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Abstract 
 

The focus of this research is to develop a system that assist humans in reading car 

license plate. Such a study is important as the number of traffic on roads becomes 

increasing constantly, the manual process in car license plate recognition becomes a 

serious problem for traffic management system which not only detect and track a 

vehicle but also identify it. Initially a dataset that contains 930 car images was prepared 

for model comparison purpose. Two object detection algorithms (Faster R-CNN and 

SSD) were trained and tested on the same dataset using the same model to select the 

best candidate. The metrics for the comparison were accuracy, average prediction time, 

and total training time taken. It was found that Faster R-CNN gives high accuracy, short 

average prediction time, and short total training time. After that additional car and 

cropped license plate images were added to the prepared dataset and based on this, two 

object detection networks were trained using Faster R-CNN one for plate detection and 

another for character recognition on the detected plate. The proposed approach has been 

tested on test set and later collected images of national license plate of Ethiopia. Both 

the trained models were achieved a high accuracy which is 99 and 98.89 mAP over 0.5 

IoU for plate detection and character recognition respectively and takes on average 12s 

to complete the recognition of a license plate. The study could be further investigated 

on other countries. 

Keywords: Automatic Vehicle Identification, Convolutional Neural Network, Deep 

Learning, Object Detection, Optical Character Recognition 
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1. INTRODUCTION 
 

1.1 Background 
 

Car license plate is a rectangular shape that is attached usually in front or rear side of a 

car for the purpose of identification. It is unique in particular country or city. Car license 

plates have various shapes, colors, sizes, font styles, aspect ratios (which is a ratio of 

length to width), and areas (length × width) in different countries. Based on color, In 

Ethiopia some of the cars have a white background color with blue foreground color, 

white background color with green foreground color, white background color with red 

foreground color, yellow background color with black foreground color etc. Some cars 

even have more than one background colors such as the diplomatic vehicles which have 

black and white. 

There are two ways in which car license plate can be identified: manual car license plate 

recognition by humans and automatic using computer programs that able to detect and 

recognize car license plates. Manual license plate recognition is good in that it can be 

easy for human to identify the license plate in various conditions such as if some part 

of the plate is removed, covered with noise, plate characters are braked, the plate is 

rotated etc. However, it is tedious, and difficult to compare with blacklist database; to 

store, filter and remember when a car with that license plate is coming; to calculate 

parking fee for vehicles in parking stations and so on. In this research, an automatic 

license plate recognition (ALPR) system that can assist humans in reading vehicle 

registration plates based on deep learning is proposed. 

ALPR has a wide range of applications in areas such as traffic control system, car 

parking system, traffic access control, toll’s automatic payments collection on 

highways, and in identifying stolen cars based on up-to date blacklist. 

Many studies have been done to detect and recognize car license plates. However, 

license plates have properties that varies from one country to another in their number 

system, colors, fonts, aspect ratios, language of characters, orientations and plate sizes. 

Thus, a study that able to detect and recognize Ethiopian license plates is needed. 

Usually ALPR is divided into three main steps [1]: plate detection, plate segmentation, 

and plate recognition. Plate detection has the purpose of detecting the location of the 

plate in the whole input image and is very important in that if there is an error in this 

stage it propagates to the next stages that follows it and affects the result. When a plate 
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is detected in an image, the plate segmentation separately bounds individual characters 

in order to make them to be clearly bordered. Finally, the plate recognition component 

recognizes each segmented alphanumeric character on the plate and draws over the 

input image the plate characters that have been detected. The plate detection algorithm 

can return no detections, one detection or even more than one detection in cases if there 

are more than one plate in the input image. Also, the plate recognition has three 

possibilities which are no recognitions, some recognitions and all recognitions. 

The current paper presents an Ethiopian license plate recognition system that able to 

identify license plate from visual sources such as camera captured car photos, recorded 

video sources, and webcam captured frames. The system first takes the input from 

camera captured photo of cars or it can take from recorded video streams of cars while 

the cars are moving and then a sequence of steps follows such as plate detection to 

detect the license plate from the input and then to recognize any plate characters if there 

are any in the input file. 

In this research two object detection networks were trained using Faster R-CNN. The 

first network was trained to detect the plate from the input file. After that the detected 

plate is cropped based on the bounding box coordinate and then sent to the second 

component whose response is to recognize individual characters after resized it. 

1.2 Motivation 
 

The main reason that motivates me for choosing this topic is the existence of a lot of 

accidents that have been happened due to traffic law violence, unnecessary overhead 

on highways for payments or fees, a gap in parking stations on collection of payments, 

and the increasing number of cars being stolen in Ethiopia [2]. In addition to improve 

the result on previous study about Ethiopian license plate recognition. 

1.3 Statement of the Problem 
 

In present day scenario vehicles play a vital role in transportation system and the use of 

vehicles is also increasing exponentially due to the population growth and people need 

[3]. As the number of traffic on roads becomes increasing constantly, the manual 

process in car license plate recognition becomes a serious problem for traffic 

management system which not only detect and track a vehicle but also identify it. 

Manual car license plate recognition is good with little effort even if the images may 

vary somewhat in different viewpoints, sizes, and braked letters. However, it is tedious 
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process when doing it repeatedly and also it is difficult to access the manually 

recognized license plates by other applications such as in traffic enforcement to 

remember when a car with that license plate is coming, in parking stations to calculate 

parking fee for vehicles, and stolen car identification to search, filter, and compare with 

black list database. Due to the varying characteristics of the license plate from country 

to country like numbering system, background and foreground colors, language of 

characters, plate size, and font styles license plate recognition further research is still 

needed in this area. License plate recognition is the extraction and recognition of 

vehicles from visual sources such as camera captured images and recorded video 

streams. License plate recognition is a challenging task due to the following conditions: 

Different lighting conditions present at the time of capturing the vehicle license plate 

image that can affect the quality of license plate recognition. The differences in style, 

size, orientation, and color of the license plate characters that will affect the quality of 

the license plate character recognition. Different fonts and formats make the plate 

detection recognition difficult. Varying lighting, camera distance angle, and format of 

the image poses problems for recognition. License plate images often possess noises 

which will have impact in the extraction of the license plate image. The license plate 

image may be skewed and sheared at different angles based on the motion of the vehicle 

which needs to be tilt corrected. There will be blurring in the license plate image due to 

the high-speed motion of the vehicle or motion in camera when taking the photo which 

needs to be resolved. Different classes of vehicles have their license plates at different 

positions and possess different structure. Sun light, shadow, occlusion and other factors 

in the plate image make it difficult to detect and recognize the license plate. There is 

different plate like stickers attached in the vehicles that will confuse the plate extraction. 

In this study, the following research questions are examined: 

 How to locate the license plate under different conditions such as lighting, 

background, sizes, and license plates located at different places? 

 How to recognize license plates from moving vehicles on a road? 

 Is it possible to apply deep learning to Ethiopian license plate recognition? 
 

1.4 Objective 

 
General Objective 
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The main purpose of the study is to develop car license plate recognition system that 

able to detect and recognize Ethiopian car plates from visual sources using deep 

learning. 

 

Specific Objectives 

 

The specific objectives are to: 

 Review previously done related work 

 Detect or filter out only the plate from the input image 

 Compare object detection algorithms and select the best performed algorithm 

on the prepared dataset 

 Detect and recognize plate characters in the detected plate 

 Evaluate and test the model 
 

1.5 Scope and Limitation 
 

The main purpose of this research is to develop a system that able to detect and 

recognize vehicles from a camera captured input image or recorded video streams using 

two object detection algorithms trained on car images and cropped license plate images. 

The plate detector and character recognition components are trained based on the 

prepared dataset that have a total of 2520 real Ethiopian license plate images captured 

using a digital camera and 500 augmented images. The developed system helps users 

in vehicle plate detection and recognition. Nations have their own standard for license 

plates allowing different font styles, background colors, plate sizes, number of 

characters, character positions etc. The scope of this research is to be able to detect and 

recognize Ethiopian license plate from visual source such as camera captured photo of 

cars or recorded video sources. The recognition is limited only for plate characters not 

for other characters that may exist in the input image. 

1.6 Significance of the Study 
 

The camera captured image or video can serve as an input to the proposed systems and 

in the first iteration, the proposed system detects only the plate from the input image or 

video then the plate characters are recognized by the second component called character 

recognition and finally displayed the plate characters above or below their bounding 

box coordinate. This can be easily compared with a list in a database of vehicles of 

interest to law enforcement, and to alert the officer when a vehicle of interest has been 

observed and also can help to enhance vehicle theft prevention by making a comparison 
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of the stolen car lists. In addition to that the proposed system can help us to decrease 

the time spent for payment collection on highways. Moreover, it can be used to 

implement ticketless parking fee management and parking access automation, for 

limiting access to areas and resources based on users' identities and their membership 

in various predefined groups. In general, license plate recognition brings automation of 

vehicle access control management, providing increased security, car pool management 

for logistics, security guide assistance, event logging, event management, keeping 

access diary, possibilities for analysis and data mining [4]. 

1.7 Thesis Structure 
 

Including this chapter, the document has a total of five chapters organized as follows: 

Chapter 2 explains background theory and previously done related researches on this 

area. Chapter 3 describes the methodology with a possible framework that can be used 

for ALPR system, the work flow, and the description of each component of the 

workflow. Chapter 4 explains the results of the experiments and the discussions. 

Finally, Chapter 5 presents the conclusion, the contribution, and gives directions in 

which the system can be extended for future. 
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2. LITERATURE REVIEW AND RELATED WORK 
 

This chapter consists of two parts. The first introduces the term license plate, discuss about 

Ethiopian license plates which include their background color, size, and types; clarifies the 

background theories needed for this research that includes one stage and two stage object 

detection algorithms and transfer learning which is a technique to use a pretrained 

networks that have been trained on large datasets to another dataset. The second part 

explores previously done related work with a summary in tabular form at the end. 

2.1 Ethiopian License Plates 
 

License plate is a rectangular shape that is attached in front or/and at rear side of vehicles 

for the purpose of identification. It is unique in particular location, state or country and it 

contains both letters and digits. Each country has different license plate sizes and 

specifications; it is useful to know these specifications in order to design an ALPR system 

and get best results and reduce errors. In Ethiopia a standard license plate has the following 

parameters: background color, character color, character size, area (width × height), aspect 

ratio(width/height), font style, and plate type. In single license plate there is one line in 

which all the plate characters are drawn but in double plate there are two lines in which the 

plate characters can be drawn as given in Figure 2.1. 

(a) Single license plates 
 

 

(b) Double license plates 

Figure 2.1. Single and double license plate types. 
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A license plate can be categorized based on various metrics such as size, color, etc. 

There are seven plate categories based on sizes in millimeter: (1) 460 x 110, (2) 280 x 

200, (3) 305 x 200, (4) 305 x 155, (5) 340 x 200, (6) 520 x 110, and (7) 240 x 130 

(motor vehicles). Based on the intended service, Ethiopian license plates are classified 

into 13 classes as given in Table 2.1. The table also shows plate categories based on 

character and background colors and service code. A service code is either numeric or 

character. Some of the service codes are written in both Amharic and English and some 

are written only in Amharic. The structure and properties of each class is described 

next. 

Table 2.1. License plate types in Ethiopia. 
 

No 

Code 

English 

Code 

Amharic 

Code 

Service 

Type 

Font 

Color 

Background 

Color 

1   Taxi Red White 

2   Private Blue White 

3   Commercial/ Business Green White 

4   Governmental Black White 

5   Non-governmental Orange White 

 UN የተመ United Nations Light 

Blue 

White 

 AU አሕ African Union Light 

Green 

White 

 AO ዕድ Aid Organization Orange White 

 CD ኮዲ Diplomatic Code Black White Yellow 

  ፖሊስ Police Black Yellow 

  ተላላፊ Transient Light 

Blue 

White 

  የዕለት Temporary Red White 

  ልዩተ Special Vehicle Red White 

Let us describe first the license plates that are preceded by numeric codes. License 

plates that are preceded by numeric codes have a total of either 10(for region plates) or 
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11 plate symbols (for Addis Ababa that start with ‘A’ or ‘B’ plate symbols). The plate 

symbols are as follows: 1 for service code, 2 for region identification in Amharic, 2 for 

region identification written in English, and 5 numeric codes. Some vehicles in Addis 

Ababa have the letters ‘A’ or ‘B’ that preceded the 5 numeric codes. 

Diplomatic vehicles have a total of 9 plate symbols (5 numeric symbols, 2 plate symbols 

written in Amharic, and 2 written in English language and the background color is two 

white for the numeric characters while yellow for the letters. For Africa Union vehicle 

identification there are 7 plate symbols (3 numeric symbols, 2 plate symbols written in 

Amharic, and 2 written in English language). United nation vehicles are identified by 

using 9 plate symbols (4 numeric symbols, 3 plate symbols written in Amharic, and 2 

written in English language). For aid organization vehicles 9 plate symbols are used (5 

numeric symbols, 2 plate symbols written in Amharic, and 2 written in English 

language). 

Table 2.2. License plate code of regions and city administrations. 
 

Issuing Region English Code Amharic Code 

Ethiopia ET ኢት 

Addis Ababa AA አአ 

Dire Dawa DR ድሬ 

Afar AF አፋ 

Amhara AM አማ 

Benishangul Gumuz BG ቤጉ 

Gambella GM ጋም 

Harar HR ሐረ 

Oromiya OR ኦሮ 

Somali SM ሶማ 

South Nations, Nationalities and People SP ደሕ 

Tigray TG ትግ 

Police vehicles are identified using 11 plate symbols (3 Amharic code ፖሊስ, 4 region 

identification codes 2 written in Amharic and 2 in English, and 4 numeric plate 

symbols. For transient, temporary, and special vehicles identification 11 plate symbols 

(4 Amharic code ተላላፊ, 4 region identification codes 2 written in Amharic and 2 in 

English, and 3 numeric plate symbols), 11 plate symbols (4 Amharic code የዕለት, 4 

region identification codes 2 written in Amharic and 2 in English, and 3 numeric plate 



9  

symbols), and 10 plate symbols (3 Amharic code ልዩ ተ, 4 region identification codes 2 

written in Amharic and 2 in English, and 3 numeric plate symbols) are respectively used. 

