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Abstract 

 
Today, video is a common medium for sharing information. 

Navigating the internet to download a certain form of video, takes a 

long time, a lot of bandwidth, and a lot of disk space. Since sending 

video over the internet is too costly, therefore video summarization 

has become a critical technology. 

Monitoring vehicles of people from a security and traffic 

perspective is a major issue. This monitoring depends on the 

identification of the license plate of vehicles.  

In this thesis, the proposed system includes two parts: first, a 

video summary that contains all the cars shown in the video, and 

the second is to define the license plate and summarize the video. 

The First part, contains training and testing stages. Video 

summarization training comprises video preprocessing, Viola-Jones 

training with False Alarm Rate and Number of Cascade stage, for 

optimization Support Vector Machine (SVM) with Local Binary 

Pattern (LBP) features extraction with outlier and kernel scale 

parameters. Video summarization testing contains: test video 

preprocessing, car plate (detection, cropping, resizing, and 

grouping), and viewing related frames. The second part which is 

used to define the car plate to summarize the video contains training 

and testing stages. The training stage in car plate identification for 

summarization is the same as the training stage of video 

summarization. The testing stage in car plate identification 

comprises test video preprocessing, detecting test car plate, SVM, 



 

II 

 

and LBP for optimization. Feature extraction using HOG feature, 

classification using Probabilistic Neural Network (PNN), to view 

the summary for a specific car.  

The training process was supervised and the summarization 

type was dynamic because it’s the suitable technique for 

surveillance video. The dataset that used in this thesis was the 

proposed dataset. The total time of local recorded videos is (19.5 

minutes), (15.5 minutes) for training, and (4 minutes) for testing. 

The training samples were divided into (79.5%) for training and 

(20.5%) for testing. The proposed video summarization has got 

maximum accuracy of (83%) by using Viola-Jones and SVM with 

LBP. The informative frames retrieved from the original video were 

17%. While video summary based on car plate identification 

achieves accuracy with (95%). The accuracy of the Viola-Jones 

object detection process for training 700 images is (97%). The 

accuracy of the SVM classifier is (99.6%). 
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         Chapter One 

                                   General Introduction 

1.1 Introduction 

There is a huge amount of knowledge on the web where there's 

time-consuming when searching and browsing among extensive 

videos, therefore it's difficult to quickly get the specified event. The 

video summarization technique provides brief information about the 

whole video, briefly time, and makes browsing for large video 

faster. This makes video summarization more required and needed 

[1]. 

Summarization has been proposed initially for text data. The 

document summarization goal is creating an automatic summary for 

text almost like humans doing. The most ideal of a text should be 

identified and conveyed by the summary, and therefore the 

summary should be also precise and proper grammatically. 

Therefore, the non-important content and repetition must be 

avoided within the summary. Video and text summarization share 

many similarities and aim for similar goals [2]. 

A video summary is defined as a stream of still or moving 

pictures presenting the content of a video in such how that the 

relevant target is given brief knowledge while the fundamental 

message of the first video is preserved. There are two fundamental 

sorts of video abstraction techniques: The first is static video 

summarization which is additionally called representative frames, 

still-image abstracts, or static storyboards that summarizing the first 

video with a lot of data to a little number of frames without losing 

the rich information. While the second is dynamic video 
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summarization also called dynamic video skimming, video skim, 

moving image abstract, or moving storyboard that summarizing the 

first video to video as short as possible that provides a global 

picture of the video. Most existing video summarization techniques 

are keyframe-based, i.e., several frames from the first videos are 

extracted to represent the entire video [3][4][5]. 

To summarize a video, most of the methods contain computing 

visual features from video frames, besides there are methods that 

consider the semantic meaning implied on videos to supply a more 

informative summary [6]. 

For years, vehicle number (license) plate recognition (VLPR) 

has been a subject of concern for several specialists, including those 

employed in the image processing field. Because of the growing 

number of cars, there is a need for an advanced traffic control 

device capable of recognizing, monitoring, and distinguishing a car 

that contravenes the law [7]. 

Such control includes License Plate (LP), area identification, 

character segmentation, and classification. There is no doubt that 

License Plate Recognition (LPR) systems need to react quickly 

enough to fulfill the requirements of Intelligent Transport Systems 

(ITS).  

LPR systems would work so rapidly that no moving vehicle is 

missing [8]. One example of ITS is LPR, which can identify and 

differentiate vehicles, making it a very critical component of traffic 

systems [9]. Applications for the LPR program are traffic control, 

parking, and security. Advantages involve the availability of traffic 

jam information, and the speed of traffic and criminal activity are 

monitored [10]. 
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Several novel features are extracted to characterize video 

boundaries, including cut, fade-in, dissolve, and dissolve for 

facilitating the understanding of content structure and domain rules 

of a video [11]. A video summary is either a static summary or a 

dynamic summary.  

Machine learning and techniques are proved to achieve 

success for various image (video frame) analysis processes and 

object tracking [12]. A dynamic summary is a set of short video 

clips, joined in a sequence and played as a video. Therefore, this 

study uses machine learning (ML) for training and detecting car 

plates image to implement dynamic video summarization.  

 

1.2 Related Work 

Many types of research in the field of video summarization are 

developed. The present survey includes previous work related to 

this thesis: 

• Nada Jasim Habeeb, et al., in 2016 [13], showed a 

surveillance video summarization method. This method 

assumed temporal differencing to obtain meaningful data 

from a large video stream. This technique used both 

histograms differentiate and Sum Conditional Variance (SCV) 

which were powerful against illumination alterations to obtain 

motion objects. The results showed that the presented 

technique was given better output in comparison with 

temporal differencing-based summarization methods with a 

compression ratio of 90%. 

• Dipti Jadhav and Udhav Bhosle, 2017 [14], this paper suggest 

a methodology for video description based on the Speeded Up 

Robust Features (SURF). The authors also recommend an 
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approach based on graph theory to maximize the number of 

keyframes based on the objective function that the graph 

created by the optimized video description is a simple graph 

with a simple walk. The suggested algorithm is checked from 

the Open Video dataset on two separate videos, performance 

analysis, and subjective evaluation result 85%. 

• Dong-Ju Jeong et al., in 2017 [15], proposed a two-step 

approach where the primary step skims a video. Therefore, the 

second step performs content-aware clustering with keyframe 

selection. The 1st step applying the spectral clustering 

technique with color histogram features. In the 2nd step, 

perform coarse temporal segmentation then apply refined 

clustering for each of the temporal segments, where each 

frame is represented by the sparse coding of Scale-Invariant 

Feature Transform (SIFT) features. Experiments result on 

videos with different lengths show that the resulting 

summaries closely follow the important contents of videos. 

UTE dataset results average F-frame measure 76.3%, ADL 

dataset results averaged F-frame measure 79.3%, and average 

precision 76.6%. 

• Sinn Susan Thomas et al. in 2017 [16] explained how to 

utilize the best security camera description system. Besides 

that, the search time and proposing to turn content-based 

video retrieval issues into a content-based image retrieval 

concern. The query and the database matching using NN-

classifier. The video was retrieved based on features such as 

Graph-Based Visual Saliency. This approach used Greedy 

Search Algorithm. This approach used two parameters to 

measure the performance of this system: The information rate 
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IR reflects the volume of information in the description 

assessing the efficiency of the condensed process. The 

reduction ratio RR is called the frame ratio summarizing the 

total frames in the recording, the average experimental result 

of this approach was 71% with IR=32% and RR=24%. 

• Antti E. Ainasoja et al. in 2018 [17], This work proposes a 

simple but efficient dynamic extension of a video Bag-of-

Words (BOW) system that provides over segmentation for 

keyframe pick at the same time as this technique, keyframes 

are selected from scenes that represent identically related 

material for scene detection. This research yielded a number 

of intriguing results. First, while area descriptors are mostly 

good at detecting scenes (visually identical content), optical 

flow (motion changes) offers stronger keyframes. Second, 

however, the appropriate criteria for motion descriptor-based 

keyframe selection vary from video to video, and the average 

output remains poor. To prevent more complicated 

computation, this paper proposes a human-in-the-loop phase 

in which the three best approaches yield user-privileged 

keyframes. Third, the human assistance and learning-free 

approach outperform learning-based approaches in terms of 

precision, and for some videos, it matches average human 

accuracy. The average result for different videos was 

egocentric videos 66%, moving videos 64%, static videos 

59%. 

• Madhav Datt and Jayanta Mukhopadhyay, in 2018 [18], 

presented a video summarization, by using convolutional 

neural networks (CNN) and bidirectional long short-term 

memory (LSTMs) to get deep features for frame 
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representation and to model variable-range temporal 

sequences. Further, they introduced a parameterized loss 

function minimizing (Kullback-Leibler divergence) KL-

divergence between the Gaussian Mixture Model (GMMs) to 

find out relative orders of frame importance. This work 

expanded extensive evaluation on a lot of benchmarks 

(TvSum, SumMe, and YouTube) to determine the 

effectiveness of this model, Performance (F-score) of video 

summarization on the transfer supervised learning settings: 

SumMe 43.3%, TvSum 60.1%, YouTube 60.6%. 

• Xin Ai et al. in 2018 [19], proposed an unsupervised video 

summarization method, which selects a group of highlight 

clips with self-consistency. Specifically, they proposed a 

consistent clip generation method, i.e. the cutting-merging 

adjusting scheme, by exploring the clip similarity and the 

local similarity. The consistent clips are obtained by merging 

similar clips iteratively and adjusting the boundaries of each 

consistent clip to remove the inconsistency of the boundaries 

between clips and logical events. Then, estimate the interest 

score of each consistent clip by computing the interestingness 

score of its frames, based on selecting the top important clips 

to generate a video summary. Experimental results presented 

using the SumMe dataset the relative was 76%. 

• Muhammad Asim, Noor Almaadeed, et al, in 2018 [20], this 

paper presents a video description method for detecting shot 

boundaries based on the integration of color features derived 

video frame patches rather than a whole frame Per video shot 

is further broken down into sub-shots by measuring the 

structural similarity between frames to obtain a keyframe 
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from the most representative video shot sub-shots. Finally, the 

keyframes derived from and video shot's sub-shot are 

independently measured to eliminate redundant frames. The 

average experimental result extracted from the OpenVideo 

dataset was 67%. 

• Muhammad Zeeshan Khan, Saira Jabeen et al. in 2019 [21], 

this paper presented a method in which first, determine the 

limits of the scene using movable characteristics. 

Subsequently, the data was passed to the proposed CNN 

architecture, which provides the frame-level value to each 

frame present in a specific scene. Experiments were carried 

out using the publicly available TVSUM50 dataset, the result 

was proposed (CNN+LSTM) 84 %. 

