluation metrics were considered for the evaluation of the 

proposed method. These evaluation metrics represent on  accuracy (Acc), precision 

value (PV), recall value (RV), and F1-scores value (FMV), and are represented by the 

following equations; 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝐴𝑐𝑐) =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 (4.9) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑉𝑎𝑙𝑢𝑒 (𝑃𝑉) =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(4.10) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 𝑉𝑎𝑙𝑢𝑒 (𝑅𝑉) =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(4.11) 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 𝑉𝑎𝑙𝑢𝑒 (𝐹𝑀𝑉) = 2 ∗ (
𝑅𝑉 ∗ 𝑃𝑉

𝑅𝑉 + 𝑃𝑉
) 

(4.12) 

Where TP, FP, FN and TN represent true positive, false positive, false negative, 

and true negative indices, respectively (Cömert et al., 2018). TP shows the overlap 

between ground-true and the detected license plate region. Similarly, FN shows the 

missed region that the proposed method was unable to detect within the license plate 

area. TN shows the missed region that did not include any part of the license plate. 

While the ACC score is employed for the classification of the Indian number and 

province type, the PV, RV and FMV scores are used to evaluate the license plate region 

detection. 

4.2  Fused faster RCNNs for efficient detection of the license plates 

In this section, a new approach, which is based on the fusing of multiple Faster 

Regions with Convolutional Neutral Network (Faster- RCNN) architectures, is 

proposed. 

4.2.1 PROPOSED METHOD 

A novel approach, which is based on DL, is proposed for the detection of license 

plates in given images. The proposed approach uses Faster RCNN for the detection of 
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the license plates. Three Faster RCNN modules are used where each of them uses a 

pre-trained CNN model such as AlexNet, VGG16 and VGG19, respectively. Each 

faster RCNN produces a rectangle that is defined by four parameters, such as X and Y 

coordinates of the upper corner of the rectangle and width (W) and height (H) of the 

rectangle. Thus, three rectangles are produced by three faster RCNN models. A fusion 

layer is used after faster RCNN models. The fusion is handled by using average 

operator on column-wise for X and Y coordinates from all faster RCNNs, and 

maximum operators are used on column-wise for W and H values obtained from all 

faster RCNNs. A dataset that contains 502 images is used in our experiments. The 

images were collected from various environments and various conditions for making 

the dataset more realistic. These all images have been used for training of the faster 

RCNN models and the flipped and rotated versions of the images used in the testing of 

the proposed method. The obtained results show that the proposed method is quite 

successful in the detection of the license plates. 

The proposed license plate detection system uses multiple faster regional 

convolutional neural networks (Faster RCNN) for efficient detection of the license 

plate region on a given image. Figure 4.7. Shows the illustration of the proposed 

method.  
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Figure 4.7. The illustration of the proposed method 

The proposed method does not use any pre-processing stage for improving the 

quality of the input image. Because the faster RCNN models are quite robust against 

the noise and other effects. This also saves the computation time of the proposed 

method. Three Faster RCNN modules are used where each of them uses a pre-trained 

CNN model. As seen in figure 4.6., the fusion layer is in the heart of the proposed 

method. It fuses the results that are fed from all the faster RCNN modules. Each Faster 

RCNN module produces a rectangular region (X, Y coordinates and the width and 

height of the rectangle region) as the location of the license plate. This region might 

not be located on the exact location of the license plate, so the fusion layer is used to 

fix this problem. 
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Figure 4.8. Illustrates the VGG19, VGG16 and AlexNet architecture. The first 

Faster RCNN model uses the well-known AlexNet model. AlexNet model architecture 

contains 8 layers. 5 layers of the AlexNet model is named as convolutional layers, and 

3 layers are called a fully connected layer. Add to that; it contains three pooling layers, 

and five ReLU layers come after convolutional layers. 
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Figure 4.8. The structures of the AlexNet, VGG16 and VGG19 architectures 

VGG16 is another pre-trained deep model that has 13 convolutional layers and 

3 fully connected layers. It works very well and has good performance with large 

datasets because it uses 3×3 small convolution filters in all layers. The VGG19 model 

is constructed as a deeper version of the VGG16 model for more performance and 

better output. It contains 16 convolutional layers and 3 fully connected layers. An 

illustrative example of the proposed method is given in figure 4.9. 
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Figure 4.9. The effect of the fusing layer, a) The result of Faster RCNN module 1, b) 

The result of Faster RCNN module 2, c) The result of Faster RCNN module 3, d) The 

result of fusing layer 

Figure 4.9(a) shows the output of the first faster RCNN module. The license 

plate region is indicated with a yellow bounding box. As seen, the first faster RCNN 

module could not obtain the exact location of the license plate region. One character is 

not covered by the yellow bounding box. Moreover, as given in figure 4.9 (b), the 

second faster RCNN module can detect only a small region of the license plate region, 

as shown by the red bounding box. The most successful detection is handled by the 

third faster RCNN module, as shown in figure 4.9 (c). Almost all license plate region 

is covered as indicated by the green bounding box. Finally, figure 4.9 (d) shows the 

fused results where the final region is indicated by a magenta bounding box. The fused 
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result is announced as the output of the proposed method. The fusing operation is given 

as follows; 

𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔_𝑏𝑜𝑥𝐴𝑙𝑒𝑥𝑁𝑒𝑡 = [𝑋𝐴𝑙𝑒𝑥𝑁𝑒𝑡 𝑌𝐴𝑙𝑒𝑥𝑁𝑒𝑡 𝑊𝐴𝑙𝑒𝑥𝑁𝑒𝑡 𝐻𝐴𝑙𝑒𝑥𝑁𝑒𝑡]       (4.13) 

𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔_𝑏𝑜𝑥𝑉𝐺𝐺16 = [𝑋𝑉𝐺𝐺16 𝑌𝑉𝐺𝐺16 𝑊𝑉𝐺𝐺16 𝐻𝑉𝐺𝐺16]           (4.14) 

𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔_𝑏𝑜𝑥𝑉𝐺𝐺19 = [𝑋𝑉𝐺𝐺19 𝑌𝑉𝐺𝐺19 𝑊𝑉𝐺𝐺19 𝐻𝑉𝐺𝐺19]   (4.15) 

𝐹𝑢𝑠𝑒𝑑_𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔_𝑏𝑜𝑥 = [𝑎𝑣𝑒𝑟𝑎𝑔𝑒 [
𝑋𝐴𝑙𝑒𝑥𝑁𝑒𝑡 𝑌𝐴𝑙𝑒𝑥𝑁𝑒𝑡

𝑋𝑉𝐺𝐺16 𝑌𝑉𝐺𝐺16

𝑋𝑉𝐺𝐺19 𝑌𝑉𝐺𝐺19

]   𝑚𝑎𝑥 [
𝑊𝐴𝑙𝑒𝑥𝑁𝑒𝑡 𝐻𝐴𝑙𝑒𝑥𝑁𝑒𝑡

𝑊𝑉𝐺𝐺16 𝐻𝑉𝐺𝐺16

𝑊𝑉𝐺𝐺19 𝐻𝑉𝐺𝐺19

]]  (4.16 

 

Where X and Y show the upper corner coordinate of the bounding box and W 

and H show the width and height of the bounding box, respectively. As given in Eqs. 

