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Abstract

Computer vision is one of the important scientific fields in the modern era
because the video elements contain rich and important information. Hence,
knowledge and data van be ontained to refer to a huge amount of useful
information. The process of distinguishing and separating only the discovered
information is one of the complex and well-known problems. The problem of
classification and clustering of moving objects in video data is also a complex
task that requires mechanisms, operations, as well as algorithms for the purpose

of solving it and obtaining distinct results as possible.

In this dissertation, a system is proposed for the purpose of clustering
moving objects based on their behavior using a graph mining algorithm. A new
algorithm is proposed for the purpose of mining the large data that are
represented using a graph. Moreover, another algorithm is proposed for the
purpose of data reduction and extracting the important data only. Some of the
algorithms used in the proposed system have also been adapted in order to

increase their performance.

The proposed system firstly splits the video input into sequences frames.
The second phase is to apply some preprocessing operations to enhance the
quality of frame (still image). The third phase is to apply You Only Lock Once
(YOLO) multiple objects detection and Simple Online and Real Time Tracking
with a Deep Association Metric (Deep-SORT) tracking objects to discover and
track objects with different classes. The fourth phase is to build trajectory for
each object and apply a new proposed shape normalization algorithm. The fifth
phase is to extract features for trajectories and construct graph for them. The

graph data are stored in graph database. The sixth phase is to apply a new



suggested graph mining algorithm to mine the interested data. Finally, fuzzy c-

means is applied to cluster data into a different number of groups.

The experimental results suggest that the proposed system is robust with
high performance. Algorithms used for detection and tracking outperformed the
findings of other detecting and tracking algorithms as they achieved a high
accuracy. Moreover, the proposed normalization algorithm shows that about
50% of unrich points are discarded. Furthermore, the graph mining proposed
algorithm showed high performance to extract interested data. In addition, the
proposed algorithm for graph mining showed a high performance of more than

95% for extracting important data.
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Chapter One: General Introduction



Chapter One General Introduction

1.1 Background

Computers are used to extract knowledge from varied, enormous volumes of
data that are stored in various types of databases or that may be produced by data
structures with substantial amounts of image, text, audio, and video information. The
difficulty in locating rich data is not appropriate with the size of input, which is
growing linearly, according to search algorithm inventors, even though the amount
of input data and the size of the database are both rising quickly. Indeed, the fastest

computers and greatest algorithms are required [1].

Data mining is a method for obtaining useful information from a vast volume
of data. It involves employing one or more pieces of software to look for patterns in
huge amounts of data. Data mining is a multidisciplinary branch of computer science
where its main goal is to extract information from datasets using intelligent
techniques and organize the information into clear structures for subsequent use.

Data mining is the "knowledge discovery in the database" process or KDD's analysis
step [1]-]3]

Video mining is a method to figure out the interesting information or patterns
from huge amount of video data. Video mining concept definition is a way not just
to extract meaningful information, properties of moving objects, spatial or temporal
of those attributes; however, it is figuring out video structure patterns [4], [5]. Video
mining has three main tasks: pre-processing, features and semantic information
extraction, video patterns and knowledge discovering and forming. Video mining
has different applications and usages such as traffic video sequences, medicine,
surveillance system and security programs [6], [7]. Video tracking is the process of
utilizing a camera to determine the location of an item that changes its position over

time. There are many applications for video tracking, including traffic control,
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augmented reality, security and surveillance, human-computer interaction, video

communication, and compression [8]-[11].

Information is separated into related, homogeneous collections of items
through the act of grouping. Some groups can describe the data, but they have made
improvements. These groups typically lack detailed restriction specifics. A historical
viewpoint based on mathematical analysis, statistical analysis, and statistics is used
to organize data modeling. Clusters are connected to hidden modes from a machine
learning perspective, finding clusters is unsupervised learning, and the post-
framework symbolizes a data idea. Practically, clustering has a complicated function
to play in data mining applications. Examples include the analysis of scientific data,
text mining, information retrieval, applications for spatial databases, CRM, online
analytics, computational biology, diagnostics for health care, object grouping, etc.
[12]. In other words, cluster analysis is a data mining method for locating
comparable data. This method aids highlighting data variances and similarities. The
clustering process is like the classification process, except it groups block of data

according to how related they are [13].

Data mining's clustering technique is crucial for identifying groups and
structures that share characteristics. Data clustering has several applications,
including data analysis, picture processing, pattern identification, and market
research. There are many different types of clustering, including hierarchical, fuzzy,
dense-based, and model-based techniques. Given data in n-dimensional space, the
difficult task of clustering is to divide the data into k clusters that share comparable
qualities. For mining graph-based data and doing insightful analysis on this data,
numerous data mining techniques are employed. There are many graph mining

methods. These methods rely on categorization, grouping, or decision-making. In
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the discipline of biology, clustering aids in the classification of genes, plants, and

animals. This task involves unsupervised learning [14]-[17].

The relationship between things is represented in a graph, which is a block
diagram made up of nodes which stand in for the objects and edges which represent
the connections between nodes. The method and technology which is known as
"graph mining" is used to examine the characteristics of real-world graphs, develop
models that might produce realistic graphs, and forecast the qualities and structure
of a given graph. Two types of graph mining exist: Apriori-style and pattern-growth
methods [2], [18]-[20].

Multimedia data mining is the identification of intriguing patterns (structures)
that are extracted from multimedia data, and it is used to store and manage enormous
collections of multi-media objects, including image data, video data, audio data, as
well as sequence data and hypertext data containing text, text labels, and linkages.
An interdisciplinary field known as multimedia data mining combines image
processing, computer vision, data mining, and pattern recognition. Multimedia data
mining has many challenges such as content-based retrieval, similarity search,

generalization, and multidimensional analysis [4], [5].

By tracking several objects in video footage and describing their locations as
connected trajectories, graph mining methods can be used to cluster multiple objects.
Each item in the movie is clustered using the trajectory as an adjacency matrix, or
the entire video is clustered using a representation of all trajectories as a graph tree.
A graph mining method can also be employed to organize these frequent subgraphs
into homogenous and connected groups, each of which contained objects with

somewhat similar behaviors and features [21].
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In this dissertation, a graph mining algorithm is proposed to analyze and
extract interesting data from huge of graph database. After video dataset is read, it
will be converted into sequence frames. Then pre-processing will be applied on all
frames to enhance the quality of recognized foreground moving objects. After that,
the detecting and tracking algorithm is run to detect and track moving objects.
Moreover, the trajectories of objects are constructed, and the features will be
extracted. The normalization algorithm will be applied to eliminate the unnecessary
points. Furthermore, graph will be constructed for each trajectory object. An
adaptive graph mining algorithm is run to mine on interested data graph. Finally,
clustering algorithm will be applied to cluster the objects into number of sets based

on their behaviors.

1.2 Problem Statement

Video device capture becomes very popular and important to obtain better
information because it takes huge number of frames (still image) where it records
the views with high-speed and high accurate information. The video frames supply
massive information about how the moving object changes during time. Clustering
multiple moving objects of multi-classes is a complex task. This issue is complex
because clustering needs to know the type of object and the nature of its moving
behaviors, and that requires advance processing. Therefore, the traditional processes
will show slow progress to solve these issues. Graph models can represent large
database of video information in small and rich data platform. Therefore, graph
mining can be used to mine and cluster multiple moving objects in video relied on

their behaviors.
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1.3 Research Objectives

There are four objectives of this dissertation which can be summarized as

follows:

1-

2-

5-

Building graph mining algorithm to seek and cluster patterns of multiple
objects behaviors that contain the nature of relationship in video dataset.
Developing two types of detection and tracking multiple objects in video
scene dataset.

Construction of a model to convert the trajectory object into graph
structure. Each trajectory object represents by all frames from the frame of
object appears (birth object) into last frame before the object disappeared
(death object) during entire video and building graph database that
represents a spatiotemporal data base.

Building a normalization shape framework of object trajectory to prune
and extract only important points that affect the shape of the trajectory
object.

Proposing a structure framework to cluster multiple moving objects using

fuzzy c-means.

1.4 Research Contributions

The contributions of this dissertation can be highlighted as follows:

1- Proposing a new graph mining algorithm to mine the interesting data from

huge graph data. This algorithm is depending on the features of object during

entire moving inside the scene to know the behaviors of that object. This

method helps to convert the huge and unknown data into rich and important

data.
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2- Suggesting a framework to detect and track multiple moving objects with high
accuracy by using two robust and modern algorithms because these
algorithms will assist the system to give its outcomes with best performance.

3- Proposing a structure to graph and graph database construction by using a new
concept of converting the traditional adjacent matrix (0 or 1) into fuzzy
adjacency matrix (FAM) (0-1) that represent the nature of relations between
nodes of each graph.

4- Proposing a new adaptive normalization approach to norm the shape of each
object trajectory by using just the necessary and rich points of each trajectory
(path) of object.

1.5 Literature Review

Obiject tracking is very important research area in computer vision due
to the large applications like video-surveillance, pedestrian protection
systems, tracking complicated surfaces, medical image applications etc.
Clustering is one that plays an important function in moving object trajectory
mining. There are many research on clustering objects in video processing

because clustering become very important research area in most studies

This dissertation emphasis three concepts: (1) objects detection and
tracking, (2) graph mining, and (3) clustering of graph mining

1.5.1 Objects Detection and Tracking

- In [22], a solution to a more limited problem, namely bird’s eye stationary
videos without real-time condition is prpopsed. It applies three methods for
detecting and tracking three different priority levels. The first level is

background subtraction. It is a fast method to find which pixels have changed
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in the image (the foreground). The second level is multi-objects tracking
methods such as kernelized correlation filters (KCF). This method takes the
output of the detection and the next frame, and it gives the next positions of
the objects. The third level is the deep learning-based detection and
classification of the objects. Here, YOIO-v4 is used as a model structure where

training is done separately.

- Tianwei et al. [23] proposed a center-based framework for simultaneous 3D
object detection and tracking from the Lidar point-clouds. Their approach
illustrates a standard 3D point-cloud encoder with a few convolutional layers
in the head to produce a bird-eye-view heatmap and other dense regression
outputs. Detection is a simple local peak extraction with refinement, and
tracking is a closest-distance matching. CenterPoint is simple, near real-time,
and achieves state-of-the-art performance on the Waymo and nuScenes

benchmarks.

- In [24], YOLO detection technique and deep-sort tracking algorithm were
proposed. It was found that the YOLO method is thinking worldwide when
producing image predictions, and that the detection results for objects have
high accuracy with high-speed recognition. They were also found that the
deep-sort tracking algorithm, which dramatically treats long-period occlusion
and reduces identity switches by roughly 45%, is a useful method to utilize in
conjunction with the YOLO algorithm. This structure has a great learning
capability and can detect numerous class kinds in the same image very

quickly.

-Elhoseny [25], suggested a fresh MODT Multiple Objects Detection
Tracking approach. The proposed method tracks moving objects in video

frames using an ideal Kalman filtering technique. The expanding model was

7
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used to translate the video clips into morphological processes based on the
number of frames. After differentiating the objects, the probability-based
grasshopper method was used to apply Kalman filtering for parameter
optimization. Using the best settings, a similarity metric tracked the chosen
items in each frame. Finally, the suggested MODT framework was put into
practice, and the outcomes were evaluated. The trials revealed that the highest
detection and tracking accuracies of the MODT framework were 76.23% and
86.78%, respectively. The outcomes of earlier investigations are contrasted

with the outcomes obtained with Kalman filtering in the MODT method.
1.5.2 Graph Mining

- Ngoc-Thao et al. [26], proposed propose a frequent subgraph algorithm on
a weighted large graph, called Weighted Graph Mining (WeGraMi), which is
based on two effective aspects of mining weighted subgraphs. Firstly, we
apply a new strategy was applied to calculate the weight of all mined
subgraphs, which is based on the weights of the nodes in that subgraph.
Secondly, they apply a search space pruning strategy was performed based on
the existing weights. If a frequent subgraph cannot satisfy the given weighting
threshold, that subgraph will be pruned, which can reduce the processing time
and storage space needed. With both directed and undirected graph datasets,
their experimental results show that the runtime as well as the memory

requirements of the algorithm are significantly better than those of GraMi.

- another research study [27] presented Kaleido, a single-machine, out- of-
core graph mining system. Kaleido follows the subgraph-centric model and
provides a user-friendly simple API that allows non-experts to build graph
mining workloads easily. To efficiently store and process a huge amount of
intermediate data, Kaleido builds a succinct intermediate data structure and

8
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adjusts the storage in memory or out of core smoothly according to the scale
of intermediate data. Kaleido designs a lightweight and efficient graph
checking algorithm for small graphs in which the number of vertices is less
than 9. Experimental results demonstrate that Kaleido is more efficient than
state-of- art graph mining systems in most cases. The isomorphism testing
algorithm in Kaleido is more efficient and consumes less memory than the

state-of-the-art graph library.

- In [28], a g-Span graph mining algorithm was used to find out patterns'
sequences and relationships between objects in the movie, which then served
as an illustration of object grouping. A graph data-friendly algorithm was
created. The strategy uses several different techniques. The video must first
be transformed into a few sequence photos. The second phase involves
identifying the items in each frame and extracting their attributes using a
segmentation technique. Making a database-driven row for each feature is the
third stage. The researchers create a graph structure to represent each frame
in the fourth stage. Finally, cluster the items and analyze their activity using

the g-Span technique.
1.5.3 Clustering of Graph Mining

- Liu and Barahona [29] presented a graph-theoretical approach to data
clustering, which merged the creation of a graph from the data with Markov
Stability, a multiscale community detection framework. It was showed how
the multiscale capabilities of the method allow the estimation of the number
of clusters, as well as alleviating the sensitivity to the parameters in graph
construction. Both synthetic and benchmark real datasets were used to
compare and evaluate several graph construction methods and clustering

algorithms and show that multiscale graph-based clustering achieves

9
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improved performance in comparison to popular clustering methods without

the need to set externally the number of clusters.

- Huang et al. [30], proposed Cluster\VO which is a general-purpose fast stereo
visual odometry for simultaneous moving rigid body clustering and motion
estimation. Comparable results to state-of-the-art solutions on both camera
ego-motion and dynamic object pose estimation demonstrate the effectiveness
of the proposed system. In the future, one direction would be to incorporate
specific scene priors as pluggable components to improve ClusterVO
performance on specialized applications such as autonomous driving; another
direction is to fuse information from multiple sensors to further improve

localization accuracy.

