Chapter One
Introduction
1.1 Background to the Study
Robust object detection and recognition are fundamental aspects of grasping,
robot manipulation, human-robot interaction and augmented reality. However,
cluttered environments, occlusion between objects, lighting conditions an{&ll
deformable objects remain as challenges. Furthermore, objects q@pear in
different scale and forms depending on the camera view point and calibration.
Therefore, accurate scene understanding including object %Q ion and pixel-wise
semantic segmentation is crucial for practical 1ntera%®1th real-world objects!.
Object detection is a fundamental visual recogniti oblem in computer vision and

has been widely studied in the past dec@Visual object detection aims to find

objects of certain target classes w1;s gg_} localization in a given image and assign

each object instance a correspo ass label?

The task of object tra g is crucial in the field of computer vision. It is used
to track changes in ar@e t's presence, location, size, and other attributes over time
and space in Q\“@d sequence’. Visual surveillance is highly identified research area
includi @area applications in human activity monitoring, public safety in places
li s, shopping malls and private places, automated identification of events of

interest, people counting, augmented reality, motion based recognition, autonomous

robot navigation and other commercial areas®.

Videos are basically sequences of images, each of which is called a frame,
displayed in fast enough frequency so that human eyes can percept the continuity of

its content. However, the contents of two consecutive frames are closely related.



Hence two adjacent frames can be used to track status of objects in the scene as
moving or still’. It goes without saying that all image processing methods can be used
to analyze film in individual frames. Three crucial steps are involved in video analysis:
finding intriguing moving objects, following them from frame to frame, and analyzing
the object tracks to determine the objects' behaviors®. Since object detection typically
precedes object tracking, it is frequently necessary to repeatedly detect an @'m
subsequent image sequences to aid and validate object tracking®. ° Qg)

Convolution Neural Networks (CNNs) has been widely used in visual

. "
recognition from 2012 due to its high capability in corregt‘hbd ssifying images®.
CNNs were used to estimate object poses in an RGB.-DQ@ in order to represent the
mass 3D models. Some used deep CNNs for, 6 '@cognition on images lacking
low-level cues, such as realistic object @e, pose, or background!. Combining
CNN features is required to produc OQeQXroposals, extract CNN feature maps, and
execute support vector machine ication'!.

Swarm Intelligence\@) is inspired by the collective intelligence of
decentralized, self- 2 systems. A swarm is a population of interacting
individuals tl‘.e{'gg) optimize global objectives through collaborative search of the
space”’. lligence relies on the networks of interactions among individuals, and
b individuals and the environment. There is a general stochastic tendency in a
swarm for individuals to move toward a center of mass in the population on critical
dimensions, resulting in convergence on an optimum!’. One of the main techniques in
swarm intelligence is Particle Swarm Optimization (PSO). PSO has most often been

used as feature selection at feature level fusion!2.

The distribution of all publications and publication per year from 2010 to 2015



with respect to Swarm Intelligence (SI)-based algorithms such as Ant Colony
Optimization (ACO), Particle Swarm Optimization (PSO), Differential Evolution
(DE), Bacterial Foraging Optimization (BFO), Artificial Bee Colony (ABC),
Glowworm Swarm Optimization (GSO) and Bat Algorithm (BA) method was
respectively presented in a Chart'?2. Zhang discovered that the number of total

publications related to PSO was higher than the sum of six other algorithms,Q&ﬁe

number of publications per year related to PSO was the highest amog &%en SI-

based algorithms. The study suggested that PSO is the most prevalent SI-based

[ ) ﬂ
optimization algorithms!?. %’\
Particle Swarm Optimization (PSO) is a me ristic, population-based

optimization technique aimed at finding a so @ an optimization problem in a
search space. The PSO algorithm was .ﬁﬁscribed by Kennedy and Eberhart in
1995. The principal objective of PSO Q('))}ptimize a given function called the fitness
function!®. It utilizes a popul%% f particles with a meta-heuristic procedure to
search for an optimum Vam trial and error. This procedure has a trade-off in
randomness and local C T}There is no guarantee that the PSO will be able to obtain
the best solu&io\' Qaddition, the solution is dependent on the searching time. PSO
compri hases: exploration and exploitation. In the exploration phase, particles
d so that they can explore the search space. The phase reduces the risk of
particles to be trapped at the local optimum, which however results in a slower
convergence rate. In the exploitation phase, particles are spread only in a local area
that finds the best solution at that time. The phase aims to obtain the optimal solution

to achieve a higher convergence rate with the risk of being trapped in the local

optimum!3,



For the purpose of object detection and tracking in video datasets, a hybrid
paradigm that combined the relative strengths and minimized the relative weaknesses
of PSO and CNN, called hybridized Swarm Intelligence Convolution Neural Network
(CNN-HPSO) was employed in this study. On the collected video datasets and on a
real-time basis in AVi and MP4 video formats, various image processing operations
including video preprocessing, frame display, background subtraction, segmg@n
and tracking were carried out. The foreground and background eleme fS@\% videos
were separated into individual frames, and color conversion vﬁme using a
preprocessing technique. To determine whether there was %%Q 1 Jor abrupt shift in
intensity in the videos, background subtraction we&%'%ﬂ An enhanced swarm
intelligent Convolution Neural Networks t% was used to complete the
segmentation and tracking module. &

Q)\

In recent years, an m@q‘ interpretation of video sequences to detect and

1.2 Statement of the Problem

track objects of interest d.\become an active research field in computer vision and
image processu@)‘%on and Tracking includes extraction of moving object from
frames and %@mous tracking it thereafter forming persistent object trajectories over
time. Despite significant efforts in object detection and tracking, an efficient method
\@ detect and track fast moving objects; and provides high computational
efficiency (high localization accuracy on small objects under partial occlusions, low
processing time, high precision, high sensitivity, high specificity, low false positive
rate) have not been developed!®.