4.13- 4.15, the bounding boxes from all Faster RCNN are saved, and the fused 

bounding box is defined in Eq. 4.16. The average operator is used on column-wise for 

X and Y coordinates, and the maximum operator is used on column-wise for W and H 

values. This fusing procedure ensures the optimum location of the license plate. 

It is worth mentioning that the proposed method has training and testing phases. 

Initially, a training image set is used to train all faster RCNN modules. After training 

all the faster RCNN modules, the testing phase can be applied to the testing images. 
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4.2.2 Research Methodology 

4.2.2.1 Faster Region with Convolutional Neural Network (RCNN) 

 Explaining The faster RCNN architecture was proposed to reduce the running 

time of the object detection in a given image. The Regional Proposal Network (RPN) 

is in the heart of the Faster RCNN structure (Ren et al., 2015), (Espinosa et al., 2017). 

RPN is composed of four layers, such as input layer, region proposal layer, feature 

extraction layer and classification layer, respectively. CNN architecture is used in 

feature extraction layer. In Faster RCNN, the trained is carried out with multiple of the 

proposed regions instead of a single region, which makes the training procedure faster 

than the previous architecture. In faster RCNN, the RPN’s and fast RCNN’s 

convolutional layers are combined in one network. Fast RCNN has several advantages, 

such as high detection quality, using multi-task loss in the training stage, all layers in 

the network can be updated by training, features extraction no need storage disk and 

faster speed (Girshick, 2015), (Qassim et al., 2018). Thus, the computational time of 

the proposed network is reduced. 

4.2.2.2 Region Proposal Network (RPN) 

Region proposal network (RPN) aims to generate potential regions, and it 

employs a network to determine if the potential regions contain any objects (Ren et al., 

2015), (Espinosa et al., 2017). The region proposals are generated by the selective 

search algorithm. The produced regions are ranked by the RPN and the ones most likely 

containing objects are selected. The region proposal boxes are called anchors. Anchors 

are important in Faster R-CNN architecture. Generally, there are 9 anchors in Faster 

RCNN architecture at a position of an image. The anchors are then examined by a 

classifier to check the probability of objects. In other words, RPN predicts the 

possibility of an anchor being background or foreground and refine the anchor.  
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 The training of the Faster RCNN is carried out with a training dataset and the 

corresponding ground-truth boxes. In other words, the ground-truth boxes are used to 

label the anchors. The basic idea in Faster RCNN is that the anchors having the higher 

overlaps with ground-truth boxes are labelled as foreground, and the ones with lower 

overlaps are labelled as background. We trained three networks AlexNet, VGG16 and 

VGG19 separately, used baza_slika, which is a publicly available dataset (Qassim et 

al., 2018), (LPDatabase, 2020).   

4.3  Deep Segmentation Methods on License Plate Detection 

4.3.1 Implementation Details 

The implementation of the proposed study is illustrated in figure 4.10. Each 

deep segmentation model (SegNet, FCN and DCCMNet) is trained independently with 

the input dataset. And then, the test images are used to test the trained network. The 

illustration of the implementation is given in figure 4.10. As seen in figure 4.10, the 

training and the ground-truth images are fed into the deep segmentation networks. 

When the training of the deep segmentation networks is completed, the saved models 

are used for testing images. The evaluation of the proposed method is evaluated by 

three metrics, namely recall, precision and F1-scores values, respectively.   
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Figure 4.10. Illustration of implementation details. 

 

4.3.2  SegNet  

SegNet is one of the important deep segmentation network techniques (Guo et 

al., 2018), (Omar et al., 2020). It has many successful applications in the domain. The 

SegNet architecture is settled down on the encoder and decoder blocks. In other words, 

the encoder and decoder blocks are the main elements of the SegNet framework. Conv 

layer, pooling layer, up-sampling layer and softmax are the other important elements 

of the SegNet architecture. The main components of the encoder block are Conv layer, 

batch normalization layer, and rectified linear unit (ReLU). This structure is similar to 

the visual geometry group (VGG)-16 network. The Conv layer and the output pixel 

will be connected to the local region in the next input layer. The decoder network block  
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has a symmetric structure to the encoder block. Transposed Conv layer and an up-

sampling layer are the components of the decoder block. Figure 4.11 shows the 

structure of the SegNet model. As seen in figure 4.11, the symmetric structure is 

obvious.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 4.11. The illustration of the SegNet architecture 

 

The Conv layer within encoder is symmetric to the transposed Conv layer, as 

well as the max-pooling layer corresponds to the up-sampling layer in the decoder. In 

the final layer, the pixel category is determined by the softmax layer. It entered the 

SegNet architecture, an example of the training set and the corresponding set of labels. 

The cost function of SegNet architecture is cross-loss entropy (CLE). CLE is yielded 

by determining the weight value of each pixel in the training samples. Weights are 

adjusted by optimizing the minimum error with the backpropagation algorithm. In 

Pooling

Upsampling

Softmax

Convolution+Batch normalisation+ReLu

Pooling Indices
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short, the outputs of SegNet are determined by folding the weights and inputs, and the 

backpropagation algorithm updates the weights. 

4.3.3 Fully Convolutional Network (FCN) 

Fully convolutional network (FCN) performs to convert image pixels into pixel 

categories by using convolutional neural networks (CNN) (W. Zhao et al., 2018). So, 

FCN works on the pixel level, and its output is the semantic information. In the FCN 

framework, initially, a convolution layer of kernel size 1x1 is constructed from a fully 

connected layer and a class matrix identically with input image size is composed by 

using the operation of deconvolution. Figure 4.12 shows the procedure for FCN.  

 

4. 

Input Image conv1 pool1 conv2 pool2 conv3 pool3 conv4 pool4 conv5 pool5 conv6-7 

pool5 pool4 pool5 pool4 pool5 pool3 
2x Upsampled 4x Upsampled

32x Upsampled 

(FCN-32s)
16x Upsampled 

(FCN-16s)

8x Upsampled 

(FCN-8s)

Multiscale FusionMultiscale Fusion

 
5.  

Figure 4.12. Illustration of the FCN architecture 
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The feature maps of the input image are divided by the convolution and pooling 

operations, as shown in the first row of figure 4.12. The features have been extracted 

by convolution operation without exchange the resolution of image or feature maps. 