In addition, each region and city administrations in Ethiopia has their own codes which are 

a two digit in both Amharic and English as presented in Table 2.2. Background theory for 

this study is presented in the next Sections. 

2.2 Artificial Intelligence (AI) 
 

AI was born in the 1950s, when a handful of pioneers from the nascent field of computer 

science started asking whether computers could be made to think—a question whose 

ramifications we’re still exploring today and it is a general field that encompasses machine 

learning and deep learning, but it also includes many more approaches that don’t involve 

any learning [5]. 

2.3 Machine Learning (ML) 
 

Machine learning came into prominence perhaps in the 1990s when researchers and 

scientists started giving it more prominence as a sub-field of AI that perform far better 

compared to using fixed rule-based models requiring a lot of manual time and effort [6]. A 

machine-learning system is trained rather than explicitly programmed. It’s presented with 

many examples (past experience) relevant to a task, and it finds statistical structure in these 

examples that eventually allows the system to come up with rules for automating the task 

(future decisions). The fundamental goal of machine learning is to generalize an unknown 

rule from examples of past experience. 

 

2.3.1 Neural Network (NN) 

 

An artificial neural network (ANN) is a computational network (a system of nodes and the 

interconnection between nodes) inspired by biological neural networks, which are the 

complex networks of neurons in human brains [7]. The basic idea behind a neural network 

is to create a computing system that is modeled on the working of our biological brain [8]. 

However, due to several reasons such as: computers being too slow to train large neural 

networks; the lack of large, labeled datasets available for training; and inadequate 

activation functions artificial neural networks were not successful to solve many problems. 

It is in the recent years’ neural networks have proved to solve many problems of artificial 

intelligence. The following are some of the facts that have been proved: 
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(1) Faster computers 

(2) Highly optimized hardware (i.e., GPUs) 

(3) Large, labeled datasets in the order of millions of images 

(4) A better understanding of weight initialization functions 

(5) Superior activation functions 

 
A typical neural network contains a large number of artificial neurons called units arranged 

in a series of different layers as in [9]: input layer, hidden layer, and output layer (see 

Figure 2.2). 

2.3.1.1 Input Layer 

Neural networks need a large volume of data in order to work with in the training process. 

Usually, the individual pixel intensities of our image are received via an input layer and 

sends it out to the hidden layer (where further processing will be done) without change 

because of this it is usually called passive layer. The input layer contains neurons as many as 

the total number of features and do not contain an activation function. 

2.3.1.2 Hidden Layer 

All the processing happens in this layer and there can be more than one hidden layer. The 

hidden layer transforms the inputs into something that the output or another hidden layer 

can use. Sensing patterns within received inputs, evaluating, and adjusting the weights are 

some of the activities performed in this layer. The number of nodes or even layers needed in 

this layer is determined by the complexity of the problem and the accuracy we want to add 

into the network. A high dimensionality will improve the accuracy on the results, but it will 

also add to the computational cost. Another decision to be taken for the hidden layer is the 

use of an activation function, that allows to introduce nonlinearity and obtain better pattern 

detection depending on the provided data. A common choice for activation functions is the 

sigmoid function, which is the one used by default where outputs are evaluated in terms of 

probabilities, but there are others choices too such as tanh or ReLU. Each neuron in the 

hidden layer are retrieved their values from the previous layers (input or hidden), summed 

up with certain weights plus the bias term. The sum is transformed using the activation 

function. 

2.3.1.3 Output Layer 

This layer will also always exist, but the number of nodes in this layer are defined by the 

chosen neural network. The output layer may be built by a single node (linear regression), 

that is, we want to know whether an image has a backpack. But in the case of multi-class 
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classification, this layer will contain several nodes, one per object, that we can identify. 

Each node will produce a value, by default in the range of [-1,1], defining the probability 

of the object to be there or not and allowing multi-class detection on a single input image. 

 
Figure 2.2. A typical neural network diagram. 

Artificial neural networks are powerful in that they are able to learn from training data as 

of biological neural circuits do. The basic units are called nodes or neurons and are 

activated when the total sum of the input signals they receive exceeds an activation 

threshold. 

2.4 Deep Learning 
 

It is a subfield of machine learning that has recently come into much prominence. There is 

no generally accepted consensus about experts which help us to classify whether the 

network is deep or not. However, in [10] the author has given three metrics. First, in order 

to be called deep the network should learn in a hierarchical fashion by stacking multiple 

layers on top of each other. Second, it should have greater than two layers. Third, a 

network with greater than ten layers is usually considered very deep. Deep learning 

networks can learn automatically, without predefined knowledge explicitly coded by the 

programmers by creating a hierarchical representation of the data. Higher levels of the 

hierarchy are formed by the composition of lower-level representations. More importantly, 

this hierarchy of representation is learned automatically from data by completely 

automating the most crucial step in machine learning, called feature- engineering. 

Automatically learning features at multiple levels of abstraction allows a system to learn 

complex representations of the input to the output directly from data, without depending 

completely on human-crafted features. It can learn automatically the critical features of a 
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dataset by itself, can adjust the weights to create a better model, and much more. Unlike 

neural network where model parameters are learned directly from the features of the 

training examples, where as in deep learning the model parameters are learned not directly 

from the features of the training examples but from the outputs of the preceding layers 

[11]. The applications of deep learning networks are extensive and provides state-of-the-art 

accuracy in many tasks, from object detection to speech recognition. With the advent of 

deep learning, researchers and practitioners in the field of image, speech, and video 

recognition, are seeing some actionable results [8]. 

 

2.4.1 Convolutional Neural Network (CNN) 

 

CNNs emerged from the study of the brain’s visual cortex, and they have been used in 

image recognition since the 1980s. In the last few years, thanks to the increase in 

computational power, the amount of available training data, and the tricks for training deep 

networks, CNNs have managed to achieve superhuman performance on some complex 

visual tasks [12]. Neural networks though they are powerful, one of their main 

disadvantages is that they ignore the structure of the input data and each neuron is fully- 

connected to all neurons in the previous layer which is computationally expensive in case 

of images at the same time do not scale well as the image size increases. In neural network 

all data feed to the network has to be first converted into a 1D numerical array which is 

suitable to be learn by machine. However, for higher-dimensional arrays such as in an 

image, it gets difficult to deal with such conversion because it has a drawback in scaling to 

very large dimensional data. Images have special properties that a group of nearby pixels 

convey more information rather than their individual bit. It is essential to preserve this 

special arrangement of images, as there is a lot of hidden information stored inside, this is 

where a CNN comes into the picture. CNNs consider this property on their architectures 

and define a network architecture in a more sensible way while processing them [8]. 

 

Figure 2.3. Layers in a convolutional neural network. 
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Unlike a standard neural network, layers of a CNNs are arranged in a 3D volume in three 

dimensions: width, height, and depth. Depth refers to the third dimension of the volume, 

such as the number of channels in an image or the number of filters in a layer. CNNs use 

filters for feature identification in the input image, such as edges, lines or arcs. Filter is 

applied at different positions in an image until it covers the whole image but it can insure 

only one feature. If we want to detect multiple features as in Figure 2.3 [12] multiple 

independent filters are convolved with the input image to create multiple feature maps. In 

general, CNNs are composed of four main building blocks or layers, that are convolutional 

layers for extracting translation-invariant features from images, pooling layers for reducing 

the parameters, activation layers for non-linearity, and fully connected layers for 

classification. CNNs are mainly formed by stacking these layers together. Each of these 

layers is explained in the following sections. 

2.4.1.1 Convolution 

Convolution operation is used to extract features using filters (square matrices that have 

dimensions nk × nk, where, usually, nk is a small number, such as 3, 5, or 7). A filter is used 

to locate particular feature in the input image. Since the filters are small in size, to span the 

whole image they slide from left-to-right and top-to-bottom. The convolution operation 

takes the image together with a filter as input and multiplies together and their sums form the 

feature map. Figure 2.4 illustrates an example of convolution operation applied over a 

sample of 8 × 8 input image(I) using a filter (K) that look for vertical edges which means the 

resulting feature map have a high activation at each position where a vertical edge is seen. 

The feature map or activations shows us the presence of particular features inside an image. 
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Figure 2.4. Convolution operation. 
 

2.4.1.2 Padding 

In Figure 2.4 the size of the input is 8 × 8 but the size of the feature map is reduced to 6 × 6 

because features from the input image’s edge were not taken. Padding can be applied as a 

solution for this problem by adding an appropriate number of rows and columns on each 

side of the input feature map so as to make it possible to compute features from the edges 

as well [10]. The new added columns and rows have zero values but they enable us to center 

on the edges to compute a feature map from there. For a 3 × 3 window, you add one 

column on the right, one column on the left, one row at the top, and one row at the bottom 

to get a feature map which is equal to the input image. For a 5 × 5 window, you add two 

rows. Figure 2.5 shows padding operation applied to the input image of Figure 2.4. As 

could be seen, the feature map is 8 × 8 as of the input image size of Figure 2.4. 
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Figure 2.5. Padding an 8 × 8 input in order to be able to extract 64 3 × 3 patches. 
 

2.4.1.3 Strides 

Stride is the other factor that can influence the feature map or output size. In Figure 2.4 the 

filters are moved by one unit but this is not the only option. There is an option to move the 

filter by any distance on each step. If we choose large stride the size of the feature map is 

decreased. For example, if we set the stride values to 2, then our output will be half the 

width and height as the input as shown in Figure 2.6(Bottom). 

 

left: a 4 × 4 input image Right: Applying 2 × 2 max pooling with a stride of S = 1 

Bottom: Applying 2 × 2 max pooling with S = 2 

Figure 2.6. Applied stride of size 1 and 2 on 4 × 4 input image. 
 

2.4.1.4 Activation Layer 

After the input image gets convolved by certain filters, they are activated by a non- linear 

activation function. Some common types of activation are: Sigmoid, ReLU, Tanh, and 

Leaky ReLU. ReLU takes the convolved image or feature map as input and change the 

values in the feature map by using a function (0, max). If there is a negative value it 

changes to 0 otherwise it retains the original value. Applying the ReLU operation on a 

feature map does not change the dimensions of a layer because it is a simple one-to one 

mapping of activation values as shown in Table 2.3. 
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7 3 -3 2 4 -7 

3 11 0 0 -2 -6 

7 10 -4 -4 1 0 

9 13 -7 -2 5 -11 

16 7 -8 -4 4 -8 

14 4 -1 -7 -5 0 

 

7 3 0 2 4 0 

3 11 0 0 0 0 

7 10 0 0 1 0 

9 13 0 0 5 0 

16 7 0 0 4 0 

14 4 0 0 0 0 

 

Table 2.3. Results of a ReLU operation. 
 

 
a) Feature map b) After ReLU operation is applied 

Table 2.3 gives an example of ReLU operation applied to an 8 × 8 feature map. The feature 

map (a) is the computed feature map in Figure 4.2. If the pixel value is negative it changes 

to zero otherwise it retails the original value. The ReLU function is easier to train and often 

achieves better performance because it relies on a simple equation. ReLU layers work far 

better because the network is able to train a lot faster (because of the computational 

efficiency) without making a significant difference to the accuracy than of tanh and 

sigmoid. 

2.4.1.5 Pooling Layer 

The pooling layer takes input from the output of ReLU layer and applies either average 

pooling or max pooling to reduce the spatial size (i.e., width and height) of the input 

volume. This allows us to reduce the number of parameters and computations in the 

network (time and memory requirements). Figure 2.7 illustrated the result of pool 

operation using a filter of size 2 × 2 over the output of the ReLU layer using the most 

common type called max pooling. The max pool selects a group of pixels to summarize into 

a single pixel by just keeping their maximum value. The output is reduced to half. 

(a): 6 × 6 input image (b): output using a filter of size 2 × 2 

Figure 2.7. Max pooling operation. 

2.4.1.6 Fully Connected Layer 

This is a simple neural network layer where each neuron in the current layer is connected 
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to all the neurons in the previous layer. This is often referred to as dense layer and they are 

always placed at the end of the network to compute the final output probabilities for each 

class. The input to the fully connected layer is the output from the final pooling or 

convolutional layer, which is flattened and then fed into the fully connected layer as shown 

in Figure 2.8. Each neuron is fully connected to the class the image belongs. When we feed 

an image, which have plate inside to the convolutional neural network there are certain 

values which tends to be high which help to predict very strong that could be plate image. 

Each neuron receives weights that prioritize the most appropriate label. The neurons “vote” 

on each of the labels, and the winner of that vote is the classification decision. 

 

 

Figure 2.8: Fully connected layer. 
 

2.5 Object Detection Algorithms 
 

Object detection not only tell us the class the image belongs but also where the object is 

located in a given image. CNNs can be modeled to detect where an object is located in a 

given image and also classify it into one of our pre-decided categories. Object detection in 

general is divided into two major categories [13]: 

 Two-stage detectors: the key difference between those two methods is that two- 

stage detectors see at only a generated region proposal as opposed to looking the 

complete image at once in one-stage detector algorithms. In two-stage detector 

algorithms first region proposals are generated followed by the classification on 

each generated region proposals in step one into different object categories. Here 

are some of the categories in this group: R-CNN [14], Fast R-CNN [15], Faster R-

CNN [16], Mask R-CNN [17]. 

 One-stage detectors: the object detection is treated as a regression problem and see 
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the complete image at once and adopt a unified framework to achieve the final 

result which are the categories and the bounding boxes. You Only Look Once [18], 

and Single Shot Multibox Detector [19] are examples in this category. 