Convolution Neural Networks (CNNs) are widely being used in various

domains including object detection and tracking but still has overfitting problem and



difficulty in handling object occlusions. One fundamental problem of PSO is that it
usually gets stuck in local optima, leading to suboptimal solutions and also suffer
from premature convergence. Furthermore, PSO is faced with the challenge of
selecting appropriate values for its parameters (the learning rate, inertia weight, and
swarm size)'7 18,

Therefore, in this work a hybrid paradigm that combined the relative s@hs
and minimized the relative weaknesses of PSO and CNN, called hy, %K%Swarm
Intelligence Convolution Neural Network (CNN-HPSO) was evolvedyand was used
to  detect and track moving objects addressing fast movin;%%c ?low localization
accuracy on small objects under partial occlusions; %} processing time, low
precision, low sensitivity, low specificity, and hi e positive rate which are some

of the problems associated with the existi.nK thods.

1.3  Aim and Objectives of the %tl@
The aim of this resear%@.

Neural Network model thatwfﬁciently detect and track objects.

'\
The specific @yes are to:

1. acquire sequence file from a standard database online and on real time

N

o develop a Swarm Intelligence Convolution

Q@)rmulate a hybrid Particle Swarm Optimization Convolution Neural Network
model for object detection and tracking system

iii.  implement and test the performance of the developed model in (ii) above

iv.  evaluate the performance of the developed model against existing models

using accuracy, precision, false positive rate, sensitivity, specificity and

computation time.



1.4 Significance of the Study

There are many uses for object detection, including in augmented reality,
human-computer interface, security and surveillance, video communication and
compression, traffic management, medical imaging, and video editing!®: 20:&®'ct

detection is an important aspect in any surveillance applications;&y{% video

analysis, video communication, traffic control, medical imaging,» and military
service?!. .%)\& !

The swarm intelligent CNN technique _en l%& that improvement of
localization accuracy of small objects was achi \alse detection of objects was
avoided and only interested objects werqc@ed as objects, else the remaining ones

were concluded as a noise or b k@ image. Also, it was believed that the

technique ensure efficient detec% d tracking of object that is accurate, precise and

less computationally expenN 3,
'\

1.5 J ustiﬁca&?@ Study

In todday’s highly computerized digital world the matter of security poses
serious@m to organizations, homes and country. With the increase in crime and
Qate globally, automated video surveillance, is the need of the hour.
Surveillance along with the detection and tracking has become extremely important.
Human detection and tracking are ideal, but the random nature of human movement
makes it extremely difficult to track and classify as suspicious activities** 25. The
primary objective for this is to detect the suspiciously abandoned object recorded by

most of the Close Circuit Television Cameras (CCTV) as a result of fast motion



challenge, occlusion, localization accuracy of small object and time of detection?6.
Object detection, is one of the most fundamental and challenging problems in

computer vision, which seeks to locate object instances from a large number of

predefined categories in natural images. Deep learning techniques have emerged as a

powerful strategy for learning feature representations directly from data and have led
to remarkable breakthroughs in the field of generic object detection?’-28, Thou@'se
CNNs are powerful, they often require high computational costs du¢’ &Q&é@stantial
high storage and computational resources. The study was able%ne-tune the
parameters of CNN using enhanced particle swarm optimiza@n r?ier to reduce the
computational time, improved accuracy and resolved fﬂ%&ﬁon challenge.

1.6 Scope of the Study Q’Q\

This research is limited to develgp{& hybrid paradigm for object detection
and tracking system using video d tas@j}quired from standard database online and
real-time basis via YouTube @. 1 and MP4 video formats while solving the
problem of inability to detectand track moving objects as well as low computational
efficiency (low locaM@]“accuracy on small objects under partial occlusions, high
processing tin;a Qprecision, low sensitivity, low specificity, high false positive rate)
associ these existing methods using a technique that combined the relative
SZQ@ and minimized the relative weaknesses of PSO and CNN, called Hybrid
Swarm Intelligence Convolution Neural Network (CNN-HPSO). The developed
hybrid model and existing models (CNN and CNN-PSO) were implemented using
MatLab (R2016a) software.

1.7  Limitations of the Study



This study does not take care of eliminating the shadow of the moving objects
as well as the reduction or mitigation of noise in the aspect of video preprocessing.

Also, it does not address the problem of detecting and tracking multiple objects.

1.8 Operational Definition of Terms
Neural Network: Any system of neurons, whether natural or artificial, is reﬁ@b‘lo

as a neural network. N QO

Convolutional Neural Network (CNN): Feed-forward neural netwerk variations
with a unique architecture are known as convolutional neural.crgg ';
Artificial Neural Network (ANN): a subset of macpir&&ing models based on the
connectionism-discovered principles of neur%@}ﬁization in the organic neural
networks that make up animal brains. 6
Computer Vision: Computer visi @'}anch of computer science that focuses on
giving computers the ability t&:r(&gnize and comprehend people and objects in
pictures and movies. Compu ision, like other forms of Al, aims to carry out and
automate tasks that mi ﬂl?man abilities.
Moving Obj ctQAln object changing its position with regard to time is said to be
moving%g

n: When one object in an image obscures a portion of another object, it is
said to be occluded.
Object Detection: Using computer vision, object detection can be used to find
instances of objects in pictures or movies.

Object Tracking: In the computer vision application known as "object tracking," a

program identifies objects and then keeps track of their movements in space or across



several camera angles.

Swarm: A swarm is a group of interconnected people who work together to search
the environment in order to maximize overall goals.

Swarm Intelligent: Swarm intelligence is the collective brainpower of an
autonomous, decentralized system.