• Seema Rani, Mukesh Kumar, in 2019 [22], a keyframe 

extraction method based on fusion from the visual 

characteristics is proposed in this research, which includes: 

correlation of RGB color channels, color histogram, mutual 

information, and inertia moments. As a clustering method, the 

Kohonen Self Organizing map is used to identify the most 

appropriate frames from the set of frames that come after 

fusion. Frames that are worthless are discarded and frames 

that have optimum Euclidean distance, with reselected as final 

keyframes in a cluster. The proposed technique is evaluated 

using degrees of fidelity and Shot Reconstruction Degree 

(SRD), with a YouTube video dataset. The average score for 

fidelity obtained using the proposed system was 64%. 

• Debkumar Chowdhury, Souraneel Mandal et al. in 2019[23] 

proposed a method for license plate detection in three steps, 

proposed method mainly has three modules: 1) Detection of 



  Chapter One                                                               General Introduction 

 

8 

 

license plate 2) Segmentation of Characters 3) Text Box 

Generation. The efficiency of this proposed system was 

78.2%. 

• Haibo Lin, Jianli Zhao et al in 2020[24] this paper proposed a 

method for license plate detection by, Firstly, the image 

preprocessing of the license plate includes graying and 

binarization. Then, the Sobel operator edge detection is 

performed according to the binarized license plate image. The 

Sobel operator has moderate sensitivity to the edge and is 

suitable for the extraction of the license plate edge. The 

experimental result was 90%. 

 

1.3 Problem Statement 

  Nowadays, video represents one of the foremost objects 

utilized in social media, surveillance video, personal video… etc. 

Most of these videos might not have important information or might 

be repeated. This is going to add additional costs to the user 

because the video needs an outsized bandwidth to download or 

view it, in addition to an outsized space to store it. Solving the 

above problem is the main problem of this thesis.  
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1.4 Aim of Thesis   

The objective of this thesis is to design and implement a 

package that can abstract a long surveillance video. The abstracted 

video also helps in the security aspect by detecting and identifying 

vehicle plate numbers. This work aims to build a model capable of 

training and detecting the passage of vehicles in long-sized videos, 

summarizing only specific areas of importance, and placing them in 

a brief video by applying a set of artificial intelligence. These 

techniques use the Viola-Jones algorithm for car plate detection by 

building models that depend on positive and negative samples. A 

set of different training models is applied and using the Support 

Vector Machine algorithm to optimize the car plate for the best 

result. A Probabilistic Neural Network (PNN) is used to test the car 

plate number.  

1.5 Contribution 

The contribution of this thesis is building a package for 

abstracting videos that can be used security manner. Also, the 

contribution of this work is represented by collecting a local dataset 

for training this system also, using the Viola-Jones algorithm for car 

plate detection, SVM for optimization manner, and using 

Probabilistic Neural Network (PNN) which is used to test the car 

plate number.  
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1.6 Layout of Thesis 

The other chapters in this thesis are as follows: 

• Chapter Tow “Theoretical Background”, presents a 

general overview of the methods used in this 

dissertation. 

• Chapter three “The Proposed System”, presents in detail 

the proposed algorithms used to provide a video 

summary based on the features extracted and saved by 

machine learning techniques, the features obtained from 

the video itself. 

• Chapter four “Results and Tests”, presents the outcome 

of subjective and objective measures of the proposed 

algorithms and therefore the time consuming for every 

processing step. 

• Chapter five “Challenges, Conclusions and suggestion 

for Future Works”, present the conclusions drawn from 

this dissertation and provides suggestions for expansion 

this adds the future. 
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Chapter Two 

Theoretical Background 

2.1 Introduction  

  A massive quantity of multimedia data goes browsed, processed, 

and retrieved that creates its delivery slower and computation cost 

expensive. Therefore, the techniques of video summarization make 

browsing huge data volume quickly and easily [25]. 

Video summarization must provide a general outline of a 

video and must be as short as possible. The main method for the 

video summarization technique is where a select set of keyframes 

by analysis video to supply summary [3]. This chapter discusses the 

theoretical criteria for the implementation of the current video 

summarization system and image analysis. 

2.2 Digital Video Summarization  

      The digital video is defined as frames (or images) sequence, 

displayed in rapid succession at a continuing rate. This fact makes a 

video a posh container of knowledge. Each frame may then be 

weakened into fields, and every field consists of alternating lines of 

video information multiple frames per second. Any video to be 

processed must first load video from its directory then implement 

the framing process on it as a video pre-process [26]. 

        Shots represent a Spatio-temporal frame sequence and are 

treated because of the smallest unit. Certain shots make a scene 

where these shots have similar features. The physical unit of the 

video is represented by a shot while the semantic unit of the video 

is represented by a scene. A prominent visual shot’s content is 

represented by a distinctive frame which is named a keyframe. One 
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keyframe or more was often taken from a shot based on the 

complexity content of the shot. The hierarchical internal structure of 

any video was shown in figure (2.1) [27]. Digital videos are 

different in their encoding format and content. 

 

 

                                  Figure (2.1) Anatomy of a Video [27] 

To summarize a video, the approach relies on the objects 

contained within the video and their features. A number of the 

foremost popular features are color, shape, movement, texture, etc. 

[28]. 

People today can't watch whole shows. People want to see 

just what is relevant in videos. As a result, successful video 

summarization strategies are necessary to assist users to find the 

information in a short time. Table (2.1) depicts acceptable video 

summarization methods in various domains. These methods save 

both time and resources. Even though a lot of work has gone into 

effectively recording, retrieving, and searching wide video sources, 

there are still a lot of limitations in video summarization strategies 

that need to be resolved [29]. 

 

 

 

Video 

Scenes 

   Shots 

Frames 
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Table (2.1) Techniques: video summarization that are suitable for 

multiple domains [29] 

 

 

 

Kinds  of videos Summarization Methods 

Sports  

• Motion-Based Approach  

• Color Based Approach 

• Event-Based Approach 

• Object-Based Approach 

Music  • Audio visual Based Approach  

Traffic  

• Motion-Based-Approach 

• Object-Based-Approach 

• Event-Based- Approach 

Surveillance 

• Color Based -Approach  

• Motion Based-Approach 

• Event-Based approach   

• Trajectory-Analysis 

• Object-based approach 

Movies 

• Audio-visual-Based -Approach 

• Similar Activity-Based-Approach 

• Motion-Based-Approach 

• Shot selection-Based  

• Mosaic-Based -Approach 

Phone calls 
• Audio-visual-Based-Approach 
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Surveillance Video: Surveillance cameras are widespread in 

industries such as healthcare, schools, garages, checkpoints, and 

supermarkets, among other places. These cameras film an entire 

day's collection of events, resulting in very lengthy video footage, 

making browsing video material a laborious and time-consuming 

process for the viewer. Completely automatic video detection 

approaches do away with the need for a human observer, focusing 

solely on computer vision and machine learning to identify critical 

events. Researchers have suggested a number of solutions to the 

current challenge, including summarizing videos and visualizing 

content in a variety of ways, which may lead to more effective 

manual browsing and exploration [30]. 

 

2.3 Machine Learning Techniques for Classification 

 Machine learning (ML) was a compilation of algorithms 

most useful for predictive purposes. The application of these ML 

methods was simpler than traditional mathematical approaches and 

quicker. By using algorithms, ML was exploring the relationship 

between the effect and its predictors, rather than beginning from a 

model of information. ML algorithms track inputs and responses 

during the training process, to look for dominant patterns. Machine-

learning technologies are used in many areas of national society: 

online search, social media content filtering, e-commerce site 

recommendations, machine vision, and so on [31]. 

Machine learning can be divided into three categories. 

Unsupervised, supervised, and reinforcement learning is the three 

types of learning. The machine was given the desired output in 

supervised learning, and it was needed to generate the right output 



  Chapter Two                                                                   Theoretical Background 

 

 

15 

 

for the given input. While in unsupervised classification only the 

knowledge is provided to the system, the goal was to find the 

challenging aspect embedded in the information data [32]. 

Reinforcement learning was perhaps the nearest to how humans 

understand. In this case, the algorithm or the agent learns 

continuously from its world by communicating with it. Depending 

on the behavior, it gets a positive or negative award [33]. 

 

2.3.1 Support Vector Machine (SVM) 

 SVM method is particularly popular in classification 

performance, and it has a higher recognition average accuracy, 

detection accuracy, and good performance. The mathematical 

learning theorem underpins the SVM classifier [31]. The SVM has 

a simple structure, complete theory, fast response, global 

optimization, short training time, and generalization success. 

Even then, it is a strong classification algorithm with high 

efficiency and a wide range of functions. SVM's main concept can 

be outlined in two points:  

(1) A nonlinearity mapping to the linear case that can be isolated to 

test, shifting the inseparable sample of lesser sample space to large 

function space, then sequentially separable. (2) The concept of 

dimensionality reduction is used to determine the best separation of 

the hyper-plane from the feature space. So, the learning machine 

can be globally calibrated, and a certain upper limit will be likely to 

fulfill the predicted risk of the entire sample space. The five-pointed 

stars and the dots are seen in figure (2.2) [34]. 

 

 



  Chapter Two                                                                   Theoretical Background 

 

 

16 

 

 

 

 

 

 

 

 

 

 

 

Figure (2.2) Linear SVM [34] 

 

As shown in Figure (2.2), two distinct types of samples are 

represented by five-pointed stars and six circles, where H is defined 

as a line. H1 and H2 are straight lines that have recently passed 

through a variety of samples, separating the classified line and 

running parallel to it. The distance from line H1 to line H2 is the 

class interval (margin). The class distance is the range between 

lines H1 and H2 (margin). The term "ideal separating line" refers to 

a classification alignment capable of correctly separation two 

categories of samples while simultaneously maximizing the class 

interval. The formula of a classification line can be shown in the 

following way: as in equation (2.1) [34]: 

𝑤. 𝑥 + 𝑏 = 0….. (2.1) 

Where 𝑤 was a weight,  𝑥 the point that wants to be classified, and  

 𝑏 was a bias. The linear sample compilation formula is as follows: 

(𝑥𝑖 , 𝑦𝑖), 𝑖 = 1, 2 … . 𝑛, 𝑥 ∈ 𝑅𝑑 , 𝑦𝑖 ∈ {−1,1} 

 

H2 

H1 

H 

Margin 
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Normalizing the grouping line to satisfy the condition of the linear sample 

set, as in equation (2.2) [34]: 

  …… (2.2) 

It is possible to get a class interval as shown in equation (2.3) [34]: 

class interval =        ...... (2.3) 

For the maximum class, the interval is equivalent to   

minimum. A group surface (category) that meets the conditions and 

can render a minimum of surface  is the ideal separating 

surface.  Note H1 - H2 are support vectors since they support the 

optimal separation surface. 

The actual value of the SVM is used to solve nonlinear 

problems in a nonlinear classifier [31]. The approach entails 

mapping the problem domain to a high-dimensional or even 

limitless feature space using a nonlinear mapping such that the 

linear SVM method can be used in the feature vector to solve the 

sample space's nonlinear classification task. Figure (2.3) [34] 

indicates a nonlinear transformation from the sample space to the 

feature space. 