 

2.6.1 Region-based CNNs 

 

CNNs can be used for image classification and object detection purpose by automatically 

extracting the various features from the raw images. Region-based CNN(R-CNN) [14] is an 

earlier object detection method. R-CNN first select a bunch of 2000 (˷2k) boxes or region 

candidates in the image by looking at pixel intensity, color, image texture, and measure of 

enclosure. The output from this stage is called region of interest (ROI) of each image. After 

ROI have been selected, all the regions are cropped (227-by-227 vector) so that all the 

regions have the same size. Then, CNN extracts feature for each cropped region and based 

on the extracted features support vector machine (SVM) is trained to classify objects and 

backgrounds. Finally, tighter bounding boxes for each identified object in the image are 

generated or predicted based on a trained linear regression model. R-CNN has the following 

limitations. Training R- CNN model is slow because not only it is time consuming to extract 

2,000 regions from each input image and but also to extract features from 2000 selected 

regions separately. R-CNN is a combination of three processes as shown in Figure 2.9 [20]: 

(a) CNN for feature extraction, (b) linear SVM classifier for identifying objects, and (c) 

regression model for tightening the bounding boxes and their combination have become a 

slow model. It takes around 40-50 seconds to predict a new image. 

 

 

 

 

 

 

 

 

 

 

Figure 2.9. The schematic diagram of R-CNN. 

2.6.2 Fast R-CNN 
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CNN are powerful for image classification but in R-CNN they are used only for feature 

extraction. Fast R-CNN is an improvement over R-CNN in that the CNN are used for 

image classification as well and the CNN is running just once per-image to extract features. 

Here is a summary of the activities performed as could be seen in Figure 2.10 [20]: 

1. It takes image as an input 

2. The CNN is running to collect CNN representation for the whole image 

3. Regions of interest or proposals are selected based on selective search [21] 

4. A region of interest (RoI) pooling layer is applied on all of these proposed regions to 

reshape them as per the input of the CNNs 

5. The CNN takes the identified objects as input and it classifies them 

6. A SoftMax layer is used on top of the fully connected network to output classes. 

Along with the SoftMax layer, a linear regression layer is also used parallelly to 

output bounding box coordinates for predicted classes. 

Fast R-CNN removes the drawback in R-CNN but still it uses the selective search that is a 

slow process. 

Figure 2.10. The schematic diagram of Fast R-CNN. 

 
2.6.3 Faster R-CNN 
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Faster R-CNN is an improvement over fast R-CNN in that it uses small Region Proposal 

Network (RPN) in place of the selective search [21]. RPN is a fully convolutional network 

that simultaneously predicts object bounds and objectness scores at each position [16] and 

with a wide range of scales and aspect ratios (see Figure 2.10 b). It works by sliding a 

window over the feature map. RPN takes the convolutional feature map as input and 

generates a set of object proposals called anchor boxes as well as two confidence scores for 

each anchor box, one score for the accuracy of the region bounds and one for the objectness 

of the object found within the anchor box. Figure 2.11 [20] presents schematic diagram of 

Faster R-CNN. The activities of Faster R-CNN are: 

1. We take an entire image as input and pass it to the pretrained CNN which returns the 

computed feature map for that image 

2. Region proposal network is applied on these feature maps and background anchor 

regions are discarded while foreground objects are propagated to the ROI Pooling 

module 

3. A RoI pooling layer is applied on these foreground objects to bring down all the 

proposals to the same size 

4. Finally, the foreground objects are passed to a fully connected layer which has a 

SoftMax layer and a linear regression layer at its top, to classify and output the 

bounding boxes for the objects 

 

 
(a) The overall architecture (b) Region Proposal Network 

Figure 2.11. The schematic diagram of Faster R-CNN. 
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The advantage of this method is its high accuracy at the same time it can be used for real 

time as well. It achieves approximately 7 – 10 frames per second (FPS). Faster R-CNN even  

can be extended to go one step further and locate exact pixels of each object instead of just 

bounding boxes known as image segmentation. Mask R-CNN does this by adding a branch 

to Faster R-CNN that outputs a binary mask that says whether or not a given pixel is part of 

an object. Mask R-CNN is just a Fully Convolutional Network on top of a CNN based 

feature map. 

2.6.4 You Only Looks Once (YOLO) 

 

YOLO takes the whole image and splits into cells typically 19 × 19 grid. Each cell of the 

image is checked whether it has any object or not and it is responsible for image 

classification and localization as given in Figure 2.12 [18]. Even if an object spans out to 

more than one grid, it will only be assigned to a single grid in which its calculated mid-

point is located. Every grid in the cell shows the following: 

 

1. objectness or probability score (to show the probability whether an object is present 

in the grid or not) 

2. bounding boxes (x, y, h, w), where (x, y) are coordinates represent the center of the 

box relative to the bounds of the grid cell and (h, w) are the width and height of the 

box which are predicted relative to the whole image 

3. class type (tells how many objects are going to be detected) 

4. number of anchors (if we want to locate multiple objects in one cell) 

 

Figure 2.12. The schematic diagram of YOLO. 
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Natural scenes usually contain multiple images inside and for this reason the algorithm uses 

different anchors to predict and locate more than one object. There could be many cells that 

doesn’t have an object inside that why the objectness score is needed. The algorithm uses 

non-max suppression to remove those boxes with low object probability and bounding 

boxes with the highest shared area with ground truth boxes. The advantage of this method 

is its super-fast speed which is 45 frames per second but its accuracy is not that much when 

we compared it with Faster R-CNN or SSD. In addition, it only predicts one type of class in 

one grid hence, it struggles with small objects. 

 

2.6.5 Single Shot Multibox Detector (SSD) 

 

Unlike YOLO which only uses the last layer of feature extraction for classification and 

bounding box localization, SSD [19] uses several intermediate feature layers as illustrated 

in Figure 2.13 to detect objects with different resolutions. SSD takes the input image together 

with the ground truth boxes (labeled data by users to show where objects are located in a 

given image and which category each object belongs to) and using pretrained CNN several 

feature maps with multiple resolutions are extracted. As of YOLO the model uses non-

maximal suppression to increase the speed of final detections. This will suppress all the 

Bounding Box which do not have a maximum score in a given region and for a given 

category. As a result, the total output boxes from the Multibox Layer are reduced 

significantly and thus we have only high scored detections per class in an image. In 

addition, the model removes cells that have low intersect over union (IoU) with ground-

truth objects using a technique called hard- negative mining to control class imbalance. 

 

 

 

 

 

 

 

Figure 2.13. The schematic diagram of SSD. 
 

2.6 Transfer Learning 
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CNNs need a vast amount of training data to capture the relationship between input and 

output data. Training models using CNN from scratch is much costly especially regarding 

time and resources consumption that is it might take months or weeks to get high 

performance models even using a GPU. Transfer Learning can be applied as a solution to 

the aforementioned problems. Transfer learning enables us to use pre- existing state-

of-the-art architectures such as VGG [22], ResNet [23], and Inception [24] that have been 

trained on the ImageNet dataset. These CNNs typically have trained millions of parameters 

and can convert an input image to a set of features that can be further used for tasks such as 

image classification and object detection. In Transfer learning or Domain Adaptation we 

train the model with a dataset and after we train the same model with another dataset that 

has a different distribution of classes, or even with other classes than in the training dataset. 

A model developed for one task is reused to work on a second task and can help us to build 

powerful models, even with limited supervised training data and reduce training time. The 

last layer will be removed and the rest are used to extract the various features. The network 

weights trained on previous datasets can be transferred to a new dataset [25]. 

2.7 Related Work 
 

Various research journal articles and conference proceedings were consulted to find 

relevant information about previously done researches by scholars. The techniques, tools, 

methods, results and gaps of previously done researches are presented below and also a 

short summary is presented in a tabular form at the end. 

To resolve the computational and mathematical complexities of ALPR, the authors in [26] 

provided “ALPR System: A Histogram Based Approach” as follows. After the input image 

was captured it was converted to gray level then dilation, vertical and horizontal edge 

processing were implemented on it and they found horizontal and vertical histograms. 

These histograms were represented the sum of differences of gray values between 

neighboring pixels of an image, column-wise and row-wise. To prevent the loss of 

information in the upcoming steps, the authors used a histogram to pass through a low-pass 

digital filter. Then, unwanted areas which have lower histogram values were removed. 

After that, they were found all the regions in the image that had high probability of 

containing a license plate. Out of those regions got by segmentation process, one with 

maximum histogram value was considered as the region of interest. However, this method 

fails to detect license plates under changing illuminations and rotated license plates. 

Authors in [27] proposed “Automated Parking Fee Calculation Using License Plate 
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Recognition System” for Thailand license plates with the aim of solving the problem of 

identifying a vehicles license plate number at the parking lot using a method of image 

processing theories and researches related to character recognition. When license plate 

image was digitally captured, date and time were recorded on inbound and outbound legs 

and store in the database for computing parking fee rate based on parking hours taken. 

Their report showed that 93.42 percentages of accuracy on image recognition and the 

accuracy of calculating the parking fee by using the prescribed fee was 100%. The 

proposed method helped them to automatically identify license plate numbers, calculates 

park fee, and save time for identifying plate and figuring out parking fee as well. However, 

the proposed system works well when the captured image of cars is clear, sharp, no 

reflection and the background is white or light color. 

A research paper that focused to solve the two main problems prevalent in educational 

institutions, namely keeping a track of number and type of vehicles currently in the 

premise while also aiding owners with exact time their vehicle had left premise in case of 

thefts a research work titled “Vehicle License plate Recognition System: A Literature 

Review and Implementation Using Template Matching” was proposed in [28] with the 

following assumptions: Single-entry gate, Single Exit gate, and Single lane traffic, further 

improving to double lane traffic. 

In order to detect the plate numbers, the techniques used by the authors is as follows: the 

selected image was pre-processed by passing it over gray scale filter and edge detection 

method. The best possible license plate location was found by comparing width by height 

factor of actual Indian license plates to the same factor of plate like areas. For the purpose 

of the image to be sharpen they were proposed histogram equalization technique and 

unwanted noisy regions were eliminated using a technique which is called median filtering. 

They were used Regionprops function of Matlab for character segmentation purposes to 

draw a bounding box for each character. A template matching technique was used for the 

purpose of character recognition that works by determining similarities between a given 

template and windows of the same size in an image and identifying the window that 

produces the highest similarity measure. Their report showed that they were obtained an 

average accuracy of 80.8%. There were raised suggestions that help to increase the 

accuracy. One, positioning the camera suitably to capture the best frame and using two 

layers of neural networks. Secondly, the implementation of the proposed system can be 

extended for the recognition of license plates of multiple vehicles in a single image frame 

by using multi-level genetic algorithm. Thirdly, a more sophisticated version of this system 
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can be implemented by taking inputs from live video feed and selecting the best vehicle 

frame for classification of vehicle types and recognizing the license plates using neural 

networks. 

The authors in [29] proposed a system based on edge detection for Iran vehicles called 

“License Plate Automatic Recognition based on Edge Detection”. The proposed system is as 

follows. In the first stage which is called preprocessing; a conversion from RGB to 

grayscale image, noise removal using FIR median hybrid technique, and contrast 

enhancement using histogram equalization were applied respectively. For plate number 

localization the technique used by the authors was Canny edge detector algorithm. Each 

character was adjusted to a 38 × 20 block and then template matching technique was 

applied between characters and templates built in the database. The proposed system’s 

result was 84.28%, 77.14%, and 71.43% for extraction of plate region, segmentation, and 

recognition respectively with an overall accuracy of 84.28%. For future the authors were 

mentioned the extraction of multiplate multi-vehicle tracking, use of a better template 

matching technique. 

A character-based plate detection is presented in [30]. A cascade framework was proposed 

which examines the image for the presence of text firstly, and then reject text that is not 

license plates. Both stages were used CNN classifiers that show high discriminative ability 

and strong robustness against complicated backgrounds. For license plate recognition, they 

were presented two methods. The first one served as a baseline, which segments the 

characters from the detected license plate beforehand, and recognizes each character using 

CNNs. To detect the presence of text and generate a text saliency map the authors of the 

study were employed a 4-layer 37-class (10 digits, 26 uppercase letters plus the negative 

non-character category) CNN classifier in a sliding-window fashion across the entire 

image. For false positive removal and distinguish license plates from general text a 4-layer 

plate/non-plate CNN classifier was adopted. For second-stage character recognition the 

authors were trained another 9- layer CNN classifier. 

A proposed system based on Harris corner and integrated segmentation was presented in 

[31]. Camera captured image was considered as input which a preprocessing stage was 

applied on it for rotated image adjustment and some additional camera printed name given 

by manufacturer. For corner point feature extraction, the authors were used Harris corner 

algorithm. The most likely plate numbers were filtered out using sliding window approach. 

Adaptive thresholding was applied after super resolution method on the detected plate to 

make it large and suitable for thresholding. After that a morphological operation (erosion, 
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dilation) for noise/non-character region removal from the detected license plate and 

connected component analysis to find the connected component from the detected plate 

were used. The overall accuracy for plate number detection was 96.92% and for 

segmentation 93.84%. The limitation of the paper is that corner features are interesting 

however, they are not good enough to characterize the truly interesting parts and they are 

handy crafted. Image signature should be invariant to things such as scale, rotation and 

illumination. 

To accurately localizing vehicle license plates from complex scenes in real time, a study was 

presented in [32]. In preprocessing an original color image was downscaled using bilinear 

interpolation and converted to grayscale image. In the candidate extraction stage edge 

detection using extended Sobel operator, edge image binarization via adaptive 

thresholding, and line density filter method were applied in the given order. To distinguish 

true license plate region from the candidates first connected component labeling technique 

was applied follows via the geometrical properties of license plate and a cascade AdaBoost 

classifier were proposed to verify candidates. Finally, cascaded license plate classifier based 

on linear SVMs using color saliency features to verify license plate candidates was 

presented. A new dataset consisting of 3828 images captured from diverse scenes under 

different conditions was prepared for performance evaluation and their report showed that 

they have got a detection accuracy of 96.62%. However, the proposed system has a 

weakness to detect license plate from difficult scenes. 

To tackle the problem of car license plate detection and recognition in natural scene 

images, the authors in [33] were developed a unified deep neural network which can 

localize license plates and recognize the letters simultaneously in a single forward pass by 

using low level features. The whole network was trained end-to-end, with both localization 

loss and recognition loss being jointly optimized, and showed improved performance. The 

authors used VGG-16 network to extract low-level CNN features. Two fully connected 

layers with 2048 neurons and a dropout rate of 0.5 were employed to extract discriminate 

features for license plate detection. They were conducted an experiment using Torch7 on 

NVIDIA Titan X GPU with 12GB memory on three datasets which composed of car 

license plates from China, Application-Oriented License Plate (AOLP) database, and 

PKUData. They were achieved 98.15% detection accuracy. The drawback of this system is 

its limitation to handle multi-oriented car license plates. 