The resolution of the feature maps decreased two times by using pooling operations.  

So, the resolution of the feature map is reduced into 1/2n of the input image where n is 

1, 2 …, 5. The resolution of feature maps is boosted by upsampling. By applying the 

FCN-8s, FCN-16s, and FCN-32s, three upsampling and multiscale fusion were 

obtained. The results of semantic segmentation which  were 1/8, 1/16, and 1/32 

resolution of the input image obtained from pool3, pool4 and conv7 by using feature 

maps. 

4.3.4 DCCMED 

The DCCMED was proposed by Budak et al. (Budak et al., 2020). The 

DCCMED model consists of three Encoder-Decoder blocks. All encoder-decoder 

blocks have the same structure, and there are convolution layers between encoder-

decoder blocks 1 and 2 and encoder-decoder blocks 2 and 3 as shown in figure 4.13. 

The last encoder-decoder block is connected to the softmax and pixel classification 

layers. The DCCMED framework shown in figure 4.13 is used as the network model, 

and weights are trained by the stochastic gradient landing (SGD) method. In the testing 

phase, the test images are fed directly to the model as input and segmented binary 

images obtained as the output of the DCCMED model. 
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Figure 4.13. Illustration of the proposed DCCMED framework. 

As seen in figure 4.13, the maximum pooling layer is connected to the 

maximum discharge layer in each encoder-decoder block. Also, the second and fifth 

conv of the first encoder-decoder block. + Batch Norm + ReLU layers, respectively, 

the 11th and eighth spin of the second encoder-decoder block. Connects to + Batch 

Norm + ReLU layers. Similarly, the second and fifth conv of the second encoder-

decoder block. + Party Norm + ReLU layers, the 11th and eighth spin of the third 

encoder-decoder block. + Batch Norm. Connects to + ReLU layers. 
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4.4. ANPD Method using Cascade Detector (AdaBoost and GOH feature) 

In this section, detailed information about our new proposed method of ALPD system 

is given. Figure 4.14 provides an overview of the main components of our method. It 

is used to detect the license plate of a vehicle by using an image processing approach. 

The method is consists of two phases: first training phase, which has to always applied 

before the testing phase, second the testing phase, which is applied based on the results 

of the training phase. The stages of this cascade detector model are shown in figure 

4.14 below, for both training and testing phrases. 

4.4.1 The Cascade Detector Trainer  

There are several stages in the cascade detector trainer. It has more than one 

weak learner in each stage. These learners are very simple and basic classifiers. The 

cascades stages are learned using Adaboost technique, which has the ability to train the 

classifier (detector) with higher accuracy based on results of the average weight for 

weak learners. In the training process, there is a sliding window moving on the training 

image to extract areas that represent parts (regions) of the image. Each area (interested 

region) that include the plate number is labelled as positive. While area (non-interested 

region) that does not include the plate number, is labelled as negative. For non-

interested regions, the detector is terminated, if this region is classified as negative by 

any of the weak learners. (Viola & Jones, 2001a),  (Viola & Jones, 2001b) 

Then, the sliding window is moved to the next area to start the same process 

again. But, for the interested region, if this region is classified as positive by all weak 

learners in this stage, then this region is moved to the next stage of the trainer. 

Therefore, if the plate is found in the last step, which means that this region is passed 

over all stages, then the trainer classifies this region as positive (the license plate is 

found). 
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Figure 4.14. Stages of cascade detector trainer. 

 

 The training process in Cascade classifier needs to positive (images with the 

license plates) as well as negative (images without these plates). The positive image 

samples can be specified manually, while the negative image samples are selected 

automatically. 

This cascade detector is applied the HOG feature to represent both true and 

false regions, so it can be used later, in the testing process, to be compared with 

candidate areas that extracted from testing images. 



79 

 

The training phase has several stages: input training images, adjusting and 

resizing images, Cascade trainer, Creating cascade classifier (detector), as shown as in 

figure 4.15(A). 

 

A) Training phase                             B) Testing phase 

Figure 4.15. Flowchart of automatic license plate detection (ALPD) system 

 

In the first hand, the first stage of the training phase is input training colour 

image that it will read from a digital camera. The second stage is resizing the images 

after taking from the camera to keep the aspect ratio fixed. In the third stage, which is 

the cascade trainer, in which only one positive sample (region of interest ROI that 

contains the license plate) is selected manually, and ten negative samples are specifying 
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automatically (randomly) for every image. For all positive and negative regions, The 

HOG feature is employed as some descriptors.  

The training process using a cascade detector is involving a number of internal 

classifier stages. Adaboost is used to learn classifiers in order to increase the 

classification performance of simple (weak) learning classifiers. Each of the positive 

and negative regions will pass through the classifiers. If a region fails in a classifier, 

then this region is labelled as negative, and the next region will start the process again. 

But if the region passed one classifier, then it will be converted to the next classifier. If 

a region passed all cascade classifiers, then it is labelled as positive. At the end of this 

stage, the cascade classifier will be ready to be used in the next testing phase.  

On the other hand, the second testing phase has a few stages: input testing 

image, adjusting and resizing the image, applying sliding windows, and detecting 

license plate, as shown in the figure. 4.15 (B). The input testing image is the first stage 

of the training stage in which it reads a colour image from a digital camera in the real 

world. The second stage, which is the same as the second stage of the training phase, 

is applied for adjusting and resizing the input image. The third stage is to use the created 

cascade classifier within a sliding window that will move over the testing image to 

form regions that match in size with the regions of the training phase. Then, the 

algorithm in this stage performs to detect ROI, which is a vehicle license plate, by using 

the same HOG feature descriptor. After learning the detector in the training phase using 

HOG feature descriptor and Adaboost algorithm, it will be ready to be used for 

detecting license plate on some regions of the sliding window. It is mainly performed 

to reject the negative sample (false candidate) and passed the positive sample (true 

candidate) through all stages of Adaboost classifier. The last stage is detecting a license 

plate in which means that the license plate is being detected.  
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4.5. KR-VI Dataset 

This section provides details and information related to vehicle images taken in 

different conditions, which are found in the present dataset. The aim is to improve the 

ground truth of this dataset. Our new dataset is used for all different vehicle images of 

Kurdistan region/ Iraq, so it is called KR-VI. This dataset with Arabic font (text and 

numbers) has been created to help researchers to apply their methods in automatic 

license plate detection and recognition systems to increase the performance of these 

systems. Images in the proposed dataset are taken from real-time by using two-handled 

(unfixed) digital cameras from various positions and angles. It involves images 

captured by using Canon 60D, EFS 18-55mm and Nikon DX, AF-S NIKKOR 18-

105mm cameras of resolution 4288 x 2848 and 5184 x 3456, respectively.  