- Wang et al. [31] proposed an unsupervised deep attentional embedding
algorithm, DAEGC, to jointly perform graph clustering and learn graph
embedding in a unified framework. The learned graph embedding combines
both the structure and content information and is specialized for clustering
tasks. While the graph clustering task is unsupervised, a self-training
clustering component was proposed which generates soft labels from
“confident” assignments to supervise the embedding updating. The clustering
loss and autoencoder reconstruction loss are jointly optimized to
simultaneously obtain both graph embedding and graph clustering results. A
comparison of the experimental results with various state-of-the-art

algorithms validates DAEGC’s graph clustering performance.

- In [32], the issue of offering detailed segmentation masks was considered to
find objects in films. With the intention of grouping foreground pixels in films
into clusters, the object-finding problem was formulated as foreground motion

clustering different things. A brand-new pixel-trajectory recurrent neural

10
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network was presented which picks up feature embeddings of foreground
pixel trajectories that are chronologically related. The method generates
correspondences between foreground object masks over video frames by
clustering the pixel trajectories using the learnt feature embeddings. They
undertook trials on frequently used datasets for motion segmentation, where
they reach state-of-the-art performance, to show the efficacy of their system

for object detection.
1.6 Research Challenges

Many problems may face detection, tracking, and clustering multiple moving

objects such as:

1. Noise produced by quickly moving objects and changes in appearance. Effect of

lighting changes on correspondence between multiple viewpoints.

2. Pose change: When a moving object is projected into the image plane, such as

during rotation or translation, it takes on a different appearance.

3. Occlusions: When an object is completely or partially hidden by other objects, it

cannot be seen. Occlusions typically occur because:
a) A moving target behind a stationary obstacle, such as a wall or a cloud.
b) Other moving objects block the view of a target object.

The target detection algorithm or the target appearance model can handle
partial occlusions that only affect a small portion of the target area, while whole
occlusions, which constitute a high-complexity task, can be handled using higher-

level reasoning or multi-hypothesis techniques.

11
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4. Using two or more traditional graph mining methods that were used to detect
recurring patterns, create a hybrid graph mining algorithm or suggest a new one to

get good performance by mining important data from a massive graph database.

5. Find a relevant dataset, such as a collection of bacteria, a tank of fish swimming,

or a virus under a microscope.

In addition, other difficulties might arise when it starts to implement this type

of environment.

12
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1.7 Dissertation Structure

The dissertation is sorted as follows:

Chapter two: this chapter illustrates the main concepts of video tracking,

graph mining, and clustering.

Chapter three: this chapter copes with the suggested design stages of the
proposed system. and algorithms where it illustrates the reading of the datasets
and then clustering multiple moving objects with some experimental practical

examples.

Chapter four: this chapter deals with the results that are produced from the

proposed system. It then discusses and evaluates these results.

Chapter five: this chapter concludes this research and highlighting some

possible future works.

13
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Chapter Two Theoretical Fundamentals

2.1 Overview

This chapter discusses the main concepts that are used in this dissertation. The
proposed system is to clustering multiple objects using graph mining concepts and
techniques. The main idea is to detect and track multiple moving objects in the video
dataset, then to construct and extract trajectories and their geometric features. After
that it normalizes the data to prune unnecessary and unrich data. It constructs a graph
for each object trajectory based on its features. Proposed graph mining algorithm to
mine the important and rich data for each object trajectory. Finally, it selects an
appropriate clustering algorithm to cluster the trajectories and evaluate the results of
each stage of the proposed system. The next section discusses the theoretical concept

of each stage in this dissertation.

2.2 Preprocessing

Pre-processing stage is an important step before other processes begin because
it will help to improve all other steps specifically in the field of computer vision
applications. Before starting to detect and track an object in the video scene, it should
clean the image (frame) from the noises and struggles that face when other processes
will be started. In this dissertation, it will use some enhancement filters and
operations to reduce and improve the frames that will increase the robustness and
performance of the proposed system. These filters and operation will be applied
automatically to each frame before going to the detection and tracking steps.

a. Gaussian Blur (smoothing function): it is a popular method used in
computer vision and graphic. It is used to enhance the image in various scales.

The function is applied on each image pixel like a convolution function. It is

14
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called a low-pass filter, and it is reduced the high frequency components of
the image. There are two types of gaussian functions which are one-dimension

as shown in Equation 2.1 and two-dimension as presented in Equation 2.2:

1 X
G(x) = Nk 202 i, (2.1)
1 _x%+4y?
G(x,y) = —¢ 202 i, (2.2)

where X is the horizontal axis distance from the origin, y is the vertical axis
distance from the origin, 0 is the standard deviation [33], [34]. Figure 2.1

illustrates an example of applying the gaussian blur function on normal image
[34].

(a) (b)

Figure 2.1: (a) Original image; (b) Gaussian blur image [34].
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b. Median filter: it is a non-linear filter, and it reduces image noise. The method
has been used in edge detection. It is a type of smoothing approach to enhance
the image by removing noise. For instance, salt and pepper filters are a popular
kind of the median filter technique. Figure 2.2 shows an example of median

filter result after applying it to a noisy image [35].

MEDIAN FILTER

Figure 2.2: An example of applying the median filter on the image; the result is a
smoothing image [35].

c. Sharpening filters: this method is an inverse of blurring filters and figures
out the difference between the neighbors and complete by spatial
differentiation. It is used to improve the edge of the objects, change the
contrast, and shade properties. This approach is called a high-pass filter which
reduces the lower frequencies and is strongly sensitive to remove noise. There
are many types of sharpening filters Laplacian filter, high-pass filter, and
unsharp masking [36]. Figure 2.3 shows the effect of the sharpening filter on
the image and how the edges are sharper and brightness to recognize.
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W—— Vi Dy v G N
Omnigzinal After using sharpen filter

Figure 2.3: Applying sharpening filter on faded image [36].

d. Morphology: a set of non-linear operations that affect the morphology of
features of shape in an image. These operations are applied to binary images
to eliminate the imperfections that occur in binary images. It could be applied
on grey scale images. The morphological operations depend on the relative
sort of pixel values, not on numerical values that why they are used to be
applied on binary images [37]. There are two main operations of morphology
that are:

1. Erosion: is shrinking the foreground and enlarging the background of an
objects image where erosion of image f and its structure element s is
denoted by f6S and the structure element is located with its origin center
(X, y) and the new pixel value is calculated by using the rule as shown in
Equation 2.3 [37].

~ 1if sfits f
g(x,y)= {o otherwise (2.3)
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Figure 2.4 shows an example of the erosion morphology operation of different

structure elements.

A A a

Original image Erosion by 3*3 square structure element  Erosion by 5*5 square structure element
Figure 2.4: An example to apply erosion morphology operation with different structure elements

[37].

2. Dilation: is enlarging the foreground and diminishing the background of

an objects image where dilation of image f and its structure element s is

denoted by £ ©  and the structure element is located with its origin center
(x, y) and the new pixel value is calculated by using the rule as presented

in Equation 2.4 [37].

0 otherwise

g(x,y) :{“f shis & (2.4)
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Figure 2.5 illustrates an example of using dilation morphology operation of

different structure elements.

Original image Dilation 3x3 structure element Dilation 5x5 structure element

Figure 2.5: An example of image dilation by using different sizes of structure elements
[37].

2.3 Object Detection Techniques

Object detection is an image processing and computer vision technology that
deals with discovering semantic objects of a specific class in digital videos and
images like cars, humans, animals, etc. Object detection is popularly used in
computer vision applications such as face recognition, face detection, and activity
recognition. Moreover, object detection is used in object tracking like tracking
humans in video and tracking balls during a football match. Each object has its own
features that assist to identify the class. For instance, when the method looks to detect
squares, an object comes with four equal sides and corners are perpendicular, and
the approach is also with face recognition where features like skin color and distance
between eyes are used to distinguish face [38]. Figure 2.6 shows the object detecting

and tracking mechanism model.
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Calibration
id = Radiometric (inter-camera)
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Annotation SR a0
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Figure 2.6: The objects detection and tracking model [39].

In general, methods of object detection are divided into non-neural approaches
and network-based approaches. Each type has a special technique to detect the object

and its class.

2.3.1 Non-neural Object Detection Approaches

In these techniques, features must be defined first, and then any classification
method is used to separate the object class. It is also called traditional methods
because the techniques used to detect the object are extracting simple features and
processing steps with less accuracy. There are many types of non-neural object
detection methods such as frames differencing, background subtraction, motion

segmentation, scale-invariant feature transform (SIFT), Viola-Jones object detection
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framework based on Haar features, Histogram of oriented gradients features (HOG)
and so many of them. These methods have many issues and challenges since they
low to moderate accuracy and performance, and they are not appropriate for the

detection process [40].

2.3.2 Neural Network-based Object Detection Approaches

It is traditionally used conventional neural networks (CNN). It is an end-to
end object detection technique for defining any feature. CNN detection methods can
be two-stage detectors or one-stage detectors. In a deep conventional neural network,
detectors can learn strong and high-level representations of feature of an object
image. Techniques of two-stages detection are RCNN (Recurrent Convolution
Neural Network), Fast-RCNN, Faster-RCNN, SPPNet, and Feature Pyramid
Networks. On the other hand, the one-stage detectors approaches are You Only Lock
Once (YOLO), Single Shot MultiBox Detector (SSD), and RetinaNet. They are very
fast and accurate detection methods in the current era [41], [42]. In this dissertation
YOLO method is adapted.

e You Only Lock Once (YOLO) Detection Algorithm

In this dissertation, You Only Lock Once (YOLO) algorithm has been used
to detect multiple objects with about more than 20 classes. YOLO is a new object
detection method, and YOLO is a single (one-stage) neural network bounding box
prediction and directly class probabilities from entire image. YOLO is extremely
fast, and it works in real-time at 45 frames per seconds while the Fast YOLO version
processes 155 frames per seconds. Since YOLO uses single pipeline neural network;
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YOLO is optimized end-to-end detection performance directly. Three reasons lead
to the use of the YOLO detection technique over other object detection approaches
in this dissertation. First, YOLO is very fast and robust. Second, YOLO algorithm
sees the full image during test and training time. Therefore, it encodes organized
information about classes as best as their appearance. The third reason is that YOLO
can learn generally and represents objects. When it is trained on natural images and
tested on artwork, the YOLO exceeds top detection methods. It can be used with
unknown inputs or new domains, and it is less likely to fail in a detection task [43],
[44].

YOLO detection algorithm divides the input frame (image) into an S X S grid.
If an object center in an image full in a grid cell, then that cell will be responsible
for detecting an object. Each pixel grid can predict B bounding boxes and score
confidence for the boxes. The confident scores represent how the object exists in the
bounding box and how accurate the prediction of that box will be. 1t will be zero if
no object exists in the grid cell; however, the score confidence is equal to the
intersection over union (IOU) between the box prediction and any box of ground
truth. Figure 2.7 expresses the detecting and tracking of multiple moving object

mechanisms [44].

The bounding box has 5 predictions: x, y, w, h, and confidence score where
the (X, y) coordinates are representing the center of the box compare with bounding
in the grid cell. The w and h are the width and height which are predicted to the
entire image relatively. Indeed, the confidence metric is the IOU (Intersection Over
Inion). In addition, each cell also predicts C class probabilities that restrict with
condition Pr(Class; | Object). It predicts just one set of class probabilities for each
grid cell by ignoring the number of boxes B. The specific class confidence for each
box can be calculated by Equation 2.5 [43]:
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Pr(Class; | Object) * Pr(Object) * QU -Pred = Pr(Class;) * QU h-pred (2.5)

SXS grid on input Final Detections

Figure 2.7: The YOLO detection algorithm Model as a Regression Problem [43].

The network that is implemented in this model is a conventional neural
network. The first conventional layer is extracting attributes from the image, and the
fully connected layers are predicting the coordinates and the output probabilities.

Figure 2.8 shows the architecture network of YOLO detection algorithm.

The network has 24 conventional layers, and are followed by 2 fully
connected layers. The developers simply use 1 x 1 reduction layers, and they are
followed by 3 x 3 conventional layers. Moreover, they train YOLO of the fast
version to enter the boundaries of fast object detection. The end output network is

the 7 x 7 predictions tensor.
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Figure 2.8: The Architecture of YOLO Detection Network Algorithm [44].

The researchers pretrained the conventional network layers on the ImageNet
dataset of 1000-class. They used 20 conventional layers for pretraining, and it is
average pooling and fully connected layer comes next. The developers added four
conventional layers and two completely connected layers with stochastically
initialized weight. They increased the input accuracy of the network where it was
224 x 224, and it became 448 x 448 so that can enhance the detection resolution of
visual information. The class probabilities layer and the coordinates of the bounding
box are the final layers predictions. It will normalize the bounding box by width and
height by falling in the range of 0 tol. The coordinates x and y are also normalized
to be bounded in between 0-1. Moreover, the last layer was activated using a linear
activation function, while all other layers illustrate linear filtering rectified activation

function as shown in Equation 2.6 [45]:
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X ifx>0
x) = { TTUUT 2.6
$(x) 0.1x otherwise (2.6)
Figure 2.9 shows the architecture of the YOLOVS.
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Figure 2.9: The architecture of YOLOV3 network object detection algorithm [45].
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Table 2.1: YOLOv3 convolutional layers Darknet-53 [45].

Type Filters Size Repeat Output
Image 416x416
Conv 32 3x3 1 416x416
Conv 64 3x3/2 1 208x208
Conv 32 1x1 208x208
Conv 64 3x3 X1 208x208
Residual 208x208
Conv 128 3x3/2 1 104x104
Conv 64 1x1 104x104
Conv 128 3x3 X 2 104x104
Residual 104x104
Conv 256 3x3/2 1 52x52
Conv 128 1x1 52x52
Conv 256 3x3 X8 52x52
Residual 52x52
Conv 512 3x3/2 1 26x26
Conv 256 1x1 26x26
Conv 512 3x3 X8 26x26
Residual 26x26
Conv 1024 3x3/2 1 13x13
Conv 512 1x1 13x13
Conv 1024 3x3 X 4 13x13
Residual 13x13
Avgppol Global
Connected 1000
SoftMax

There are many versions of YOLO, and each one has some characteristics and
limitations. In this dissertation, YOLOvV3 (You Only Lock Once version 3) is used
to detect multiple objects and classes of objects. YOLOV3 is proposed by Redmon
and Farhadi in 2018 [46]. YOLOv3 predicts bounding boxes at three different scales.
Figure 2.9 shows the Architecture of the YOLOvV3 network. Features are extracted
from those metrics, and it uses the same concept as feature pyramid networks. YOLO
v3 is performing 1 x 1 detection kernels on feature maps of three different sizes at
three different scales in the network to finish the detection process. YOLOv3

utilizes binary cross-entropy for computing the classification loss for each label,
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while class predictions and object confidence are predicted through logistic
regression [46]. The authors used a new hybrid network for feature extraction. It
used the network between YOLOV2, Darknet-19, and modern residual network stuff.
Figure 2.9 and table 2.1 illustrate the YOLOv3 convolutional network layers and
scales (Darknet-53) in details [47].