The research study in [34] proposed “Indian Vehicle License Plate Detection using Image 

Processing”. Input image of the cars were taken by camera and then changed to grayscale. 
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The 8-bit grayscale was filtered using median filtering technique to reduce salt and paper 

noise using 3 * 3 masks. After that contrast enhancement using histogram equalization was 

done. The rectangular shape of the plate number was detected using a mathematical 

morphology, and Sobel edge detector technique was applied to high light regions with a 

high edge magnitude and high edge alteration were identified. Binary image was created 

after edge detection eliminates all connected components that have lower than eight pixels. 

They used MATLAB’s toolbox imfill function to fill the holes in the binarized image. 

Using flood fill algorithm, they filled the hole to trace the plate region. After that using 

Matlab toolbox function bwareaopen () all components connectivity lower than 1000 pixel 

were removed to get the actual location of the license plate which is to be cropped. The 

detected plate number was segmented using a Matlab toolbox function regionprops () 

which have boundingbox technique to separately bound the connecting components. The 

proposed system can have challenges when the license plate is very similar to background, 

environmental conditions such as rain, snow, shadows etc. 

In [35] an improved segmentation method that used pattern matching based on correlation 

for character recognition system was presented. First, images of the cars were captured 

using camera. The input RGB images were converted to grayscale which then applied 

brightness adjustment and noise removal using a median filtering technique on it to get a 

better-quality image. For plate number detection the proposed system used first Sobel edge 

filter for edge detection which reduces the data and helps in removing the unnecessary 

information and a mathematical morphology technique dilation was used to remove the 

connected component. Bounding box method was used for character segmentation which 

map each character in a box and displayed each character into a single image. The 

proposed system was used a template matching technique for character recognition. After 

that, each character was compared with the template pixel by pixel and if there is a match 

the corresponding image was found and it was displayed into text form. The authors were 

mentioned the following difficulties in their proposed system. Blur Images, broken license 

plate, similarities between some characters such as O and D; 5 and S; 8 and B, E; O and 0. 

A deep learning model for Bangladesh vehicles was proposed in [36]. For license plate 

detection the license plates were first divided into two and the localization was mainly 

focused on the lower part which contains the letters based on counter properties analysis such 

as area, width, height, and band aspect ratios as a filtering parameter. The input images for 

character segmentation stage were obtained from the first stage and were first converted to 

binary images follows based on the bounding technique, the characters were extracted for 
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the recognition process. For character recognition, deep convolutional neural network was 

adapted and the proposed system’s report showed that they have got an accuracy of 93%, 

98%, and 98% for license plate extraction, character segmentation and character 

recognition respectively. The limitation of the proposed system is: vehicles for all classes, 

night mode detection, limited detection rate and not applicable in real time. 

Based on the assumption, license plates are usually in a certain range of the rear lights of 

vehicles a study was presented in [37] for multinational vehicles detection. The license 

plate detection was performed in two stages. First, the color images of the vehicle were 

converted to YUV color space which was used for rear-lights detection via the V 

component. Secondly, Heuristic Energy Map of the vertical edge information was 

calculated and area with the dense edges was selected using a unique histogram approach 

which was considered to be the license plate. The proposed system detected license plates 

in 90.4% accuracy within 0.25 second on average per image and was tested on different 

country such as vehicles from America, China, Serbia, Italy and Pakistan. However, this 

may have a trouble to detect license plate from different position of the vehicles, rotated 

license plates, and the proposed system lacks a recognition stage. 

To have the benefits of different methods the authors in [38] introduced a hierarchical 

method vehicle license plate localization specialized for highways in one of the desert 

cities in Iran. Four methods were implemented and all methods had their own 

shortcomings. A hierarchical algorithm was designed which tries multiple methods was 

considered as a final solution. A method based on cascade classifiers and local binary 

pattern texture features, gradient features, color features, and contrast features of the plate 

was used for particular situations. As their report showed the overall detection rate was 

98.45%. 

In [39] the authors were applied a simplified convolutional neural network (CNNs) for 

highly accurate localization and recognition for Italian’s license plates performed on 

mobile platforms. Training for neural network was computational and memory expensive 

specially in such platforms as a result, it was done on desktop and server environments. 

Trained parameters of a neural network were imported to replicate the same architecture on 

a mobile platform. The proposed system was trained and constructed on Torch computing 

framework based on two networks for detection and localization that both networks was 

shared connections of convolutional networks. The authors were obtained a system which 

had 98% performance on real photos. 
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With the aim of developing a new detection method for identifying vehicle license plates 

under low quality images using image processing techniques the authors in [40] presented a 

robust method using a large number of AdaBoost cascades with three levels pre-processing 

local binary patterns classifiers (3L-LBPs) based on texture features. A license plate was 

detected after a preprocessing stage such as grayscale conversion, size reduction to reduce 

computational time, a contrast limited adaptive histogram equalization to enhance the 

contrast condition, and histogram enhancement to reduce the range of intensity feature 

values were applied. After the input images of the vehicle was preprocessed, supervised 

learning algorithms were employed three levels of local binary patterns operator to extract 

different features such as local binary pattern features from grayscale image, filtered license 

plate image, and contrasted license plate image for several reasons. An experiment was 

done on 530 vehicle images of different type, such as trucks, passenger cars, and buses 

taken at different environmental conditions, such as cloudy weather, sunny day, night 

lighting, and dusk. The developed system was also applied to another database that contains 

300 images captured by an infrared camera under different illumination, and each image 

had a single plate and/or multi- license plates with 1280 × 960 and 1024 × 768 resolutions. 

As their report showed that they have got an overall performance evaluation for detection, 

precision and F1- measure rates were 98.56%, 95.9%, and 97.19%, respectively, with false 

positive rate 5.6%. The proposed system showed a good result for low quality images. The 

limitation of the proposed system is it only works for detection. A study in [41] was 

proposed which focused on the intelligent recognition of Chinese license plates with daily 

life backgrounds. The proposed system was used color edge method based on the color 

features of Chinese plates, morphological based image analysis to extract candidate 

regions, connected component analysis and PA, and two R-CNN models one for Chinese 

characters, and the other for alphanumeric characters were adopted for plate localization, 

character segmentation, and character recognitions respectively. The two proposed CNN 

models were trained using gradient decedent method. In the proposed system a total of 

2189 images containing Chinese license plates were collected manually with different 

backgrounds. A test was applied on these collected samples, and an accuracy rate 98.95%, 

96.58%, and 98.09% for plate localization, character segmentation, and character 

recognition were obtained respectively. 

An image processing technique for vehicle license plate recognition system was proposed 

in [42] with Sobel edge detection technique, the morphological operation was used to detect 

the license plate characters followed by segmentation approach, in which bounding box 
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procedure was utilized to segment and extract each character from the license plate which 

can be recognized by template matching technique. The limitation of the study was the 

vehicles ought to stay stationary. 

A research mainly focused on Nepali vehicle license plate recognition system proposed in 

[43] for real image of a vehicle using various algorithms. An experiment was done by 90 

patterns under several conditions to compare the result of normalized cross correlation and 

phase correlation using a template matching and were found more accurate results which is 

67.98% for normalized cross correlation and 63.46% for phase correlation in average. An 

input image of the vehicles was acquired using a digital camera of 5 mega-pixels then 

converted to gray scale. For license plate extraction the developed system needed first to 

find the edges using Sobel edge detector, followed by morphological algorithm, dilation, 

erosion, opening, closing, hole filling and 2-D median filter with mask 3 × 3. Character 

segmentation was applied using segmentation algorithm. For the last stage which is 

character recognition the characters and numbers were cut into blocks with fixed size 70 × 

70. These blocks were matching with previous database blocks of characters. The 

normalized cross correlation and phase correlation method used in matching technique. 

The authors suggested the possible difficulties of the proposed system such as the presence 

of noise, blurring in the image uneven illumination, dim light and foggy condition. 

A research work in [44] developed a complete ALPR system that performs well over a 

variety of scenarios and camera setups based on three steps: (1) vehicle detection, (2) 

license plate detection and (3) optical character recognition (OCR). The first component was 

designed to detect a vehicle from the given input image. They proposed a novel CNN 

called warped planar object detection network (WPODN) to search and detect only the 

license plate from the detected vehicle. The positive and rectified detections were fed to an 

OCR Network for final character recognition. Their report showed that an average of 

overall 89.33% recognition accuracy. 

A study in [45] proposed a method based on edge detection and CNN technology. First a 

vehicle’s image was acquired using image acquisition device and in a preprocessing stage 

the image quality was enhanced for better results in later stages. The input image was 

converted first to grayscale and then to binary form. To extract the license plate from the 

binarized image they used Sobel’s edge detection algorithm. After they got the license 

plate, the characters were segmented by horizontally scanning the image. For character 

recognition they used CNN. 
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To the extent of my knowledge in Ethiopia there have been too few papers previously done 

about car license plate recognition. In 2001 a research work in [46] and in 2015 a study in 

[47] were proposed previously. Let us summarize their findings, the methods used, and the 

results acquired. In [46] a study titled “Design and Implementation of Car Plate Recognition 

System for Ethiopian Car Plates” was proposed based on connected component analysis 

for plate extraction and template matching technique for character recognition. The 

proposed system was tested on 23 test images and as their report showed an accuracy of 

52.63% was acquired. 

The authors in [47] were implemented a Gabor filter, connected component analysis, and 

correlation based on template matching for plate detection, character segmentation, and 

character recognition respectively. They were collected 350 car images of RGB color 

format from moving cars under different angle, distance, motion and illumination 

conditions and were found 88.9% plate detection rate, character segmentation accuracy of 

83.9% among detected plates, and character recognition rate of 84.7% among correctly 

segmented characters with an overall of 63.1% recognition. Gabor filters serve as excellent 

features for texture analysis at the same time it does not rely on boundaries of the license 

plates as a result can be applied on weak-edged images, however, they are computational 

expensive, particularly in complex backgrounds, variant illumination conditions, and 

abundance of non-plate text on the image. In addition, their performance is affected largely 

by the general text in the image background. Template matching method works by 

comparing the captured image with a database images and then the most similar character 

is chosen. By this way we can get a quite fast recognition and it is called shape matching. 

However, the accuracy of the system totally depends on the quality of the captured image. 

A study is still needed to overcome these gaps and to increase the accuracy rate of 

automatic license plate recognition in Ethiopia. To overcome the mentioned problems a 

local automatic feature extraction and matching method called convolutional neural 

network which is accurate and state-of-the art for image recognition and object detection is 

proposed. In Table 2.4 a summary of the previously done researches is presented in tabular 

form. 
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Table 2.4. A summary of previously done related work. 
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[46] Connected component analysis, 

template matching, OCR 

23 --- 82.6% --- 82.11 52.63% Affected by the quality of the input 

image and distance between the camera 

and the car 

[47] Gabor filter, connected component 

analysis, template matching 

350 Various 

illumination 

conditions 

88.9% 83.9% 84.7% 63.1% Performance is affected largely by the 

general text in the image background 

and computational expensive 

[26] Dilation, Vertical & horizontal edge 

processing Filtering segmentation 

--- Various 

illumination 

conditions 

--- --- --- --- The method fails to detect license plates 

under changing illuminations and 

rotated license plates 

[45] Sobel edge detection, horizontal 

scanning, Convolutional Neural 

Network 

36,00

0 

--- 94% 96% 98% 97% Works on simple font styles, don’t work 

on multi-lingual character 

[29] Background subtraction, Canny 

edge detector, Template matching 

70 --- 84.3% 77.1% 71.4% 84.3% Difficult to detect the plate from images 

that have similar characteristics as the 

plate 
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[30] CNN-based text string detection, 

connected component analysis, 

Bounding box refinement, RNN 

10.38 

× 105 

--- 94.9% 94.2% 88.4% --- Cannot be used in real time, to reduce 

the detection area using proposal-based 

approaches 

[36] Contour properties analysis, 

bounding box technique, deep 

convolutional neural network 

1000 30 x 30 x 3 

images 

93% 98% 98% --- Works for limited vehicles only, detect 

vehicles at particular time, it is not real 

time applicable 

[37] YUV conversion, histogram 

approach, Heuristic Energy Map 

855 --- 90.4% --- --- 90.4% Lack of recognition stage 

[40] AdaBoost cascades, local binary 

patterns classifiers, supervised 

learning algorithms 

1030 640 × 480 

resolutions 

98.6% 95.9 97.2 --- Only works for detection 

[41] Morphological based image 

analysis, connected component 

analysis, R- CNN 

2189 400 × 300 to 

1200 × 2134 

98.95 96.58 98.1% 93.7% It is difficult to detect from complex 

backgrounds 

[43] Normalized cross correlation, phase 

correlation, Sobel edge detector, 

dilation, erosion, opening, closing, 

template matching 

90 70 × 70 68% --- --- --- A survey was conducted by the authors 

and proved normalized cross correlation 

has better accuracy than phase 

correlation 
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In summary, Edge-based systems such as [29, 32, 34] which use edge information and 

morphological operations mainly focus on finding the components which are rectangular in shape 

with specific aspect ratio. They detect sharp edges in the image, and producing a binary image in 

the output by drawing a white line on a black background to indicate those edges. It can consider 

as a high pass filtering operation where high-frequency contents which are the edges are allowed 

to pass through while the low-frequency contents are blocked (or reduced). For such filtering a 

specific kernel is used. Edge-based methods will fail to identify the license plate if the license plate 

does not follow a rectangular shape with proper aspect ratio. It is difficult to correctly find plates 

from mages that have complex backgrounds since there might be a lot of unnecessary edges that 

may confuse the network with the car plate and plate character edges. It is also difficult from input 

images which are occluded with other objects such as noise and blurry input images. Edge based 

methods are too sensitive to unwanted edges. 