Particle Swarm Optimization (PSO): The swarm intelligence alg&ﬁ&h’l’s
optimization method known as Particle Swarm Optimization is emp, '&Qg)feature
level fusion as a feature selection method. ‘%

Object Segmentation: Object segmentation is the proces@i;ning a specific
class to each pixel value in a picture. &

Video Frame: A video frame is a solitary still that, when seen alongside the

other frames of the movie, causes motion t%ﬁﬂear on the playback surface.
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Chapter Two
Literature Review
2.1 Introduction

Both commercial and military electronics make extensive use of object
detection and tracking, the topic has been extensively researched for many years.
Therefore, there are a wide variety of motion detection and tracking metho@%ﬁe
literature. Some of the algorithms are well developed and have a 'q& factory
performance; nevertheless, still there are some unsolved problems in the area. Noise
in images is one of the problems for a typical tracking systen.%’\ !

In real life scenarios, the input video may, b&%}& and a robust tracking
system should be tolerant to noise up to some, € %esired features on the image
might be lost due to blurring. Changgs@luminations are another challenging
situation for surveillance applicat'oncy}e to the angle of the light source and
different type of whether co s, pixels of the same scene may change
dramatically. Thus a robust tragking system should withstand such kinds of variations.

'\
The job of o@cking is crucial in the area of computer vision. There is a

lot of interest in @bject tracking algorithms due to the ubiquity of powerful computers,
the ac of high-quality, low-cost video cameras, and the growing need for
a c video analysis. The issue of estimating an object's trajectory in the image

planie as it moves around a scene is the basic definition of tracking!.

Furthermore, visual surveillance has been a very active research topic in the
last few years due to the growing importance for security in public places. A typical
automated visual surveillance system consists of moving object detection, object

classification, object tracking, activity understanding, and semantic description?.
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Moving object detection is not only useful for object tracking initialization for a
visual surveillance system, it is always the first step of many different computer
vision applications, for example, automated visual surveillance, video indexing, video
compression, and human machine interaction. Since subsequent processes are greatly
dependent on the performance of this stage, it is important that the classified
foregrounds pixels accurately correspond to the moving objects of interests'. ;&

A lot of research effort is devoted to detecting moving obj;ﬁ‘t@arious

processing steps and core algorithms. Due to its simplicity image erencing is a
AW

popular method for motion detection®?. The reference ima@" tracted from the

current input picture to create the difference im.ageﬁé the resulting image is

thresholded to detect moving objects. Man hers conducted surveys and

published experiments on a variety of s‘e@n factors to meet application-specific

standards for false alarms and missg‘s. < \)

2.2 Challenges in Dete in& Tracking Moving Objects

There are a lot of «common difficulties and problems encountered when
performing movi @% detection. Some examples of these are illumination change
and repetitivéﬁqption from clutter such as waving tree leaves. Due to these problems
with dyhamic environmental conditions, moving object detection from the
@round becomes very challenging. The major challenges for background
subtraction are how to update the background model, and how to determine the
threshold for classification of foreground and background pixels?. Similarly, most of
the generated background models are not applicable in some scenes with some

specified issues, including but not limited to six terms*:

14



1. Flexibility to illumination change: The background model should adapt to
gradual illumination changes.

2. Dynamic textures change: The background model should be able to adapt to
dynamic background movements, which are not of interest for visual surveillance,
such as moving curtains.

3. Noise acceptance: The background model should demonstrate appropria,f@&h‘se
immunity. ‘ Qg)

4. Susceptible to clutter motion: The background model should not'be sensitive to
repetitive clutter motion. .%’\ !

5. Bootstrapping: The background model should @perly generated at the
beginning of the sequence. 'Q\

6. Expedient implementation: The bagk@d model should be able to be set up
fast and reliably. C_)\

The inability of most tec @s developed by various researchers to meet the
listed requirement makes it difficult to implement them in real life application.
Recently, several co@i’gns have been proposed and successfully demonstrated
for foregrouﬁd\gﬁﬂ:tion and tracking. However, these algorithms need to resolve the
difficulti Qch as radical changes and target drift encountered during tracking

@ Main challenge involved in motion tracking algorithm is to estimate object
ﬁon as more precisely and efficiently as possible.

23 Concept of Object Detection and Tracking

Object detection is broken down into several phases, which are depicted in

Figure 2.1. To obtain more precise results in video surveillance, there are various

methods. For various environmental conditions, each step has a variety of algorithms®.
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There are many ways to get exact results in the shortest amount of time because
security is involved. Shadow object detection becomes a challenging and important

issue as a result of environmental factors like lighting shifts.

Environment ,%\QO
Modelllng

Moving ObJect
Segmentation

A

Object Detection

|

[ Preprocessing

| o
|

U

Object Tracking ]

2\

Figure 2.1: General Block Diagram of Object Detection in a video surveillance
system®
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Utilizing data from a single frame is a well-known method for object identification.
Now, the descriptions of each step are as follows:
2.3.1 Environmental Modelling

In video surveillance systems, rigid and non-rigid objects are the fundamental
categories for object detection. Algorithm implementation varies depending on the
nature of the object. The study being reviewed presents a survey of algorit@or
human and vehicle detection and monitoring. Additionally, there I’e\@nd 3D
models for environment rendering. But in this case, the author cﬁmked at 2D
images®. Different methods for frame subtraction are used é(%& '\modeling. Here,
the background value is changed after subtracting ea Q'ygdeo frame. To find and
follow moving items in the video, a tracking a@hased on adaptive background
subtraction is used. . 6

Here, moving object detecti nQ@'})mplished by determining which portions
of each video frame are station@gmoving by subtracting the background picture
from each frame. The backgroynd image is constantly changing as a result of shifting
moving items and oth®?onmental disturbances.