Moreover, the (KR-VI) dataset comprises 1500 images taken from real-time in 

different conditions and a variety of weather situations such as day and night lighting 

with various backgrounds such as sunny, cloudy, snowy, foggy, dusty, and inside and 

outside cities. Furthermore, even some images of vehicles with dirty license plates are 

included in the dataset. Moreover, the images are captured at different times and places. 

Some of these images are taken under a low or extra light source; others are taken under 

weak or strong sunlight. Our KR-VI dataset also involves images of different types of 

vehicles like Trucks, Buses and Salon with different colours for foreground and 

background colours. This difference is due that plate numbers are different. Some 

samples of images in KR-VI dataset are shown below in figure 4.16. 
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Figure 4.16. Image examples of KR-VI Dataset 

  In order to cover all aspects of 2D transformation in computer graphics, 

translation, scaling, and rotation are used in all different cases of the images in the 
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dataset. Therefore, the images within this dataset are divided into three categories 

rotation, scale and translation. Figure 4.17. Shows the three categories of all images in 

the KR-VI dataset. In the rotation category, the images are taken in both left and right 

direction. The angled slope between cars and cameras inside the images is ±20⁰. 

Totally, the rotation includes 400 images in four folders, such as 100 images for left 

angle with near distance, 100 images for left angle with far distance, 100 images for 

right angle with near distance and the last 100 images for right angle with far distance. 

For the scaling category, it involves 300 images based on the distance between the 

captured cars and the cameras, such as 100 images are taken from a near distance, 100 

images from mid and 100 images from far distance.  

In the third category for translation, the images are divided into two sub-

categories: corners and sides. In one hand, 400 images are captured where the license 

plates are translated into the corners of the images, such as 100 images for the left down 

corner, 100 images for left top, 100 images for right down and 100 images for the right 

corner. In the other hand, 400 images are captured where the license plates are 

translated into the sides of the images, such as100 images for the left side, 100 images 

for right, 100 images for top and the last 100 images for the bottom side. All categories 

and sub-categories of images inside our KR-VI dataset are shown below in figure 4.17. 
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Figure 4.17. Block diagram of KR-VI Dataset. 

  

Furthermore, the presented dataset also involved 1500 cropped plate numbers 

from each whole image manually. Each of these images contains three main parts: (1) 

Top part involves license numbers. (2) The left of the bottom part includes provinces 

name. (3) The right of the bottom part is used for the country name. The names of these 

cropped license plate numbers are matched with names of whole images in our dataset. 

Some samples about these cropped images are shown below in figure 4.18.      

 

 

Figure 4.18. Cropped image examples of KR-VI Dataset 
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CHAPTER 5 

Experimental Works and Results 

5.1. Cascaded Deep Learning-Based Efficient Approach for License Plate 

Detection and Recognition 

All experiments were run on a workstation equipped with the NVIDIA Quadro 

M4000 GPU and Intel(R) Xeon(R) CPU E5-1650 @3.60 GHz 64 GB memory using 

the MATLAB (R2018b) software. As previously mentioned, the vehicle images were 

collected under various environmental conditions such as cloud, rain and nighttime 

lighting, and includes different vehicle types such as cars, trucks, buses, and minibuses. 

For the sake of convenience, the input images were each resized to 380×540 pixel 

dimensions. A randomly selected 75% of the dataset was used for training purposes, 

with the remaining 25% used for testing the proposed method. All images were 

preprocessed via Gaussian filtering and CLAHE. The mean value and standard 

deviation of the Gaussian kernel were 1.0 and 3.3, respectively, and were determined 

heuristically during experimentation. For the semantic segmentation network, the input 

images were labelled, as shown in figure 5.1. 
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6.  7.  8.  

9.  10.  11.  

Figure 5.1. Labelling of input images for semantic segmentation network 

(Yellow: background region, Blue: plate number, Cyan: province region, Red: 

country region) 

As can be seen in figure 5.1, the labelling of the plate regions for semantic 

segmentation used different colours. The background was labelled as yellow. However, 

as license plates in Kurdistan region contain different items of information, each part 

was labelled with a different colour. Blue was used to determine the plate number 

region, with cyan and red used to determine the province and country regions, 

respectively. The architecture of the SegNet is presented in figure 5.2, in which it can 

be seen that the depth of the encoder and decoder block was 5.  
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Figure 5.2. Architecture of segmentation network (depth of encoder/decoder blocks = 5) 

In the experiments, data augmentation was used by random affine 

transformations, e.g., rotation, scaling and shift. In training the SegNet, the SGDM 

method was employed, and the momentum parameter was set to 0.9. The initial 

learning rate was set to 0.001, the L2-Regularization parameter was chosen as 0.0005, 

and the batch size was selected as 4. The training continued through 100 epochs, and 

the average RV, PV and FMV values obtained are presented in Table 5.1. 
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Table 5.1. Performance evaluation of segmentation network using an average of 

evaluation metrics 

 RV PV FMV 

SegNet 92.10 94.43 91.01 

 

The calculated average RV, PV and FMV were 0.9210, 0.9443 and 0.9101, 

respectively. Some visual results are also presented in figure 5.3, where it is clear that 

the segmentation network produced reasonable segmentation results. The background 

regions were detected correctly for all images. The license plate number, province 

region and country regions were also detected correctly. There were, however, some 

false positive regions that surrounded the whole plate region.  

    

   

Figure 5.3. Results from segmentation network  

(Yellow: background region, Blue: plate number, Cyan: province region, Red: 

country region) 
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It is also worth noting some of the deficient test results, for which examples are 

shown in figure 5.4. In these example results, the exact location of the regions (plate 

number, province and country) in the plate region could not be detected. However, a 

coarse segmentation of the whole plate region remains clear. In addition, the 

background regions were also detected correctly.  

   

   

Figure 5.4 Examples of deficient results from segmentation network 

(Yellow: background region, Blue: plate number, Cyan: province region, Red: 

country region) 

After detection of the license plate regions, the province regions were conveyed 

to the transfer learning stage of the proposed method for province recognition. In 

transfer learning, a pretrained CNN model was further trained (fine-tuned) for a new 

classification task. The transferable layers of the VGG16 model were opted to be used 

in the transfer learning. The cropped province regions were resized to 224×224 for the 

sake of convenience for the VGG16 model’s input. The architecture of the fine-tuned 

CNN is illustrated in figure 5.5. The fine-tuning was carried out using “SGDM” 
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optimizer with a batch size of 32 and an initial learning rate of 0.0001. The learning 

rate was dropped once after every 1,000 iterations by a factor of 10, and the optimizer 

fine-tuned the network for 20k iterations in total. Figure 5.6 shows the various province 

images that were used in the fine-tuning process. The province region images that were 

produced by the segmentation network produced an imbalanced province image dataset 

because the vehicle images were generally collected from Duhok province.  