Color-based methods presented in [26, 37, 41] can be used to detect inclined or deformed license 

plates. However, the methods that use color features to localize license plates may become invalid 

to distinguish when there are regions in the image whose color information is similar to that of the 

license plate. Moreover, they are very sensitive to various illumination changes in natural scene 

images such as rotation and noises. 

There is an assumption that the intensity of license plate region is very high because of the various 

texts it has. Many papers have been proposed on this assumption such as in [31, 41]. Texture-based 

approaches for example, Gabor features, wavelet features, and Haar like features try to detect 

license plates according to the unconventional pixel intensity distribution in plate regions. 

Classifiers based on local Haar like features are robust to brightness, color, size and position of 

license plates. 

Character-based approaches as in regard the license plate as a string of characters and detect it via 

examining the presence of characters in the image. Texture-based methods such as in [30] use more 

discriminative characteristics than edge or color, but result in a higher computational complexity. 

Character-based methods are more reliable and can lead to a high recall. However, the performance 

is affected largely by the general text in the image background. 

Learning based approaches presented in [33, 41] are computationally expensive but they have high 

recognition rate even in complex backgrounds. These methods have been in prominence and have 

shown tremendous success recently, computer vision has now pivoted toward learning features 

from data, where new feature representations are typically learned automatically by using CNNs. 

Several networks have been created that have been used widely as a replacement for HOG-style 
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deterministic feature extractors such as Alex Net, Google Inception, or another popular VGG net. 

Recently, deep features have been found extremely effective in many visual computing tasks, 

leading to tremendous gain in performance. Their most attractive property is their ability to learn 

from raw input with minimal pre-processing. Moreover, it appears that such learned 

representations can provide a reasonable performance on many tasks, without the need for domain 

experts for each task. In this research a learning-based approach is proposed to detect and 

recognize Ethiopian license plates from complex backgrounds, plates located at different locations, 

rotated plates, blurred images, plates covered with other objects such as noises, and shadow plates. 
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3. METHODOLOGY 
 

 

This chapter describes and presents the overall procedure of the proposed system. The 

first Section discuss the components of license plate recognition and possible 

frameworks that can be applied for license plate recognition system. After the possible 

frameworks have been explained, the chosen framework and why it has been selected 

based on prediction accuracy, speed, and complexity metrics is presented in Section 

3.3. The software tools and libraries used for this research are described in Section 3.4. 

In Section 3.5 the system workflow of the proposed system is given. Section 3.6 

explains the data acquisition. Data labeling and annotations is presented in Section 3.7. 

Section 3.8 compares object detection algorithms based on the prepared dataset. Section 

3.9 concerns the training process about the best performed algorithm. The video 

functionality is described in Section 3.10. Section 3.11 describes how the trained 

model’s performance is measured. 

3.1 Possible Frameworks 
 

Before seeing the possible frameworks, it is necessary to discuss the components of 

ALPR system first. ALPR has three main components: license plate detection, character 

segmentation, and character recognition. The first component is responsible for 

localizing and classifying a license plate within a given image. Character segmentation 

is the next step after the plate detection and its main function is to separately bound 

plate characters. The last component is responsible to recognize each segmented plate 

characters. ALPR can be solved by using the following three possible frameworks: (1) 

character recognition, (2) plates detection, character recognition and (3) plate detection, 

character segmentation, characters recognition. The activities performed on each 

framework and the advantage and disadvantage that enable to select such frameworks 

is presented next. 

 

3.1.1 Character Recognition 

 

It is the simplest framework where a network is trained character based. Every character 

that found in the image is detected and follows by an analysis to make sure whether the 

characters are plate characters or not based on some characteristics of the plate such as 

aspect ratio, size, and area. Based on plate characteristics, those characters that satisfy 
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goes to the recognition component while the failed characters be considered false 

positives and removed. This framework has the following advantages: 

1. It is the simplest and fastest method 

2. It doesn’t include plate detection and character segmentation 

Character recognition framework is simple and fast but it has the following 

disadvantages: 

1.  Other character images may confuse the network 

2. The features learned from the characters may not be enough to confidently find 

all plate characters in the image 

 

3.1.2 Plate Detection, Character Recognition 

 

In this framework, there are two sub-tasks: plate detection and character recognition. In 

the first sub-task the plate is detected from the input image and then the character 

recognition step recognizes the plate characters in the detected plate unlike the character 

recognition framework where it tries to detect characters wherever appeared on the 

image. Both plate detection and character recognition can use the same or two different 

object detection CNNs retrained on license plate images and plate characters 

respectively. There is no segmentation step in this framework but it is considered in the 

recognition step. The character recognition searches the characters to recognize, from 

the detected plates where the license plate characters are only found thus it performs 

best than the previous method. Another advantage over the previous method is that both 

the plate detection and character recognition can be solved by using a single object 

detection architecture trained on license plate images and plate characters as a result the 

implementation can be simplified. The disadvantage of this framework when compared 

with the first framework is that having two steps for detection and recognition doubles 

the processing speed. 

 

3.1.3 Plate Detection, Character Segmentation, Character Recognition 

 

In this method the ALPR is divided into three steps and it is one of the most used and 

complex frameworks. The first step detects the plate, in the second step individual 

characters on the detected plate are segmented, and the last step recognizes individually 

segmented characters. The plate detection step is similar with the “plate detection, 
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character recognition framework” but there is a segmentation step between the plate 

detection and character recognition in this framework. The character recognition 

attempts to recognize the individual segmented characters. The main disadvantage of 

this method is that it needs a special CNN architecture for the segmentation step. The 

reason why special CNN is needed is that to make a small segmentation error that 

doesn’t affect the recognition step. This framework is a slow process when compared 

with the two previously stated methods. 

3.2 Choice and Justification 
 

From the stated frameworks the chosen method for this research is the second 

framework which is the “plate detection, character recognition”. The criteria for the 

selection are: compromise between processing speed, prediction accuracy, and it is less 

complex to get the tasks done. When compared it with the first method this method 

seems to double the processing speed but it doesn’t have much impact because it would 

affect by an order of magnitude and this can be supported by high speed architectures 

such as MobileNets [48] if speed is more important than other metrics such as accuracy. 

In addition, its complexity is not that much than the first method because the same 

architecture can be used for both the plate detection and character recognition steps. 

However, “plate detection, character segmentation, character recognition” framework 

would be complex because it would need to use a different architecture for the 

segmentation stage. The prediction accuracy of the selected method may not be as 

accurate as the third framework but it doesn’t have segmentation error propagation fear 

that is big problem in the third framework. 

3.3 Software Tools and Libraries 
 

Tensor Flow is an open-source deep learning framework created by Google Brain. 

CNNs use a large matrix multiplication to automatically learn the features. Tensor 

Flow is used as a backend to accelerate the matrix multiplication by running the 

operations parallel using data flow graphs. Tensor Flow supports a variety of 

programming languages and hardware platforms [49]. It can be used also for both 

research and production. 

1. Support for Python, Java, C++ 

2. Desktop, server, mobile device (TF Lite) 

3. CPU/GPU/TPU support 

4. Linux and Mac OS X support 
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5. Virtual machine for Windows 

To visualize and interpret the computation graphs, the built-in tool that comes with 

Tensor Flow which is called TensorBoard is used. 

The Tensor Flow object detection API [50] is an open source framework built on top 

of Tensor Flow that helps build, train and deploy object detection models. The API 

helps to detect objects using pre-trained object detection models such as VGG, 

ResNet, and Inception trained on the ImageNet dataset. These pretrained models helps 

to make the training faster compared with training starting from scratch. 

OpenCV is used for image processing such as resizing and also for image file reading 

and writing and for Video I/O. Anaconda Prompt is a command line utility used to write 

python programs. As a programming language Python 3.7.1 is used. Python is open 

source, supported by a large developer community, easy to learn, and supports huge 

number of modules and multiple programming paradigms [6]. 

3.4 System workflow 
 

Figure 3.1 illustrates an overview of the proposed system workflow. The detail 

discussion about each component of the system workflow is described in next Sections, 

but here are only the main components of the system workflow. As can be seen, there 

are three main components, namely data collection, training and testing. In data 

collection, two types of data were prepared one for plate detection and another for 

character recognition. Using these data two networks were trained one for plate 

detection another for character recognition on the detected plate. In the running 

inference on a given input (testing), the plate detection component shows the plate 

location if there is any with predicted class name as well as the score for class 

prediction. After the plate location is shown, the plate is cropped based on the bounding 

box coordinates. The cropped image is then enlarged in order the detected characters 

shown clearly. The character recognition component takes the cropped and enlarged 

plate as an input and displays for each character, in a bounding box together with 

predicted class name as well as the score for class prediction which displayed in the 

top-left corner. 

3.5 Dataset Acquisition 
 

Dataset acquisition is the first step before any object detection model is constructed and 

it contains the objects to be detected. In this study a two-category dataset that is license 
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plate/non-plate images and cropped plate characters are needed. A total of 3020 (2520 

real and 500 augmented) Ethiopian car images from different locations such as indoor 

and outdoor parking, running vehicles in a road, and cars from garages were collected. 

The dataset includes images taken under different weather and illumination conditions 

such as in sunny days, in rainy days, or at night time to make the sample standard and 

to provide the model the various possible states. 

Figure 3.1. The overall workflow of the proposed system. 

Table 3.1 shows the number of samples collected under different conditions. All the 

images were captured using a 16 mega-pixel (MP) digital camera to ensure better image 

quality and the images were taken from either in front or rear view of the cars. The 

collected dataset includes clear but difficult images such blurred, location of the plate 

anywhere on the vehicle, images with complex backgrounds, plates with different scale 

and translation, and images with different stickers. 
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Table 3.1. Dataset description. 
 

Number Image conditions Number of samples 

1 Night 600 

2 Foggy Condition 250 

3 Day 1570 

4 While raining 220 

5 Augmented 500 

Total size 3020 

The prepared dataset contains both region and city administration plate images and 

single and double plate types. To decrease the processing time during training, the 

captured images were cropped to contain only the car images and plate images. The 

unnecessary backgrounds and objects were removed. A sample from the prepared 

images data (car images and cropped plate images) at different conditions is given in 

Figure 3.2 and 3.3. The dataset is a two category one for plate/non-plate and another 

for character recognition on the detected plate. 

Figure 3.2. A sample of car images for plate detection. 
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Figure 3.3. A sample of plate images for character recognition. 

From the total images’ 1250 images were used for plate detection purpose while the 

remaining 1770 for character recognition. From the images for plate detection, 900 had 

a plate inside while the remaining 350 were car images without a license plate (non- 

plate images). The dataset used for character recognition was formed by cropping only 

the plate from the cars’ image and it contains 13 classes (AA, AF, AM, BG, CD, DR, 

ET, GM, HR, OR, SM, SP, TG). Each class has more than one hundred sample images. 

 

3.5.1 Data Augmentation 

 

Data augmentation technique can be used to increase a dataset size by generating new 

training sample images from the original dataset by applying simple geometric 

transforms as illustrated in Figure 3.4 generated from the images in Figure 3.3 using an 

augmentation tool called Augmentor [51]. The new generated images can help to 

increase model detection accuracy. As the labeling is performed manually, data 

augmentation applied to the entire dataset would take a long time and effort to label all 

the generated data. To overcome this first a sample from all the available classes were 

selected and then augmentation was performed only on the selected images. The 

techniques used for plate detection and character recognition are different. The 

character recognition component needs a carefully selected technique in order to 

prevent the networks from confused augmented plate characters. For example, a rotated 

‘9’ with ‘6’. From the resized version of the input images new images were cropped 

with mixed height and width dimensions. Rotation augmentations are done by rotating 

the image right or left on an axis between 1° and 359°. Slight rotations between 1 and 

20 were applied for the character recognition component. Shifting images left, right, 

up, or down to avoid positional bias in the data. As the original image is translated in
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direction, the remaining space in some of the images were filled with a constant value ‘0’ 

and in other images with a constant value ‘255’. Injecting a matrix of random values usually 

drawn from a Gaussian distribution. Adding noise to images can help CNNs learn more 

robust features. A total of 500 augmented images (150 for plate/non-plate and 350 for 

character recognition) were generated from the original dataset. These slightly modified 

version images help the model to become robust by increasing its generalizability on 

previously unobserved inputs. 

 

Figure 3.4. A sample of augmented images. 

3.5.2 Dataset Split 

 

Generally, any machine learning project need at least two independent sets to work with 

which are training and testing set. A training set help the developed object detection 

models to learn what each category looks like and where in the input image are found 

by making predictions on the input data and then correct itself when predictions are 

wrong. A testing set was used to validate the developed model performance with unseen 

data. A dataset can be split either before or after labeled it. In case of before split, the 

dataset is first divided into two and then both groups (training and testing) are labeled. 

In the second option, the entire dataset is labeled first then the labeled dataset is divided 

into training and testing. As noted by Adrian Rosebrock in [10] there are three common 

methods to classify a dataset into training and testing sets: (a). 66.6% data for training 

and the remaining 33.3% for testing, (b). 75% data for training and 25% for testing, and 

(c). 90% data for training and 10% for testing. For this research the chosen method was 

the third option which is 90% for training and the remaining 10% for testing. The main 
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reason for selection this is because there were many additional images collected later 

for the purpose of testing the developed model. The dataset was divided randomly into 

training and testing. 

3.6 Dataset Labeling and Annotations 
 

Once the car and plate images have been prepared, they must be annotated that is 

assigned a label in the input image where the particular license plate/non-plate images 

or plate characters are located. The prepared dataset contains two categories: (1) car 

images that have plate/non-plate inside in which the plate detection can be trained on 

and (2) cropped license plate images that contains plate characters in which the 

character recognition can be trained on. Both categories need an annotation file that 

help to train and test the model and were labeled using a labelImg tool manually. At 

first the collected car images were annotated as ‘plate’ and/or ‘non-plate’ by drawing a 

rectangle boxes on the input image where ever the object that is plate/non-plate are 

present. Next, the 61 category characters that can be found in Ethiopian license plates 

were annotated in the cropped license plate image. These characters are as follows: 

Digits from zero to nine, upper case English letters A, B, C, D, E, F, G, H, M, N, O, P, 

R, S, T, U and letters written in Amharic language አ, ፋ, ማ, ቤ, ጉ, ዕ, ድ, ሕ, የ, ተ, መ, ኮ, ዲ, 

ሬ, ኢ, ት, ጋ, ም, ሐ, ረ, ኦ, ሮ, ሱ, ደ, ሳ, ቢ, ል, ዩ, ላ, ፊ, ለ, ግ, ፖ, ሊ, ስ extracted from the Ethiopian 

license plate classes (AA, AF, AM, BG, AO, AU, UN, CD, DR, ET, GM, HR, OR, SM, 

SP, TG). 