2.4 Object Tracking Techniques

Video tracking is a way to estimate the location over time of one or more
objects by using a camera. There are different usages of video tracking such as
surveillance, video editing, augmented reality, traffic control, object recognition etc.
The main goal of video tracking is to associate target objects in a sequences video
frame. The fast improvement in resolution and quality, and the rapidly increased the
computational power. There are many types of algorithms and applications which
use video tracking [48], [49]. Figure 2.10 shows an example of multiple objects

tracking in one frame.

Figure 2.10: An example of multiple objects tracking with different classes [50].

27




Chapter Two Theoretical Fundamentals

2.4.1 Video Tracking Challenges

Tracking moving objects in video faces many challenges and issues that must
be accounted before designing and operating tracking systems. Tracking challenges
are divided into challenges that are related to the similarity between the object target
and other objects in the video scene, and challenges that are related to the appearance

changes of the object target.

Sometimes the appearance of the background and other objects in the scene is
similar to the appearance of the target object. In such a case, figuring out frame
features from non-target frame areas may be complex to recognize from the features

that expect the target object to generate. This condition is referred to as clutter [8].

Video tracking faced another difficulty by changing the target object’s
appearance in a plane image because of one or more of the following factors:

e Changes in the pose: a moving target object differs from its appearance
when it is projected on the image plane.

e Ambient illumination: the intensity, color, and direction of the ambient light
affect the appearance of the target object. Moreover, varies in global
illumination is always an issue in outdoor scenes.

¢ Noise: the image capture process could introduce a specific degree of noise,
that replies to the quality of the camera sensor.

e Occlusions: object target could not be recognized when totally or partially
occluded by other objects. Occlusions are often occurred because of either
target object moving behind a fixed object like a wall, column, or desk or
another moving object in the scene occluding the view area of a target

object.
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2.4.2 Object Tracking Approaches

Large techniques for object tracking have been suggested. Each technique is
dependent on the way of its work where accurate tracking and robust are the main
factors to evaluate each technique. Object tracking approaches are divided into two
categories: classical and deep-learning approaches. The classical methods don’t use
any neural network to extract the features and tracking estimation states X, y, w, h
where x and y represent the center of bounding box of the target object, and h is the
height and w is the width of the predicted the bounding box. The classical techniques
may include template matching, density estimation (Mean-Shift), regression, motion

estimation, Kalman filtering, particle filtering, and silhouette tracking [51].

Deep-learning tracking methods work by the concept of tracking by detection
which means they depend on the strength of the object detection algorithms. They
used Deep Neural Networks (DNN) to extract the rich and complex features of target
object from their input. Convolutional Neural Network (CNN) is currently used to
extract spatial pattern data. Deep-learning tracking approaches are Multi-Domain
Net (MDNet), GOTURN, ROLO (Recurrent YOLO), Deep-SORT, SiamMask etc.
In this dissertation, the Deep-SORT tracking algorithm is used to track multiple
objects with different classes. Deep-SORT is a modern approach with high accuracy

and robustness [52].
2.4.3 Simple Online and Realtime Tracking with a Deep Association

Metric (Deep-SORT):

Simple Online and Realtime Tracking (SORT) [53] is a realistic approach to
tracking multiple objects with an emphasis on simple and effective algorithms.
Deep-SORT is an updated version of the SORT approach where the researchers
integrated the appearance information with the motion to evolve the performance of
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the SROT algorithm. Since this update, the Deep-SORT is able to track multiple
objects during longer periods of occlusions, and it is effectively diminishing the
number of identity switches. The heart of the new framework is to place much of the
complicated computations into an offline pretraining phase where it learns a deep
association measure on a huge re-identification dataset. Experimental illustrates that
Deep-SORT reduces the number I1Ds switches by approximately 45%. Figure 2.11
shows an example of running the Deep-SORT algorithm to track multiple objects
(persons)[54]

Figure 2.11: Output example for using Deep-SORT algorithm MOT [54].

2.4.3.1 Track Handling and State Estimation

The researchers adopt traditional single hypothesis tracking status with
Kalman filtering estimation and frame-by-frame association data. The authors
assume a general tracking way where it used uncalibrated cameras, and there is no
motion information. The tracking scenario defined eight-dimensional states space

(u, v, v, h, x’, y’, v’, h’) which has the bounding box center location (u, v), v is an
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aspect ratio, h is height, and others are velocities in image coordinates. Then it is
used a standard Kalman-filter with fix velocity motion and observation linear model,

so it takes the bounding box coordinates (u, v, y, h) observations of the object state

directly [54].

For each k track, it counts the number of frames from the last successful
association ax. The counter is increased through Kalman filter prediction and
becomes zero if the track is starting associated with measurement. If the tracks
exceeded the predefined max-age, they will be considered to leave the scene, and
they will be removed from the track set. A new hypothesis track is initialized for
each detection process which is not able to associate with an existing track. These
new tracks are grouped as unconfirmed through the first 3 frames. At this time,
successful measurement of association could be seen at each time step. Indeed,
tracks which aren’t associated with measurement within the first 3 frames will be
deleted [54].

2.4.3.2 Assignment Problem

The traditional how to address the Kalman filter correlation states predicted
and new measurement is to construct an assignment issue which can be solved using
the Hungarian approach. To formulate this issue, appearance information is
integrated with motion during the combination of two suitable metrics. To perform
motion information, the projected Kalman will illustrate distance squared by the
Mahalanobis distance filter states space and newly came measurements as shown in
Equation 2.7 [54]:

d® ()= (dj —Yi) T gt (dj Vi), (2.7)

where i-th track spread into measurement space (i, Si), and the j-th is the detection
of the bounding box by d;. In addition, using this measure is possible to eliminate
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unsuccessfully associations with a 95% confidence score thresholding of the
Mahalanobis distance that is computed from the inverse X2 distribution. This

decision indicator is shown in Equation 2.8 [54]:
iV =1[dD G H<tD].......... (2.8)

If the association is true, the indicator will be equal to 1 between tracker i-th and
detector j-th is acceptable. Where b; and b; represent the truth and predict detection,

and t is the number of tracks.

The Mahalanobis distance is an appropriate metric when unreliable motion is
low. An uncounted motion camera can perform speedy displacement in the plane
image, which will make the Mahalanobis distance showing awareness measure for
tracking through longer periods of occlusion. Therefore, the authors suggested
combining another metric into the assignment issue. The smallest cosine distance
between the track of i-th and j-th detection is the second metric measure to solve the
problem that occurred when only Mahalanobis distance as illustrated in Equation 2.9
[54]:

dOG)=min{l-"rn® I nDeRr}............ (2.9)

For each detection bounding box d;, it will compute an appearance descriptor r;
where || rj || =1. Moreover, it obtains the gallery Ry = {rc"}=1* of the last L,=100 is
associated with each track. Another way to perform a binary variable indicator if
successful association is acceptable depending on this metric as shown in Equation
2.10 [54]:

i@ =1[d® @,§) <tO] vveviiieiiiiieee (2.10)

Then the threshold figures out to this indicator on a different dataset.

Practically, it applies pre-trained CNN to make a comparison of bounding box
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appearance descriptors. It uses the combination of Mahalanobis distance and the
smallest cosine distance to integrate each other. Mahalanobis distance measure
supplies information about object positions depending on the motion that is used for
short-term predictions while the cosine metric performs appearance information that
IS used to retrieve identities after long-term occlusions when the motion is less
descriptive. To construct the association problem by combining two metrics above

using weighted sum as illustrated in Equation 2.11 [54]:
Ci,j=ld(1) G,)+@-HdDG, ) .......... (2.11)

It is called an association acceptable if it is figured out from both metrics as shown
in Equation 2.12 [54]:

In their experimental, the authors found that 3 = 0 is a suitable choice if there

IS camera motion.
2.4.3.3 Matching Cascade

Instead of solving the issue of connections between measurement tracks in
general assignment problems, a cascade is introduced which solves sequences of
subproblems. When an object is obscured for longer periods, the next Kalman-filter
predictions states will increase the unbelief associated with the object position.
Therefore, the probability of the body seeps out into the state space and the
observation become less than the maximum normal. If two tracks competes for the
same detection, Mahalanobis distance will select the larger uncertainty track since it
will be reduced the distance in standard deviations of detection through the period
track mean. That means the matching cascade obtains high priority to objects that

are frequently seen. In the end, it will apply intersection over union on the group of
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unmatched tracks that have age=1. This will assist to account for the abrupt changes
suddenly such as partial occlusion with a static scene in addition to increasing the
robustness and performance [54]. Algorithm 2.1 illustrates the matching cascade

algorithm, in detail.

Algorithm 2.1: Matching Cascade algorithm [54].

Algorithm Name: Matching Cascade Algorithm

Input: Track indices T = {1, ..., N}, Detection Indices D = {1, ..., M}, Max age Amax
Output: Matched and Unmatched Tracks and Detections
Begin

Stepl: Compute the cost matrix of C = [cij] ...Eq. (2.11)
Step2: Compute the cost matrix of B = [bij] ...Eq. (2.12)
Step3: Create set of matches tracks M=0

Step4: Create set of unmatched detection U=D

StepS: Forn € {1, ..., Amax} do

Step6: Choose tracks by theirage Tn={i € T | ai=n}
Step7: [xij] = Minimum_Cost_Matching (C, Tn, U)
Step8: M=M U {(i, J) | bi,j . xi,j > 0}

Step9: U=U\{j| >ibij.xij>0}

Step10: end for

Stepll: Return (Matched, Unmatched)

End

2.4.3.4 Deep Appearance Descriptor

Because of using simple neighbour nearest queries and no additional learning
measure, effective application of the researcher’s approach needs a good descriptive
embedding feature to be trained offline before the tracking online application. To

solve this issue, Deep-SORT released a CNN that trained onto a large-scale re-
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identification dataset of more than 1 million images and 1,261 pedestrians; it will be
suitable for deep learning metrics. The convolutional neural network is shown in
Table 2.2, and it released a wide residual network and two layers followed by 6
residual blocks. The dimensionality 128 of global map feature is computed with 10
dense layers. The final batch and %, normalization perform features in hypersphere
to be appropriate with cosine appearance distance metric. Indeed, the network has
2,800,864 factors and 32 bounding box takes about 30 milliseconds [54].

Table 2.2: Overview of the CNN Architecture (Deep-SORT tracking algorithm) [54].

Name Patch Size Output Size
Conv 1 3x3/1 32x128 x 64
Conv 2 3x3/1 32 x 128 x 64

Max Pool 3 3x3/2 32 x64 x 32
Residual 4 3x3/1 32 x64 x 32
Residual 5 3x3/1 32 x 64 x 32
Residual 6 3x3/2 64 x 32 x 16
Residual 7 3x3/1 64 x 32 x 16
Residual 8 3x3/2 128 x 16 x 8
Residual 9 3x3/1 128 x 16 x 8

Dense10 | - 128

Batch & % Normalization |  ---—--- 128

2.5 Moving Objects Trajectory Construction

An object moves from one frame (still image) to another sequence frame to
Imagine how it moves smoothly in a way that is felt by the eye as if it was an

integrated video. Geometrically, an object takes a specific location into the image
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plane, and its location is updated in each consecutive frame based on its moving
distance. The line that is constructed by concatenating multiple sequence points is
called a trajectory. A trajectory is the path of a moving object that follows across the
space with the time function. It is denoted by {(x1, Y1, t1), (X2, Y2, t2), ..., (Xn, YN, tN) }
where X;, y; represent geographic locations of an object during the t; time and N is
the total number of frames that object moves through them. The path that is created
by connecting several points together to indicate an object's changing location from
the beginning to the end throughout that position is called a trajectory. For each item
in each frame, the X- and Y-centers must be determined in order to determine the
trajectory that is associated with the time stamp. Figure 2.12 shows how the
trajectory is generated from the digital video camera frame by frame with time for

each position frame as illustrated in Equation 2.13 [55].

Trajectory = T (Xcenter, Ycenter, t) .......... (2.13)
Kfalne iﬁ'allle 3rd frame
(x5 - 5 )
’;) ______ ol (352373
5.3 - ) sresnen W e

Figure 2.12: Trajectory Constructed by Video Camera Device [55].

/

There are two main types of trajectories either geographic or semantic. The
geographic (Spatial) type is based on their locations with time association where the
location represents the center position of an object in a specific frame with a time

stamp (frame per second). On the other hand, the semantic type is to extract the
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interesting point for the trajectory depending on the semantic information on a
specific location that obtains by GPS (Global Positioning System) or by using

computer vision open-source applications [56].

Trajectories have different lengths, directions, and shapes where each
trajectory has special attributes that distinguish it from others. However, many
properties are considered to be similarity factors to compare the trajectories. Figure

2.13 illustrates trajectories with varying lengths [57].

Irajectory, ~ _ - ~ -\

frajectory,

trajectory,, -

Figure 2.13: Trajectories with different lengths [57].

There are many similarity measures to ensure that the object trajectory is
closed to others in the scene. The similarity may be measured by whole trajectory
and sometime by sub-trajectory that depends on the method that is used to compute
the similarity and the type of the dataset. Figure 2.14 shows different measures of

trajectories with many attributes [58].
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Figure 2.14: (a) Two trajectories of similar orientation and shape. (b) Two overlap trajectories with
different orientations. (c) Two trajectories of different lengths but the same orientation. (d)

Semantic trajectory [58].