 

Figure 5.5. Architecture of fine-tuned CNN model  

 

       

       

       

Figure 5.6. Output of segmentation network for province region (Row 1: Erbil, Row 

2: Duhok, Row 3: Sulemania) 

Accuracy was a measure used to evaluate the performance of the province 

region’s classification. Table 5.2 shows the results that were obtained with data 

augmentation. The calculated accuracy score achieved was 92.26%, whilst the 

calculated sensitivity and specificity scores were 100.00% and 91.03%, respectively. 

It is notable that 13 of the Erbil province labels were incorrectly classified as 
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Sulemania, and 28 of the Sulemania province labels were incorrectly classified as 

Duhok.  

Table 5.2. Confusion matrix for province classification 

 

As the segmentation network produced the plate number regions, these regions 

were fed through the image segmentation stage for Indian number segmentation. 

Figure 5.7 shows examples of the segmentation stage output. Data augmentation was 

also used for the Indian number images, and all of the images were resized to a 28×28 

dimension. The architecture of the proposed end-to-end CNN model is illustrated in 

figure 5.8. The depth of the proposed end-to-end CNN model is three, and each depth 

contains convolution, batch normalization, ReLU and max-pooling layers. A fully 

connected layer, Softmax layer and a classification layer are located as the last three 

layers of the end-to-end CNN architecture. 

 

 

 



92 

 

          

          

          

          

          

          

          

          

          

          

Figure 5.7. Sample Indian numbers for training the end-to-end CNN architecture 

 

Figure 5.8. Architecture of end-to-end CNN model for Indian number recognition 

Details of the end-to-end CNN network architecture covering the description of 

layers, activations, and learnable weights are presented in Table 5.3.  
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Table 5.3. Analysis of CNN model for Indian number recognition 

No. Layer name Layer explanation Details  

1 'imageinput' Image Input 28x28x3 images with “zerocenter” normalization 

2 'conv_1' Convolution Eight 3x3x3 convolutions with stride [1 1] and padding 

“same” 

3 'batchnorm_1' Batch Normalization Batch normalization with eight channels 

4 'relu_1' ReLU ReLU 

5 'maxpool_1' Max Pooling 2x2 max pooling with stride [2 2] and padding [0 0 0 

0] 

6 'conv_2' Convolution 16 3x3x8 convolutions with stride [1 1] and padding 

“same” 

7 'batchnorm_2' Batch Normalization Batch normalization with 16 channels 

8 'relu_2' ReLU ReLU 

9 'maxpool_2' Max Pooling 2x2 max pooling with stride [2 2] and padding [0 0 0 

0] 

10 'conv_3' Convolution 32 3x3x16 convolutions with stride [1 1] and padding 

“same” 

11 'batchnorm_3' Batch Normalization Batch normalization with 32 channels 

12 'relu_3' ReLU ReLU 

13 'fc' Fully Connected 10 fully connected layers 

14 'softmax' Softmax Softmax 

15 'classoutput' Classification 

Output 

crossentropyex with “0” and nine other classes 

 

The training of the end-to-end CNN model was carried out with the “SGDM” 

optimizer, using a batch size of 40 and an initial learning rate of 0.001. The learning 

rate was dropped once after every 500 iterations by a factor of 30, and the fine-tuning 

of the network continued for 14K iterations in total. Table 5.4 shows the confusion 

matrix of the obtained results with data augmentation. The calculated accuracy score 

achieved was 99.37%, with calculated sensitivity and specifiprovince scores of 95.40% 

and 100.00%, respectively. As can be seen in Table 5.4, four of the “0” numbers were 
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incorrectly classified as “1,” one of the “3” numbers was incorrectly classified as “2,” 

and one of each of the “2,” “6,” and “7” numbers were incorrectly classified as “1.” 

Table 5.4. Confusion matrix for Indian number classification 

 

 

 

 

 

 

Figure 5.9. Successfully detected/recognized license plates 
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Figure 5.9 shows various successfully detected and recognized license plates 

examples. The corresponding Latin numbers for the recognized Indian numbers are 

shown above the numbers on the plate, and the recognized province labels are shown 

beneath the province region in the given images. As can be seen in figure 5.9, four 

Duhok province labels, two Erbil province labels, and one Sulemania province label 

were correctly recognized. 

   

   

Figure 5.10. Unsuccessfully detected/recognized license plates 

It is, however, also worth noting the unsuccessful results produced by the 

proposed method. Examples of these results are shown in figure 5.10, where it can be 

seen that although the plate numbers were not detected, the province labels were 

detected and recognized correctly. The misdetection occurred due to the night-time 

conditions and the extended distance between the vehicle and the camera. In addition, 

there were some additional numbers seen in the detected plate number region that was 

caused by inefficient character segmentation.  
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The output of the proposed method was also compared with some of the other 

existing methods. Comparisons with other license plate detection methods are 

presented in Table 5.5, and were based on the PV, RV and FMV scores, respectively.  

 

Table 5.5. Performance comparison of proposed method and existing methods 

(detected license plate regions) 

Method PV RV FMV 

Asif et al. (Asif et al., 2016)  86.15% 91.24% 88.57% 

He et al. (T. He et al., 2014) 90.15% 91.70% 90.10% 

Wang et al. (Wang et al., 2013) 80.34% 86.28% 82.82% 

Al-Shemarry et al. (M. S. Al-Shemarry et 

al., 2018)  

91.6% 87.1% 89.33% 

Proposed method 94.43% 92.10% 91.01% 

 

Considering the PV scores, it can be seen that the highest PV score was 94.43% 

and that this result was produced by the proposed method. The second-best PV score 

was 91.6%, produced by Al-Shemarry et al.’s method (M. S. Al-Shemarry et al., 2018), 

and the worst PV score was 80.34%, produced by Wang et al.’s method (Wang et al., 

2013). According to the comparison of RV scores, the proposed method also 

outperformed the other methods, with a calculated RV score of 92.10%. The other RV 

scores were 91.70% and 91.24%, obtained by He et al.’s method (T. He et al., 2014) 

and Asif et al.’s method (Asif et al., 2016), respectively. The proposed method also 

produced a 91.01% FMV score, which was also the highest of the compared FMV 

scores. The second best FMV score was also produced by He et al.’s method (T. He et 

al., 2014).  

A further comparison was carried out on Arabic plate number recognition as 

given in Table 5.6. 
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Table 5.6. Performance comparison of the proposed method and existing methods 

(Indian number recognition) 

Method Accuracy 

Shivakumara et al. (Shivakumara et al., 2018) 97.15% 

Zhang et al. (Zhang et al., 2019) 98.15% 

Proposed method 99.37% 

 

As can be seen in Table 5.6, the proposed method outperformed the two 

compared methods according to accuracy scores. Notably, both Shivakumara et al.’s 

method (Shivakumara et al., 2018) and Zhang et al.’s method (Zhang et al., 2019) used 

deep learning in recognition.  