Figure 3.5. Example of labeled data for plate detection. 
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Figure 3.6. Example of labeled data for character recognition. 

The Amharic letters are labeled using multilingual keyword [52]. A sample of labeled 

data using labelImg tool for each category are given in Figure 3.5 and Figure 3.6. Each 

image is saved after labeling which generates an XML file with the respective image’s 

name by labelImg tool automatically as shown in Figure 3.7. 

Figure 3.7. Examples of saved annotation files. 

The generated XML file holds information about the annotation such as the labels and 

the four coordinates (the starting x-coordinate, the starting y-coordinate, the ending x- 

coordinate, and the ending y-coordinates for the bounding box of the interested objects 

in the input image as shown in Figure 3.8. 
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Figure 3.8. Generated XML file. 

After the images are labeled and annotation files are generated, Tensor Flow Records 

are created that can be served as input data for training of the plate and character 

detectors. Two scripts from Tensor Flow API namely the xml_to_csv.py and 

generate_tfrecord.py files were used. The XML files are transformed to csv files in idle 

anaconda prompt by typing python xml_to_csv.py. These creates two files in the 

image’s directory. One called test_labels.csv and another one called train_labels.csv. 

Before the newly created files are transformed to Tensor Flow Records, a few lines in 

the generate_tfrecords.py are changed to match the number and name of the classes that 

are two for plate detection and 61 for character recognition. Tensor Flow Record is a 

binary format that includes all the data a Tensor Flow application can use for training 

or validation, and is the required file format for Tensor Flow Object Detection API. It 

is provided by Google to make the reading of data faster than regular files [53]. 
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3.7 Comparison of Object Detection Algorithms 
 

Recall from Chapter 2 that there were two categories of object detection algorithms: 

One stage detector and two stage detectors. In each class there were more than one 

algorithm described. One algorithm from each stage was selected for a comparison 

purpose. Faster R-CNN was selected from two stage detectors since it is the most 

accurate one and from one stage detectors SSD is selected since it is more accurate than 

the YOLO detector based on the concepts and the results acquired on ImageNet dataset. 

A comparison based on the prepared dataset is necessary to decide which model 

performs well. Initially, 930 Ethiopian car license plate images were prepared and based 

on this dataset two object detectors were trained using Faster R-CNN and SSD. The 

training configuration for the comparison is the same as the final system training 

which is described on Section 3.9. To ensure that the comparison is not baized both 

methods were trained and tested on exactly the same dataset and with the same model 

for feature extraction called Inception V2. The comparison is performed based on 

Tensor Flow object detection API [54]. From the dataset 744 images were used for 

training while the remaining 186 test images for model performance evaluation. The 

metrics used for the comparison were prediction accuracy, average prediction time for 

one image, and total training time taken. For the purpose of comparison both methods 

via total training time taken, the automatic generated time from TensorBoard is used. 

To compare both methods based on prediction accuracy and average response time 

per image, the 186 test images were provided as input to both the trained models. 

From the total test images one image was provided to both the trained models at a time 

and record the result on separated spread sheet. The process of input providing was 

random in that some images were provided first to SSD then to Faster R-CNN while 

others first to Faster R-CNN then SSD. The final prediction accuracy and time were 

the computed average of both methods. Usually a model with high prediction 

accuracy, low response time per image, and short total training time taken is preferred. 

3.8 Training Configuration 
 

After the dataset is split, labeled and algorithm is selected the next step is to create a 

label map and training configuration file. A label map is used to map an id to name 

since computers understands the labels as a number but for humans the desire is name. 

The label map tells the trainer what each object is by defining a mapping of class names 

to class ID numbers as shown in Figure 3.9. 
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Figure 3.8: label map for plate detection. 

After the training set of images are labeled, several tasks remain before starting the 

process to train an object-detection model. In particular, it is necessary to define the 

architecture of the model (that is, the number and kind of layers), fix some hyper 

parameters (for example, the batch size, the number of epochs, or the momentum) and 

decide whether the training process starts from scratch or some pre-trained weights are 

employed — the latter option, known as transfer learning, usually improves the 

training process. 

There are two options in which a machine can learn from: (1) from hand crafted 

extracted features (2) from automatically extracted features by the machine itself using 

CNN. In the first option the most relevant features that differentiate among the different 

cases existing in the data are extracted using various techniques such as Gray-Level 

Co-occurrence Matrix (GLCM) [55], Histogram of Oriented Gradients (HOG) [56], 

Local Binary Patterns (LBP) [57], etc. in which a machine can learn from. However, in 

real world datasets there are many variations among the samples within the same class, 

such as different viewing angles, perspective distortion, illumination changes, 

occlusion, and more. There is no single feature able to work across the entire dataset. 

Thus, we have to use multiple features to cover all variations existing in the dataset. 

This will definitely create a huge feature vector that is expensive to process. Thus, 

creating a feature vector for such data is a complex task. In this research the second 

option which enable to automatically extract the most essential features using a CNN 

was applied. There is also another choice which can be decided before training starts: 

either start the training from scratch or using pretrained weights. Starting training from 

scratch needs a vast amount of sample images and it takes long time to represent the 

task. In this research option two was selected. The prepared dataset may be too small 

for convolutional neural network training from scratch but it is not for transfer learning 

(learning using pretrained models such as VGGNet [22], Inception [24], ResNet [23] 
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etc.). Tensor Flow object detection Application Programming Interface (API) supplies 

several pre-defined models for training an object detector. As noted earlier, for object 

detection Faster R-CNN algorithm was used that uses Inception-V2 as base model for 

feature extraction for both plate detection and character recognition components. The 

main reason why Inception was selected is because the weights for Inception V2 are 

smaller than both VGG and ResNet, coming in at 96MB. The serialized weights for 

VGG16 and VGG 19 are 533MB and 574MB respectively while 102MB for ResNet50 

[10]. The Inception module have four distinct paths from the input layer as given in 

Figure 3.10[10]. The first branch in the Inception module simply learns a series of 

1×1 local feature from the input. The second batch first applies 1×1 convolution, not 

only as a form of learning local features, but instead as dimensionality reduction. 

Larger convolutions (i.e., 3×3 and 5×5) by definition take more computation to 

perform. Therefore, if we can reduce the dimensionality of the inputs to these larger 

filters by applying 1×1 convolution, we can reduce the amount of computation 

required by our network. Therefore, the number of filters learned in the 1×1 CONV in 

the second branch will always be smaller than the number of 3×3 filters learned 

directly afterward. The third branch applies the same logic as the second branch, only 

this time with the goal of learning 5×5 filters. We once again reduce dimensionality 

via 1×1 convolution, then feed the output into the 5×5 filters. The fourth and final 

branch of the Inception module performs 3×3 max pooling with a stride of 1×1. 

Finally, all four branches of the Inception module converge where they are 

concatenated together along the channel dimension. A zero padding is applied to 

ensure the output of each branch has the same volume size, thereby allowing the 

outputs to be concatenated.  

The architecture and the hyper-parameters of those models were defined in a 

configuration file and the configuration files was changed so that they can be applied 

for this research such as to support the number of classes (two for plate detection and 

61 for character recognition), to locate the prepared record files which the training can 

start from. The default batch size of Faster R-CNN was selected. The training process 

was started after the configuration files have been adapted. Each step of training reports 

the loss and the current network is saved in 5-minute interval. The progress of the 

training that include the loss trend and evaluation image results are viewed by using 

TensorBoard [58]. For both plate detection and character recognition, the training 

process was canceled after the loss is below 0.1. The training is divided into two: (1) 
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plate detection trained to detect the plate, (2) character recognition trained from the 

cropped plate images to recognize the possible plate characters. 

 

Figure 3.10: Inception model architecture. 

3.9 Video Functionality 
 

Video streams are made of a sequence of images, called frames, taken at regular time 

intervals (specified as the frame rate) and showing a scene in motion. OpenCV is used 

to capture frames with webcam and perform frame extraction from the already recorded 

videos. The cv2.VideoCapture class is used for video capturing from video sources and 

camera frames. To read frames from a webcam first the argument for index camera ‘0’, 

which indicates the index of the camera to read is set. Then an instance of the Video 

Capture class called ‘video’ is created. To check whether the connection has been 

established correctly, video.IsOpened() method is used which returns False if the 

connection could not be established for both methods. In the same way, if the video 

was initialized correctly, this method returns True. The created video object has some 

properties such as width, height and frames per second (FPS) to be accessed using 

video.get(property identifier). FPS is an important metric specially in computer vision 

applications. It indicates how many frames are processed per second. Since vehicles are 

moving fast in a road to detect and recognize them higher number of fps is required. 

The fps is calculated by using video.get(cv2.CAP_PROP_FPS). To capture footage 

frame by frame from the camera, inside a while loop the video.read() method, which 

returns the frame from the camera is used. Video.read() method returns a bool that 

indicates whether the frame has been correctly read from the capture object or not. If 

there is a plate in the frames it is cropped and saved to disk by pressing the ‘S’ key on 



51  

the keyboard and the plate detection shows the plate location together with a prediction 

accuracy. The saved frame is in BGR format. When the frame is written to disk the 

lossless compression method called Portable Network Graphic (PNG) format is used. 

The character recognition component takes the cropped image by the plate detection 

component as input. The input is then resized and the possible classes and bounding 

boxes are shown in the resized input. To interrupt the reading, the waitKey () function 

is used by pressing ‘q’ key. To process a video sequence, we need to be able to read 

each of its frames. In order to read the frames of a video sequence an instance of the 

Video Capture class is first created. To open an input video, the path to the video file is 

provided in the constructor of the video capture object. Then, a loop is created to 

extract and read each video frame. 

3.10 Evaluation and Testing 
 

The dataset was separated into two: training and testing. Both models were trained with 

the separated training set. The trained model’s performance was measured with a test 

set. After the object detectors have been trained and satisfactory loss were achieved 

(usually below 0.1), the trained model’s performance was evaluated on the test input 

images and video files/streams to get a final result of the performance. Both plate 

detection and character recognition components were evaluated based on the separated 

test sets. Every image in the testing set was provided to the trained models to detect the 

plate and then to display the letters in the cropped plate. The ground-truth (i.e., the 

hand labeled bounding boxes from the testing set that specify where in the image the 

objects are) generated by labelImg tool on the testing set were compared with the 

trained model detections, and the result of the comparison was evaluated using metrics 

such as the IoU, the mAP, the precision, and the recall. IoU is used to evaluate the 

localization task while mAP to evaluate the detection task. The IoU is the ratio of the 

overlapping area of ground truth and predicted area to the total area as displayed in 

Figure 3.11. 

 

Figure 3.11. Intersect over union. 
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The mAP metric is the product of precision and recall of the detected bounding boxes 

and its value ranges from 0 to 100. The higher the number, the better it is. The mAP 

can be computed by calculating average precision (AP) separately for each class, then 

the average over the class. Tensor Flow object detection API can perform such 

evaluation automatically for us provided that several configuration files (i.e. the 

model configuration files and check point directory) are correctly defined. In addition 

to the testing set the result of the model was evaluated on later collected new images 

that neither belong to the training set nor to the testing set. 
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4. EXPERIMENTAL RESULTS AND DISCUSSION 
 

 

This chapter reveals the results of the experiment described in Chapter 3. Section 4.2 

describes environment setup and software tools. Section 4.3 discuss and select the 

minimum threshold value for this study. The result of object detection algorithms is 

given in Section 4.4. Section 4.5 presents the evaluation and testing of both trained 

networks. Section 4.6 presents a system performance on later collected images. Section 

4.7 describes speed testing of the system follows by experimenting with video 

functionality in Section 4.8. Finally, Section 4.9 present the discussion. 

4.1 Environment Setup 
 

The entire experiment has been carried out on windows environment with Anaconda 

and Tensor Flow [59] framework installed. The environmental setup used for this 

research is a computer running Windows 10 with the following specifications: Intel ® 

Core™ i7 6500U CPU @2.50 GHz, 8.00 GB RAM without GPU. The system 

dependencies are: Anaconda Prompt, Tensor Flow, Faster R-CNN, and OpenCV. 

4.2 Experiment on Threshold Selecting 
 

Object detection algorithms return a lot of predictions but most of these have a very 

low confidence score associated, hence predictions above a certain reported confidence 

score should be consider. The minimum probability used to filter out weak detections 

is called a threshold value. False positives and false negatives can be controlled by 

selecting appropriate thresholding value. If the selected threshold value is high possible 

plates or/and plate characters may be missed by the system (false negative) and if it is 

low unnecessary objects may be detected (false positive). A proper threshold value that 

is 0.6 was selected for this research after an experiment has been applied on the testing 

images. Those detections whose score greater than 0.6 were detected as true positives 

and the remains as false positives. There is a probability that in the input image there 

might be more than one license plate detected, the system keeps only the detections 

with the highest confidence score since each vehicle has only one license plate. 

4.3 Object Detection Algorithms Comparison Result 

Table 4.1 shows the total training time taken by the algorithms, the prediction accuracy 

and the average prediction time for one image. Both models were trained on exactly the 

same dataset using the same feature extraction method called Inception V2. The 

comparison is performed based on Tensor Flow object detection API. 
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Table 4.1. Comparison of object detection algorithms. 
 