There are two main types of similarity measures: spatial similarity which
emphases spatial geometric shape without temporal, and the second type measure is

a spatio-temporal similarity which considers the spatial and temporal aspects of the



Chapter Two

Theoretical Fundamentals

moving data object. Figure 2.15 expresses the classification of similarity methods

between the trajectories in different measures [59], [60].

Similarity
measures
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Similarity e
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Figure 2.15: Classification of Similarity Measures of Trajectories [59].

2.6 Shape Normalization and Reduction

Automatic object recognition is one of computer vision's most crucial

objectives. Based on a variety of sensory information, including shape, color, and

texture, the human visual system accomplishes this task. The shape is one of the

most helpful cues among these inputs because color and texture can quickly change
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within the same class of items, such as cars or pedestrians, but the shape is largely
constant. However, there is some variation in the forms of objects even within the
same class. For instance, the object can be nonrigid or visible from several angles.

As a result, normalizing shapes becomes a crucial stage in creating shape models.

Shape normalizations are made invariant under a specific class of
transformations by the process of shape-normalization. As a result, there are two
ways to categorize existing shape normalizing methods: (i) shape representation and
(i) transformations. Different methods of representation, such as landmarks like the
Procrustes analysis, parametric curves or surfaces like splines, or implicit functions
like the distance transformations, have all been proposed. In terms of
transformations, most people think of translation, isotropic scaling, and rotation as
similarity transformations. Therefore, finding the shape's center, scale factor, and
orientation will enable shape normalization to achieve its special purpose of making
the shape model invariant concerning the three transformations. Figure 2.16

illustrates an example of a shape normalization mechanism [61].

Figure 2.16: a) Object before shape normalize; b) Object after shape normalize [61].
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2.6.1 Implicit Shape Representations

Implicit Shape Representation is defined as a signed distance function
by saying the following given a closed planar curve C that defines a shape S as
shown in Equation 2.14 [61]:

¢ (x,¥) =d((x,y),C) insideC
-d ((x, ), C) If (x, y)outside C
O if(x,7) €C vrevevivrnaannn, (2.14)

where the minimal Euclidean distance (d((x,y),C)) exists between the point
(x,y) and the curve (C). As a result, (x,y) embeds C as its zero-level set and has a

gradient according to the unit norm.

2.6.2 Robust Shape Normalization

Robust Shape Normalization is a novel shape-normalizing technique
based on implicit representations to lessen the sensitivity to shape deformations.
Designing a density function p(x, y)for a form based on its implicit representation ¢
as illustrated in Equation 2.15 [61]:

PY) =OMX,Y) (A=1,2,..) e, (2.15)
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and after that, change the shape's center, scale factor, and orientation are redefined.
The level of robustness is controlled by the parameter L. The shape normalization is

less susceptible to shape deformations as grows larger A.

2.6.3 Ramer—Douglas—Peucker Algorithm

It is also known as the Douglas—Peucker algorithm and iterative end-point fit
algorithm. It is a mathematical algorithm that reduces a curve made up of line
segments to a curve with fewer points. It was one of the first methods for
cartographic generalization to be effective. The algorithm's goal is to identify a
similar curve with fewer points given a curve made up of line segments (also known
as a polyline in some settings). Based on the greatest distance between the original
curve and the simplified curve, the algorithm determines what is "dissimilar” (i.e.,
the Hausdorff distance between the curves). A portion of the points that made up the
original curve is presented in the simplified curve. Figure 2.17 shows an example of

the Douglas—Peucker algorithm [62].
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Iriina Reduced

Figure 2.17: An example of the applied Douglas—Peucker algorithm [63].

The distance dimension £ > 0 and an ordered collection of points or lines make
up the initial curve. The line is divided repeatedly by the algorithm. All of the points
between the first and last points are initially awarded to it. The first and last points
are automatically marked as being kept. The point that is farthest on the curve from
the approximate line segment between the end points is found next. This point is
obviously farthest from the line segment with the first and last points as end points.
Any points not already designated to be kept can be deleted if the point is closer than
e to the line segment without worsening the simplified curve by more than. The
farthest point from the line segment must be retained if its distance from the
approximation is more than. The procedure, which includes the farthest point being
marked as kept, recursively calls itself with the initial point and the farthest point,
then with the farthest point and the last point. When the recursion is finished, a new
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output curve made up entirely of the points that were designated as maintained can
be created [62] [64].

2.7 Graph Mining: Concepts and Techniques

Data mining is automatic processing that seeks meaningful information
among huge data repositories, or it is discovering patterns in massive data sets.
Graph mining is a branch of the data mining concept. Graph mining is the tools and
techniques which are used to analyze the attributes of real-world graphs; to anticipate
how the graph structure and its properties may influence some applications and to
develop models capable of producing accurate graphs like interest patterns figured
out from real-world graphs. A graph is used to represent large data with high
accuracy of the description of their items which is an important reason to use a graph.
Since there are many types of graph patterns, frequent pattern mining is the basic

pattern which could be discovered in a group of graphs [65].
2.7.1 Basics and Definition

a. Graph is a set of nodes that are related by edges. A graph is defined as G= (V,
E), where V is a set of nodes and E is a set of edges that clarify the relations between
nodes. A graph can be directed or undirected, also it could be weighted on an
unweighted graph based on the problem representation. Figure 2.18 shows two mix

types of graphs [66].

@*@
-
(a) (b)

Figure 2.18 :(a) Unweighted Directed Graph of three nodes. (b)Weighted Directed Graph of four
nodes [66].
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b. Graph lIsomorphism: the graphs G; = (Vi, E;) and G, = (V,, Ey) are
iIsomorphism if the vertices of two graphs are the same while the edges of each of
them is resorted. In other words, graph isomorphism can be defined as a one-to-one
mapping between the nodes of V; and V; which obtains adjacency. Figure (2.19)
illustrates an example of graph isomorphism aspect. Graph isomorphism is a

bijection between two graphs and denoted by [67]: f: V(G1) —— V(Gy)

Graph 1 Graph 2

Figure (2.19): An example of two graphs (Graph 1, Graph 2) isomorphism [67].

c. Adjacency List: is a group of unsorted lists that used to represent a graph. It is an
array of size that is equal to the number of vertices. The advantages to using
adjacency list are time complexity O (|V| + |E|), and it is easier to add a new node.
However, queries about which edge from node u to node v aren’t efficient O (V). In
general, an adjacency list is used with graphs that are sparse [66]. Figure 2.20 shows

an example of an adjacency list by representing the directed graph.
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Figure 2.20: An example of represented of a directed graph with its adjacency list [66].

d. Adjacency Matrix: another important representation of a graph. It is a square
array that is used to represent a limited graph. The values of the array are (0, 1) with
0 for the main diagonal. The adjacency matrix is symmetric because the upper
triangle of the array is equal to the lower triangle pf the array. The advantages of the
adjacency matrix are easier to eliminate an edge where it takes O(1) time,
representation data is simple, queries about ab edge from u to v are efficient, and it
consumes only O(1). On the other hand, the drawbacks of the adjacency matrix that
it consumes more space, the same space is also consumed even if the graph is sparser
[66]. Figure 2.21 shows an example of the adjacency matrix representation of a
graph.

n » W N PR O

Figure 2.21: An example of an undirected graph and its adjacency matrix representation.
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2.7.2 Graph Mining Approaches
There are two main types of graph mining algorithms:

a. A priori-based approach: In the graph data structure, all of the frequently
recurring sub-graph patterns can be successfully extracted using the priority-
based graph mining (AGM) algorithm. The breadth-first search (BFS) idea,
an algorithm for searching graph data structures, serves as the foundation for
this approach. Before going to the following level, it investigates all of the
nearby vertices of the current level, beginning from the root of the tree (or
some other random node on the graph). For instance, let's say we have two
sets of size-3 frequent elements (abc) and (bcd). They produce simple (abcd)
frequent element set candidates of size, and because the two substructures are
related, the candidate size-4 generation problem in the frequent substructure
mining is more challenging than the candidate generation problem in frequent
element set mining. Recently, substructure extraction from priority-based
algorithms such as AGM, FSG, and path-binding approaches has become
rather popular [68], [69]. Figure 2.22 illustrates the mechanism of Apriori

likewise approach to search of subgraphs pattern.

Apriori-Based Approach

e (k+1)~-edge @
g
Sty s g

JIOim Prune=
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Figure 2.22: A priori-based approach of graph miming search [68].
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b. Pattern-Growth Approach: The strategy (BFS), which is a step-by-step
candidate build, must be used by the priority-based method. Check all of the
k-size subgraphs that correspond to the (k + 1) size chart to determine its upper
bound of frequency before deciding if it is common. Therefore, the A priori-
based technique must typically finish the extraction of subgraphs of size k
before extracting subgraphs of any size (k + 1). The pattern growth technique,
however, employs deep search (DFS), and its search technology is more
adaptable. The DFS search method begins at the root node or any other
randomly chosen node and scans as much of each branch as it can before
moving on to deeper levels of scanning. The frequent pattern growth approach
Is a technique for identifying common patterns; it does not produce new
candidate patterns. Instead of using the A priori build and test technique,
construct an FP tree. The FP growth algorithm's main goal is to distinguish
between the trajectories of different pieces and extract recurring patterns.
Pattern growth techniques like gSpan, ADIMine, and DPMin are examples
[68], [69]. Figure 2.23 expresses the mechanism of pattern-growth (tree

extension) search technique.

Figure 2.23: Pattern-Growth search approach mechanism [68].
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2.8 Clustering

Clustering is the process of grouping set of objects that have approximately
similar attributes, and they are homogeneous, connectivity, meaningful, and useful.
Clustering is a branch of data miming concept because it focuses on the aspect of
mining the interesting data based on the algorithms that are followed. There are
many types of clustering hierarchical and partitional. Partitional clustering is
dividing the set of data objects into non-overlapped clusters (subsets) where each
object must belong to a specific subset. Hierarchal clustering is allowing clusters to
contain subclusters, where a set of overlapped clusters are sorted as a tree. In
addition, each type of clustering approach has two subtypes where hierarchical
clustering has divisive and agglomerative approaches while partitional clustering has
hard and soft clustering approaches. Figure 2.24 shows the difference between

hierarchical and partitional clustering in mechanism [70], [71].

(_Hierarchical Clustering ] [ Partitional Clustering ]

Figure 2.24: Hierarchical and partitional clustering [70].
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2.8.1 Clustering Models

The concept of “cluster” can be found in many algorithms, and it is a variety
important in their attributes. Therefore, there are different models and algorithms,

and each of these models can be given a different algorithm [71]:

e Connectivity Models: constructs models depended on distance connectivity
such as hierarchal clustering.

e Centroid Models: acts each cluster as a single average vector such as the K-
means algorithm.

e Distribution Models: a set of clusters are modeled by statistical distribution
like an expectation-maximization algorithm.

e Density Models: declares the clusters as a region densely connected in space
of data such as DBSCAN.

e Group Models: sometimes there is no derived model for some results, so it
just supplied the grouping information.

e Graph-Based Models: it happens in subsets of nodes from a graph where every
two nodes are connected by an edge that can be conducted form of a cluster
(Clique).

e Neural Models: it is called an “unsupervised neural network”. It can be similar
to the above model just in subspace models if a neural network is implemented
aspect of PCA and ICA.

e Subspace Models: it is called bi-clustering or two-mode -cluster, and it is
modeled with both cluster items and pertinent properties.
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2.8.2 Hard and Soft Clustering

In general, clustering can be divided into two types of clustering methods:
hard and soft clustering. Hard clustering is defined as assigning object data to be in
just one of the clusters. For example, if we want to read all Facebook posts then we
want to separate the posts into a negative or positive post. K-Means is a popular hard
clustering algorithm to cluster where the data objects are clustered into K clusters,

and each object will belong to only one cluster [72].

In some cases, it doesn’t need a binary separation since the data nature types
are different, and it needs to cluster the data into clusters where each object could
belong to multiple clusters based on a certain degree. Fuzzy C-means (FCM) is an
important algorithm for soft clustering where a membership vector is generated
through FCM progress that indicates the probability of the membership. the ranging
values of the membership vector are in between 0 to 1 to refer to how the object
belongs to one cluster and with others [73]. Figure 2.25 shows the difference

between hard and soft clustering approaches.
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Figure 2.25: (A) Hard clustering method. (B) Soft clustering method [74].
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2.8.3 Fuzzy C-Means Clustering Algorithm

FCM clustering algorithm was evolved by J.C Dunn in 1973 and
enhanced by J.C. Bezdek in 1981 [74]. It is very similar to the K-

Means algorithm where:

a- Select a number of clusters.

b- Randomly assign coefficients to a data item to be clustered.

c- The algorithm will be repeated until it is converged (when the
coefficients change between two iterations is less or equal to £
sensitivity threshold.

1- Calculate the centroid of each cluster.

2- Calculate the coefficients of the clusters for each data point.

1) Centroid

For each point x, it has a group of coefficients that obtain the degree
of being in the kth cluster of wi(x). therefore, the fuzzy c-means centroid of
a cluster is representing the average of all points and is weighted to the

cluster belonging mathematically as shown in Equation 2.17 [74]:

= Zawi()Tx (2.17)

k - Eka(x)m .............

Where m is the hyperparameter that manages the form of the fuzzy cluster

where the higher m, the fuzzier of the cluster will be at the end.
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2) Algorithm

The FCM algorithm tries to divide a finite set of n elements where X
= {x1,..., xn} into a set of ¢ clusters (fuzzy) with some given condition. The
algorithm will return a list of ¢ centers of cluster C = {c1, ..., cc} by
releasing a finite group of data, and partition array W = wi,j € [0,1],
i=1,...n, j=1,...c, each element wi,j called the degree of element x; belongs
to cluster ¢c; The FCM reaches to minimize an objective function as
illustrated in Equation 2.18 [74]:

n
C
Arg Min (c) E z 1Wg}.1||xl._cj||2 .......... (2.18)
=1~ "

where;

L (2.19)

¢ 1
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Algorithm 2.2 illustrates the fuzzy c-means algorithm.
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Algorithm 2.2: The Fuzzy C-Means Algorithm [74].