5.2  Fused faster RCNNs for efficient detection of the license plates 

The experiments were conducted on MATLAB with a computer having an Intel 

Xeon E5-1650 v4 CPU and 64 GB memory. A publicly available dataset was used in 

experiments that contains 502 images (LPDatabase, 2020). The vehicle images were 

collected under various environmental conditions such as cloudy day, rainy day and 

night lighting. The images cover different types of vehicle such as cars, trucks, buses 

and minibuses. All 502 images were used in training of the proposed approach, and for 

testing procedure, randomly selected 100 images were flipped and rotated in 5 and 10 

degrees. While figure 5.11 shows some training sample images, figure 5.12 shows 

some test sample images.  
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Figure 5.11. Some sample images that were used in training of the proposed method 

 

 

 

 

 

 

 

 

 

Figure 5.12. Some sample images that were used in the test of the proposed 

method 
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As it was mentioned earlier, three pre-trained CNN models were used in Faster 

RCNN modules. The training parameters of the faster RCNN modules set as following. 

The stochastic gradient descent with momentum optimizer was utilized in the training 

process. Maximum epoch, mini-batch size, and initial learning rate were set to 10, 1, 

and 0.001, respectively. In addition, the positive and negative overlap ranges were 

scaled to the [0 - 0.3] and [0.6 - 1] ranges, respectively. The number of region proposals 

to randomly sample from each training image was selected as [256 128]. Box pyramid 

scale, which was named as anchor box pyramid scale factor, is also 1.2. 

Table 5.7. The training procedure of the Faster RCNN with VGG16 model 

Epoch Iteration   Time 

Elapsed 

Mini-batch  

Loss  

Mini-batch   

Accuracy 

Mini-batch   

RMSE 

Base Learning 

Rate 

10 4500 00:22:53 0.0131 100.00% 0.37 0.0010 

10 4550 00:23:08 0.0219 100.00% 0.54 0.0010 

10 4600 00:23:22 0.0468 99.22% 0.76 0.0010  

10 4650 00:23:36 0.0138 100.00% 0.36 0.0010  

10 4700 00:23:50 0.0233 100.00% 0.39 0.0010  

10 4750 00:24:04 0.0200 100.00% 0.36 0.0010  

10 4800 00:24:18 0.0172 100.00% 0.39 0.0010  

10 4850 00:24:32 0.0305 99.61% 0.47 0.0010  

10 4900 00:24:46 0.0270 100.00% 0.44 0.0010  

10 4950 00:25:00 0.0153 100.00% 0.44 0.0010  

 

Table 5.7.Shows the training iterations of the Faster RCNN. The VGG16 model 

was used in Faster RCNN structure.  The columns of the Table 5.7 show epoch, 

iteration, time elapsed, Mini-batch loss, Mini-batch accuracy, Mini-batch RMSE and 

base learning rate, respectively. As seen in Table 5.7, the training procedure reached 

maximum accuracy (100%) at 10 epoch and 4950 iterations. The mini-batch RMSE 

value was 0.44. The learning rate was not changed during the iterations. The obtained 

test results are given in the figures. 5.13, 5.14, 5.15 and 5.16, respectively. While figure 
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5.13 shows the AlexNet based faster-RCNN’s results, figures 5.14, 5.15 and 5.16 show 

the VGG16 based faster RCNN’s results, VGG19 based faster RCNN’s results, and the 

fused results. The detected license plate regions were indicated with coloured 

rectangles for each method. Figure 6 shows the test results for pre-trained AlexNet 

model-based faster-RCNN. As seen in given sample images, the “yellow” rectangles 

were used to locate the license plate regions. While all car’s license plates were 

detected correctly, the license plates for tracks were not detected. 

 

 

Figure 5.13. Shows the testing results of the AlexNet model 

Figure 5.14. Shows the detection results with “red” rectangles that were 

obtained with VGG16 based faster RCNN. As seen in figure5.14, all vehicle’s license 

plate regions were detected correctly by the VGG16 based faster RCNN. 
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Figure 5.14. Shows the testing results of the VGG16 model 

Figure 5.15. Also shows the detection results with “green” rectangles for 

VGG19 based faster RCNN. As seen in figure 5.15., except one track, all other 

vehicle’s license plate regions were detected correctly by the VGG19 based faster 

RCNN.  
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Figure 5.15. Shows the testing results of the VGG19 model 

 

Figure 5.16. Shows the testing results of the fused model 
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Finally, figure 5.16 shows the fused results from previous faster RCNN models. 

The “magenta” colour was used for determining the exact location of the license plates 

for all vehicles. As seen in figure 5.16, all vehicles license plate locations were detected 

correctly. 

Table 5.8 shows the obtained result with individual Faster-RCNN modules and 

fused result. As seen in Table 5.8, the AlexNet model produces 74% accuracy score, 

which is the worst among all results. The second worst result 87% is obtained by the 

VGG19 model. VGG16 model produces 93% accuracy score, which is a better result 

than AlexNet and VGG19 models. The Fusing Layer produces the best result, which is 

97%. 

 

Table 5.8. Performance comparison of individual Faster-RCNN modules and Fusing 

Layer 

Pre-trained CNN models Accuracy (%) 

AlexNet 74 

VGG16 93 

VGG19 87 

Fusing Layer 97 

 

5.3  Deep Segmentation Methods on License Plate Detection  

The experiments were conducted on MATLAB with a computer having an Intel 

Xeon E5-1650 v4 CPU and 64 GB memory. A publicly available dataset was 

used in experiments that contain 509 images (LPDatabase, 2020). The license 

plate images were collected in a variety of environmental conditions such as 
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cloudy and rainy day and night lighting. The images cover different types of 

vehicle such as trucks, minibuses, buses and cars. All 509 images were used in 

training of the proposed approach, and for testing procedure, randomly selected 

100 images were flipped and rotated in 5 and 10 degrees. For sake convenience, 

the input images are resized to 240×320 dimension. While figure 5.17 shows 

some training sample images, figure 5.18 shows some test sample images. 

 
 

 

 

 

 

 

 

 

 

Figure 5.17 Sample images that were used in training of the proposed method 

As seen in figure 5.17, there are different kinds of vehicles in different 

conditions. Some of the license plates are close, and some are far away from the camera 

when the images were acquired. Some image was also acquired in the night time. 
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Figure 5.18 Sample images that were used in testing of the proposed method 

As seen in figure 5.18, the test images are constructed by using mirroring and 

rotation operations on input images. As mentioned earlier, the recall, precision and F1-

scores values are used in performance evaluation of the proposed method. These 

evaluation metrics use the true positive (TP) detection rate from the number of the 

positives as the ground-truth that is related to the number of the false positive (FP) rate. 