 

 

 

 

 

Figure (2.3) Nonlinear Mapping from Sample Space to Feature Space 

[34] 
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𝑘(𝑥𝑖 , 𝑥𝑗) =  ∅(𝑥𝑖). ∅(𝑥𝑗) is called a function of the kernel. The 

related functional theory states that, in some transformation spaces, 

the inner product corresponds to the kernel function if it meets the 

Mercer condition ∅(𝑥). ∅(𝑥𝑖) = 𝑘(𝑥, 𝑥𝑖). Therefore, to accomplish 

linear classification, to high-dimensional space, suitable kernel 

functions can be used instead of non-linear mapping [31]. One type 

of SVM is the RBF kernel that represents in equation (2.4) [34]. 

(2.4). 

Where (𝑥) represents the tested point and sigma value used to find 

the best separation, the very high value may cause underfitting or 

overfitting when it’s very small. 

 

2.3.2 Neural Network Learning Techniques 

The Neural-Network is that the branch of Artificial-

Intelligence (AI) that receives the very best interest. A Neural 

Network analyzes intelligence and generates a probability 

estimation that the information fits the features that it has been 

taught to recognize, lowering the risk of false positives. A 

Neural-Network is basically a series of basic units known as 

neurons that are strongly interconnected and translate a set of 

inputs into a set of desired outputs [35]. Feed-forward networks 

and recurrent networks are the two forms of neural networks. 

Neurons in a forward network are structured such that the 

primary layer's inputs are also the network's inputs. Each 

neuron's output in the first layer becomes an input to every node 

in the second layer, and this pattern continues through all 

subsequent layers until the final layer, whose outputs are the 

network's primary outputs. The chain of neurons in the recurrent 



  Chapter Two                                                                   Theoretical Background 

 

 

19 

 

network starts and ends with identical neurons. That is, each 

neuron's output gives a signal to the opposite neuron with a 

minimum of one input neuron for (n) neurons. The traditional 

profile of a system notes that learning in a Neural-Network is 

achieved by changing the weights and thresholds of neurons in 

response to external stimuli [36]. 

 

▪  The Probabilistic Neural Network (PNN) 

The Probabilistic Neural Network (PNN) was a neural 

feedforward network formed by neural network radial basis 

function, with the Bayesian minimal risk law [37]. PNN was a local 

approximation network, i.e., only a few neurons decide the network 

output for certain input subsets. PNN learns quicker, but it was not 

easy to collapse to the local optimum. Unlike the conventional 

sigmoid neural network, the Gaussian function is commonly used as 

the network activation function in PNN. A Gaussian function is 

described by Equation (2.5) [38]: 

……. (2.5) 

Where (a) represent the multivariant expression for multivariate 

features where (𝑏) represents the mean with nonzero (𝑐) which 

represents the variance. A standard symmetrical "bell curve" form 

is the graph of a Gaussian. The fundamental network structure of 

PNN is seen in Figure (2.4) [37]. 
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Figure (2.4) Probabilistic Neural Network Structure [37] 

The PNN classifier's major advantages are its speed and training 

process. Firstly, the training system is one-pass then there is no 

need for weight modification, Second, without constantly repeating 

the training process, the network generalizes to the latest incoming 

trends. The speed of PNN computation is accomplished at the cost 

of expanded memory size. This is because the training data 

collection must be valid for all incoming data to be categorized 

[39]. 

 

2.4 Object Detection (Viola-Jones Algorithm) 

A video may be a series of simple structural units connected, 

such as scenes, shots, and frames. For seamless video, a frame is 
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described as one picture shot by the camera, followed by several 

subsequent frames [40]. The act of segmenting non-stationary 

objects of interest area or region from a given series of video frames 

was known as object detection [41].  

The determination of the moving target is a necessary step in 

the target object tracking process. Having foreground moving 

target(s) [42] in every video frame or at each progress of the 

moving target in the video was the key focus of object detection and 

tracking activity [43].  

There were three main phases of every video analysis 

activity: identifying the target (object), tracking off an identifiable 

moving object during a given sequence of video frames, and 

analyzing the moving target to figure out its actions [44]. 

 

▪  Viola-Jones Approach 

       Viola-Jones' approach was suggested in 2001 by Paul-Viola 

and Michael-Jones [45]. It was the primary approach that provided 

real-time performance, which specialized in the detection of frontal 

surface detection. This approach was mainly composed of two basic 

components. The primary component was that the learning 

algorithm used was adaptive boosting (AdaBoost). The second 

component was that the architecture used which was a Cascade 

form. AdaBoost may be a sort of the intended detection object. To 

get more accurate features, AdaBoost combined several weak 

features into a robust ensemble feature [46]. 

As an example, a typical 24x24 pixel sub-window may have 

a complete of 160,000 possible features to be analyzed. Thus, it's 

useful to convert the weak features into a robust feature, or it might 
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be impractical to gauge every single feature. It's reported that the 

disadvantage of AdaBoost was its indirectly applicable to detect 

multiple objects such as exist in closed-circuit television monitoring 

[47]. The algorithm has four stages as shown in Figure (2.5) [45]. 

 

 

 

 

 

 

 

 

Figure (2.5) Viola-Jones Algorithm [45] 

A. Haar Features:  

  Any similar object has a collection of mutual properties that 

can be balanced using Haar-like functionality. Car plate numbers 

had a few typical characteristics, such as a narrow rectangular area 

on the plate, the location of the plate, and so on. These 

characteristics are determined before being searched for in the 

picture. A 24*24 window is used in the Viola-Jones algorithm. It 

begins by matching one pixel per element to the entire window. By 

subtracting the white region from the black region, the value of 

each function is determined. Each function assigns a numerical 

value to the mechanism depicted in Figure (2.6) [45]. Then, for 

each element, two pixels are taken and matched throughout the 

entire window, yielding a single value. Other functions are treated 

in the same way. This results in approximately (16,000) features in 

each browser. Viola and Jones invented a method is called integral 

Cascade Classifier 

ADABoost 

Training 

Integral Image 

Haar Features 

selection 

Input Image 
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image to maximize this figure, which is discussed in the next 

section [46]. 

 

 

 

             

 

 

 

 

 

 

Figure (2.6) Haar Feature [46] 

B. Integral Image: 

The integral image was created in order to measure features 

quickly over a wide range of scales. It's used to display images, and 

it's easy to test with only a few operations per pixel. The pixel 

values above and left to x and y inclusive are found in the integral 

image at the position x, y equation (2.6). An integral image can be 

estimated, as seen in Figure (2.7). [45].                               

….. (2.6) 

𝑥′ ≤ 𝑥, 𝑦′ ≤ 𝑦 

where 𝑖𝑖(𝑥, 𝑦)  is the integral image and  𝑖(𝑥′, 𝑦′)  is the original image 
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Figure (2.7) Integral Image [45] 

In Figure (2.7) the summation of the pixels within the rectangle D 

can be calculated with four array references. The number of pixels 

in rectangle A is the integral image value at position 1. At location 

2 the value is A+B, at location 3 is A+C and at location 4 is 

A+B+C+D. The sum in the D can be calculated as (4+1-(2+3)). 

Using the pair of recurrences as in equations (2.7 and 2.8) [45]: 

.......  (2.7) 

....... (2.8) 

where is the complete row sum number,  = 0, and 

= 0, the integral image can be computed in one pass over 

the original image. Using the integral image any rectangular sum 

can be computed in four array references as in Figure (2.7) [47]. 
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C. AdaBoost training: 

Using AdaBoost, a classifier is generated to classify the 

image. This classifier was developed using AdaBoost and a small 

number of features from a large collection of classifiers. Since all of 

the measured features aren't actually part of the object, this 

classifier filters out the ones that aren't. This classifier reduces all of 

the (160,000) features to a few hundred. As a consequence, the 

reliability of this classifier is important. It's possible to think of it as 

a feature collection. AdaBoost is a powerful learning algorithm with 

a high generalization efficiency limit [45]. Adboost a strong 

classifier found by a linear companion of weak classifiers [46]. 

 

D. Cascading Classifiers:  

        Those sub-windows that aren't refused by the first classifier are 

equipped with a set of classifiers, each somewhat more nuanced 

than the previous. No more processing is done if every classifier 

refuses the sub-window. There are 38 classifiers in the entire target 

identification cascade, totaling over 80,000 operations. Nonetheless, 

because of the cascade structure, average detection times are 

exceedingly short. Objects are observed using an average of 270 

microprocessor instructions per sub-window on a difficult dataset of 

507 objects and 75 million sub-windows. This algorithm was 

chosen first because it was designed to process real-time images 

and because it refuses false positive detection at an early stage 

[45][47]. 
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2.5 Features Detection and Description 

        Real-world data is extremely large and contains much 

redundancy, and important features may be lost within the noise. 

Feature detection and outline algorithm are often used for detecting 

an image and describe the interest points of the objects and they can 

describe the content of the image. Such an algorithm must be robust 

to geometrical transformations, noise, and illumination variances. 

Images are often described by global features, such as color, 

texture, etc. But they even are described by the objects contained 

within it, using local descriptors [48]. 

     When it comes to image recognition and machine vision, the 

image is represented by features extracted from it. Generally global 

and native features are two approaches for image representation. A 

worldwide feature description defines whole information in the 

image by one multidimensional feature vector. The two images are 

often matched by using feature vectors. The worldwide features 

required all image pixels. While the local feature aims to define the 

image counting on prominent regions that haven't any change to 

intensity or viewpoint. Therefore, the image is represented by 

counting on the local image structures to a group of regions named 

as key points or interest regions. Figure (2.8) illustrates local 

representation and the global representation of the image’s features 

[49] 
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Figure (2.8) (a) Global representation and (b). Local representation 

and of the Image’s Features [49]. 

       The advantages of global features are often faster and 

lightweight, but simpler to quantify and typically need limited 

quantities of memory. Nevertheless, the global representation has 

well-known drawbacks, such as not being invariant to major 

transitions and being susceptible to congestion and occlusion. 

While local features advantage is the superior performance of 

global features [49]. 

        The main local features in the image are: (1) Edge which refers 

to the intensities of pixels changing abruptly, (2) Corner which 

refers to the pixel at the intersection of edges, and (3) Area refers to 

a category of points loosely associated with identical parameters of 

homogeneity [50]. Analyzing the neighbors of the pixel that 

participated by other properties may identify the local picture 

features. Regional features are less influenced by a change in the 

climate, whereas local features cope with e.g., lightning 

modification Spatially connected to a community of pixels.  

Similarly, the area features are the efficiency has been seen to be 

more stable and authoritative to the noise in the image [51]. 
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2.5.1 Histogram Oriented Gradients (HOG) Features Detector 

        In 2005, the use of HOG descriptors is widely used in 

Computer Vision for the purpose of object detection. The HOG 

assumes that the allocation of gradients of strength or edge direction 

will present parts of an object's appearance and structure [52]. HOG 

extraction systems have the following features: 

1. Convert an image of color into one of gray and straighten the 

image.  