Algorithm Name: The Fuzzy C-Means Algorithm

Input: Number of Flatten Vectors that Represents Objects Trajectory Weighted
Graphs After Data Reduction

Output: Number of Clusters

Begin

Step 1: Read csv file that contains number of vectors each one represents objects
trajectory weighted graph after applying cosine similarity measure

Step 2: Determine Number of Clusters that should be gotten and investigation good
outcomes

Step 3: Applying Fitting Function on Flatten Vectors and Store the Values
Step 4: Specifying the Centers of All Clusters
Step 5: Predict the output values by Applying Predicting c-means Function

Step 6: Go to step 1 if there is new file has been ready to input

End

2.9 Results Evaluation Measures

The results must be evaluated in any system to assess it, and sometimes makes
changes and updates to improve the outcomes. There are many types of metrics to
evaluate the stages of any system, and it must select the important and effective

metrics to assess each stage.
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2.9.1 Object Detection and Tracking Evaluation Metrics

All metrics that could be used to evaluate and compute the strenghth and the
quality of the algorithm rely on the confusion matrix of the actual and prediction
results [75].The confusion matrix of object detection and tracking assessment is
illustrated in table 2.3 [76].

Table 2.3: Confusion matrix of object detection and tracking.

Prediction Condition

Positive Negative
Positive
Actual
Condition

Negative

True Positive (TP): when detecting and tracking the correct target object, and the
intersection over union (IOU) between actual and prediction (bounding boxes) is
more than or equal to 0.5 thresholds.

False Negative (FN): when there is no detecting and of tracking of any target

objects, regardless the IOU between actual and prediction of bounding boxes.

False Positive (FP): it sets when detecting another target object but takes a different

ID switch. Also, ignore the IOU between prediction and actual.
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True Negative (TN): it sets when object detection is correct, but IOU is less than
0.5 threshold. For tracking, it sets when tracking a correct target object while it takes

the wrong ID switch.
Then, any important and general metrics can be computed:

Accuracy: is a measure that describes the model applied across all object’s classes.

The formula for accuracy measure is shown in Equation 2.20 [77]:

TP+TN

Accuracy =———————— ......... (2.20)
TP+TN+FP+FN

Precision: is computed as a ratio between the number of correctly positive samples
that is figured out the total number of correct and incorrect positive samples. It is
measuring the accuracy model in the positive sample for actual and prediction as
illustrated in Equation 2.21 [77]:

Precision STPRRp (e (2.21)

Recall: is computed as the ratio between the number of correctly positive samples
which is figured out the positive samples to the total number of positives. It can be
able to discover the positive samples where the higher value of the recall means more
positive samples are discovered. The formula for recall measure is shown in
Equation 2.22 [77]:

TP

Recall = TPLEN “ttriereereeeees (222)
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F-Score: is computed from precision and recall. It is the harmonic average of the
precision and recall. The formula of the F-score measure as shown in Equation 2.23
[77]:

F1 = 2 « Precision*Recall - (2.23)

Precision+Recall

2.9.2 Evaluation of Clustering Results

The main goal of clustering is to obtain high intra-cluster and low inter-cluster
which is the underlying criterion for cluster quality. For clustering measures quality,
there are internal and external measures of quality of clustering. A review of the

Important and effective measures for clustering data is highlighted [78]:

a. Purity: is an external clustering evaluation measure, and it is a metric to
measure the quality of a cluster which contains only a single class on an
object’s data. The formula of purity cluster is illustrated by Equation 2.24
[79]:

Purity(2,c) = %z m]ax|Wk N cj| ......... (2.24)
k
where:

0 ={wy, w,, ..., wiHs the group of clusters, and ¢ = {c, Co, ..., ¢j} is a group of

classes type.

b. Rand Index: is a metric to measure the similarity between two data

clustering, it will be given learning of the ground truth class functions and
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clustering algorithm functions of the same samples. The formula of the Rand

Index is shown in Equation 2.25 [80]:

_ TP+4TN
RIS DN PN v vverrrrrrrreemenennens (2.25)

c. Homogeneity: is a clustering metric evaluation to measure if the cluster has
only one single class of its members. The formula to calculate the

homogeneity clustering measure is defined in Equation 2.26 [81]:

_ H(Ytrue|Ypred)
H(true)

h=1

d. Completeness: is another metric clustering evaluation measure to compute all
class members of a given class are grouped at the same cluster. The equation
formula to compute the completeness measure is illustrated in Equation 2.26
[81]:

_ H(Ypred|Ytrue)
H(pred)

c=1

e. V-measure (Normalized Mutual Information): is obtaining the goodness of
clustering algorithm, and it is the harmonic average between homogeneity and
completeness. The formula to calculate the VV-measure is defined by Equation
2.27 [81]:

__ ((1-p)xhomogeneity+completeness)

p+xhomogeneity+completeness

where the default B is 1, and it is ranged between 0-1.
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Chapter Three The Proposed System

3.1 Overview

The main objective of this dissertation is to cluster multiple objects tracking
by using modified YOLO and Deep-Sort algorithms with many classes and extract
trajectories and features for them. Then a graph mining algorithm is suggested to be
a graph clustering algorithm to group the objects of the same class based on their
behaviors. In this chapter, the proposed system is described in detail. The first stage
iIs how to prepare and read the dataset. The second stage is to split a video into
frames. The third stage is applying pre-processing on each frame before the detection
stage begins when it needs. The fourth proposed stage is to detect multiple objects
in each frame; after that tracking multiple objects algorithm is run. The fifth stage is
to extract the trajectory of each object and some features of each object trajectory.
The sixth stage is to store the graph information for each trajectory object in large
graph database. The dissertation then proposes a new adaptive graph mining to
figure out the interesting information for each trajectory object stored in huge
database. After that, it applies a graph clustering algorithm to divide the data into

groups of similar behaviors.
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3.2 The Proposed System

The proposed system has many stages to cluster moving objects in video. The
input system is the benchmark videos dataset. The dataset is VB100 Video Bird
Dataset, and it contains 22 classes and about 14 video clips for each class [82], [83].
The next stage is to split video data into frames (still images) and then prepare them
to be input into the preprocessing phase. Furthermore, preprocessing step is set of
operations that are applied on frame (image) to refine it. Moreover, many operations
can be applied to the frame before starting the clustering model such as morphology,

filtering, etc.

In order to complete the preprocessing phase, each frame is inserted into the
detection step to detect multiple objects with different classes. Here, modify YOLO
(You Only Lock Once) algorithm is used for object detection because this algorithm
IS more accurate than others and robust. When the model starts detecting the objects,
the Deep-Sort tracking algorithm will begin to track the objects from frame to frame
and so on. Then, it will extract the trajectory for an object after making normalization
for trajectory points. After that, it will figure out some features for every two points
of the trajectory to prepare it for the next step. Next, by using the features between
points, it can construct a graph for each trajectory. Therefore, converting each

trajectory into a graph by using its features by representing it as a Fuzzy Adjacency
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Matrix (FAM) to act the graph. Moreover, a graph dataset is built by converting
trajectories into a graph. In addition, an adaptive graph mining algorithm is proposed
to mine and cluster these objects trajectories based on behaviors of the same object
type. The outcomes are the number of clusters, and each cluster must have purity,
and homogeneity, completeness for their elements. Figure 3.1 illustrates the block

diagram of the proposed system.
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3.2.1 Reading and Preparing Video Benchmark Dataset Stage

The first stage in any model is the data input. The dataset must meet
some data requirements, and it must also be tested and published. The dataset used
in this model is video bird dataset. It is appropriate with the concept of clustering
model; it has various classes of the same bird animal kind. The dataset is called
VB100 Video Bird Dataset. The proposed system first read video datasets from

video benchmarks and from scenes that were recorded in different environments.
3.2.2 The Splitting Video into Frames Stage

To begin the processing stage on video data, first, we must divide the
dataset video into several frames (still images) to deal with them as a static image
since it is simple to cope with the type of data. Splitting video into frames must be
appropriate with the clustering model of this dissertation. It must be considered with
splitting frame rate (number of frames per second) where it is representing the
motion speed. Therefore, it must balance the frame rate per second (fps) with the

mechanism of the proposed system.
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3.2.3 The Preprocessing Stage

Preprocessing stage is starting after splitting the video into frames
where sometimes the image needs some operation to be ready for detection and
tracking, so some frames have noise or blurring and there are many effects the image
should be polluted. There are many causes for noise where sometimes the received
image is degraded by many degraded methods. One of the important noisy images
causes is lens optical in a digital camera that captured visual information where if
the camera does not exactly focus on the resulting image, it will be a blurred image.
Another issue that may be faced is outdoor changes such as foggy weather and
ambient illumination called variation appearance. This needs techniques to enhance
and filter the images. The outcomes frames should be free from noises and
aberrations. A list of some filtering and image enhancement operations are used in

the proposed system are listed below:

1- Gaussian blur filter is applying the gaussian function on the blurred image,
and it is typically used to reduce detail and noise. The image produced from
gaussian blur is smooth. It is also used with images that capture affected by
lens out focuses or images have shadows too. The gaussian function is reduces

the high-frequency components image, so gaussian blur is a low-pass filter.
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2- Morphology operation applies on each frame. Mathematically, morphology is
an operation to eliminate imperfections in the region of interest of the image,
and it provides rich information patterns and image structure. In the proposed
system, two morphological operations are used which are erosion and dilation
methods to improve the detection and tracking processes as well.

3- Median and sharpening filters should be applied when they are needed. The
median filter is used for noise removal, whereas the sharpening filter is
utilized for enhancing the edges of the objects and for contrasting the shade
properties. The median filter is one of the most important nonlinear filters,
and it is robust with impulse noise like “salt and pepper”. On the other hand,
sharpening filters are sensitive to noise, and they are used for noise reduction.
Sharpening filters are making bright pixels more bright compared with their
neighbors which will help the model to improve object detection in each frame

(image).

All these filters and noise removal processes are applied on each frame before
transferring it into the detection stage because they improve the quality of object
recognition will assist the detection algorithm to increase the accuracy and speed of
object detection. All formulas and equations with brief details of each process are

discussed in Chapter 2.
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3.2.4 The Object Detection Stage

Object detection is a computer vision task to detect instances of
semantic objects of a specific class such as humans, cars, or birds in videos and
digital images. It is commonly used in many tasks of computer vision like image
annotation, vehicle counting, face detection and recognition, and activity
recognition. Each object class has its own certainty features that assist to classify the
class. Object detection is necessary to initialize the tracking process, and it is applied
for each frame. Moving object detection is one of the important tasks of object
detection. A widely used approach to moving object detection is to use temporal

information fetched from consecutive frames.

In this proposed system, the multiple objects detection process is done
by using YOLOv3 algorithm. The modified YOLO algorithm is a detection method
that frames object detection as a regression issue to separated spatial bounding boxes
and class probability associated. YOLO has a single neural network for predicting
bounding boxes and class probability directly from the entire image (frame) in one
step of evaluation. It is a speed and robust architecture, and it processes 45 frames
per second in real-time system while taking 155 frames per second with a small
version of the network. YOLO detection algorithm reduces false positive prediction

on the background.
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In this proposed system, Yolov3 (an Increment Improvement) is used
because it is faster than other approaches, where it is at 320x320 Yolov3 executes in
22 ms, and it is more accurate and three times faster than SSD (Single Shot Multi-
Box Detector). Yolov3 is a very fast detection algorithm, and it reasons generally
for the image when prediction making since it sees the entire image in training and
testing time. Yolo detection learns generalizable acts of objects. Figure 3.2 illustrates
an example of object detection using YOLO algorithm. Algorithm 3.1 illustrates the

modified YOLO detection algorithm.

Figure 3.2: An example of Object Detection Using the YOLO Detection Algorithm

67




Chapter Three The Proposed System

Algorithm 3.1: The adapted YOLO Objects Detection algorithm.

Algorithm Name: The Adapted YOLO Algorithm

Input: Raw_Video Data

Output: Bounding_Boxes_Along to Recognize Class (animal, person, etc.)
Begin

Step 1: Divide video into number of frames (30 frame per second)

Step 2: Resize each frame into 416*416*3.

Step 3: Convert each frame from BGR to RGB

Step 4: Call_Preprocessing functions stage

Step 5: Determine and Detect Region of Interest (ROI) in each Frame by Using CNN
(add more layers to enhance the accuracy) pretrained model:

» Splitting each frame to regular grids and the origin coordinates assigned to all the grid cells
» Check all pixels to Select which Pixel has object then assign origin point of object
» Foreach grid cell:
e it predicts B boundary boxes, and each box has confidence score
e it detects one object only regardless of the number of boxes
e it predicts C conditional class probabilities (one per class for the likeliness of the object
class)

Step 6: Set Single Bounding Box for each Object by Using Intersection Over Union and
Non_Max_Suppression:

» Calculate area overlapping and area union between predicted bounding boxes with actual bounding
box.

Calculate 10U by divided intersection area on union area for all bounding boxes.

Order bounding boxes with its probabilities (10U).

Discard all the boxes having probabilities less than or equal to a pre-defined threshold (0.8 in this case)
Pick the box with the highest probability and take it as the output prediction.

Discard any other boxes which have 10U greater than the threshold and less value from the output
prediction box from the previous step

Repeat step 2 until all the boxes are either taken as the output prediction or discarded

VVVVY

A\

End
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YOLO version-3 is used in the proposed system because the salient features
of YOLOv3 are making detection with three various scales, so it is better to detect

small objects.

Moreover, YOLOV3 selected 9 anchor boxes, three for each scale. In addition,
version 3 of the YOLO detection algorithm has more bounding boxes for each image
(frame) rather than versions 1 and 2 which will enhance the detection accuracy

process. For instance, Yolov3 predicts 10x number of bounding boxes than Yolov2.