The false negatives rate is also important in recall value. The recall, precision and F1-

scores metrics are defined as; 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑉𝑎𝑙𝑢𝑒 (𝑃𝑉) =
𝑇𝑃

𝑇𝑃+𝐹𝑃
    (5.1) 

𝑅𝑒𝑐𝑎𝑙𝑙 𝑉𝑎𝑙𝑢𝑒 (𝑅𝑉) =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
     (5.2) 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 𝑉𝑎𝑙𝑢𝑒 (𝐹𝑀𝑉) = 2 ∗ (
𝑅𝑉∗𝑃𝑉

𝑅𝑉+𝑃𝑉
)    (5.3) 

The test results, which are obtained by using the trained deep segmentation 

models, are given in both figure 5.19 to 5.25 and Table 5.8 shows the average PV, RV 

and FMV, respectively.  
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b 

a 

    

Figure 5.19 Obtained results by using SegNet 

 

Figure 5.20 Evaluation metrics for all test samples for SegNet 

 

As seen in figure 5.19, the “magenta” colour is used to indicate the license plate 

regions and the “cyan” colour is used to show the background regions. While the 

license plate regions in columns a and d are detected, for columns b and c, no license 

plate regions are detected by the trained SegNet model. In addition, figure 5.20 shows 

the calculated RV, PV and FMV for all test samples. The “blue” colour shows the 

FMV; the “red” colour indicates the PV and “green” colour shows the RV, respectively. 

a c 
d 
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It is worth mentioning that the RVs are 0 when no license plate region is detected, as 

shown in figure 5.20.      

    

   Figure 5.21 Obtained results by using FCN 

 

Figure 5.22 Evaluation metrics for all test samples for FCN 

Figure 5.21 shows the obtained results for FCN. As seen in figure 5.21, for all 

test sample images, the license plate regions are detected correctly. Moreover, the FCN 

detects some of the background regions as license plate region. In addition, the detected 

license plate regions are not rectangle. The numerical results (RV, PV and FMV) for 

test samples are also shown in figure 5.22. As seen in figure 5.22, there is no calculated 
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evaluation scores that are 0. That implies that for all test samples, the license plate 

regions are detected.   

    

Figure 5.23 Obtained results by using DCCMED 

Finally, figure 5.23 shows the results that are obtained with DCCMED 

architecture. DCCMED model also produced reasonable results. The location of the 

license plates is detected for all test samples, as shown in figure 5.23. It is worth to 

mention that for some test images, the DCCMED detects small parts of the license plate 

regions as background. This situation can be seen in the second, third and fourth 

column so figure 5.23.

 

Figure 5.24 Evaluation metrics for all test samples for DCCMED 
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figure 5.24 also shows the numerical evaluation scores for DCCMED. 

DCCMED model also produced plate regions for all test samples as there is no zero 

scores in figure 5.24. 

Table 5.9 Performance evaluation of the deep segmentation models by using the 

average of the evaluation metrics. The bold cases show the highest scores 

 RV PV FMV 

SegNet 49.16     77.04     59.13 

FCN 64.10 90.43 74.91 

DCCMED 49.55 91.88 64.93 

 

The obtained results are further evaluated by average RV, PV and FMV that 

are defined in Eqs. 1, 2 and 3. The obtained average RV, PV and FMV are tabulated in 

Table 5.8. The rows of Table 5.8 show deep segmentation models and the columns 

show the evaluation metrics. From Table 5.8, it is observed that the best performance 

is obtained by FCN model, where the highest RV, PV and FMV. The FCN 

achievements are 0.6410, 0.9043 and 0.7491, respectively. In addition, the DCCMED 

produces the second-best evaluation scores where obtained scores are 0.4955, 0.9188 

and 0.6493. Finally, the worse segmentation scores are produced by SegNet 

architecture. Its achievements are 0.4916, 0.7704 and 0.5913, respectively. It is also 

observed that the DCCMED’s PV value is higher than the SegNet’s and FCN’s PVs. 

5.4. ANPD Method (AdaBoost and GOH feature) 

In order to evaluate the performance of our ANPD method, a new (KR-VI) 

dataset is created for Kurdistan region. It involves 1500 vehicle images that belong to 
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three provinces (Duhok, Erbil and Sulaimani). The new dataset contains private, taxi, 

load and government vehicles. Front and rear images of tracks, busses and salons 

vehicles are in the dataset. The dataset divided into fifteen different folders, in every 

100 images based on scaling, rotation and transportation images, such as f near, far, too 

far, near right tilt angle, far right tilt angle, near left tilt angle, far-left tilt angle, right 

side, left side, top side, down side, right up angle, right down angle, left up angle and 

left down angle.  

For testing purposes, the K-fold cross-validation technique is employed. It is a 

technique used to estimate the performance of predictive models by dividing the 

original data samples into a training set, which is used to train the model, and a test set, 

which is used to evaluate it. In this paper, two experiments are achieved in order to test 

our proposed ALPD method.  

In the first experiment, the 2-fold cross-validation technique is employed, 

where 50% of images are used for the training and the other 50% are used for the 

testing. It means 750 images are used for the training and 750 images for the testing 

purpose. In order to use all images for the training and testing phases. Therefore, the 

experiments are repeated a couple of times. Each time is used different 50% (750) 

images for training and the other rest for testing. After repeating the experiment twice, 

all images in our KR-VI dataset are used for testing and training phases. The achieved 

experimental results in term of accuracy detection is shown, below, in Table 5.10. In 

this table, the exact number of true and false detection are listed, as well as the final 

accuracy result for each experiment. 
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Table 5.10.  First experimental results of proposed ANPD method using KR-VI 

dataset. 

Exp. no. 
True Detection 

Images 

False Detection 

Images 
 True Positive Detection 

(Accuracy) 

1 686 64 91.4% 

2 715 35 95.3% 

Average 700.5 49.5 93.4% 

 

In the second experiment, 10-fold cross-validation is employed, where 10% of 

images are used for testing and the other 90% used for training. In other words, it means 

150 images are used for testing and 1350 images for training purpose. In order to use 

all images for the training and testing phases. Therefore, the experiments are repeated 

10 times. Each time is used different 10% (150) images for testing and the other rest 

for training. This process achieves more realistic results without any bias. After 

repeating the experiment for 10 times, all images in our KR-VI dataset are used. The 

achieved experimental results in term of accuracy detection is shown, below, in Table 

5.11. In this table, the exact number of true and false detection are listed, as well as the 

final accuracy result for each experiment. 

All tests are run on PC with core i7 2.6-GHz, 8GB RAM, and under windows10 

by using Matlab 2018a compiler. Our ANPD system consists of two: training and 

testing phases. The training used to select the region (with license plate) as a true 

positive sample manually, while other regions (without license plates) are selected 

automatically, by the cascade trainer, as false-positive samples. The license of false-

positive sample is set to 11. The number of classifiers in the cascade is set to 20 stages. 