The et@,bgffers precisely defined object bounds. Using a Gaussian Mixture
model ‘@, the object and background are modeled in this case, and an
a @ate contour that takes into account the object edge feature is extracted.
Following that, during form context matching, the object's states, including translation,
rotation, and scale, are estimated. There are three different kinds of background

subtraction: pixel level, region level, and frame level®.
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2.3.2 Pre-Processing:

Real-time recognition in video requires pre-processing. Pre-processing is
required because there are many possibilities for noise in real-time detection systems.
Real-time systems need extremely accurate algorithms for detection because they are
affected by environmental factors and lighting conditions. The image must first be
filtered before the object detection methods are used. Additionally, noise caus@ll
gaps in the images, so we must eliminate it to obtain a precise extr éK%%)mge for
additional processing’. ‘%

233 Moving Object Segmentati ) )\%.\
3. g Object Segmentation %'\

Segmenting the background or motion is qnc&éucial step in the object
recognition process. The challenging job in a vi eillance system is to precisely
extract the moving object. After the obj e.c@)een extracted, various algorithms are
used to identify it. The technique @\differencing is used to find the object. To
find the moving item, the MA image acquisition toolbox was used. But this
approach also has the obstructien issue. In order to extract the moving object from a
continuous video fra@ﬁadjacent frame difference technique is used’. Following
that, a Cann){\ Qdetector is developed in MATLAB to determine the object's

boundzs@is also implements object rearrangement. Background subtraction,

‘\'@ differencing, and optical flow method are the three main kinds of video
differencing.

Various other techniques are also useful in video surveillance*. Here, motion
segmentation is a challenging job due to the cameras being mounted on the
intersections. Occlusion is a serious issue because so many moving objects span the

road!. As a result, it was unable to distinguish the items, because there are so many
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different algorithms for correctly detecting an object, including blob-based, contour-
based, shape-based, and other approaches. The study of video surveillance is a very
broad subject. As security concerns grow, video algorithms and exact software can
produce precise results more quickly. One needs object detection techniques that can
find things quickly because time is the most valuable resource in video surveillance.
2.3.4 Object Detection ;&

Tracking and detecting an object in a video surveillance’ %Q%r)n is a

challenging job. It can be used to identify an object in surveillance foo‘%. Numerous
. "

environmental variables exist, including sunlight, traffic lig@ue ther impacts, etc.

As it had been observed, the background removal ph«éf object recognition and

tracking is the initial stage. For object identifu@@emroid weighted kalman filter

is employed*. . &

This algorithm uses the cen O®ermine the precise location of the object
after subtracting the backgrou ‘éﬁre from the foreground image. Although the
kalman filter is a better chwr object detection than other algorithms, it has lower
accuracy. Pedestrians»@;arded as objects. The primary concern is regarded to be
the safety of ge\' %s. A 6-D vision algorithm is employed to identify pedestrians.
In thei »points are used to determine an object's or pedestrian's depth value, and
p. ns are then identified using the spatial position data. To obtain the collision
avoidance alert, situation analysis and the vehicle control modules are combined.
Lateral control for escape is also used when using vehicle control. Because it
combines two algorithms, it produces precise results with no false detection.

Motion recognition, segmentation, and object classification are all parts of

object detection®. In order to identify real object findings, these two are combined.
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There are numerous methods available for classifying and segmenting motion. As has
been explained, motion segmentation is basically background subtraction or frame
subtraction. Once the object or the motion is extracted, the classifiers are used to
detect a particular object. Object detection methods are classified basically as: Motion
based classification and Shape based classification.

Skin color based object detection is performed. In various lighting co@s,
skin color is extracted for better result. Hough Transform is 'SK % detect
pedestrian’s head. But it cannot be implemented in crowded scénario because
probability of occlusion is more in crowded environment. é%lg ';ed and contour
based techniques are also satisfying. . Q')&

Blob of a human is taken from huma@motion analysis. This method
uses bayes classifier to get better re.s@r the position of the person. The
combination of blob motion and O@niques give some good results. Contour
based detection is also one of ﬂ;§'

Q

matching approach is implemented using contour extraction method. Canny edge

ood options for accurate result. Firstly shape

detector is used to geb@l?ges of the object after that the contour is extracted which
is rough plot o %ject. The SVM classifier is also good classifier for the object
detectia%g
2 @bject Tracking

Object tracking is the next step to the object detection. A very important
question in the field of intelligent transportation system is to prevent pedestrians from
being hit by vehicles. So, a vision-based approach that can identify pedestrians

resourcefully and automatically is in need. Video surveillance is having very wide
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range of applications which includes different techniques to recognize the objects at
different environment conditions?®,.

Object tracking is useful as a part of safety of the pedestrian or vehicles.
Therefore detection of the object is applicable at crossroad, in the crowded
environment, at traffic signals, various lighting conditions, and etcetera. Several

algorithms are available to get accurate results. In object tracking, objects are& d

in every consecutive frame sequences for different application in Viéé(\%eillance

system®. The basic object tracking is divided into three categorizes region-based

. "
tracking, contour-based tracking, feature-based tracking, and @el ased tracking.

&

Colour and texture characteristics of ‘@% are taken into account when

2.3.5.1 Region-Based Tracking

tracking it. Utilizing a stable background @s and motion segmentation, tracking is
r;ek

performed in this case. In order % the items, human bodies or vehicles are
treated as blobs and back rm@%ubtraction techniques are used. To address the
silhouette and occlusio i's}s e, color and gradient data are used. Blob-based
monitoring is p§@®

technique for&)s cting the object-is used to identify an object. Extraction of the

tice. Here, the background subtraction method-a precise

foregro‘w%lob yields the precise item. After the detection, mean-shift algorithm is
a@glsing particle filter. The mean shift algorithm uses an iterative process to find
the density extrema or modes of a given distribution. For a better understanding of the
tracking outcome, the findings from both algorithms are displayed in blob and HOG.
This approximates accuracy, but there are other methods that can produce more exact

findings!?.
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For object tracking, an adaptive background subtraction technique is used.
Here, the background subtraction technique is employed to identify an object. To
determine the object's moving location, the current image is compared to the
background image. Then, only moving areas are taken into account for target
detection. To find linked regions in binary images, labeling of connected components
is used. Based on pixel connectivity, it scans a picture and divides its pi){{ﬂ\%o

component parts. To identify and locate the object, a centroid is used. ° é)
2.3.5.2 Contour-Based Tracking ‘%
. "