Algorithms Prediction  

accuracy 

Training  

duration 

Prediction  

time(avg) 

SSD 84.06 Two months & 2 hours 

 
10.3 second 

Faster R-CNN 96.1 5 day & 1 hours 

 
8.5 second 

As could be seen on Table 4.1, Faster R-CNN achieved high accuracy, less total 

training time, and short average prediction time per image. In addition, a comparison 

between the two methods, for the same input is illustrated in Figure 4.1. Both methods 

detect the plate but SSD detects with less score of class prediction (72%) and also it 

slightly misplaced the bounding box. SSD is good for large objects but fail to recognize 

small objects. Figure 4.2 shows the performance of both methods achieved on the 

separated test sets. A detail about the comparison is presented in Appendix A. 

Figure 4.1. A comparison between SSD and Faster R-CNN on the same input. 
 

4.4 System Performance Evaluation and Testing 
 

As described in the proposed system two object detection networks are necessary one 

for plate detection and another for character recognition on the detected plate. Here, the 

number of epochs that took, the classification loss, and the localization loss of both 

trained networks is described. The following parameters were used for training both the 

networks: 100,000 maximum iterations, learning rate = 0.00002, l2 regularizer, feature 
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extractor = faster_R-CNN_inception_V2, batch size=1, and with min_dimension=600 

and max_dimension=1024. 

Figure 4.2. SSD vs Faster R-CNN performance report on the test set. 

The training was performed sequentially in that plate detection first then character 

recognition. The loss in both cases started at 5 and it took approximately 1600 steps for 

plate detection and 1790 steps for character recognition to acquire 0.8 loss. The loss 

should be below 0.1 in order a model works fine and the training took 5 days 1 hour 

and 34 minutes with a classification and localization loss of below 0.02 in 40047 epochs 

for plate detection and 7 days 2 hours and 13 minutes with a classification and 

localization loss of 0.04 and 0.03 respectively in 90,010 epochs for character 

recognition on the specified machine above. The classification loss and localization loss 

generated using TensorBoard are given in Figure 4.3 and Figure 4.4 for plate detection 

and character recognition respectively. The main reason that character recognition took 

a large number of epochs is that character recognition is complex in that it has 61 

categories while only two in plate detection. 

 
Figure 4.3. Classification and localization loss of the plate detection. 

A correct identification of the license plate is defined where all characters are predicted 

correctly with a confidence over a certain threshold value that is 0.6 for this research 

and incorrect is characterized by an incorrect identification of the spatial coordinates 
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that define the location of the license plate region or incorrectly predicted one or more 

license plate characters. To measure the success rate of the system four evaluation 

metrics were used as follows: (1) correct bounding box coordinate and correct character 

label detection, (2) slightly misplaced bounding box (cutting off parts of a character) 

but the character recognition correctly identifies the characters, (3) correct bounding 

box coordinate but the character recognition incorrectly predicts the characters, and 

(4) incorrect or misplaced bounding box and incorrect character recognition. From the 

mentioned metrics the first two were categorized as successful prediction while the last 

two failed predictions. In option 3 the error is categorized as character recognition while 

in option 4 it is an error in both plate detection and character recognition. The 

performance of plate detection and character recognition is presented next. 

 

Figure 4.4. Classification and localization loss of the character recognition. 

 
4.4.1 Plate Detection 

 

This module is trained to detect the plate in the input image. The entire experiment was 

repeated three times to increase the accuracy of the model. The first network was trained 

on 744 training images and tested on 186 test images. As the experiment result on 

network one showed that the network correctly found 175 out of 186 test images. The 

errors in network 1 were bounding box error, missed the plate error (false negative) and 

non-plate detected as a plate (false positive). The cause for such errors is because the 

model didn’t get enough training data to capture various states of the plate and plate 

characters. The overall accuracy was 94.01% (175/186). In addition to the failed images 

by the first network the dataset size was increased by adding new plate and non-plate 

images to learn additional features. Based on this dataset a second network was trained 

on 1030 images. Out of these 824 were used for training while the remaining 206 for 

testing. The second network has improved the errors in the first network but still it was 

generated some errors such as non-plate detected as a plate (false positive), missed plate 
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error (false negative), and bounding box error. The second network was able to 

correctly detect 199 out of the 206 test images. The overall accuracy of network 2 was 

96.6% (199/206). Based on the performance of experiment two, a new 220 car images 

that have plate and non-plate images inside were collected and added to the dataset. As 

a result, the prepared dataset has a total of 1250 plate and non-plate images. Based on 

this the final plate detection network was trained. The final network was acquired a 

mAP of 99 at 0.5 IoU on the separated test set with most predictions had a score of 

99%. The final trained network was tested on images with different viewpoints, various 

plate sizes, plate images with motion-blur, plates with a dirt occlusion, and partially 

obscured plates as shown in Figure 4.5. 

Figure 4.5. Examples of plate detection by the final network. 

 
4.4.2 Character Recognition 
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This module was trained to recognize the plate characters in the cropped plate by the 

first module. First the cropped plate is resized in order the labels and their bounding 

box clearly shown, then the labels are displayed above or below the bounding box 

coordinate. There were two experiments performed for character recognition. In 

experiment 1, a total of 1040 cropped license plate images were used. Out of these 832 

were used for training while the remaining 208 for testing. The trained network was 

able to detect 150 out of 208 test images which is 72.11%. By analyzing the errors of 

network one, additional cropped license plates images were added and network 2 was 

trained based on the new prepared dataset. The dataset has a total of 1770 cropped 

license plate images and was split into 1416 images for training while the remaining 

354 images for testing. In Experiment 2, the model was able to learn additional features 

that help to detect more new images correctly. The model has acquired a mAP of 

98.89 at 0.5 IoU. 

 

      4.5 Evaluation on Later Collected Images 
 

In addition to the coco evaluation metric the accuracy of the developed ALPR was 

evaluated its performance on a set of 520 test input images having various background 

conditions, viewpoints, variation in sizes, light conditions, and image qualities as given 

in Table 4.2. The plate detection detects all the plate images correctly but they were 12 

images incorrectly detected by the character recognition component which is an overall 

of 97.6% performance. 

Table 4.2. Evaluation result on later collected images. 
 

Condition Total 

number 

Correct 

detection 

Incorrect 

detection 

Different background 100 100 0 

Different viewpoint 80 80 0 

Different in light 70 70 0 

Occluded images 50 47 3 

Motion-blur 15 12 3 

Variation in sizes 205 199 6 

Total 520 508 12 
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        4.6 Speed Testing the System 
 

Usually, the speed of different visual recognition methods has direct effect on the 

resolution of the input image as this determines the number of pixels required to be 

processed. However, in this research it is not dependent on the size of the input because 

the networks downsize all input images to the same specific resolution before they are 

inserted to the first convolutional layer. The developed system takes on average 12s (6s 

for plate detection and 6s for character recognition). This time can be minimized by 

using GPU supported machines. 

4.7 Experimenting with Video 
 

Video functionality of the proposed system was tested on videos recorded using a 

digital camera from parking stations and running vehicles in a road. The developed 

system was tested on all the recorded videos that are relatively short segments of video 

below one second in order to decrease the processing speed. The videos were processed 

with 2.5s per frame on an average. The video functionality was tested on a total of 20 

video streams collected under different conditions. The confidence threshold value was 

set 0.6 which is the same as of the input files work with camera captured photo of cars. 

4.8 Discussion 
 

In Ethiopia car parking systems for calculating parking time and payment, traffic 

control systems, traffic access control, toll’s automatic payments collection on 

highways and identifying stolen cars all are doing their activity manually which is 

difficult in one or the following reasons: 

1. It is not easy to calculate how much time is spent in the parking 

2. It has a draw back in preventing card frauds in car parking 

3. It is time consumed on toll’s automatic payments collection on highways 

4. Its difficulty to identify stolen cars 

The proposed system developed an ALPR system that can support to handle the 

mentioned problems. When a car enters the parking, its photos can be taken by camera 

then the system can detect and recognize the plate number which can be stored in a 

database together with the entrance time. When the car leaves the same procedure can 

be applied then the recognized plate number can be compared to calculate the spent 

time and to calculate the fee. In addition, ticket frauds that may exist in the manual 

system can be easily controlled since the car’s plate is detected and recognized only 
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once. Moreover, it can help to identify stolen cars by automatically compare with a car 

in a black list database. Finally, it can help also to minimize the time spent on toll’s 

automatic payment collections. 

 

4.8.1 Answering Research Questions 

 

The research questions in chapter one together with their answer are described below: 

RQ 1: How to locate the license plates under different conditions such as lighting, 

background, sizes, and license plates located at different places? 

A model should be robust to various conditions so that it can be used at real 

environment. The architecture of convolutional neural network is translation invariant 

which means it detect a particular object located at any location of the image but it is 

not scale, rotation, and view invariant. To answer this research question, the prepared 

dataset includes images that were taken at different conditions such as day, night, at 

foggy condition and while raining; the prepared dataset also includes images taken at 

different distance so that the images have various sizes; the background of the images 

on the prepared dataset are various since the images were taken from different locations 

such as parking stations, running vehicles in a road, and Garages. In addition, 500 

augmented images were generated from the original dataset and included to the dataset. 

The augmented images were in various forms such as noise added, rotated, and 

enlarged. The final trained models have been tested on car images taken at different 

conditions, sizes, backgrounds, and viewpoints. The final system detects has proved to 

work on most of the test images and later collected images as shown in Table 4.3. 

Table 4.3. Evaluation result on later collected and separated test images. 
 

Image taken Condition Quantity Success Error Accuracy 

Different background 130 130 0 100% 

Different viewpoint 130 130 0 100% 

Different in light 110 107 3 97.2% 

Occluded images 110 104 6 94.5% 

Motion-blur 45 40 5 88.9% 

Variation in sizes 245 237 8 96.7% 

Total 770 748 22 97.1% 
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The developed system detects and recognize images with different backgrounds and 

viewpoints but out of the samples in different light it acquired 107 images correct with 

3 incorrect, out of the 110 occluded images 104 correct with 6 incorrect, out of the 45 

images with motion-blur 40 correct with 5 incorrect, and 245 images varied in sizes 

237 correct while 8 images incorrectly recognized. The highest accuracy is obtained in 

the sample images with different backgrounds and viewpoints which is 100% 

recognition while the lowest accuracy in the blurred input images which is 88.9% 

recognition. 

RQ 2: How to recognize license plates from moving vehicles on a road? 

Since vehicles are moving in a road with a high speed it is challenging in both to be 

processed in timely manner and also the images may be affected such as by motion 

blur. To answer this research question, 200 real photos of Ethiopian license plates were 

captured using a digital camera from moving cars in a road and 20 recorded videos. 

Table 4.4 shows the performance of the system evaluation on images captured from 

moving vehicles in a road. 

Table 4.4. Evaluation results on images captured from moving vehicles. 
 

Image taken condition Quantity Success Error Accuracy 

occluded 15 15 0 100% 

noised 13 11 2 84.6% 

blurred 12 9 3 75% 

rotated 24 22 2 91.6% 

different viewpoints 16 16 0 100% 

plates located at different 

position 

20 20 0 100% 

Total 200 193 7 96.5% 

The developed system detects and recognize occluded images, images with different 

viewpoints, and plates located at different position in the input image but out of the 

noised samples the system detects 11 images correctly with 2 images incorrectly. The 

plate characters were covered by noises and confuses the character recognition. The 

lowest accuracy is obtained in the blurred input images which is 9 correct out of the 12 

inputs. Out of the 24 rotated images the system able to detect and recognize 22 images 
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correctly. In addition to evaluate the system on input images captured from moving 

vehicles in a road, the system also evaluated its performance on a set of 20 video 

streams recorded from moving vehicles in a road. Out of the video recorded files the 

system detects the plate from all the recorded videos but the character recognition 

recognizes 18 frames correctly while the two video streams incorrectly detected. The 

two failed frames by the character recognition had images with motion blurred and plate 

characters covered by noises. The processing speed is 30 fps which is high enough to 

detect and recognize moving vehicles in a road. 

RQ 3: Is it possible to apply deep learning to Ethiopian license plate recognition? 

Deep Learning alone cannot solve the ALPR task as license plate recognition combines 

both the regression(to determine the position of the license plate in the input source) 

and classification(to determine plate/non plate and also different categories of plate 

characters) but it can be used as a base model for automatic feature extraction from the 

input visual sources and can be supported by another object detection algorithms to 

extent the task for plate detection, classification, and recognition by running on these 

automatically extracted features. First the features from all the classes are extracted 

using Inception V2 convolutional neural network architecture and these features are 

used later for both classification and localization purposes. The Inception architecture 

enables to extract and learn multi-scale features using multiple filters or kernels such 

as 3 × 3, 5 × 5 and 1 × 1 by computing them in parallel and concatenating the resulting 

feature maps along the channel dimension. Then the network “decide” which weights 

are the most important based on the optimization algorithm. The 1 × 1 filter enables to 

extract local feature, the 3 × 3 for middle level features, and the 5 × 5 can learn and 

extract more abstract features. 
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5. CONCLUSION AND RECOMMENDATION 
 

5.1 Introduction 
 

Including this Section, this Chapter has three Sections. Section 5.2 revisit the overall 

purpose and research objectives follows a conclusion based on the research objectives 

and research questions. Section 5.3 offer the contribution of the research. Section 5.4 

discuss the options in which the system can be extended for future. 

5.2 Conclusion 
 

The overall aim of this research was to develop car license plate recognition system that 

able to detect and recognize car plates from visual sources using deep learning. The 

specific research objectives were to: 

 Review previously done related work 

 Compare object detection algorithms and select the best performed algorithm 

on the prepared dataset 

 Detect or filter out only the plate from the input image 

 Detect and recognize plate characters in the detected plate 

 Evaluate and test the model 

Previously done related work has been reviewed to get the updated methods and 

techniques used for license plate recognition and to get a gap that can be extended. 

Initially, a dataset that contains 930 Ethiopian plate images has been prepared for model 

selection purpose. The images have been collected from different locations such as 

indoor parking, outdoor parking, running at the road, etc. at different conditions such 

as day, at night, at foggy conditions and while raining to capture the various possible 

states. After the dataset has been prepared, the images have been labeled manually using 

labelImg tool. Based on the prepared dataset two object detection networks have been 

trained based on the annotation files generated by labelImg tool after they have been 

converted to record files. Both models have been trained and tested on the same data 

set. The comparison was based on the following three metrics: prediction time, training 

time taken, and accuracy. Based on the metrics Faster R-CNN was the best performed 

algorithm on the prepared dataset and has been chosen. After that the dataset size has 

been increased in that it includes more car images and additional cropped plate images. 