2. Calculate the position of the edge gradient or the orientation of 

the cells' histogram pixels by dividing the image into cells (small 

associated areas like 6 * 6 pixels). 

3. Make a block out of many cells (like 3*3) and use all pixel 

histograms as the block's HOG descriptor for the cells throughout 

the block. 

 4. As the HOG feature descriptor, merge all HOG descriptors of 

each block into a vector for the whole graphic [53]. 

2.5.2 Local Binary Pattern (LBP) Features Detector 

 The original LBP operator, suggested by Ojala et al. [54], is 

an efficient texture definition tool. The selector marks the pixels in 

the image by thresholding the ((3x3) neighborhood) of each pixel 

with the center value and taking the output as a binary number. For 

the labels, the histogram would be used as a texture descriptor. 

For the classification of texture, the main objective of the 

Local Binary Pattern was proposed [8]. In terms of detection, the 

success of LBP in robustness under illumination disparities, 

discriminative power, and computational simplicity has made it 
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more useful in computer vision research. Object recognition 

depends on other concepts not only dependent on texture 

classification. LBP features are typically used during the target-

specific object detection phase. Figure (2.9) [55] displays the LBP 

descriptor, in which the center pixel's LBP code is derived by 

contrasting its strength with the intensity of the neighboring pixels. 

The value of the center pixel is a threshold for one pixel in a gray 

image and the eight adjacent pixels are known to be the values 

functioning by the threshold [55]. If the gray amount of the 

neighboring pixel is greater or equal to the center, the value is set to 

one; otherwise, it is set to zero. As seen in equation (2.9), the 

descriptor defines the result as a binary number (binary pattern) 

over the neighborhood [56]: 

 

….(2.9) 

where  corresponds to the middle pixel gray level of a locally 

Neighborhood and  to  gray-levels have pixels similarly spaced 

on Radius ( ) loop [56] LBP invariance or static to monotonic 

gray-scale shifts, low computationally complexity and simple multi-

scale expansion are the key advantages of LBP [55]. 
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Figure (2.9) Original LBP Descriptor [55] 
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2.6 Video Summarization   

The method of creating and providing a meaningful abstract 

view of the entire video in a short amount of time is known as video 

summarization. However, the user might not have enough time to 

observe the whole video [29]. The abstract of a video is described 

as supported by two approaches: a storyboard or static video 

summary and a skimming or dynamic video summary. Dynamic 

video summary also referred to as moving storyboard comes from 

choosing small portions or skims that have audio and frames to get 

a summary of video having a shorter length. On the opposite hand, 

a static video summary, or storyboard is curious about selecting the 

set of frames sharing some features and generate the corresponding 

video summary, which can be a set of still images [51]. 

The aims of video summarization are allowing a fast 

understanding of the video at a brief time by choosing frames or 

segments that have valuable information, and permit navigation 

through the video without getting to know the small print [1]. 

The main process of video summarization is temporal 

segmentation. Temporal segmentation is applied within the initial 

stages of video summarization to detect the shots of the video for 

later analysis [51]. A video is partitioned into segments. A segment 

may be a part of the video surrounded by two timestamps [57]. 

2.6.1 Static Video Summarization 

    As seen in Figure (2.10), static video summaries, keyframe-

based video summarization, still image abstract, or storyboard is 

made up of a set of keyframes taken from the first video [48]. There 

are three various approaches for classifying static summarization: 
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1. Counting on sampling, the keyframe is chosen uniformly or 

randomly without analysis of the content of the video. 

2. Counting on scene segmentation, keyframes are extracted using 

the detection of the scene. 

3. Counting on shot segmentation, the primary and the last image 

are extracted as an attempt keyframe [58]. 

The storyboard mechanism is a popular video summarization 

approximation is that provides a set of selected keyframes. The 

evaluation process proves that static summarization approximation 

capable of providing an informative summary. 

This suggests that the static video summary employs more for 

browsing, indexing, and retrieval. Furthermore, static video 

summaries have one important characteristic that allows the user to 

have a quick and general overview of the video content [51]. 

 

                        

Figure (2.10) Static Video Summarization [48] 
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2.6.2 Dynamic Video Summarization   

  Dynamic summarization creates a video with a short length 

of your time consisting of informative segments extracted from the 

original video. The importance of segments is often evaluated by 

supporting occurred objects, corresponding words, and segment 

architecture [59]. The correspondence or domain-specific 

relationships of all video shots are taken into account when creating 

a complex video abstract from a group of shots. One advantage of a 

video skim over a keyframe package is the ability to merge audio 

and motion components, which will theoretically improve the 

expressiveness of the description and hence the amount of data 

transmitted. A skim is always more fun and fascinating to watch 

than a keyframe slideshow. In contrast to a strict sequential 

organization, keyframe sets are not constrained by scheduling or 

synchronization problems, and therefore have much greater 

flexibility in terms of organization for browsing and navigation 

purposes [5]. 

The most important of dynamic summarization is keeping the 

motion and audio information that is more meaningful for a 

summary. The creation process of the dynamic and static summary 

is various but there's the possibility to convert one into another [51]. 

Dynamic summarization is predicated on audio and frames analysis 

to accomplish reduction temporally (summarized video), 

continuous audio, and continuous video (smooth video) [3]. 

Recently, this sort of summary has been in high demand to observe 

a little version of the video to know its content. Both, static and 

dynamic video summaries are often computed independently of the 
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genre of the video. However, some methods base their analysis on 

the sort of video and that they try to summarize. 

During a generic video, the motion might not represent 

crucial information because it's going to belong to an irrelevant and 

isolated event. Generally, video summarization techniques 

supported visual features are extracted from frames of video. 

Features of frames describe images locally or globally. Figure 

(2.11) [51] shows a summary of dynamic video summarization. 
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Figure (2.11) Dynamic Video Summarization [51] 
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Chapter Three 

The Proposed System 
 

3.1 Introduction 
 

Surveillance video summarization and identification of vehicle 

registration plates are the core of this work. Therefore, this chapter 

presents the proposed system which clarifies the main steps: 

creating local surveillance video, preprocessing the original video, 

identify vehicle registration plates, and obtaining the summarization 

video.  

Section  (3.2) describes the general block diagram of the 

proposed system, while the detailed description is given in section 

(3.3).  

3.2 Creating Surveillance Camera Video 

 The video that was used in this system was recorded locally 

by the researcher in one of the private garages in Diyala-city (Iraq). 

A surveillance camera has been installed to monitor the vehicles 

entering the garage gate. The details of the recorded video are 

described in the next chapter.   

3.3 The Proposed System 

This proposed system is suggested to abstract a surveillance 

video. This summarization depends on the license plate detection. 

This process goes through several stages, in each stage, a set of 

steps are applied. In the beginning, the system is trained to obtain 

the best parameters through which the best results are obtained. 

These parameters are used and applied to the tested video. These 

steps can be observed in Figure (3.1). 
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Figure (3.1) Block Diagram of The Proposed Video Summarization 

System 
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3.3.1 Training Phase  

The training stage consists of three main steps: video 

processing, Viola-Jones algorithm for object detection, and SVM 

for optimization.  

 

3.3.1.1 Video Preprocessing  

Video preprocessing can be described by loading the 

previously recorded video and converts it into a series of connected 

and sequential images which are called frames. After that, labeling 

is applied to determine the required area of the image using the 

video labeler app In MATLAB. This step can be illustrated in 

Figure (3.2). 

 
 

Figure (3.2) Block Diagram of Video Preprocessing 

 

A. Loading Video 

 The first step in video preprocessing is loading the recorded 

video by specifying its path, wherever it is stored. 
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B. Video Framing 

The second step in video preprocessing is the segmentation 

of the recorded video into frames. Then the recorded video is 

converted to a set of sequential frames as shown in formula (3.1). 

V = [f1,  f2,  f3,  f4,  f5……………………………..fN]  ........ 

(3.1) 

where V is the recorded video and f1.....fN represents the 

segmented frames.  

Algorithm (3.1) describes the process of video framing.  

Algorithm (3.1): Video Framing 

Input: Recorded Video 

Output: Frames of Video 

Begin  

Step1: get video information //header. 

Step2: TotalFramesvideoDuration * FrameRate. 

Step 3: Specify the directory for saving frames Dir. 

Step 4: n1  

Step 5: while (n < TotalFrames) 

                Frame ReadFrame(video(n)) 

writeFrame(Frame) 

                  n n+1 

              end while 

end. 

 

C. Video Labeling 

 Video labeler program is used to interactively label ground-

truth data in a group of photographs, or sequences of pictures. Item 

detection and image classification scenes can be designated by 

rectangular regions of interest (ROIs). The software also offers 

computer vision algorithms to automate the labeling of ground truth 

data for use with recognition and tracking algorithms. So, the third 

step of video preprocessing is the process of labeling the car plate 

from training frames manually. This process is done by putting a 
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label on the car plate of the extracted frame from the video 

manually. This process can be illustrated in the algorithm (3.2). In 

this process, the dimensions of the plate are stored, the path of these 

frames and considered as “positive frames that will be described in 

the next step”. These labeled regions from the upper point to the 

lower point of the label enter the Viola-Jones. Then these 

dimensions of this region (car plate) are stored in a specific table 

that is retrieved in the Viola-Jones training process. So, the Viola-

Jones extract the features of labeled regions. The frames that did not 

contain a car (by human check), it was left without placing any 

label on them so, it is considered “negative frames”.  Table (3.1) 

below show how the dimensions store for positive and negative 

frames. 

 

Table(3.1) Images Labeling Process 

Frames Index Car Plate Coordination Type of Frames 

125 [] Negative 

126 [] Negative 

127 [714,357,76,39] Positive 

128 [713,352,73,38] Positive 
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Algorithm (3.2): Video Labeling 

Input: Frames of the video 

Output: Video Labeling Table 

Begin  

Step1: for each Frame in frames extracted from the training video. 

If Frame has a plate (by human check). 

Assign location of car plate using video labeler program 

                Point 1  coordinate of the upper left 

                Point 2  coordinate of lower right 

                Rectangle  Rectangle (Point1, Point 2)// Region  

                Assign VideoLabelingTabel.name FrameName 

               Assign VideoLabelingTabel.Rec Rectangle 

             Else 

                Assign VideoLabelingTable.name FrameName 

                Assign VideoLabelingTabel.Rec null // without 

demotions 

             Endif  

         End for 

Step2: Return VideoLabelingTabel 

End  

 

3.3.1.2 Training Viola-Jones Algorithm 

The Viola-Jones algorithm is described in section (2.4). 