In this proposed system, YOLO is modified in its layers such as adding
several layers to get highly accurate performance, but it is time-consuming. It
depends on the dataset that works on it, and many challenges faced by any video
data like illumination, similarity in appearance (Clutter), noise, etc. Also, it modified
the number of kernels for each layer based on the nature and content of the dataset,
and it can train the CNN of YOLO on a new class such as fish. Moreover, it modified
the number of frames per second that depends on how the dataset is captured. In
VB100 Video Bird Dataset, the fps is modified to 30 fps since it is captured with 30
fps. YOLO is explained in detail in chapter 2. Algorithm 3.1 shows the YOLO

objects detection algorithm.
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3.2.5 The Multiple Objects Tracking (MOT) Stage

Object tracking is an operation that predicts the position of a moving
object over time. It is a technique to study the visual system of multiple moving
objects. MOT is to track many objects’ locations at the same time. Tracking multiple
objects needs three requirements: detection, prediction, and data association. In other
words, MOT is the issue of automatically identifying multiple objects in video data
and forming them as a group of trajectories with good accuracy. A multiple object
tracking is divided into two aspects: detection-free tracking and tracking-by-
detection, and there many approaches to tracking for each group. Detection-free
tracking is a manual initialization for a constant number of objects at the first frame.
Then, the object is localized in consecutive frames. On the other hand, detection-
based tracking is a process to track multiple objects at each frame, where the
detection step is applied at each frame. Then, the objects link into trajectories. In the
proposed model, the method that is used to track objects is Tracking-by-detection,

where the tracking task is based on the detection step.
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e The Deep-SORT Tracking Objects Algorithm

The Simple Online and Realtime Tracking (SORT) algorithm is an
algorithm to track multiple objects with emphasis on a simple and effective
approach. However, it is integrated appearance information and motion to enhance
the performance of the SORT algorithm. Deep-Sort or Simple Online and Realtime
Tracking with a Deep Association Metric is an improved version of SORT to be able
to track objects through a long time of occlusion. It is robust and has a high-accuracy
algorithm which it is used in the tracking stage of the proposed system. This tracking
approach reduces the number of switches identities by 45% and reaches a high

performance and frame rate.

The Deep-Sort tracking algorithm works in four phases. The first phase
Is to define eight-dimensional state space (u, v, v, h, X’, y’, ¥’, h’) and confidence
score that have the bounding boxes center location (u, v), aspect ratio y, height h,
and the velocities x” and y’ of image coordinates. Then, it uses the Kalman filter
with fixed velocity motion and model of linear observation, where it takes the
bounding box coordinates (u, v, vy, h) as the object state directly. In addition, for each
track t, it will count the number of frames for the last successful measure association
a; (it is increasing during Kalman filter prediction). The track that will be greater

than the predefined max age of the tracker, will leave the scene and will be removed
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from the track group. Tracks that are not associated with the measurement at the first

three frames will be deleted.

The second important phase of the Deep-Sort tracking algorithm is to
apply the Hungarian algorithm, which integrates the appearance information and
motion by using two metric which are Mahalanobis distance and cosine distance
measures. Mahalanobis distance measure is an effective distance measure that is
used to calculate the distance between a point and its distribution. The cosine
similarity measure counts the cosine similarity between two vectors (angles).
Hungarian approach used Mahalanobis distance to predict Kalman states space and
new measurements that arrived, while it utilized cosine distance measure to make
retrieve identities after a long period of occlusion specifically when motion with less

discriminative.

The third phase of the Deep-Sort algorithm is the matching cascade,
where it runs intersection over union association for unexpected appearance
changes. For example, partial occlusion causes and improves robustness versus
initialization error. The final phase in this tracking algorithm is a deep appearance
descriptor. CNN architecture used 10 dense layers to compute global map features
of 128 dimensions. Indeed, it used the Deep-Sort tracking algorithm in this proposed

system because it is strong through a long time of occlusion with high accuracy.
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Algorithm 3.2 illustrates the modified Deep-SORT multiple objects tracking that is

used in the proposed system.

Algorithm 3.2: The Modify Deep-SORT Algorithm.

Algorithm Name: The Modify Deep-SORT Algorithm
Input: Bounding Boxes and IDs

Output: Trackers to Track Multiple Objects

Begin

Step 1: State Estimation and Track Controlling:

> defined on the eight-dimensional state space (u, v, y, h, x’, y’, y’, h’) that contains the bounding box
center location (u, v), aspect ratio y, height h, and their velocities in image coordinates

» use Kalman filter with fixed velocity motion and linear observation model

» For each track t we count the number of frames since the last successful measurement association at

> if Tracks exceed a predefined maximum age (Amax), then object C leave the scene and remove from the
track group

Step 2: Call Hungarian Algorithm: used two metrics to incorporate motion with information appearance:

» Use the Mahalanobis distance measure between estimated Kalman states and newly arrived
measurements

» Use cosine similarity metric to retrieve identities after long-period of occlusion when motion is
less discriminative

Step 3: Matching Cascade:

> Apply intersection over union association to compute for abrupt appearance changes, such as
partial occlusion with static scene geometry, and to enhance strongest versus initialization
errors

Step 4: Deep Appearance Descriptor:

» using CNN architecture to release a large residual network, with two convolutional layers and
six residual blocks

» The general feature map of 128 dimensional is calculated in 10 dense layers

» A final batch and the project of normalization feature onto the unit hypersphere to be
appropriate with cosine appearance metric

End
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It is possible to modify the Deep-Sort tracking algorithm by adding
more layers for its convolutional neural network to obtain a robust tracking system
and reduce the switched identification of objects, and it treats longer periods of
occlusion as well. These modifications are added to the Deep-Sort algorithm

depending on the dataset and its contents.
3.2.6 The Trajectories Construction Stage

Trajectory means a path of moving object that consists of a set of points
that represents the position (X center, Y center) OF Object at time moment. To extract the
trajectory for an object that means it can recognize and analyze the behavior of that
object. It is a very important and complex step in the proposed model because it
needs to identify the same object in each frame by propagating an object over the
time frame by frame. After obtaining the last frame, the whole trajectory of an object
will be constructed. In the case of that object at i frame is disappeared, the entire
trajectory for it will be built after i appear frame. Figure 3.3 shows an example of

trajectory representation constructed by using the OpenCV python library.
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Figure 3.3: An example of Trajectories Representation in python (open cv).

In Figure 3.3 each trajectory is built by propagating the same object at
each frame where in each frame the object represents centroid points of that object
at this frame. Therefore, the trajectory is a collection of consecutive points that are

grouped together to imply a path that represents the entire moving object (positions).
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3.2.7 The Normalization Algorithm for Data Reduction Stage

In this important step of the proposed system, trajectory shape needs to
be normalized since many of them are not distinct and rich. The normalization
approach is a way to prune weak points that build a trajectory with the alignment of
other points. Statistical normalization of points has many techniques such as normal
score, ratio distribution, standard score, and feature scale. In this dissertation, the

feature scale is used to normalize trajectory points.

In this stage, a new normalization shape method is suggested. It depends
on dynamic changes for direction between every two points in a trajectory, where
the input of this algorithm is all trajectory points extracted from bounding boxes for
each frame object location. After that, the current point for each trajectory in the
current frame is computed, and the next point is also calculated. Furthermore, it
computes angle#1 between the current and the next point. The angle is the direction
between two points, and it is calculated by finding the slop (Y, — Y1)/ (X3 -X1) where
(X1, Y1) and (X3, Y3) are current and next points respectively. Then, the algorithm
takes the tangent inverse to figure the direction between two points, where the slops

Is tan theta for angle.

Moreover, it swaps the current point by the next point and creates a new

point by assigning reading a new point. In addition, angle-2 will be computed
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between the new point and the current point by the same angle-1 obtained above. It
creates a new variable called Dynamic Threshold to take the value of the absolute
subtracting operation between angle-1 and angle-2 at every frame. This dynamic
threshold value is updated in each frame with new point extraction. Algorithm 3.3

illustrates the normalization and the data reduction algorithm.

Then, test the dynamic threshold value if it isn’t equal to zero and the current point
also isn’t equal to the next point which means this point will be considered to be

taken in the proposed model; therefore, this point will be deleted.
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Algorithm 3.3: The Normalization and The Data Reduction Algorithm

Algorithm Name: The Normalization and The Data Reduction Algorithm
Input: All Trajectories (points of each of trajectory)

Output: Distinct Points for each trajectory

Begin

Step 1: Read_Current _ Point = (X center of bounding box, Y center of bounding box) (Current frame)

Step 2:Read _ Next _ Point = (X center of bounding box, Y center of bounding box) (Next frame)

Step 3: Computing Angle-1 = Tan (current _ point, Next _ point)

Step 4: New _ point =Read _ New_ Point

Step 5: Assign Next _ point into Current _ point

Step 6: ComputingAngle-2 = Tan (Current _ point, New _ Point)

Step 7: if (Angle-1 is not equal to Angle-2 and Current _ Point is not equal to New _ point)
then take Current _ Point as a normalize point to be considered in the proposed system

Else
Point removed

Step 8: While (there is a frame in system) do (step 1)

End

This progress will be continued until the last point for each trajectory.

This normalization point approach reduces the number of points for each trajectory
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in about 50% with remaining the important and distinct points are needed in the

system.

An example of normalization data points is taken for an object from the
dataset. The example that is taken for three objects of birds that moved in the video
without occlusion among them. The normalization algorithm will reduce the data
positions and orientations by approximately 50% or more. The example will be taken
before applying the normalization data algorithm and after making the normalization
method to see the difference between them and the performance of the suggested
approach in this proposed system. Since pruning weak and redundant points of
trajectory, it can obtain trajectory with distinct points that are distinguished as
different in behaviors of objects. Figure 3.4 expresses the normalization and data

reduction algorithm.
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Figure 3.4: An example to show the normalization algorithm mechanism
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Table 3.1: An example data before applying normalization

id X-center Y-center Orientation
1 [0, 0] [0, 0] 0
1 [680, 240] [680, 240] 45
1 [680, 240] [681, 240] 63
1 [681, 240] [680, 240] 0
1 [680, 240] [681, 240] 45
1 [681, 240] [681, 239] 34
1 [681, 239] [680, 237] 14
1 [680, 237] [680, 238] 0
1 [680, 238] [680, 238] 63
1 [680, 238] [680, 238] 45
1 [680, 238] [680, 237] 45
1 [680, 237] [681, 229] 45

As seen in Table 3.1 and Figure 3.4 the data before applying the
normalization algorithm are redundant in positions and directions, and they do not
take any distinct attributes to recognize the behavior of an object. It takes the

positions of the X-axis for testing, so it can apply that on Y-axis also.
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Table 3.2: Data locations after applying normalization algorithm for 12-frames.

id X-center Y-center Orientation
1 [681, 239] [680, 237] 14
1 [680, 237] [681, 229] 45
1 [681, 229] [680, 236] 45
1 [680, 236] [679, 237] 63
1 [679, 241] [680, 240] 45
1 [680, 240] [679, 241] 45
1 [679, 241] [678, 240] 45
1 [679, 240] [680, 238] 63
1 [680, 238] [679, 239] 45
1 [678, 242] [679, 243] 63
1 [679, 244] [678, 241] 63
1 [678, 241] [679, 240] 14

As seen in Table 3.2, after applying the normalization algorithm to raw
data, the data are produced is without repetition, and this can indicate that data are
representing an interesting properties of object behavior. Figure 3.4 expresses an
example of how the normalization and data reduction algorithm works in the

proposed system.
3.2.8 The Trajectory Features Extraction Stage

In image processing, machine learning and pattern recognition, feature
extraction is a way to extract distinct information that is unique to recognize objects.
It should be not redundant, informative, unique, and meaningful. It is a branch of
dimensionality reduction since it focusses on rich areas of object study. In image
processing and video processing concepts, feature extraction is a technique to detect

and separate different destination shapes and portions of digital image or video
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frames. Many types of features could be extracted which are high-level features,
low-level features, and features which are extracted by using a deep neural network.
It is dependent on what problem that needs to be solved. Object in a video scene has
various attributes to be figured out such as object area, perimeter, location etc., while

an image has other types of properties like color and texture.

After extracting trajectories and applying normalization, the system is
extracted trajectory features that assist to construct a graph from the trajectory in this
chapter later. Features are calculated between two points for all trajectory points. For
trajectory, the features that are extracted are spatial because they are based on the

trajectory points’ location. The features that are extracted:

1- Number of Steps: this is computed by Euclidean Distance between two points,
where it represents the length of the line segment of two points. It can be
obtained from cartesian coordinates. In this dissertation, the distance feature
means the distance length that an object travels from one frame to another
frame. It is an important feature, and it looks like a step for the object from
the current frame and the next frame. It is calculated by the formula as shown

in Equation 3.1:

Distance (no. Steps) = /(x, — x1)% + (¥, — ¥1)? ........Eq(3.1)
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where (X1, Y1) represents the current point, and (X, y) acts as the next point of the

line trajectory segment.

2-

Orientation (direction): is the angle between two points in the line space of
the trajectory segment. It is computed between start point and end point of
each line segment of trajectory. Direction is used to measure an angle of
rotation, and it is measured as the tangent inverse of the difference of vertical
distance divided by the difference of horizontal distance of (X1, Y1), (X2, V2),
where (X1, Y1) IS presenting the starting point, and (X2, y-) is representing the

ending point as proposed in Equation 3.2:

(yz—yl))
(x2—x1)

Orientation = tan™ (
Velocity: object velocity represents the rate of change of object location as a
time function. Velocity is acting as the motion of an object between two
frames; it is the direction and the speed of the moving object. Velocity is
calculated by dividing the Euclidean distance by the time difference between

frame per second start time and frame per second end time as illustrated in

Equations 3.3 and 3.4:

Time Difference = (fps _end_ time — fps _ start _time) ...... Eq (3.3)
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Velocity = no. of steps / Time Difference ...... Eq (3.4)
3.2.9 The Graph Construction and Graph Mining Stage

Graph mining is a collection set of approaches and functions used to (a)
properties analysis of real-world graphs, (b) guess how the properties and structure
of a given graph might influence some applications, and (c) evolve models that can

create realistic graphs that match the patterns found in real-world graphs.

In the proposed system each trajectory is converted into a graph because
graph is better in representing huge data. Moreover, the graph reflects patterns
frequently for each object. A graph is constructed for each object trajectory by using
cosine similarity between every two nodes. Each trajectory represents the locations
of an object in each frame after making normalization. Each node acts a point of
trajectory object in a specific frame. Cosine similarity is applied between every two
nodes (points) for all trajectory nodes. The value of cosine similarity reflects the
strongest relationship between nodes. The values act as weights that represent the
weighted similarity between each two nodes (points). The similarity function
compares the three above-mentioned features for every node (Direction, Distance,
Velocity), where the comparison will be applied for the feature to feature such
direction to direction for each two nodes. Indeed, a graph will be built, and it will

represent the behavior and connections among the nodes of the trajectory object in
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video frames. For example, it is converted 5 trajectory points for a bird object and
then applied cosine similarity between every two nodes of it to construct graph data
for that trajectory object. Table 3.3 above is represented 5 frames for the bird object

dataset.