Based on the prepared new dataset two networks have been trained using the chosen 

algorithm called Faster R-CNN one for plate detection and another for character 
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recognition on the detected plate. The effectiveness of these algorithms has been 

verified by experimental results on the split test set and also on additional later collected 

Ethiopian license plates with different daily life backgrounds. The plate detection 

shows the plate location in the input image using a bounding box together with a 

confidence score. After that the detected plate has been cropped, resized and sent to the 

second network whose response is to recognize each plate characters on the detected 

plate. The final plate detection network has achieved a mAP of 99 at 0.5 IoU. If the 

input image contains more than one plate the plate detector has proved to detect all of 

them and crop one plate with the highest score for final recognition since a vehicle has 

one plate number. If there is no plate the network has proved to display no detections. 

The second network has been trained to locate the possible characters that may exist on 

the detected plate by the first network. It has been taken the cropped and resized image 

as input and has achieved a mAP of 98.89 at 0.5 IoU. Both networks have been worked 

on license plate images that have various backgrounds, viewpoints, plate sizes, and 

location of plates and the system supports input files from camera captured car photos, 

webcam, and video streams. 

5.3 Contribution 
 

From the reviewed methods in the literature learning based license plate recognition is 

the best method in terms of accuracy but it is computational expensive. There are 

hardware devices developed such as GPU that can accelerate the process so that it can 

be applied in real time. The contribution of the developed system is: 

1. Improve the result of previous study about Ethiopian license plate recognition 

using new state of the art algorithms. 

2. Since it is both time consuming and tedious to collect and label a dataset this 

prepared dataset can be used by others for further tasks. 

5.4 Future Work 
 

The work can be extended by implementing on mobile devices such as mobile phones 

so that it can be easily used in traffic control system by operators such as traffic 

management officers and car parking management officers (end users). 
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Appendices 

Appendix A: Comparison result of Faster RCNN and SSD 

SSD Faster RCNN 

Test Images Accuracy Prediction Time Correct Remark Accuracy Prediction Time Correct Remark 

3 99 12.05 ✓  99 8.53 ✓  

6 99 13.79 ✓  100 11.46 ✓  

9 99 9.79 ✓  100 9.88 ✓  

13 76 11.49 × Bounding Box Error 99 8.38 ✓  

18 98 13.11 ✓  99 11.85 ✓  

23 98 9.68 ✓  99 10.78 ✓  

33 99 12.35 ✓  99 11.51 ✓  

38 99 12.5 ✓  99 10.8 ✓  

41 99 11.86 ✓  99 10.64 ✓  

42 90 12.97 ✓  99 8.12 ✓  

43 99 9.71 ✓  99 10.43 ✓  

44 99 13.61 ✓  99 10.76 ✓  

45 100 12.19 ✓  99 10.47 ✓  

46 98 12.7 ✓  99 10.36 ✓  

48 99 8.09 ✓  99 11.08 ✓  

51 99 8.03 ✓  99 7.92 ✓  

52 99 8.1 ✓  99 10.09 ✓  

53 99 8.28 ✓  99 10.6 ✓  

80 99 7.95 ✓  99 11.07 ✓  

84 99 8.43 ✓  99 10.23 ✓  

101 99 8.26 ✓  99 10.42 ✓  

121 99 8.3 ✓  99 9.64 ✓  

126 99 8.28 ✓  99 10.7 ✓  

134 99 8.03 ✓  99 10.39 ✓  

146 99 8.16 ✓  99 10.65 ✓  
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SSD Faster RCNN 

Test Images Accuracy Prediction Time Correct Remark Accuracy Prediction Time Correct Remark 

154 96 8.19 ✓  99 10.53 ✓  

160 99 8.06 ✓  99 10.68 ✓  

164 0 7.96 × Missed 99 10.95 ✓  

167 99 8.41 ✓  99 10.26 ✓  

171 99 8.28 ✓  99 10.47 ✓  

173 99 8.39 ✓  99 10.48 ✓  

174 96 8.1 ✓  97 10.81 × Bounding Box Error 

175 100 8.3 ✓  99 11.45 ✓  

180 0 8.47 × Missed 99 10.65 ✓  

187 99 8.01 ✓  99 8.22 ✓  

188 99 8.89 ✓  99 11.12 ✓  

190 99 8.09 ✓  99 11.34 ✓  

193 100 8.33 ✓  99 10.88 ✓  

197 99 8.14 ✓  99 10.39 ✓  

199 97 8.07 ✓  99 10.14 ✓  

205 98 8.09 ✓  100 10.5 ✓  

207 0 8.12 × Missed 100 10.32 ✓  

208 0 8.48 × Missed 99 10.1 ✓  

211 99 8.67 ✓  99 10.08 ✓  

217 95 8.3 ✓  99 9.97 ✓  

219 99 8.13 ✓  99 9.47 ✓  

228 99 8.32 ✓  99 10.29 ✓  

231 88 8.4 ✓  99 8.96 ✓  

232 99 8.37 ✓  99 6.73 ✓  

263 99 8.37 ✓  99 7.24 ✓  

322 99 8.22 ✓  100 6.71 ✓  

323 75 8.2 ✓  99 6.8 × Bounding Box Error 
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SSD Faster RCNN 

Test Images Accuracy Prediction Time Correct Remark Accuracy Prediction Time Correct Remark 

337 0 8.25 × Missed 99 6.77 ✓  

351 98 8.27 ✓  99 6.71 ✓  

363 100 8.44 ✓  99 7.11 ✓  

368 99 8.38 ✓  99 6.78 ✓  

383 99 8.38 ✓  99 6.79 ✓  

390 99 7.98 ✓  99 6.71 ✓  

399 99 8.27 ✓  99 6.76 ✓  

404 99 8.02 ✓  100 6.69 ✓  

425 99 8.09 ✓  100 6.89 ✓  

453 99 8.04 ✓  99 6.73 ✓  

461 97 8.36 ✓  99 6.71 ✓  

477 99 8.43 ✓  99 6.88 ✓  

491 93 8.38 ✓  99 6.87 ✓  

510 99 8.36 ✓  99 7.32 ✓  

513 99 8.34 ✓  99 7.1 ✓  

542 0 8.37 × Misclassified 99 6.77 ✓  

555 99 8.27 ✓  99 6.85 ✓  

560 99 8.4 ✓  99 6.77 ✓  

564 99 8.17 ✓  99 6.84 ✓  

578 0 8.47 × Missed 99 7.05 ✓  

583 100 8.41 ✓  99 6.96 ✓  

590 100 8.61 ✓  99 7.46 ✓  

613 100 8.07 ✓  100 7.1 ✓  

617 99 8.42 ✓  99 6.9 ✓  

621 99 8.19 ✓  99 6.88 ✓  

629 89 8.19 ✓  99 7.12 ✓  

635 0 8.11 × Missed 99 6.84 ✓  
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SSD Faster RCNN 

Test Images Accuracy Prediction Time Correct Remark Accuracy Prediction Time Correct Remark 

644 99 8.13 ✓  99 6.75 ✓  

649 100 9.05 ✓  100 7.06 ✓  

658 100 9.16 ✓  100 7.36 ✓  

660 100 9.23 ✓  100 7.03 ✓  

663 100 8.93 ✓  100 6.85 ✓  

672 100 9.36 ✓  100 7.04 ✓  

677 100 8.87 ✓  100 7.06 ✓  

688 100 8.73 ✓  100 6.78 ✓  

696 100 8.75 ✓  100 6.87 ✓  

701 99 8.5 ✓  99 6.88 ✓  

707 79 8.55 ✓  99 6.82 ✓  

711 75 8.95 × Misclassified 81 6.74 × Misclassified 

725 100 9.05 ✓  99 6.99 ✓  

731 99 8.57 ✓  99 6.74 ✓  

743 99 8.59 ✓  99 7.04 ✓  

746 99 8.53 ✓  99 6.86 ✓  

751 99 8.5 ✓  99 6.73 ✓  

755 0 8.46 × Missed 99 7.09 ✓  

760 86 8.22 ✓  99 6.75 ✓  

762 99 8.36 ✓  99 6.78 ✓  

764 99 8.14 ✓  99 6.75 ✓  

765 99 8.28 ✓  99 6.8 ✓  

768 96 8.15 ✓  99 7.57 ✓  

770 73 9.4 ✓  0 6.74 × Missed 

771 0 11.81 × Missed 0 7.09 × Missed 

773 99 10.05 ✓  85 7.13 × Bounding Box Error 

780 0 12.94 × Missed 99 6.9 × Bounding Box Error 

849 99 12.48 ✓  99 6.9 ✓  
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SSD Faster RCNN 

Test Images Accuracy Prediction Time Correct Remark Accuracy Prediction Time Correct Remark 

850 0 10.09 × Missed 99 6.89 ✓  

851 99 12.88 ✓  99 7.52 ✓  

852 98 13.89 ✓  99 6.76 ✓  

853 100 11.72 ✓  100 7.77 ✓  

854 97 11.66 ✓  99 6.94 ✓  

855 100 12.28 ✓  100 7.08 ✓  

856 100 12.89 ✓  100 7.11 ✓  

857 100 12.91 ✓  99 6.71 ✓  

858 89 12.99 ✓  99 6.81 ✓  

859 99 13 ✓  99 6.79 ✓  

860 99 12.22 ✓  99 6.7 ✓  

861 94 12.37 ✓  99 7.23 ✓  

862 99 12.66 ✓  99 7.51 ✓  

863 65 12.32 ✓  99 6.72 ✓  

864 0 9.78 × Missed 99 6.83 ✓  

865 72 12.53 × Bounding Box Error 99 6.76 ✓  

866 98 12.93 × Bounding Box Error 99 6.97 ✓  

867 99 12.43 ✓  99 6.96 ✓  

868 100 12.2 ✓  100 6.89 ✓  

869 89 12.35 ✓  99 7.1 ✓  

870 100 9.61 ✓  99 7.57 ✓  

871 0 9.56 × Missed 99 7.1 ✓  

872 98 13.28 ✓  99 7.24 ✓  

873 100 12.92 ✓  100 6.87 ✓  

874 100 12.25 ✓  100 6.98 ✓  

875 99 9.97 ✓  99 7.05 ✓  

876 0 12.34 × Missed 99 6.84 ✓  
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SSD Faster RCNN 

Test Images Accuracy Prediction Time Correct Remark Accuracy Prediction Time Correct Remark 

877 100 12.22 ✓  100 6.82 ✓  

878 0 12.98 × Missed 0 7.55 × Missed 

879 98 12.93 ✓  99 6.81 ✓  

880 95 12.93 ✓  99 7.36 ✓  

881 99 13.02 ✓  99 7.25 ✓  

882 99 12 ✓  99 7.05 ✓  

883 99 12.26 ✓  99 7.46 ✓  

884 66 12.39 × Bounding Box Error 87 6.8 ✓  

885 99 12.2 × Bounding Box Error 99 6.78 ✓  

886 99 12.3 ✓  99 7.3 ✓  

887 99 12.3 ✓  100 7.32 ✓  

888 99 12.22 ✓  99 7.15 ✓  

889 100 12.45 ✓  99 7.16 ✓  

890 97 12.61 ✓  99 8.19 ✓  

891 99 11.72 ✓  99 11.42 ✓  

892 100 12.18 ✓  99 10.95 ✓  

893 0 12.23 × Missed 99 11.06 ✓  

894 99 11.75 ✓  99 10.56 ✓  

895 97 12.66 ✓  99 10.64 ✓  

896 99 12.68 ✓  99 10.99 ✓  

897 100 12.28 ✓  99 8.42 ✓  

898 0 12.37 × Missed 99 10.79 ✓  

899 0 10.73 × Missed 99 10.67 × Bounding Box Error 

900 98 12.77 ✓  99 10.6 ✓  

901 0 12.39 × Missed 99 10.94 ✓  

902 0 13.43 × Missed 0 10.8 × Missed 

903 71 12.16 ✓  99 10.51 ✓  

904 0 12.34 × Missed 99 8.33 ✓  
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SSD Faster RCNN 

Test Images Accuracy Prediction Time Correct Remark Accuracy Prediction Time Correct Remark 

905 99 13.03 ✓  99 8.38 ✓  

906 100 12.98 ✓  99 10.46 ✓  

907 99 12.21 ✓  100 10.7 ✓  

908 99 12.42 ✓  99 11.43 ✓  

909 63 12.19 × Bounding Box Error 99 10.92 ✓  

910 99 12.78 ✓  99 10.57 ✓  

911 99 12.08 ✓  99 10.52 ✓  

912 97 12.18 ✓  99 10.29 ✓  

913 100 13.09 ✓  99 10.54 ✓  

914 87 12.24 ✓  0 10.8 × Missed 

915 99 9.63 ✓  99 10.97 ✓  

916 0 12.75 × Missed 98 11.01 ✓  

917 99 12.48 ✓  99 8.2 ✓  

918 98 12.05 ✓  99 11.06 ✓  

919 65 12.39 ✓  99 8.27 ✓  

920 99 9.57 ✓  100 11.35 ✓  

921 100 12.73 ✓  100 10.96 ✓  

922 100 12.73 ✓  100 11.91 ✓  

923 100 12.57 ✓  100 11.28 ✓  

924 0 9.88 × Missed 99 9.47 ✓  

928 99 13.12 ✓  99 10.88 ✓  

929 99 12.75 ✓  99 9.88 ✓  

934 99 12.43 ✓  99 8.37 ✓  

937 99 13.11 ✓  86 11.71 ✓  

186 84.0645 10.35698925   96.172 8.548763441   
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Appendix B: Sample of labeled data for plate and character recognition 

 

Sample of labeled data for plate detection 
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Sample of labeled characters for character recognition 

 

 
 

 

 

 

 