This technique makes use of the background pic@orders or edges.
Boundary characteristics offer more accurate shape d&éﬁe information given by
the object boundaries is the foundation of this te¢ . There are numerous methods
available to find an object's boundary or g&, including the Harris corner detector
and Canny edge detector. The cont ur@}acted depending on shape. Using a clever
edge detection technique, a rou&) tour is first extracted using edge pixel values.
The parameters are then amimated using shape matching after that. A discrete
collection of points sQ e '%rom a shape's contours serves as its representation®. The
contours of tl‘ﬁ{ ts may be internal or external. Tracking is ultimately completed
by elasti matching for extracting the precise contour. The advantages of this
S include translation, biased occlusion management, and rotation. However, in

a congested outdoor setting, a more robust approach is needed. The shape of the item

is detected and the entire object is tracked using contour-based tracking!!.
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2.3.5.3 Feature-Based Tracking

To find and follow the object in different environmental conditions, various
features are used. The process of feature-based tracking involves extracting various
characteristics, classifying them, and comparing them to the expected outcomes.
Different characteristics, such as height, width, area, and so forth, are tak.en into
account. Using the background subtraction technique, moving region seg%g}tion
removes the background image from the current image. For a multic . %, GMM

(Gaussian mixture model) is used here. The method of extractingg)krase by filtering

it through the following process. The spatial location, whic @e average position of

dégg bounding box. To extract
\S

the object, factors like height, area, breadth, afid aspéct ratio are used. The process of

all the pixels in the area, is provided by the centroid

tracking involves anticipating the pedein@arch window and then comparing the

detected pedestrians to the present‘cortext. The Kalman filter is utilized for object

detection. Although these t ch@'s can manage occlusion, they take a moderately

shorter amount of time to«detect and track the object!2.

'}

When sl@@% ethods are unreliable, feature-based tracking is helpful.

Weather and epvironmental variations have an impact on the formulas. We get more
precise‘%&s when we measure an object's characteristics while it is in use. Shapes
@ased on an object's location at various levels. However, it has a drawback in
that the 3-D model does not produce satisfactory outcomes.
2.3.5.4 Model-Based Tracking:

Basic models that are taken into account for object recognition and tracking
are 2-D and 3-D models. Construction of human body models, representation of

previous knowledge of motion models and motion constraints, prediction, and search
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strategies are all problems that are generally involved in model-based human body
tracking. A physical copy is also used as a guide. The shape of the vehicles is preset
in vehicle detection. As a consequence, the current results are compared to the
predicted results' template on that basis. One can specify the shape of the detected
object, just like in model-based method. As a result, tracking the item is made simpler.
The human body can also be used for the same purpose!2. ;&
Since the human body's shapes, such as its head, arms, and le s‘,@?ed, we
can train the classifier according to those shapes and more precisely apply the
tracking algorithm. The only challenge with the model-basec%éhh .\is the extremely

&

challenging construction of the human shape in 3-D mo

Finding an object's motion at@ time by determining its location in each

24 Tracking Process

frame of the video is the proce racking an object in a video. One of the most
well-liked areas of study iwﬁeld of computer vision is object tracking. Despite
being a well-studied@?t is still difficult in many ways. The development of
trackers for part 90bject classes, such as faces or humans, has advanced greatly
over tin%@trackers for generic objects remain a challenging field. For example,
1 @images, complex motion, and complex object shapes are some examples of
\c&s whose appearance dramatically changes due to, for example, distension or
changes in light'3.
Imagine observing a random moving object that abruptly modifies its motion

or external characteristics like form or color. Along with numerous other scenery

elements that might exhibit comparable behaviors. Even for the human eye, it would
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typically be challenging to keep watch of the object. In light of this, it appears that a
computer would find it nearly impossible to handle this job. Having said that, there
are methods to make tracking easier by putting some restrictions in place. Nearly all
algorithms make the assumption that the object being monitored moves smoothly and
without any abrupt changes. Other methods of streamlining the job include knowledge
of the object's appearance in advance and constant velocity or acceleration. ;&

Object representation, object detection, and object tracking ar; ‘t@e main

stages in the process of creating an object tracker. The focus of thi$ytask is object
tracking, and this section will review various methods for @‘s ..\However, since
these are crucial steps in the process of successful opjﬁ%'a%king, it will also quickly
discuss the area of object representation and, obj etection. In this manner, the
reader is given a better foundation and gn@hension of the procedure for creating
Q)\

>

qonc

2.4.1 Object Representa {)
An object of interest must first be represented in a manner that is

'}
understandable Q@er in order to be tracked. Typically, properties pertaining

an object tracker!3,

to appearancekgrj shape serve as the foundation for the depiction. Both appearance

represen and shape representation can be used independently or in combination

e an object. The application domain, goal, and other external factors decide

how the object or objects should be represented. The representation in turn dictates

which tracking method is most appropriate. To recapitulate, an object's representation
3

is typically said to be made up of its shape and/or appearance®>.

Object representation = Shape + Appearance (2.1)
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2.4.2 Shape Representation

There are various ways to characterize or describe an object's shape so that
computations for detection and tracking can be made; some representations are better
suited for particular kinds of objects. Every type of representation model has benefits
and drawbacks, and these frequently change based on the application domain and
object type. Points, geometric figures, silhouettes, contours, articulated shape @s,
and skeletal models are examples of common methods to represe '@%2. The
following introduces these shape representations along with a succinctyexplanation of

y "l
their intended use. %’\
2.4.2.1 Points . QQ’)&

Figure 2.2(a) and 2.2(b) both show the o é@f interest as a solitary point or
as a collection of points. When trackig&&ltiple objects in a video and there is
interaction between the objects, ucC?)\partial or complete occlusion, using a
collection of points to represe% objects can be problematic. Misdetections are

readily caused by the inabilit keep track of which point belongs to which object.