Table 3.3: An example of Features Extraction of only one object trajectory (object-2 in bird dataset)

id X-center Y-center Orientation Distance Velocity
2 360 374 0 4 4

2 361 376 27 3 4.2

2 363 378 37 1 1.33

2 362 379 0 2 3

2 361 379 76 2 3.14

2 360 379 85 3 4.88

These trajectory points and features are gotten after making
normalization to prune weak and unwanted points and remaining rich and distinct
points because they have important information about the object that is detected and
tracked. Table 3.4 is obtained after applying the cosine similarity function between

every two nodes for all trajectory nodes.

85



Chapter Three

The Proposed System

Table 3.4: Fuzzy Adjacency Matrix after applying Similarity Cosine between Nodes

Nodes/frames

abwNPERO

o

o
0.185208
0.044484
0.980581
0.047765
0.065405

1
0.185208
o
0.989656
0.187665
0.990212
0.992587

2
0.044484
0.989656

0]
0.044855
0.999985
0.999737

3
0.980581
0.187665
0.044855

0]
0.048916
0.067195

4
0.047765
0.990212
0.999985
0.048916
0]
0.999831

5
0.065405
0.992587
0.999737
0.067195
0.999831

0]

A fuzzy adjacency matrix (FAM) is gotten after the cosine similarity
measure is applied. From the fuzzy adjacency matrix that got, it can construct an
undirected weighted graph that forms object trajectory pattern behavior. This FAM
has symmetric data which means it must apply data reduction to take either the upper
triangle or the lower triangle of it. This graph will be stored in the graph database to
prepare it to be input for graph mining algorithm to mine the frequent pattern. Graphs
can represent huge data with important information that reflects the conduct of the
object. Figure 3.5 shows an example of converting each trajectory into a weighted

undirected graph based on nodes’ features.
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Figure 3.5: An example of a weighted graph generated from the Fuzzy Adjacency Matrix.

In addition, a graph database is constructed to store all graphs that represent
the trajectories of objects that are tracked in the scene. Data reduction will be applied
before graph data is stored in the graph database because the fuzzy adjacency matrix
(FAM) has symmetric data where the upper triangle data is like lower triangle data

in the table; therefore, it must select either upper or lower triangle data to be stored

in the database.
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Table 3.5: Fuzzy Adjacency Matrix after applying Data Reduction

Nodes/frames 0] 1 2 3 4
0
1 0.185208
2 0.044484 0.989656
3 0.980581 0.187665 0.044855
4 0.047765 0.990212 0.999985 0.048916
5 0.065405 0.992587 0.999737 0.067195 0.999831

For instance, Table 3.5 takes just lower data from the fuzzy adjacency matrix
to represent the graph in the best representation in the graph database. If it notices to
values in the table, it can know the strongest weight between every two nodes
(frames) where, for example, node 3 is strongly connected to node 0 (0.980581)
while node 3 is weakly related with node 1 and node 2 (0.187665 and 0.044855)
respectively. Strong connection means that the node features are approximately

similar to another node that is connected to and vice versa.

Here, it will mine the important data to prepare them for clustering progress.
The remaining data values in the lower or upper fuzzy adjacency matrix are the core
and significant data of the next important step in the proposed system since the data
are taken after many steps of pruning and removing unwanted and not distinct. The
data are ranged between 0-1 floating values, so they called fuzzy adjacency matrices

(FAM) in their representation.
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The remaining data values in the fuzzy adjacency matrix will be converted
into flattened numeric vector of fuzzy values for each object where each object will
be represented by one input flatten vector (one dimension). In summary, the
suggested graph mining algorithm is converting each object trajectory into a graph
based on the features between two nodes (frames) by using cosine similarity measure

and data reduction.

Table 3.6: 5-Features vectors of 5-objects as Input for Clustering Algorithm

Objects/Feattures
0 0.185208 0.044484 0.980581 0.047765 0.065405
1 0.988527 0.981487 0.943193 0.98278 0.213806
2 0.999701 0.052958 0.99995 0.99975 0.999948
3 0.99995 0.040373 0.999955 0.997521 0.999953

Table 3.6 shows the final features values for each object that will be an input
of the clustering algorithm of graph mining data values that exist in the fuzzy
adjacency matrix in Table 3.4 mentioned before. Where each row represents features
of that object which are extracted from the graph data representation. Algorithm 3.4

shows the proposed adaptive graph mining algorithm.
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Algorithm 3.4: The Adapted Graph Mining Algorithm

Algorithm Name: The Adapted Graph Mining Algorithm

Input: Set of graph trajectories

Output: Flatten Vectors of Fuzzy Values (interested features in range between 0 to 1) for each Object
Trajectory

Begin
Step 1: Read All Trajectories as Positions and Features

Step 2: Apply Cosine Similarity Function between each Two Nodes for all Trajectories to Create
Fuzzy Adjacency Matrixes

Step 3: For Each Object Trajectory, It Will Generate and Draw Weighted Undirected Graph from
FAM to show the strongest relationship among nodes of the same object trajectory

Step 4: Apply Data Reduction on Fuzzy Adjacency Matrix by Taking Either Lower or Upper triangle
of FAM

Step 5: Resize the Remaining Lower or Upper FAM Depend on the Minimum length of one Objects
Fuzzy Adjacency Matrices in graph database

Step 6: Convert Each FAM into Flatten Vector of the Same Size of FAM after reduction to be as
Input for Clustering Algorithm

End

3.2.10 Clustering Stage

Clustering is grouping a set of objects that have similar behavior and
features to some extent. Objects inside each cluster are connected, homogeneous,
compact, and should have high purity. The main goal of the clustering concept is to
explore data analysis, and the main usages of clustering tasks are pattern recognition,
information retrieval, machine learning, computer graphics etc. Clustering has many

types of models are connectivity-based clustering (hierarchal clustering), centroid-
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based clustering, distribution-based clustering, density-based clustering, grid-based

clustering, and model-based clustering.

Clustering can be recognized as hard clustering and soft clustering
(fuzzy clustering) where hard clustering is each object must belong to a cluster or
not whereas soft clustering is each object belongs to a cluster in a certain degree. In
the proposed system, soft clustering is used distinguish because the data are mined
from graph mining algorithm are ranged between [0-1]. Fuzzy clustering is an
improved generation of hard clustering where sometime data can’t be considered to
belong in one group; objects could belong to more than one group set but by a certain

percentage.

Fuzzy c-means FCM clustering algorithm is used to cluster the graphs
of trajectory objects based on their behaviors. FCM clustering algorithm is extremely
better than the k-means algorithm, and it gives good results and system data values
are in between 0-1. Fuzzy clustering is flexible to making decision for which object
belongs to more than one cluster (soft clustering) and that well to know the complete
behavior of that object and not limitations and specifications. It is an improvement

generation on the k-means cluster technique, it is a centroid-based clustering type.

The modified FCM clustering technique works by reading a dataset

from a csv file that was figured out from the results of the graph mining algorithm
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as vectors of values cosine similarity function. After that, it will select randomly
initialize cluster. It must determine the number of clusters that should be expected.
Then applying the fit function to get the results of vector values and determine the
centers of the FCM clustering algorithm. Moreover, it will find the predicted values
of the FCM method of graphs of the trajectory objects vectors. Finally, it will plot

clusters in scatter by different colors to recognize them.

At the end of this process of fuzzy clustering, it will cluster the data into
several groups, and each group has several graphs that represents objects trajectory.
Graphs of objects in one cluster behave similarly to a homogeneous group set. For
Instance, if it takes dataset video that contains 8-birds moving in some way and
begins tracking and detection steps, it extracts features for them and applies the
cosine similarity function to create the graph for each trajectory object. Indeed, fuzzy
c-means clustering algorithm must be illustrated to cluster them. The modification
made in the fuzzy c-means clustering algorithm is to manage the input to flatten

vectors of all object’s trajectories from the fuzzy adjacency matrix (graph data).

Figure 3.6 illustrates an instance of the modified c-means fuzzy
clustering algorithm. As seen in Figure 3.6, it has 8 objects clustered. After applying
modifying the c-means cluster algorithm on video, it figured out 3-clusters with good
performance. As seen in Figure, objects-1, object- 6, and object-8 represent cluster-

1, so they behave and have similar paths and features. Furthermore, object-2, object-
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3, object-5, and object-7 are representing cluster-2 because they are close in

behaviors and attributes. Finally, only object-4 belongs to cluster-3 since there is not

another object that is similar to it in conducts and properties.
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Figure 3.6: An example of clustering 8-objects (birds) depending on their behaviors by using python.
After the complete clustering stage and division of the data into a

number of groups (clusters), the clustering progress must be assessed by using some

good and dependent clustering measures to evaluate all clustering outputs that will

numiber of objects

be discussed in the next chapter of results and output performance.
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Chapter Four Results and Discussion

4.1 Overview

This Chapter displays the results of each step of the proposed system
that has been discussed in Chapter three. After the proposed system is constructed,
this work evaluates the whole system step by step to show its quality performance
by using different experimental measures. Two datasets are used to test the
suggested system in this dissertation. The main dataset that is used is
VB100 Video Bird Dataset [82], [83]. VB100 is a struggling computer vision data
that contains about 1416 video clips of 22 classes of birds. It is captured by a bird
expert watcher. This benchmark dataset is used in deep-learning and fine-grained
categorization experiments. Bird species is recorded at a good distance, and it is
taking in consideration many challenges are considered such as changing pose, scale
variation, camera movement (blurring), and background. The data benchmark
contains three types: video data, audio data for birds, and classification and
geographical localization. Furthermore, each class has about 14 video records with
an average length of 32 seconds for each video. One of the most important
descriptions and attributes of the dataset is taken under different frame rates where
about 69% of clips are captured at 30 fps, 30% at 25 frames per second and the
remaining videos are in the range of 60-100 fps. Moreover, the camera must move
to track the bird. Therefore, this type of camera is presented in 798 video clips. Then,

the 618 remaining videos are captured using hugely static cameras.
4.2 System Requirements and Execution Time

All machine learning and deep learning algorithms that work with
computer vision applications need high speed and performance to run these

algorithms with good accuracy and results. In this dissertation project the hardware

of computer properties used to run the proposed system was:
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e Operating System: Windows 10 Pro 64-bit (10.0, Build 19044)

e Processor: Intel(R) Core (TM) i7-6920HQ CPU @ 2.90GHz (8 CPUs),
~2.9GHz

e Memory: 32768MB RAM

e Page File: 8913MB used, 28605MB available

e Card name: Intel(R) HD Graphics 530

e Manufacturer: Intel Corporation

e Chip type: Intel(R) HD Graphics Family

e Display Memory: 16455 MB

e Dedicated Memory: 128 MB

e Shared Memory: 16327 MB

e Current Mode: 1920 x 1080 (32 bit) (60Hz)

The programming language that is used to program all algorithms and results is

python 3.8.

The time complexity for the birds (ducks) dataset when it was applied
on CPU was 0:01:02.636868 and the max memory usage was 1465 MB, while when
the dataset was applied on GPU, the time complexity was 0:00:46.475929 and them
max memory used was 812 MB.

The time complexity for the cow’s raw video when it was applied on

CPU was 0:00:34.652290 and the max memory used is 1503, while when the video
data was applied on GPU the time complexity was 0:00:24.480973 and the max
memory used was 970 MB
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4.3 Cases Study

In this dissertation, two cases are studied to test the proposed system
and evaluate the results of each step. The first step that is applied to the video is the
preprocessing stage to improve the quality of visual objects in the scene and prepare
the video for the next stage. The next stage is applied to preprocessing video frames
Is detection all moving objects either one class or multiple classes. The next
Important stage in the proposed system is to track multiple objects in video data
(frames) that come from the detection stage. After that, the trajectory of each tracked
object is constructed. Then, some features are extracted for each object. The
normalization of feature data is constructed before going to the next step because
many unwanted and poor data should be pruned. The next stage is building a graph
for each object based on its features. Then, the graph database is constructed to store
all graph trajectories. It proposes a new graph mining data to mine the interesting
and rich data from huge graph data for each object graph. Finally, the fuzzy c-means
clustering algorithm is applied to cluster the data into a known number of clusters

based on the object’s behaviors.

4.3.1 Case Study 1

In this case, the bird video dataset is chosen from the benchmark VB100
Video Bird Dataset, the video has three birds of similar class and type. The video is

processed as input to the proposed system.
4.3.1.1 Converting Video into Frames and Preprocessing

Figure 4.1 shows samples of frames that are acquired from two
processing steps in the proposed system: splitting the video into sequences frames

(still images) and preprocessing stages.

96



Chapter Four Results and Discussion

Frame-5 Frame-100

Frame-400 Frame-640

Frame-920 Frame-1130

Frame-1300 Frame-1464

Figure (4.1): Samples of Sequences frames after removing noise preprocessing stages.
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4.3.1.2 Detection and tracking

Figure 4.2 illustrates the results of detecting and tracking multiple objects by

using YOLO detection and Deep-SORT tracking algorithms.

Frame-5 Frame-100

Frame-400 Frame-640

= bird—3

Frame-920 Frame-1130

Frame-1300 Frame-1464
Figure 4.2: Samples of frames after applied detection and tracking steps
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4.3.1.3 Trajectory Construction

Figure 4.3 expresses the sample frames of trajectory construction that detected

and tracked objects in the input video.

Frame-5 Frame-100

PR

Frame-400 Frame-640

Frame-920 Frame-1130

Frame-1300 Frame-1464

Figure 4.3: Samples frames to represent the trajectories of objects detected and tracked.
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4.3.1.4 Feature Extraction

Table 4.1 illustrates an example of features that are extracted from each

trajectory obj

[T | TR | T Iy FR Y X TE )y R I R I 7% TR Oy TR IR SR A LS LI I L KO O LIS LS I e

ect.