When the video preprocessing is finished, the system goes to the 

object detection step (car plate detection). In this step, the Viola-

Jones algorithm is used to train the machine to find the best 

parameters for car plate detection. By input, the positive samples 

and negative images that were achieved through the labeling 

process these samples were used for the training process only and 

the parameters the output was an XML file contain the training 

data. The idea of this algorithm is shown in Figure (3.3). 
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Figure (3.3) Block Diagram for the Idea of Viola-Jones algorithm 

 

A. Positive Frames 

According to the Viola-Jones algorithm for object detection 

that was described in section (2.4), positive frames represent the 

frames for which a label was made, in another word it was the 

frames that contain a car, and a label was set for the plate on this 

frame. The coordinates of the car plate are loaded and stored in a 

table (called the “VideoLabelingTable” as a positive instance or 

positive example). The positive instance is a table with two 

columns the first one is in the name of frames, while the second one 

is in the coordinates of the labeled plates in frames and stored as [x, 

y, width, height] boundaries of the box that specifies an object 

location.  
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B. Negative Frame  

These frames are the frames that do not contain label which 

is retrieved during the process of training. Both negative and 

positive frames are used with the Viola-Jones algorithm in order to 

learn the proposed system for differentiating between frames that 

contain a car plate from the ones that do not contain it. 

 

C. Viola-Jones Algorithm Parameters 

Both positive and negative frames (instances) from the video 

labeling table are used in the training stage. Viola-Jones with the 

training stage uses a real-valued scalar to specify the number of 

negative instances which is used to the number of positive instances 

in this thesis was multiple.  

The proposed system is trained with different parameters such as:  

Num Cascade stages: this parameter detects a number of 

stages. Note that an increase in the number of stages takes more to 

detect accurately, a long time, and more training frames.  

False-Alarm-Rate: this value must be greater than 0 and less than or 

equal to 1. When this value is decreased the result has less false 

detection but long training and detection time. 

Features Type: This parameter gives the type of features. Note that 

the type of feature which is used in the proposed system is HOG 

(described in section (2.5.1)). The HOG features were used to find 

the features of the labeled images. The result of the training process 

with different parameters is stored as a (.xml) file.  
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D. Car Plate Detection 

 To evaluate the performance of Viola-Jones (test Viola-

Jones) can test its performance on a specific number of frames use a 

group of frames to implement the car plate detection process using 

the best parameters achieved through the previous steps. The stored 

training data must be loaded from the (.xml). Then, several frames 

were loaded. So, when these training data are applied to the frames, 

then the detector (it was a cascade Detector to detect the regions 

that the Viola-Jones detect as Car Plate so, in this system appear a 

yellow rectangle shape appear on the frame when the Viola-Jones 

detect a car regardless of its correct detect or not described in the 

algorithm (3.3)) detects that this frame has a car and detects its 

plate. After applying this process to all frames, the results of this 

step are saved in a specific folder then can observe the performance 

of the algorithm. Not all operations of car plate detection are 

correct. The ratio of error depends on the value of the parameters 

that are applied to the frames in the training process.  

E. Car Plate Cropping 

   The cropping process must be taken into consideration as the 

last step in the Viola-Jones algorithm. Image cropping is the 

process of enhancing a picture or image by eliminating unwanted 

parts. After the plate of numbers was identified in step (D), the 

system goes to the cropping step which is extracting the places that 

were identified by step (D) and saving the cropped images in a 

specific file. The proposed system cuts identified regions regardless 

of whether the detection was correct or not. The Viola-Jones 

algorithm is implemented as in the Algorithm (3.3). 
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Algorithm (3.3): Viola-Jones Algorithm 

Input: VideoLebelingTable 

Output: Training Data (*train.xml) file 

 Begin 

Step 1: specify the no. positive samples (Video Labeling Table). 

Step 2: specify the no. negative frames  (Video Labeling Table). 

Step 3: specify the optional parameters of the Viola-Jones 

Algorithm. 

FalseAlarmRate//default 0.5 

NumCascadeStages // default 20  

NegativeSamplesFactor // Scale factor of negative frames default 

=2 

Step 4: n=0 

 For each frame in positive sample get Rectangle and crop 

specified car plate regions  

           n=n+1 

PosFeature(n) Extract HOG feature (CarPlate) 

         End for 

Step 5: using Scale factor and negative frames to crop the negative 

frame to produce negative samples datastore 

Step 6: for each negative sample in the datastore  

NegFeatureExtractHOGfeatures (negative samples) 

End for 

Step 7: apply the Viola-Jones Algorithm using   PosFeatures, 

NegFeatures, and optional parameters that specifying in step 3. 

Step 8: return the training parameters in the (“train.xml”) file that 

contained 

end   

The size of cropped regions has different sizes, so the size of all cropped 

images is become with the same size by using a process called resizing.   

 

3.3.1.3 Optimization Step 

Depending on section (2.3), this step consists of several 

subsets as described in the following subsections.  

A. SVM Algorithm 

 This algorithm was described in Section (2.3.1) which was 

used to enhance the performance of Viol-Jones. The first step in the 

SVM algorithm is to train the algorithm to classify the cropped car 
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plate from the error cropped that archived from Viola-Jones by 

using positive and negative cropped and resized images. This is 

done by loading the file that contains cropped car plate images. 

Two files are used to train the SVM classifier, one of them contains 

the correct cropped images while the other contains the error 

cropped images. Then, after converting these images to grayscale, 

features of all images are extracted using LBP which is described in 

Section (2.5.2). SVM creates a set of feature vectors, each vector is 

related to a specific image. The class is assigned to value (1) if car 

plates exist, otherwise, the class is assigned to value (2). Using the 

RBF as a kernel function is described in Subsection (2.3.1) 

(Equation (2.4)). The SVM training algorithm is described in 

Algorithm (3.4). which used to enhance the performance of Viol-

Jones. 

 

Algorithm (3.4): SVM Algorithm in Training mode  

Input: Cropped Positive and Negative Examples  

Output: SVM Training model 

Begin 

Step 1: Read all positive and negative example images. 

Step 2: Convert all example images to grayscale images. 

Step 3: Extract Local Binary features from all cropped images using 

equation (2.9). 

Step 4: Randomize records of features. 

Step 5: Select kernel function (RBF) using equation (2.4). 

Step 6: Find SVM parameters of the training model using equation (2.1). 

end  
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Algorithm (3.4) is used to build the SVM model by finding the 

parameters by training the algorithm with a lot of images. Note that 

randomization of feature records is used to learn the SVM 

algorithm for the classification with different patterns. However, 

Algorithm (3.5) represents the SVM algorithm in testing mode.  

 

Algorithm (3.5): SVM Algorithm in Testing Mode 

Input: SVM Training Model, Cropped Tested Car Plate images 

Output: Classified Images 

Begin 

Step 1: Read all cropped tested images. 

Step 2: For each test image, the image converts color image to gray 

image. 

                       Extract Local Binary Features using equation (2.9). 

             End for 

Step 3: For each cropped feature classify the feature using the training 

SVM algorithm (algorithm (3.4)). 

                      If the classifying result is a car plate 

                          Move the image to a new directory 

                       Else  

                      They don’t move the images 

                     End if 

End for 

Step 4: Return all classified image (Directory) 

end  
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The input for the algorithm (3.5) was a cropped image obtained 

from the Viola-Jones algorithm that which can be car plate or not.  

Optimization of the proposed system is used to optimize the dataset 

by removing all the false cropped images to enhance the 

performance of the proposed summarization system.  

B. Detect Best Training Parameters 

Throughout the training process for both the Viola-Jones and 

the SVM algorithm   the best parameters chosen for this work were: 

Viola-Jones: False-AlarmRate which was used with value 0.001, 

The NumCascade stage that was used in this algorithm was 5 

stages, and the FeaturesType was HOG. In the Viola-Jones 

algorithm that was explained in Section (3.3.1.2) Algorithm (3.3), 

there were different parameters was found but in this work the 

suitable only that showed above. 

For the SVM algorithm the best parameters were: Kernel-Scale 

after train multiple times the best result was 0.09 and the Outlier-

Fraction parameter with a value equal to 0.01 only these parameters 

were chosen because they get the best result in the manner of 

images classification. 

 

3.3.2 Testing Phase to View all Cars or identified car in Video 

The testing stage includes the achievement of two objectives: 

first, obtaining the summary surveillance video of all the cars that 

appear on the tested video. Second, identification of a specific car 

plate number to summarize the video, based upon it. 

   

3.3.2.1 Obtaining Summarization Video 

The block diagram of the video summarization stage is 

shown in Figure (3.4). The same stages from training were 
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implemented on the test video but eliminating steps that related to 

the training only. Grouping mean classifying the cars into groups 

depending on the threshold specified by experience, resizing 

convert the cropped images to fixed-size these items explained next.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (3.4) The Proposed Video Summarization Block Diagram 

 

The block diagram of the proposed video summarization is shown 

in Figure (3.4). In this figure, the loading and the framing process 

were explained as described in Subsection (3.3.1.1.A and B). Car 

plate image detection and cropping processes are using the Viola-
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Jones algorithm that was described in Subsection (3.3.1.2), and the 

other steps are described in the following subsections. 

 

A.  Car Plate Cropping 

Image cropping is the act of improving a photo or image by 

removing unnecessary parts. As described previously in Subsection 

(3.3.1.2) the output was a cropped image these cropping goes 

through resizing and the optimization steps that were described in 

Subsection (3.3.1.3) using the SVM algorithm. So, the final shape 

of these images becomes images that have car plates only of the 

same size.  

 

B. Car Plate Resizing 

Resizing an image means changing the width and height of 

this image. Therefore, the cropped images are resized to fixed size 

by changing the dimensions of the same values. This process is 

done to avoid a lot of problems in the feature extraction, 

optimization process, and summarization. After resizing these 

images, it must enter the optimization stage to remove the images 

that were not car plates. 

 

C. Car Plate Grouping 

The inputs of this step are the cropped images after resizing 

and optimizing them. Its output is a set of groups as much as the 

number of cars observed in the video. The grouping process was 

done as shown in Figure (3.5) depends on the gaps between each 

car plate index and the next, specified threshold (this threshold 

detect by experiment) that separate each cropped car plate from 

another. The length of each group differs from one to another 
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depends on the number of detections implemented on this car plate, 

for example, one car plate in the plate detection and cropping 

process has 100 detections and cropping while another car has only 

50 detections and cropping related to it. The original sequence of 

each frame has been preserved even through the cropping process 

and the path preserved. This step was very important for the 

summarization and detection process. 

 

Figure (3.5) Car Plate Grouping Process 

 

D.  Summarization Step 

The summarization step is taking place after the grouping 

step, by putting different groups in one group. This is done by 

reading the first index for the first group, and when the number of 

images in this group ends, the images in the next group are added. 

This process is continued for all groups to create only one group. 

The original frames (that are related to each cropped car plate) are 
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retrieved and displayed one after another to create a new video with 

required events. 

 

3.3.2.2 Identification of Car Plate Number to Summarization 

This work takes another manner in the same field as the 

proposed system. In this manner, a search is made for a specific car 

and its plate number is revealed. This proposed part can give a 

summarization of the video for a specific car.      