All training and testing regions based on HOG feature descriptors. The total average of 

correct detection for the license plate of vehicles, in the dataset, was 89.66%, which is 

shown in Table 5.11. 
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Table 5.11. Second experimental results of the proposed ANPD method using KR-VI 

dataset 

Exp. no. 
True Detection 

Images 

False Detection 

Images 

 True Positive Detection 

(Accuracy) 

1 1222 128 90.4% 

2 1218 132 90% 

3 1260 90 93% 

4 1255 95 93% 

5 1218 132 90% 

6 1218 132 90% 

7 1221 129 90.4% 

8 1182 168 87.5% 

9 1098 252 81% 

10 1212 138 89.7% 

Average 1210.4 139.6 89.66% 

 

5.5. KR-VI Dataset 

The researchers, of the ALPD and ALPR approaches, are more likely interested 

in working with the license plates of their countries. Therefore, it is very urgent to 

design the system in the global matter to detect and recognize any license plate 

regardless of its belonging country, since the cars can move among different countries. 

Thus, a dataset is created for Kurdistan region for vehicles plates with Arabic text and 

numbers because there is no dataset has been created for such kind of Arabic fonts.  

A comparison among some reviewed datasets is achieved in this work, as 

shown as in table 5.12. This table compares these datasets based on some factors and 
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attributes, such as country, year, and a total number of images, resolution, and other 

conditions. Some of these datasets are old with bad resolutions, which there is a big 

lack of details inside the images. Nowadays, with the enhancement  happened in the 

cameras, technologies would help to provide high-resolution images but with more 

storage capacities. Furthermore, the weather conditions are not fully covered in some 

of these datasets, which mean that the dataset is far away from being as a realistic 

example of real life. All the datasets that showed in the comparison table are 

representing the researchers’ countries, and as shown, there is no country with Arabic 

fonts. Thus, our suggested dataset is covering the lack of Arabic text and numbers in 

the vehicle images.        

Table 5.12. Comparison of datasets for license plate of vehicles 

Dataset Attributes 

Name Country Year Images Res. Conditions 

UFPR-

ALPR 
Brazil 2018 4500 

1920 

x 

1080 

Different backgrounds, lighting 

conditions, rear license plate 

positions, and cars type. 

SLVDS-

iLPR 
India 2014 4717 

704   x      

576 

Day morning, evening, night, sunny, 

rainy, cloudy, fog, shadow, low 

illumination, blurriness, various tilt 

angles and distances. 

AOLP Taiwan 2013 2049 

320 

x 

240 

Different lighting, day, night, indoor 

and outdoor illuminations. 

GTI Spain 2012 3425 

360 

x 

256 

Video sequences, sunny, cloudy, 

poor illumination, light rain, 

artificial lights. 

Markus 

Weber 
USA 2003 126 

896 

x 

592 

Parking cars, sunny days, and rear 

center of small cars. 

Baza-

Slika 
Croatia 2001 500 

640 

x 

460 

Sunny, cloudy, sunshine, rainy, 

twilight and night light, rear view 

left and right rotation, near scaling. 



114 

 

Dataset Attributes 

Name Country Year Images Res. Conditions 

 (KR-VI) 
Kurdistan 

Region 
2019 1500 

4288 x 

2848 

and 

5184 x 

3456 

Different conditions, night light, 

day, sunny, snow, fogy, dirty, 

shadow, cloudy, rainy, front, rear, 

rotation, scale, translation, unfixed 

distance, two-handle camera, 

different angles. 
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CHAPTER 6 

Conclusion and Future Work 

6.1.   Conclusions 

In this work, a novel approach is proposed for license plate detection and 

recognition. The proposed method is composed of various deep architectures and 

image segmentation stages utilized in a cascaded fashion for the efficient detection and 

recognition of vehicle license plates. The experimental results show that the proposed 

method is efficient in both the detection and recognition tasks. The calculated recall, 

precision and F1-scores scores were 92.10%, 94.43% and 91.01%, respectively. In 

addition, the classification accuracies for Indian numbers and province labels are 

99.37% and 92.26%, respectively. 

Moreover, a novel method for detection of the license plates in a given vehicle 

images. The proposed method is based on deep faster RCNN models. We opted to use 

multiple faster RCNN models where pre-trained deep CNN models are used. Three 

pre-trained CNN models, namely AlexNet, VGG16 and VGG19, are used in faster 

RCNN modules. The obtained total accuracy based on this technique is 97%. Besides 

that, deep segmentation models are used to detect the license plate regions in a given 

image. The considered deep segmentation models are SegNet, FCN and DCCMED 

models, respectively. Both visual and numeric evaluations are used to evaluate the 

performance of the deep individual models. From experimental results, it is seen that 

the deep segmentation models are quite effective in license plate detection.  

In addition, another ANPD method is proposed to detect the vehicle number 

plate. Employing cascade with AdaBoost technique improves the performance of the 
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algorithm based on multi texture descriptors to identify the ROI from the background 

by using different features instead of single feature, based on the experimental results, 

which are very promised as a field for detecting the number plates of vehicles in 

images. The HOG feature descriptor is applied in the new ANPD method, it gives 

promised results, in term of accuracy, and since the most of our number plates have the 

same attributes such as size, colour, or fonts. Finally, in order to test and evaluate any 

ANPR or ANPD systems, it is necessary to have some realistic dataset for vehicle 

images. These images must cover most or all expected circumstance of vehicles in real 

life such as weather conditions, size, colour, and language font of the plates, as well as 

during all times of the day. For future work, this dataset can be used for ANPR systems. 

The KR-VI dataset is systematically presented in this paper. The importance of this 

dataset is required for ANPD and ANPR approaches and especially for North Iraq. This 

dataset would help and assist the researches in these approaches. All works in the 

ANPD and ANPR approaches, in the North Iraq, should be tested and experimented by 

some dataset that contains standardized images of vehicles and related to North Iraq 

location. The limitation in this work is that this dataset related to vehicle license plates 

of only North Iraq, but it can be improved easily in the future work to include whole 

Iraq country. 

6.2. Future work  

In the future, I have to plan to improve the semantic segmentation by increasing 

the number of images in the dataset. As character segmentation was shown to be 

lacking in some cases, I have to work to propose a method which will negate the need 

for a segmentation stage. In addition, we are planning to apply other deep models in 

license plate detection and recognition, such as Residual Neural Networks (ResNets), 

Recurrent Neural Network (RNN) and Long Short-Term Memory (LSTM). 
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Moreover, the (KR-VI) can be improved and expanded easily in the future work 

to include whole Iraq country vehicle images because the Kurdistan region has 

different license plates form from other Iraqi provinces.  
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