'\
As a result, it worst r for small, straightforward things that can be represented by
a single pointl‘z&i()
2.4.2.2 ric Shapes

QGigures 2.2(c) and 2.2(d) show how primitive geometric shapes like a

rectangle or an ellipse are used to depict shapes. A popular strategy for both rigid and
non-rigid objects is to use simple shapes as representations, though it works best for
straightforward, rigid objects. Usually, the objects in movies are not quite as precise

and straightforward as these kinds of shapes!. As a result, it is frequent for portions

26



of the objects to be left outside or for portions of the backdrop to be incorporated into
the shape template, which could lead to tracking issues'.
2.4.2.3 Silhouette and Contour

It is known as contour representation to use an object's outline or boundary to
symbolize it (see Figures 2.2(g) and 2.2(h)). Using the area inside the contour is
known as silhouette depiction (Figure 2.2(1)). It is simpler to depict comple%&b‘or
non-rigid objects using a contour or silhouette. It is a versatile model th: %epict a

wide variety of object forms!4.

(=) (h) (i)

Figure 2.2: Different approaches regarding shape representation'
2.4.2.4 Articulated Shape Models
An articulated object is one that is made up of various components that are

connected by joints. In Figure 2.2(e), a human body with its head, torso, limbs, legs,
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hands, and feet is an example of how this could be used. Simple geometric shapes like
ellipses, which is a model discussed above, can be used to symbolize each component.
2.4.2.5 Skeletal Model

It is possible to derive the skeleton of an object by using the object's silhouette
and the medial axis transform (Figure 2.2(f)). Although this approach is frequently

employed in object recognition, it is less frequently mentioned in object L&ﬁg

literature. ° Qg)
2.4.3 Appearance Representation s

There are many ways to depict an object by appeara. ®2h like the shape
representation. Probability densities, templates, acti.ve@a rance models, and multi
view appearance models are a few popular me@@&epicting an object!®. Below is
a summary and explanation of these. ‘ﬁ
2.4.3.1 Probability Densities of O 'e@earance

The chance that a rando% le will fall within a specific range of values is
expressed by a probability density function. An estimation of the probability densities
of object appearance@?s can be computed using the interior area of an image
defined by th‘e\' Qmodel, such as by a contour. For instance, color or texture are
examp pearance characteristics. The probability distributions can either be
etric, like histograms, or parametric, like the Gaussian distribution® (or
normal distribution).
2.4.3.2 Templates

Templates are created using silhouettes or basic geometric forms. The method
has the benefit that the templates can store both spatial and graphical information.

Since templates only encode the appearance features from one view, using them to
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model objects whose poses don't change can be problematic for objects that
dramatically differ in appearance from different views. Problems can also occur when
the appearance features change noticeably while the tracking is being done. One
illustration of this is the sensitivity of color features to variations in lighting.
2.4.3.3 Active Appearance Models

The shape of an object is determined by a collection of landmarks, w%(béy

be located on the object boundary or inside the object area. By stor‘i%a&%garance

vector for each landmark, the object appearance is concurrently modeled. This may
manifest itself in terms of color, texture, or varying strength.%%e 'c:del does need a
training phase where a set of samples is used to & the shape and related
appearance. Q’Q\
2.4.3.4 Multiview Appearance Models 6
These models encode various 'e'}of the item, unlike templates. There are
%ﬁustration is the creation of a region using the

various methods for doing this%@

provided views. Principal Component Analysis (PCA) and Independent Component

'\
Analysis (ICA) are @gﬂples of subspace methods that have been applied in this

\V

.%Q .
2.5 re Selection
Q

The selection of an object's distinguishing characteristics is an essential

contextd.

component of object monitoring. Given their close relationship, the feature selection
is significantly influenced by the choosing of object representations!?. For instance,
contour-based representation frequently uses object boundaries as features. The

following is a summary of some popular feature choices.
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2.5.1 Edges

An object's border and the backdrop are typically clear to see. In other words,
it is typically not difficult for the human eye to identify the edges of things in an
image. This is as a result of boundaries producing significant shifts in image
intensities. When edges are used as the representing feature, tracking algorithms that
follow an object's boundaries can detect these variations in intensity's. Comg@o,
say, hue, edges are less sensitive to changes in illumination. ° é)

2.5.2 Optical Flow ‘%
| o XS\

This refers to what is sometimes referred to as a lgbtiw eature—apparent
motion of brightness patterns in a visual image. Al.m%%&yeople encounter optical
flow as a visual occurrence every day. Looki%tQ}e window while driving gives
the impression that things, like trees agq&n%ctures, are moving backwards. Optic
movement causes this motion to p@y tracking each pixel's velocity between
frames, the apparent motion ca Iculated. These computations make use of the

brightness constraint, whiNarantees that corresponding pixels have the same

'\
brightness across fragm@)gure 2.3 offers an instance of this'é.
2.5.3 Colour C)

N

i g{t color spaces can be used to hold the data from various frames. In
pi rocessing, color is typically represented by RGB (red, green, and blue),
though YCbCr and HSV are also occasionally used. Since the apparent color of an

item is directly influenced by the illumination factor, one issue with using color as a

feature representation is its sensitivity to changes in illumination®.
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A A%
Figure 2.3: Despite possible changes in pixel location, brightness, in a;articular area

stays constant!® &§“

In addition to illumination, the object's reflectance ¢ &teristics also have an impact

on apparent hue. QQ
2.5.4 Texture N 1@

A surface's intensity variatiohycan be used to quantify pertinent properties like
smoothness and regularity. Thézg(g'::riptors, which can be generated in a variety of
ways, must go through gn?cessing phase. A texture measure, one type of texture
descriptor, uses e@%escribe level, border, spot, wave, and ripple.