This stage of the proposed system was very related to all 

previous stages (preprocess, Viola-Jones, Optimization, and 

summarization). The only difference is in the summarization stage 

through which the proposed block diagram is modified to be as 

shown in Figure (3.6). In this work, the dataset of plate numbers is 

saved previously these numbers act as a label to the car plate image, 

so the user can use this sample to search for the required car. 
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As shown in Figure (3.6) that the same beginning steps in obtaining 

summarization video (in Section (3.3.2.1)) are used with an 

identification of a car plate number, therefore no need to repeat 

these steps and only different steps will be explained. 

 

A. Detect Plate (Test) 

  After the process of cropped image optimization is 

completed, a sample image of each car plate was saved in a specific 

directory and create a list (numbers) as a label, specific label for 

specific car plate for search and retrieve the plate sample purpose. 

Therefore, when the user requests a car plate number, the system 

brings the related sample from this directory and edits a message 

that this car plate is found. If the requested car plate number doesn’t 

find, then a message is sent that the car plate is not found; else the 

system executes the next steps. 

 

B. Feature Extraction  

As described in Section (2.5), HOG features are used to 

extract features of found car plate image (from A step). Then, these 

features are compared with feature vectors of all frames in each 

class, to specify the class using the PNN algorithm.   

 

C. PNN Classification 

 PNN algorithm that was described in Section (2.3.2) is used 

to find the class of the required car plate (test). PNN algorithm is 

clarified in Algorithm (3.6). 
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Algorithm (3.6): PNN Algorithm 

Input: Car Plate Features (Test Car Plate) 

Output: The Class 

Begin 

Step 1: Specify the gap threshold 

Step 2: Class label 1 

Step 3: For each car, plate assign a class label if less than gap // 

index otherwise class label  classlabel+1 

            End for 

Step 4: For each class label  

             Extract HOG features  

             end for 

step 5: For i1 to the class label  

             using Gaussian equation (2.5)   find the distance(i) of car 

plate  

           end for 

step 6: use Max distance to assign group label (class) 

 

In Algorithm (3.6) Gaussian distance is used to find the 

distance between the tested car plate image and all car plate images 

in classes obtained in (3.3.2.1.C). Note: each car plate has a lot of 

detection and a lot of cropped car plates because of the object 

tracking process. The Viola-Jones detect and cropped car plate from 

each frame contained. Figure (3.7) shows the process of finding the 

class of the tested car plate. The difference in length between each 

group depends on the number of images related to this car plate, for 

example, Group1 Feature Vectors start from (Fv1…., FvN) which 

means the first group of class 1 contains N related cropped car 

plates. 
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Figure (3.7) The Process of Finding the Class of Tested Frame 

 

D. Viewing Related Frames (Summarization) 

After the process of classifying and extracting the features of 

the test car plat image, the system displays the original frames of 

the class to which the test image belongs. The summarization 

process can be shown in Algorithm (3.7), and Figure (3.8) shows 

the summarization process after detecting the required car plate.  

 

 

 

 



  Chapter Three                                                                      The Proposed System 

 

55 

 

Algorithm (3.7): Summarization 

Input: Group Label (Class Label) 

Output:  The Related Frames (Summarization) 

Begin 

Step 1: Assign minimum value and maximum value in frame 

number in group label. // the beginning index and the end of the 

class or group. 

Step 2: Assign StartFram minmum-50 

            Assign EndFrame maxmum+50 // the no 50 was 

optional for what you want to view before the car plate appears 

and disappears. 

Step 3: n  0 

Step 4: for iStartFram to EndFrame 

                  n  n+1  

SumFrame(n)  videoframe(i)  

               Write SumFrame(n) in Video // Original frames 

              End for 

Step 5: Return summarized video 

end  
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Figure (3.8) Summarization after Detect Car Plate  

 

The query number was just label to the car plate image(sample) to 

bring it to the system then compare its features with the groups. 
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Chapter Four 

Results and Tests 
4.1 Introduction 
 Experimental results are the basis of any work because they 

reflect the success or failure of the proposed model. Therefore, the 

results of the proposed model are presented in this chapter. Dataset 

collection and analysis are given in Section (4.2). The results of the 

proposed model are presented in Section (4.3). Tests are given in 

Section (4.4). 

 

4.2 Dataset Collection  

 MATLAB (Version 2019) programming language is used for 

implementing the proposed system. The proposed experiments were 

implemented using a laptop with (Intel Core i5, 8th Gen, 64-

Windows 10 Pro Operating system, 8-GB RAM, and 1.80 GHz 

Processor). The dataset of this work was collected and recorded 

locally by the researcher in one of the private garages in (Iraq\ 

Diyala) with different places for different vehicles. This dataset 

contains three videos each of which with a different long time. One 

of these videos was used in the testing process and the others for the 

training process. 

The angle of recording did not exceed 45o. The weather 

conditions for this dataset were sunny days. The type of camera that 

was used in this work is Canon D2000 as shown in Figure (4.1).  
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Figure (4.1) Canon Camera D2000 

 

The camera was fixed on a stand and the objects or car move in 

front of it. The distance between the camera and car was not 

exceeding (4 m). The car was moving to enter the garage to 

recorded the video. The videos that were collected can be illustrated 

in Table (4.1). The type of car plate that was used in this work is a 

new version, not an old version as shown in Figure (4.2). 

 

 

                                       

old types of the Iraqi License Plate 

 

                                                  

New types of Iraqi License Plate 

Figure (4.2) Types of Car Plate in Iraq 
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Table (4.1) Videos of Local Dataset  

Video Time 

Video 1 3.06 minute 

Video 2 12.44 minute 

Video 3 4 minutes 

 

In Table (4.1), videos (1 and 2) are used for training, while video 

(3) is used for testing (The frame rate was 30 frames per second).  

In other words, the total time of recorded videos is (19.5 minutes), 

(15.5 minutes) for training, and (4 minutes) for testing. This thesis 

experimentally selects (79.5%) for training and (20.5%) for testing. 

4.3 Results of The Proposed System 

 The results of each step in the proposed approach are described in this 

section.  

4.3.1 Results of Training Phase 

 The results of this Phase are clarified in the following subsections.  

4.3.1.1 Results of Video Preprocessing 

 The results of video preprocessing can be divided into three steps:  

A. Loading Video 

As described in Subsection (3.3.1.1) the primary step was loading the 

recorded video. In the training phase: video 1 and video 2 (in Table 4.1) are 

loaded. 

B. Results of Framing Step 

The framing step is described in Subsection (3.3.1.1.B). The 

output of this step is (23570) frames, as the sample is shown in 

Figure (4.3). 
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Figure (4.3) Sample of the Sequences Frames 

 

Table (4.2) shows the number of frames for each video after applying the 

framing process.  

Table (4.2) Number of Frames 

Video Time No. frame Stage 

Video 1 and 2 15.5 minute 23570 Training 

Video 3 4 minutes 7077 Testing  

 

C. Results of Frame Labeling in Training Mode 

 This step is used to put a label in the frame that has a car 

using a video labeler in MATLAB programing language. The label 

is shown as a yellow rectangle surrounded by the car plate. The 

label is saved as a table that contains: the start points of the label, 

the width and the height of the rectangle, and the path of the frame 

to retrieve this labeled for the Viola-Jones training process. Figure 

(4.4) illustrates the frame after labeling from the video. 

 

 

 

 

 

 

 

Training Video 
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Figure (4.4) Frames After Labeling  

At the final of this step, the result was a table that contains a 

dimension of 700 frames that can be used as a positive sample from 

23570 wherefrom video 30 frames extracted per second, while the 

other frames are without. Table (4.3) shows a sample of the 

dimensions of the labeled car plate. While Table (4.4) shows 

negative frames.  

Table (4.3) Dimensions of Car Plate 

Frame   

Index 

Car plate Coordinates 

123 [711,348,74,38] 

124 [713,352,73,38] 

125 [714,355,72,38] 

126 [714,357,74,38] 

127 [714,357,76,39] 

128 [714,358,76,41] 
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Table (4.4) Negative frames 

Frames Index Car Plate Coordination 

117 [] 

118 [] 

119 [] 

120 [] 

121 [] 

122 

…. 

[] 

….. 

4.3.1.2 Results of Training Viola-Jones algorithm  

 The first result of implementing the Viol-Jones algorithm 

was to separate the frames into positive and negative frames. Then, 

training the system to detect the car plate in each frame. 

A. Positive frame  

 Table (4.3) shows a sample of dimensions of labeled frames. 

The path of these frames was the same. The number of positive 

frames used was 700 frames as a positive sample (only the labeled 

region was entered to the Viola-Jones) from 23570 training frames. 

Figure (4.5) below shows the positive frames: 

 

Figure (4.5) Positive Frames 

 

B. Negative Frames  

 Negative frames are the frames that are other than positive 

frames which no label on them. No dimensions are stored in 
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negative frames (because these frames are without labels). So, the 

system stores a negative frame as an example shown in Table (4.4). 

Figure (4.6) shows the negative frames. The Viola-Jones 

automatically cut from these frames samples these samples equal in 

their dimensions the dimensions of labeled car plate. 

 

      

     
 

Figure (4.6) Negative Frames 

 

C. Results of Viola-Jones Algorithm  

The training process is used to learn the algorithm to detect 

the car plate to increase the performance of the machine with 

different parameters (NumCascade stage, FalseAlarmRate, 

FeaturesType, and the number of frames). The NumCascade stage 

that was used in this algorithm was 5 stages, the FalseAlarmRate 

value was 0.001, the FeaturesType was HOG, while the number of 

positive frames that were used was 700 frames when the number of 

negative frames was multiple or large the positive was 1400 the 

negative frames were multiple by the experimental in the other 

word in cascade parameter (and other parameters) to increase the 

number of stages needs to increase the number of images. For each 

stage the number of the positive images differs from the number of 

negative images: the largest number of stages in this training is (7) 

the positive images are (700) if the negative number took less or 

equal to positive images. The training process stops and gives an 

error because the training process needs more negative images as 
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shown in Figure (4.7). The results of the training of the system with 

the Viola-Jones are shown in Table (4.5). The system is trained (22) 

times, using a lot of different values for Cascade Stage Number, 

False AlarmRate, and Number of Frames. These trains are also used 

in the cropping car plate (the crop may be the right crop or false 

depending on these training parameters).  

 

 

 

Figure (4.7) MATLAB Error 

 

The error detection means the samples that detect as a car plate but 

it’s not. The False Alarm Rate represents the False Positive detected 

its value from (0-1). Increased the number of false alarm rate 

caused increased the error detection so this parameter used with 

num cascade stage to balance the results until achieving the best 

result that can show in the table (4.5) below.  
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Table (4.5) Results of Voila Jones Training  

Iteration. 
No. 

Frames 

False -Alarm 

Rate 

Num. 

Cascade 
Time in Sec. 