Table 4.1: An Example of trajectories features extraction

X-center
[681. 239]
[68B0. 237]
[681. 229]
[680. 236]
[679, 243]
[678. 242]
[6F9. 244]
[6F8. 241]
[6F9. 240]
[680, 236]
[358. 371]
[360, 376]
[357. 378]
[360. 376]
[361. 377]
[362. 376]
[361. 378]
[363. 379]
[362. 380]
[361. 380]
[360, 380]
[360. 378]
[359. 376]
[111. 157]
[113. 150]
[115. 148]
[112. 154]
[111. 152]
[113. 153]
[112. 158]
[109. 156]
[113. 154]
[110. 156]
[113. 158]
[114. 154]

Y-center
[6B0. 237]
[681. 229]
[680, 236]
[67F9. 237]
[678, 242]
[6¥F9. 243]
[6F8. 241]
[679. 240]
[6F8. 241]
[679, 229]
[360. 373]
[357. 378]
[361. 379]
[361. 377]
[362. 376]
[361. 37H]
[363. 379]
[362. 380]
[361. 379]
[360. 379]
[361. 381]
[359. 376]
[361. 377]
[113. 152]
[115. 148]
[114. 152]
[111. 152]
[113. 153]
[112. 155]
[110. 155]
[108. 154]
[115. 153]
[113. 158]
[114. 154]
[113. 156]

Orientation

100

14
45
45
63
0
63
63
14
2
56
68
45
76
27
63
2
45
63
0
1]
2
76
63
1]
63
45
45
83
g2
63
45
45
45
45
72

Distance

P ot i Pl Pl i B B B e Gl LT PO Pl ek ek ok kP ek ok ek o o DU ) ek mmk D) ek ek ek %] OO

Yelocity
3.33
13.33
12.44
1.7
1.88
1.82
hh
1.89
1.9
1219
3.75
6
G.67
1.75
1.67
1.78
3.45
1.82
1.75
1.77
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4.3.1.5 Graph Construction

Figure 4.4 shows an example of graph construction of object 1 trajectory
based on its features by using an adjacency matrix to represent the similarity between

nodes.

Figure 4.4: An Example of graph construction based on its features (object 1).

4.3.1.6 Graph Data by Using Suggested Graph Mining Algorithm

Table 4.2 represents an example of interesting graph data obtained from

proposed graph mining algorithm.
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Table 4.2: An example of mining interesting graph data using the proposed graph mining
algorithm.

0 0.998513 0.546S21 0353278 0.947727 0.968275 0.980916 0.546423 0957068 (985499 (0.35288 0353014 (.352908
1 (996867 0.994351 0989178 0.988%7 0.9%309 096942 0.179987 0.179977 (.988912 0.992705 0993926 (0.996805
2 (997298 0.99999 0.996789 0.998943 0.9%9306 099999 0.99999 0.995138 (.994e03 (.999357 0.097363 (.097383

4.3.1.7 Clustering Multiple Objects

Figure 4.5 shows the clustering result of multiple objects using graph mining

and fuzzy c-means algorithms based on their behaviors.

[m1IMG - O X

Figure 4.5: Clustering result of objects using graph mining and fuzzy c-means algorithms.
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4.3.1.8 Evaluation Measurements
a. Detection evaluation

Figure 4.6 shows the results of detection stage performance with some metrics
values using the confusion matrix as the main measure applied on a short
length of video dataset (about 5 seconds).

§ video abject detection and tracking - 0o X

YoLOv3

Openvideo Total Frames is 139 Total Objects is 480

Detection and Tracking Objects

400

350
positive

Draw Trajectory 300

250

200

Tue label

150
Graphs Construction

negative 100

0
X positive negative
Clustering Predicted label

mﬁ muax Accuracy 0856 Precision 1.0

"5;—“335‘2;'??3" Recall 0.856 F score 0922

Results Evaluation
(Clustering metrics)

1 - 2
H P Type here to search i ) N W [ W5 Sunny A @ B O) ENG

Figure 4.6: Detection stage evaluation results with some metrics values.
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b. Tracking Evaluation

Figure 4.7 illustrates the chart that represent the performance of
tracking stage.

Figure 4.8 shows the IOU applied on specific frames.

Table 4.3 illustrates the compound confusion matrix of detecting and

tracking algorithms.

Tracking Predictions
(Red: Predictions,Blue: Data)

e

x-location
S
=

y-location
&
<)

100 1 —.——W

o 20 40 60 80 100 120

Figure 4.7: Performance chart of tracking stage.

Figure 4.8: 10U of tracking stage that applied of the specific frame (frame-399).
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Table 4.3: Compound confusion matrix of tracking algorithm performance.

Total Intersection True False Not Background
frames=1467 over union Detection Detection Detection
ID Truth Bounding Predicted Bounding threshold Detection
Frame No. Boxes (x, y, w, h) Boxes (x, y, w, h) TP FP FN ™
10U > 0.5
1 (318,280,512,412) (302,279,529,459) 0.88 1 0 0 0
398 2 (3,62,290,156) (15,71,275,159) 0.89 1 0 0 0
3 (667,137,795,247) (666,142,787,302) 0.89 1 0 0 0
1 (319,284,514,416) (302,278,530,458) 0.63 1 0 0 0
399 2 (10,64,290,155) (13,71,274,160) 0.82 1 0 0 0
3 (666,138,793,246) (667,141,786,300) 0.62 1 0 0 0
1 (321,289,510,412) (303,279,530,457) 0.48 0 1 0 0
400 2 (8,61,289,155) (15,70,275,160) 0.8 1 0 0 0
3 e - -— 0 0 1 0
1 (318,288,511,415) (303,278,529,459) 0.6 1 0 0 0
401 2 (8,63,293,154) (15,72,272,158) 0.78 1 0 0 0
3 e - -— 0 0 1 0
1 (318,286,510,414) (303,278,530,457) 0.6 1 0 0 0
402 2 (8,64,289,156) (14,70,274,159) 0.84 1 0 0 0
I e B --- 0 0 1 0

Precision = TP/(TP+FP) =1390/ (1390+ 6) = 0.99%.

Recall = TP/(TP+FN) =1390/ (1390+71) = 0.95%.

F_Score =2*(precision*recall/(precision + recall)) = 2*(0.99*.95/0.99+.95)

=0.97%.

Accuracy = (TP+TN)/(TP+TN+FP+FN) = 1390/1467=0.94%.
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c. Clustering Measures

Figure 4.9 expresses the chart results of clustering based on two features.

Clusters of objects

10 1 : cluster 1 . .

cluster 2
0.9 1

0.8 1

0.7 1

Feature-2

0.6 1
0.5 1

0.4 -
0.95 0.96 097 098 0.99 100
Feature-1

Figure 4.9: Clustering chart based on two features.
» Clustering Purity Measure = 0.85%.
* Rand index = 0.95%.
* Homogeneity = 0.89%.
+ Completeness = 0.99%.

* V-measure = 0.94%.
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4.3.2 Case Study 2

In this case, raw videos of the cows [84] are selected to be input to the
proposed system. The video is preprocessed before transferring to the detection
stage. The preprocessing progress consists of noise removal, edge and borders

elimination, and removing any logo or watermarks from all the frames.
4.3.2.1 Converting Video into Frames and Preprocessing

Figure 4.10 expresses samples of frames obtained from two processing

steps in the proposed system: converting video data into frames (still images) and

preprocessing stages.

Frame-5 Frame-50

Frame-90 Frame-126

Figure 4.10: Samples of sequences frames after converting and preprocessing stages
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4.3.2.2 Detection and tracking
Figure 4.11 presents the outcomes of detecting and tracking multiple objects

by using YOLO detection and Deep-SORT tracking algorithms.

Frame-50

' i [y

Frame-90 Frame-126

Figure 4.11: Samples outcome after applying detecting and tracking algorithms.
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4.3.2.3 Trajectory Construction

Figure 4.12 illustrates the sample frames of trajectory construction that

detected and tracked multiple objects in the video input.

Frame-5 Frame-50

Frame-90 Frame-126

Figure 4.12: Samples of segence frames which represent trajectores construction.
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4.3.2.4 Feature Extraction

Table 4.4 shows an example of attributes that were figured out from each

trajectory object.

Table 4.4: Values of trajectories features extraction of objects 1,2,3 and 4.

110

id X-center Y-center Orientation Distance Velocity
1 [516, 231] l [517, 230] 56 1 1.6
1 [517, 230] [516, 229] 56 1 1.5
1 [522, 229] [523, 228] 63 1 1.62
1 [843,325]  [847,327] a5 4 6.22
1 [847,327]  [852,328] 45 5 8.33
1 [852,328]  [885, 340] a5 35 56
2 (622, 223] (623, 222] 63 1 1.4
2 [623,222]  [625, 219] 21 4 6.4
2 [625,219]  [627,222] 14 4 6
2 [627,222]  [629, 223] 45 2 3.33
2 (630, 223] (631, 224] 3 1 1.5
2 (631, 224] (632, 226] 0 2 3.25
3 [1104, 425] [1109, 426] 83 5 6.67
3 [1109, 426] [1122, 420] 56 14 17.5
3 [1125, 423] [1126, 425] 0 2 2.8
3 (1126, 425] [1134, 428] 45 9 14.4
3 [1134, 428] [1142, 426] 0 8 12
3 [1142, 426] [1143, 425] 72 1 1.67
a4 [454, 334]  [453, 342] a5 8 10.67
4 (453, 342] (451, 345] 0 4 5
4 (452, 347] (453, 344] 0 3 5
4 [453, 344]  [457, 345] 18 4 6.29
a4 [460, 345]  [465, 347] 18 5 8.12
4 (465, 347] (469, 349] 11 4 6.22
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Chapter Four
4.3.2.5 Graph Construction
Figure 4.13 illustrates an example of graph construction of object-4 trajectory

depending on its properties by using an adjacency matrix to act the similarity

between nodes.

03803 6603
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™
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Figure 4.13: An example of graph construction of object 4.

4.3.2.6 Graph Data by Using the Proposed Graph Mining Algorithm

Table 4.5 depicts an example of interesting graph data that was reached by the

proposed graph mining algorithm.
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Table 4.5: Values of interesting graph data vectors of all object’s trajectories.

00999997 099147 0.983755 0.589402 0.991211 0.983406 0.58782 0598746 0689659 0.724801
1 0991414 0.966666 0.992367 0.338203 0.925044 0967917 0457603 0.990808 0.0859% 0.219689
20370995 0.99892 037015 0.938024 0352387 (0.99948 0.026937 0.352905 0.944799 0.026993
310990992 0330366 0464613 0.554955 0.382479 0.468108 0.557656 099513 0.980209 0.994474
4 0.976373 0980554 0938062 0.973818 0.999781 0.997995 0.999908 0999041 0999421 0.997214
5 099241 0.076129 0.164291 0.996241 0.076203 0.165334 1 0.995942 0.076203 0.165334
6 0986397 0.986928 0969126 0.971822 0.999993 0.996474 0.997345 0.996192 0.997107 0.999932
709995 0.050001 0955239 0.998726 0.023576 0.947084 0.967042 0343214 0100338 0.968951

4.3.2.7 Clustering Multiple Objects

Figure 4.14 expresses clustering outcomes of multiple objects using graph

mining and fuzzy c-means approaches relying on their conducts.

Figure 4.14: Clustering results using graph mining and fuzzy c-means algorithm (frame-20).
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4.3.2.8 Evaluation Measurements

a. Detection evaluation

Figure 4.15 shows the results of detection stage performance with some

metrics values by using the confusion matrix as the main measure.
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Figure 4.15: The values of the confusion matrix of detection stage performance.
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b.Tracking Evaluation

Figure 4.16 shows the performance evaluation of the tracking stage between

actual tracking and prediction tracks.
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Figure 4.16: Tracking performance evaulation of truth and prediction.

To calculate the evaluation matrices of detecting and tracking, 10U is applied

and measures the compound confusion matrix as computed in case 1.
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«  Precision = TP/(TP+FP) =517/ (517+3) = 0.99%.
. Recall = TP/(TP+FN) =517/ (517+29) = 94%.

» F_Score= 2*(precision*recall/(precision+ recall)) = 2%(0.99* .94/0.99+

0.94) =0.97%.
* Accuracy = (TP+TN)/(TP+TN+FP+FN) = 517/549=0.94%.
c. Clustering Measures

Figure 4.17 illustrates the chart of clustering progress between two

features.
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Figure 4.17: Chart of clustering objects process between two features
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» Clustering Purity Measure = 0.87%.

* Rand index = 0.96%.

* Homogeneity = 0.91%.

» Completeness = 0.99%.

* V-measure = 0.95%
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Chapter Five Conclusion and Future Work

5.1 Conclusions

This dissertation proposed a graph mining algorithm to construct and
mine huge graph data from multiple moving objects in a video dataset. This
technique clusters object trajectories based on their features. The outcomes of
applying this approach and other algorithms which are developed in the proposed
system to obtain good clustering results. Additionally, all the processes in the

proposed system are calculated with less cost and high accuracy metrics values.

The proposed graph mining algorithm copes with mining massive data
from graph data representation depending on three important spatial features. The
graph mining algorithm and fuzzy c-means clustering algorithm seek objects which

have the same behavior to a certain degree.

After designing and implementing the proposed system and the output

results, it can be concluded that are follows:

1- The suggested model (proposed system) studies the analysis of multiple
objects’ behaviors in the raw video without any previous information.

2- The proposed system deals with geometrical relations between every two
nodes that construct the trajectory of an object.

3- The selected multiple objects detection algorithm and tracking algorithm that
are applied in the proposed system show good quality performance, where
they deal with a long period of occlusions and reduce the identity switches.
They give excellent results to the next stages in the proposed system.

4- The approach to constructing graph data by using (FAM) is very effective to
build a weighted graph that gives the nature of the relationship between nodes

in all frames that the object tracked.
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5- The geometrical features that are extracted (distance, velocity, and
orientation) are very effective to measure the relation between nodes.

6- The proposed shape normalization proposed method is robust by dropping out
the unnecessary data points for approximately 50%.

7- The proposed graph mining algorithm is good to mine interesting data and
convert them into flattened vectors to be as input to the clustering algorithm.

8- The modified fuzzy c-means clustering algorithm gives very good results to

separate the object into groups by highlighting each of them.
5.2 Future Works

There are many future works which can propose:

1- YOLOv4 or YOLOV5 can be used to detect multiple objects with different
classes where they are a new and fast version of the YOLO algorithm. It will
help to obtain high accuracy of object detection and increase the speed of the
detecting process.

2- It can extract new geometrical features such as acceleration, aspect ratio, etc.,
to improve the graph construction progress.

3- It can construct a graph not for all frames but for a specific number of frames
(pattern) to study the behaviors of the object in a specific time.

4- It can be used by any other soft clustering algorithms and compare the results
with the clustering outcomes of this dissertation.

5- It can be used by any other graph mining algorithm in this model and then test

the results of it.
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