2.6 Se n%\t?tion Techniques for Object Detection and Tracking

division of an image into a number of segments or areas is called
s@ntaﬁon. The generated segments will collectively cover the complete image and
share perceptual characteristics, such as texture or color. This is useful for identifying
borders and objects. The goal of motion segmentation is to break down a movie into
its background and moving elements!®. This breakdown is a prerequisite for many
computer vision processes. In the processing and analysis of image sequences,

segmentation of the items in the sequence is crucial. Once the moving items have
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been located or removed, they can be used for a variety of tasks. The three major
problems with a motion-based segmentation algorithm are usually present. Data
primitives, also known as areas of support, are the first problem. These primitives can
be single pixels, corners, lines, blocks, or regions. Motion models or motion
depictions are the second issue. Segmentation criteria are the final problem. Motion
segmentation is so dependent on motion. One of two methods for classifyin&o-
based segmentation algorithms is based on how they depict mo 'b;@%)wre are
different approaches for this method. Some important segment;ti% methods for
moving object detection and tracking includes: background sé%&&t ?1 method, active

contour model and threshold, temporal and spatial, Edaﬁééction and Optical Flow®

2.6.1 Background Subtraction Met 0(@
A common class of meth%' separating foreground objects from the

background in a series of yid mes is background subtraction. The process of
'}

subtracting the experiment ture from the estimated image and thresholding the

outcome to prodg;@r ground objects is known as "background subtraction," and

itis a straigh)% rd process. Fundamental logic is that difference between current
frame @reference frame. Reference frame also called background image. The
% of background (background modeling) can be classified into two categories
which are recursive and non-recursive techniques. Recursive technique includes frame
differencing, linear predictive filter, median filter, and nonparametric model. Non-
recursive technique uses method of sliding window approach for background
estimation!3. Non-recursive techniques are highly adaptive they do not depend on

history beyond those frames stored in buffer. This method is not suited for the
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background is dynamic, illumination changes or in the presence of shadow. This
technique can be used to find moving targets in a security video. This technique
allows us to precisely monitor or identify the object. Under this background
subtraction technique, there are four steps:

1. Preparation

2. Historical modeling Q@

3. Background recognition, and ;' \QO

4. Data verification
. "

In this technique, a series of video frames is divide@e foreground and
background using some logic, the Gaussian Mixture M a}d Frame Variation'3.
2.6.1.1 Gaussian Mixture Model 'Q\

For every background subtractiqn@od, background modeling is crucial.
The backdrop model protects againgt a@g»background changes, but it is sufficient to
recognize all moving objects i%&s of video frames. The values of a particular
pixel are shown as a mixtuMaussians. At each Iteration Gaussians are evaluated,
determine which one @ay likely compared to the background. Pixels that do not
match “backg{o\‘ Qaussians” are classified as foreground object.
2.6.1.2 ifference

@rame differencing is the process of determining the moving objects from the
@1‘[ frame and a reference frame using a background image. This method
identifies the presence of moving object by considering the difference between two
consecutive frames. By subtracting second image from the first image frame using

image subtraction operator in consecutive frame get the desired output. It is very

efficient method for detecting gray level changes between images by using frame
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differencing algorithm!3. The algorithm may be subdivided into three parts. Initial
step is the selection of perfect reference or background. Second step is the arithmetic
subtraction operation and the last or third step is the selection of a suitable threshold.
Reference image can be selected as a frame which is temporally adjacent image from
a dynamic sequence. This method lacks in obtaining the complete contour of the

object. The benefits of frame differencing are as follows: &

1. For each pixel, we can choose a distinct threshold. ;' \QO

2. Adapting to time.
. "
5
2.6.2 Contour and Threshold Method . QQ’)&

2.6.2.1 Active Contour Model Q’Q\

An object shape can be defined qs@ active contour model, also known as

3. Offers quick healing.

snakes, in a series of video frames, It ili}ave a dynamic depiction of the bounding
contour. Moving target segme @ begins with the initial ACM (active contour
model) investigation, whicmccomplished using the image difference technique.
The edges of movin&%o ?can be used as the initial ACM once the moving regions
in the image I%a\'\cbéen identified. For the extraction of contours from moving objects,
active u%@ﬂethods have been used!’. Many segmentation algorithms can benefit
fi @ng this contour method to plainly capture moving objects. For instance, the
background subtraction technique uses contours to plainly show the foreground object.
It offers the following benefits!s:
1. An object with a clear background can be segmented.

2. It can be applied to monitor moving objects in space.
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2.6.2.2 Threshold Method

The thresholding technique is the most basic form of object segmentation. The
selection of the threshold value is the key to this technique. The threshold algorithm
separates the background pixels from the motion object pixels based on the variations
in their gray values'®. The simple method is to create a pixel-by-pixel dif.s&:e

between real-time images that are being captured frame by frame f%i&%a)ge that

has the same background as the real-time image above but no moving objects, i.e., the
gray value of each real-time image's pixel minus the @w 1?16 g(i,j) of the
corresponding pixel of the background image, to .p@ an image with a white
background. When the threshold value is @ too many target spots are
mistakenly classified as background; whpw&ﬂhreshold value is too low, it works in

the reverse way. But it has the followi@eﬁts“’:
€.

1. It's fine and in excelle&i&

2. Can easily distingMoving objects.

'}
2.6.3 Temporal anan ial Segmentation

For th‘e&ése of comprehending images and effectively manipulating image

data, iu@gmentation offers a potent semantic account of video imagery. For

@)ding applications, where video data is simply described as a collection of

moving layers, spatial-temporal segmentation is used to generate a layered image
representation of the video. For instance, spatial and temporal segmentation are
required for identifying and measuring human movement. In essence, the spatial
segmentation is a tracking procedure that generates a motion vector for each frame

that contains a collection of joint angles. The CHMR (Continuous Human Movement
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Recognition) system used for temporal segmentation makes an effort to infer the
movement technique that could have generated the observed sequence of motion
vectors. The video sequence is divided into "scenes or shots" by the standard methods
to temporal segmentation, which are primarily based on abrupt changes in image
appearance. Other methods segment the video into smaller sequences that capture
various events or activities and are behavior-based. A shot is a continuous {Q&of
photos captured by a single camera. ° Qg)