Error 

Detection 

1 400 0.05 4 2722.532464 112 

2 400 0.05 5 7880.164808 6 

3 400 0.06 3 1804.578295 1989 

4 400 0.06 4 1991.686512 398 

5 400 0.06 5 7172.661370 25 

6 400 0.06 6 1536.847117 12 

7 500 0.05 3 1082.247122 1992 

8 500 0.05 4 2688.876189 712 

9 500 0.05 5 7012.879508 18 

10 500 0.05 6 8439.22400 31 

11 600 0.06 3 964.786483 2251 

12 600 0.06 4 2098.932901 323 

13 600 0.06 5 7308.44572 50 

14 600 0.06 6 8442.891940 20 

15 700 0.001 5 2687.382993 11 

16 700 0.05 3 1565.668118 515 

17 700 0.05 4 5034.848843 86 

18 700 0.06 3 1018.144439 2232 

19 700 0.06 4 5246.680196 96 

20 700 0.06 5 9409.753109 16 

21 700 0.06 6 9621.402438 33 

22 700 0.06 7 9856.532979 14 

The time of the training process may reach (2.74 Hours) because of 

the increased number of cascade stages, this leads to a large number 

of frames each with size (1920*1088) pixel.  
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D. Results of Car Plate Detection  

 The result of car plate detection was described in Section 

(3.3.1.2.D). Detective areas are represented by yellow rectangles as 

shown in Figure (4.8). This figure shows false and correct 

detections (depending on raining parameters). The previous Table 

(4.5) shows the error detection rate in each training process. Figure 

(4.9) shows the correct detection only. 

 

Figure (4.8) Examples of Car Plate Detections with Different Training 

Values 

The Viola-Jones used for object detection and tracking process in 

other word detect the plate and cropped the region in every 

sequence frames. 
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Dimensions      [75,39]                [99,49]           [70,36]          [85, 42]             [75, 39] 

 

Figure (4.9) Example of Correct Detection 

 

E. Results of Car Plate Cropping  

 The higher error rate in detection car plates causes a great 

error occurrence in the cropping process as shown in Figure (4.10).  

 

 

 

 

 

Figure (4.10) Cropping with training Iteration (15) 

The cropped regions are of different sizes, so these regions 

are converted to a fixed size as clarified in Figure (4.11). In this 

system, the size of crop images is converted to a size (300*600) 

pixel.  
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Figure (4.11) Resizing the Cropped Regions 

The dataset is created by this process as shown in Figure (4.12). 

The number of images in this dataset equals the number of 

detections that appear in each frame. Some frames may have more 

than one, for example in Figure (4.10) the frame has five detections 

these detections are cropped and inserted into the dataset that added 

a lot of errors to the dataset. For that purpose, the system must train 

more than one time to find the parameters that lead to minimum 

error detection. 

 

Figure (4.12) Results of Cropping Process 

Table (4.6) represents the percentage error of crop detected images 

with different detection parameter values. If notes the car plates 

cropped more than one time because the tracking process when 

Viola-Jones find the car plate crop it. 

 

70, 36 pixels 

300, 600 pixels 



  Chapter Four                                                                    Results and Tests 

 

 

69 

 

 

Table (4.6) The Error Cropping Percentage and accuracy 

 

 

Iter. No. 

Fram

es 

FalseAlar

m Rate 

No. 

Casca

de 

Time in Sec. 

Error 

Detection 

Error 

Cropping % 

Accuracy 

 % 

1 400 0.05 4 2722.532464 112 33.9 % 66.1% 

2 400 0.05 5 7880.164808 6 3.5 % 96.5% 

3 400 0.06 3 1804.578295 1989 88.6 % 11.4% 

4 400 0.06 4 1991.686512 398 61.1 % 38.9% 

5 400 0.06 5 7172.661370 25 13.5% 86.5% 

6 400 0.06 6 1536.847117 12 4.9% 95.1% 

7 500 0.05 3 1082.247122 1992 90% 10% 

8 500 0.05 4 2688.876189 712 78.9% 21.1% 

9 500 0.05 5 7012.879508 18 7% 93% 

10 500 0.05 6 8439.22400 31 11% 89% 

11 600 0.06 3 964.786483 2251 96% 4% 

12 600 0.06 4 2098.932901 323 44.6% 55.4% 

13 600 0.06 5 7308.44572 50 25% 75% 

14 600 0.06 6 8442.891940 20 81% 19% 

15 700 0.001 5 2687.382993 11 3% 97% 

16 700 0.05 3 1565.668118 515 50.9% 49.1% 

17 700 0.05 4 5034.848843 86 20.1% 79.9% 

18 700 0.06 3 1018.144439 2232 96.4% 3.6% 

19 700 0.06 4 5246.680196 96 21.4% 78.6% 

20 700 0.06 5 9409.753109 16 6.5% 93.5% 

21 700 0.06 6 9621.402438 33 9.8% 90.2% 

22 700 0.06 7 9856.532979 14 4.7% 95.3% 
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error cropping images to all images (true and false cropping’s) by 

100%. For example, in the 1st iteration when the number of frames 

is (400), False-Alarm-Rate (0.05), and the number of Cascade 

stages (4), the result of cropping from these frames is (330) cropped 

images. From these crops (112) are error cropping (not car plate) so 

the percentage of error: 

Percentage Error= (No. Error Cropping / No. All Crops) *100%   ..... (3.1) 

Therefore: 

Percentage Error= (122 / 330) * 100% = 33.9%  

Accuracy = 1- percentage error    .... (3.2) 

Then: 

Accuracy = 1- 0.339 = 0.661 = 66.1%. 

4.3.1.3 Results of Optimization Stage  

 The results of this stage are described as the results of the 

SVM algorithm. SVM is used to enhance the performance of Viol-

Jones by classifying the cropped regions if it's a car plate or not. 

The cropped images are the input for the training SVM algorithm as 

described in Section (3.3.1.3). The number of images that were used 

to train and test the SVM was 620 cropped images 70% of images 

were used for training and 30% images for testing. These images 

were a collection of a number of cropped positive images is used, as 

shown in Figure (4.13) and the number of cropped negative images 

used was as shown in Figure (4.14). 
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          …. 

         …. 

         …. 

        …. 

        …. 

Figure (4.13) Positive Cropped Images 

 

     …. 

     …. 

     …. 

     …. 

 

Figure (4.14) Negative Cropped Images 

In training, mode SVM reads cropped positive and negative car 

plate images that are shown in Figure (4.13) and figure (4.14). LBP 

features are extracted for each positive image and negative as 

shown in Figure (4.15), show the features vector for car plate image 

note that the features vector for each image has (1*59) features. 
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Figure(4.15) Extracted LBP Features for one of Positive Car plate 

Image 

 

When the features of all the (225) positive car plate images are 

extracted, then SVM reads cropped negative images that are shown 

in Figure (4.14). LBP features are extracted for each negative image 

as shown in Figure (4.16), note that the feature vector for each 

image has (1*59) features. 
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Figure (4.16) Extracted LBP Features of Negative Image 

 

The X-axis represents the number of values (features) contained in 

each vector from the LBP feature while the Y-axis represents the 

frequency of each value in the vector as shown in the two figures 

above each vector has 59 values. Table (4.7) shows training the 

SVM with different Kernel-Scale and Outlier-Fraction values, while 

the optimization process is shown in Figure (4.17). 
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Figure (4.17) Optimization of Cropped Car Plate images 

 

Table(4.7) SVM Training with different Parameters Values 

Iteration KernelScale OutlierFraction To-From Bais Alpha Accuracy 

1 0.1 0.5 280-344 -0.3046 75*1 98.9% 

2 0.9 0.9 264-344 -0.0091 78*1 93% 

3 0.09 0.01 282-344 -0.3347 78*1 99.6% 

4 0.18 0.015 278-344 -0.1284 54*1 98% 

5 0.28 0.025 255-344 -0.0792 45*1 90% 

 

344 images, only 283 images were car plate the other was not this 

table shows the performance of the SVM with different values of 

parameters.  
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4.3.2 Results of Testing Phase View all Cars or Identified car in Video 

 The results of the test phase in this work take two aspects: the 

first is to obtain a summary surveillance video by finding all cars 

shown in the surveillance video.  The second is to obtain a 

summary by identified the car plate number.  

4.3.2.1 Results of Obtaining Summarization Video  

In this work, test video with (4) minutes long. The results of 

the framing process are (7077) frames. The Viola-Jones 

implemented on these frames for car plate detection. 

A. Results of Car Plate Cropping 

The results of car plate cropping after using the Viola-Jones 

algorithm (Algorithm (3.3)) is (344 images) using the best 

parameters.  

B. Results of Car Plate Resizing 

The cropped images come in different sizes, in which they 

converted to fixed-size with dimensions (300*600) as shown in 

Figure (4.11). 

C. Results of Optimizing Cropped Car Plate Images 

From is (344) cropped images, (283) are correct cropped car 

plate images, while (61) are false cropped images, this process is 

done using the SVM algorithm in testing mode (algorithm (3.5)) 

with the best parameter as described in Table (4.7) (iteration 3). 

 

D. Results of Car Plate Image Grouping 

 As described in Subsection (3.3.2.1.C), the result of this 

process was (5) groups each group represent a specific car and each 

group has a different number of car plate images. The grouping 

process is shown in Figure (4.18). 
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Figure(4.18) Grouping Process 

 

D. Results of Summarization Step 

The result of the summarization step was a video with 35 

seconds and 1260 frames while the original test video was with 4-

minutes or 240 seconds and 7077 frames. Figure (4.19) shows 

images of cars from summarized video frames. So the informative 

frames display as a short video contain only 17 % of the original 

video.  
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Figure (4.19) Image from Summarized Video 

 

4.3.2.2 Results of Identification of Car Plate Number to Summarization  

 Results of this part are described in the following steps. 

 

A. Results of Detecting Test Car Plate  

In this work, there are (5) car numbers in the dataset. The 

system searches for the car plate number in the dataset as shown in 

Figure (4.20). If the car plate number is found, the system brings a 

sample of this car plate with the founded number. 
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Figure (4.20) Identification of Car Plate Number 

 

B. Results of Features Extraction Process  

 Depending on the grouping process, each class feature vector 

is calculated. For example, the feature vector for class number (1) 

was (234*95904) (row*column). Row: represents the number of 

cropped frames belong to class1. Column: represent the number of 

features extracted from each cropped frame (HOG). Figure (4.21) 

shows the graphical representation of features of the frame (234) 

which belongs to a class (1). Figure (4.22) represents a graphical 

representation of features for (235) which belongs to a class (2).  
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Figure (4.21) Graphical Representation of Features for Frame 234 

 

In Figure(4.21) the above Y-axis represents the frequency of the 

feature while the X-axis represents the bin of features. As described 

above the HOG feature vector contain (95904) value to plot the 

Figures(4.21) and (4.22) used only (200) value as the X-axis. 
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Figure (4.22) Graphical Representation of  HOG Features for Frame 

235  

 

Frames (234 and 235) belong to two different classes. These two 

figures show completely the difference between these two classes, 

this will be applied to the rest of the frames belonging to different 

classes. Figure (4.23) shows the graphical representation of HOG 

features for the detected car plate number (A84118 Diyala) which 

was selected in Figure(4.20) for the classification process. 
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Figure(4.23) Graphical Representation of Detected Car Plate HOG 

Features Vector 

C. Results of PNN Classification  

PNN classification is described in Algorithm (3.4). Figure 

(4.24) takes the car plate number (57127) as an example of a test 

car plate and shows its PNN feature vectors. 
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  Test Number                   path 

 

 

0.028174050 0.035840843 0.079960182 0.24472429 0.34963021 0.12475039 .. 

 

  Feature vector 

 

 

 

 

 

Figure (4.24) Process of PNN Classification to Tested Car Plate 

(A57127)  

 

To compute the relation between every frame in the class(i) 

and the tested plate, the PNN uses a Gaussian distance to find the 

class to which this frame belongs. For example, the frame with car 

number (A 57127) belongs to class 2, achieved that by calculating 

the Maximum relation between the tested frame and all the classes, 

find the Means for all classes as shown in Table(4.8) and the max 

mean was representing the class of this plate. 

 A 57127 

Comparison with each Frame in each 

Class 
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Table (4.8) Detection of the Class of Tested Plate  

 

Mean.                            Class.                                           Max. 

 

             37839.176                       1                                                   - 

       37914.096                       2                                             class 2 

                        37858.077                       3                                                   - 

                        37851.548                       4                                                   - 

                        37865.514                       5                                                   - 

 

 

Note: the number of classes was 5 because the number of cars in the 

research was only 5 cars. 

 

E. View Related Frames (Summarization) 

 The result of the final step in this approach was to view the 

related frames for the tested plate. As in the previous example if the 

requested car plate is ( A 57127), firstly the class is found  (find the 

first frame index in class I and the last index in it), after that the 

system brings original frames related to this car plate number. The 

summarization process is abstracted in Figure (4.25). 
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Figure (4.25) Process of Finding Related Frames (Summarization) 

 

 

 

 

 

 

 

 

 

 

 

    Requested number: represent label to the car plate sample:  

                                                                         

 

 

 

 

 

                                   From the path, find the related frames 
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A 57127 Diyala 
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4.4 Test  
        In order to test the proposed system, a test video (4 minutes) 

long is loaded, and the output is a summarized video 35 seconds 

long.  

        In order to test the proposed system for car plate identification, 

it is found that the accuracy of finding the car plate number in the 

tested video depends on the time the car stay appears in the tested 

video. Table (4.10) shown the number of frames that consider as 

redundant and removed. 

 

Table (4.9) Result of Finding Car Plate Number 

Video No. Frames Summarization 

Accuracy 

Tested video 7077 % 

Summarized Tested video 1st detection 

Summarized Tested video 2nd detection 

Summarized Tested video 3d detection 

Summarized Tested video 4th detection 

Summarized Tested video 5th detection 

156 

225 

201 

447 

681 

98% 

96% 

97% 

94% 

90% 

Average of Summarization   95% 

 

Summarization percentage=  

(NO. Frame in Summarized test Video / No. Frame in Original 

(Test) Video)*100%           ..... (3.3)  

If taken the 1st detection the number of frames in this video was 156 

while the number of frames in the tested video was 7077 the result 

is : 

Summarization Percentage= (156 / 7077) * 100 % = 2%  

Summarization Accuracy= 1- summarization percentage .... (3.4) 
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Therefore: 

Summarization Accuracy= 1- 0.02 = 0.98 = 98%. 

this work was not compared with other work because it was the 

only one in field of video summarization based on car plate 

detection using proposed dataset recorded locally and suitable for 

Iraq environment.  
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Chapter Five 
Challenges, Conclusions, and Suggestions for 

Future Work 
 

5.1 Introduction 
 In this thesis, a video summarization and car plate detection 

system is implemented using the proposed local video. This work is 

implemented using the Viola-Jones for car plate detection and 

cropping, the SVM for car plate optimization, and PNN for 

classification. Challenges are given in Section (5.2). Section (5.3) 

introduces the conclusions of the proposed system. Suggestion for 

future work is given in Section (5.4). 

 

5.2 Challenges 

In this work, there were a set of challenges while the 

researcher was recording the local video. These challenges are: 

1- The weather conditions (sunny, cloudy, rainy, etc.) were 

challenging due to the inadequacy of the camera used, which affects 

the quality of the locally recorded video. 

2- Determining the distance between the camera and the car was a 

challenge during video recording. This challenge is an important 

factor in identifying the car registration plate. 

3- The training videos come with different backgrounds. For 

surveillance video pre-processing the background must be static, so 

this point also adds challenge to this work, because the system train 

with more than one video with different backgrounds. 

4- Video recording of car surveillance is considered a challenge in 

our country, Iraq, due to the security conditions. 
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5.3 Conclusions 

 From the results which were carried out in chapter four, the 

following points are inferred: 

1- The number of cascaded stages (Num Cascade Stage) is an 

important factor in the proposed model, specifically in the Viola-

Jones Training Table (4.6). In this table the accuracy fluctuates as 

the value of the Num Cascade Stage was increased the accuracy of 

detection was also increased, but the time taken for car plate 

detection was also be increased. For example, in iteration numbers 

(7 and 8) the accuracy changed from 10% to 21.1% just by 

changing the value of the cascade stage from 3 to 4 for the same 

number of frames.  

2- In the proposed model, efficient feature detection is used, 

because the HOG feature is utilized with the Viola-Jones algorithm. 

Note that Haar features are applied with most Viola-Jones 

algorithms. HOG feature utilization made the identification of car 

plate was more accurate.    

3- The challenge of different distances between camera and car was 

solved by using the Viola-Jones algorithm with cropping 

(Algorithm (3.3)), therefore there were different crop sizes.  

4- Training of Viola-Jones and SVM algorithms was used more 

than one time because not all cars were detected in the first training.  

 

5.4 Suggestion for Future Work 

 For future work, different suggestions can be proposed to 

improve this work, such as:  

1- Collecting more surveillance videos from Iraqi checkpoints or 

office garages to create a large proposed dataset for experiments 

with this system. 
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2- Using a camera with LPR (License Plate Recognition) properties 

to record the videos. 

3- Use Viola-Jones with different feature types such as LBP or 

using another algorithm for car plate detection purposes instead of 

the Viola-Jones algorithm with different feature types such as 

(Haar-feature, LBP,… etc). 

4- Implementing this system using other types of optimization 

techniques such as PSO (Particle Swarm Optimization), K-Nearest 

Neighborhood KNN, and other types of features such as (SIFT, 

SURF). 

5- Using another Neural Network Algorithm for the classification 

process, such as CNN Convolution Neural Network. 
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 الخالصة

 فيووفد   عبووا اترناروون لن  دوو  بحووكتاليوو ، ي د ووف الويووفد  شاووي ل شووكة ل لعلووكت.ل الع    ووك   اا

ك ًوو داو ي شالن يووا  وو  ال يووكو النووا    ي ش سووك ل    ووي  ا خ ريوول .بيووا ي دسوونقاو شًنووو   رظوواو

  ألن إتاكل الويفد  عبا اترنارن  ن ف ل قكدل ي فقف أصبح ت خيص الويفد  تق يل  هعل

ت ووف  ااًبوول  ا.بووك  األشووخكو  وو    ظوو ت األ وو  شالعوواشت ًدوويل تةيسوويل  ت نعووف  وو   

ت خوويص  جوو ةي دندووع  ال ظووك، العقنووا    اخيص العا.بووك  ل  وول توو العااًبوول ع وود تحفدووف 

تحفدووف ل  وول ال ووكره  وو   ش بحيووي دحنوو   ع وود جعيووا السوويكتا  الظووك ا  بكلويووفد  الويووفد 

  ااتجووك  األشل شدحنوو   ع وود  اا وو  النووفتد. شااخنبووكت  دنوو لف شاخنصووكت الويووفد   السوويكت 

ي  (video preprocessing)العسووبقل ل ويووفد النووفتد. ع وود ت خوويص الويووفد   وو   الع كلجوول 

 ًوول ال نووكة  عوو  ًادووم ااوونخفا،   عوو  ش ي شتحسووي    Viola-Jonesخ اتز يوول  شتووفتد. 

 Support Vector  Machine (SVM) and LBP) Local Binary خ اتز يوول

Pattern.  (  

سووويكت  الع كلجووول العسوووبقل ل ويوووفد  شل  ووول العع يووول ت خووويص الويوووفد  ع ووود  عع يووول حنووو   ت

 .)النلف شالقص شتقييا الحج  شالنجعيا( شعاض اتًكتا  ذا  الص ل

الجوو ا ال ووكره الوو   ااوونخف، لن ادووف ل  وول السوويكت  لن خوويص الويووفد  دحنوو   ع وود  اا وو  

توووفتد. شاخنبوووكت   ا  ووول النوووفتد. فوووه تحفدوووف ل  ووول السووويكت  ل ن خووويص  وووه روووو   ا  ووول 

بووكت فووه تحفدووف ل  وول السوويكت  ع وود الع كلجوول النووفتد. لن خوويص الويووفد   تلوونع   ا  وول ااخن

 وو  أجوو   LBPي ش  SVMالعسووبقل لويووفد  ااخنبووكت ي شا.نلووكخ ل  وول اخنبووكت السوويكت  ي ش 

ي النصوو يف بكاوونخفا، اللووبنل ال صووبيل  HOGالنحسووي   ااوونخاام العيوو ا  بكاوونخفا،  يوو   

  ( ي ل اض   خص لسيكت    ي ل PNNاا نعكليل )

ك ألروول األاوو  ي الع كاوو. لويووفد   بكاشووااخ النووفتد. عع يوول  ش.ووكن روو ت الن خوويص  د ك ينيووو

العااًبووول  .كرووون  جع عووول البيكروووك  العسووونخف ل فوووه  ووو   األًاش ووول عبوووكت  عووو   جع عووول 

 بيكرك   قنا ل  

ك  وو  )  ًيقوول( ل نووفتد.  5 15 ًيقوول( ي ) 5 19ال ًوون اتجعووكله لعقووكًا الويووفد  العسووج ل  ح يووو

٪( لاخنبوووكت   صووو  5 20٪( ل نوووفتد. ش )5 79) ا  ًسوووعن الووود ةم( لاخنبوووكت   ًوووك 4ي ش )

  ش Viola-Jones ٪( بكاوونخفا،83ت خوويص الويووفد  العقنووا  ع وود  ًوول ًصوو   ب قوون )

LPB ووا  SVM   بكلحصوو ل ع وود فيووفد  دحنوو   ع وود الع    ووك  العهعوول ش وو  دلوون  شذلوو



 

 

 

بي عووك دحقووم   خووص الويووفد  الع نعووف ع وود الن وواخ ع وود ل  وول  %  وو  الويووفد  ااصوو ه 17

  Viola Jones   ل  ول  بكاونخفا،٪(  تب و   ًول عع يول النلوف عو  95السويكت   ًول ب سوبل )

 (%99.6). تب   SVM  ًل  ص فبي عك  ٪(  97)    ص ت   700لنفتد. 
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