With the aid of contour-based techniques like the Canny and Sobel Edge
Detector, spatial segmentation is accomplished. With the a@ Cc Ztering points in
the moving object, temporal segmentation handles. Th %')Sf)wing are some benefits
of spatial-temporal segmentation: 1. Locate@@low a moving item and 2.
Segmented items will be clean. . ‘ﬁ
2.6.4 Edge Detection Algorithm C_)\

In computer vision, edg%ﬂ&ion is a well-established discipline. Given that
there is frequently a spiky ‘adjustment in intensity at the region borders, region
boundaries and edges% gsely linked. As a result, another segmentation approach
was built on esd\‘gleection methods. However, one requires closed region boundaries
in orde @nent an object from a movie. The boundaries between such things are
t t-after edges. Edges obtained from edge detectors can also be subjected to
segmentation techniques. The segmentation procedure heavily relies on edge
information. Any segmentation approach can be used with these methods to track and
identify the object in the video. The difficult but crucial job of segmenting moving
objects falls under computer vision. There are numerous uses for it, including video

communication, traffic monitoring, people tracking, content-based picture coding, and

36



image compression. Many segmentation techniques for moving objects are built on
moving-edge detection; this includes®!7:

1. Sobel Edge Detector

2. Canny Edge Detector

2.6.4.1 Sobel Edge Detection:

The most widely used edge detection methods are for contoyt@(b%d
segmentation!®. Due to their versatility and effectiveness, Canny and q@%t?erators
are the most frequently used edge detection techniques. Up until th‘e%tion of edge
detection methods with a formal foundation, like Canny edge%% '\n, the 2-D Sobel
operator was the most popular edge detection operqtorﬁﬁ’gxnned popularity because,
generally, it performed better than other edge d operators available at the time,
like the Prewitt operator. A root mean sq.uWS) estimate of the noise is also used
to calculate the thresholds for the -D@ to produce the binary image. Sobel edge
detection has the following adv?g)

1. Easy to track 2D object arNtch the moving objects.
2. Used in many segme@t? techniques to avoid the noise in the moving frames.
2.6.4.2 Cann@QDetection

ing object segmentation, moving-edge detection has captured people's
i?ﬂbThe processing of the background edge map, present frame edge map, and
frames difference edge map results in the generation of moving-edge points. With the
help of the Canny edge detector, which uses Gaussian convolution to reduce noise,
these spatial domain edge maps were created>.
For images, the algorithm is composed of 5 steps:

1. Smoothing: picture blurring to reduce the amount of noise.
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2. Finding gradients: Where the gradient of the image has high magnitudes, the
edges should be noticeable.

3. Non-maximum suppression: The only edges that should stand out are local
peaks.

4. Double thresholding: By thresholding, potential edges become invincible.

5. Edge tracking by hysteresis: All edges that are not linked to a very ;Q{&'lc

(strong) edge are suppressed to arrive at the final edges. ° é)

The basic idea of canny operator is to use the first order‘(&tive of 2-D
Gaussian function in any direction as a noise filter. Tl@ ; algorithm has
difficulty in treating images which contain the salt gn@ er noise, and it does not
have the ability to adapt in the variance of the Ga filtering®.

The canny edge detector is used.tq{c%ltify the edges of the object and their
traces to detect the object. It is th m@mmon and frequent method used for the
object detection for its curve 1%&oms property. It determines the edges of the
object more accurately than dfher operators. Because of the canny edge detector is
susceptible to noise aw unprocessed image data, it uses a filter based on a
Gaussian, wh\er\‘ Qimage is convolved with a Gaussian filter. The result will be a
blurre of the original which is not affected by a single noisy pixel to any
s@ﬂ degree. An edge in an image may point in various directions, so the canny
edge algorithm uses four filters to detect vertical, horizontal, and diagonal edges in
the image>!Y.

The Canny operator works in a multi-stage process. First of all, the image is
smoothed by Gaussian convolution. Then a simple 2-D first derivative operator

(somewhat like the Roberts Cross) is applied to the smoothed image to highlight
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regions of the image with high first spatial derivatives. Edges give rise to ridges in the
gradient magnitude image. The algorithm then tracks along the top of these ridges and
sets to zero all pixels that are not actually on the ridge top so as to give a thin line in
the output, a process known as non-maximal suppression. The tracking process
exhibits hysteresis controlled by two thresholds: T1 and T2with T1 > T2. Tracking
can only begin at a point on a ridge higher than T1. Tracking then continues.'®h
directions out from that point until the height of the ridge falls éK@ This
hysteresis helps to ensure that noisy edges are not broken up intoymultiple edge
fragments. Canny Edge detection techniques has the followirl@%&ges:

1. Less Sensitive to noise: Its uses Gaussian filter & removes noise at great

extent as compared to above filters. Hence, noi \ be removed cleanly.
2. Remove streaking problem: The c}a;& operators ‘like Robert uses single

thresholding technique but it r:su@ streaking. Streaking means, if the edge

gradient just above and just %) he set threshold limit it removes the useful part

of connected edge, andw the disconnected final edge. To overcome from this
drawback canny C ? uses ‘hysteresis’ technique which uses two threshold
values t-l({\{' %ﬁgh as discussed above in canny algorithm.
3. A@calization: LoG operators cannot find edge orientation while canny
Q@perator provides edge gradient orientation which results into good
localization. The moving objects are simple to follow and connect as a result.
This study examines all of its benefits for detecting moving objects.
2.6.5 Optical Flow Segmentation Method

The job of segmenting moving objects from a video sequence is crucial

because it has uses in areas like object recognition, video compression, and video
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surveillance. By using optical flow, it is possible to identify each point's apparent
motion in relation to the image plane. The camera's movement in relation to the scene
and the movement of the corresponding 3D point in the scene both contribute to this
motion. A vector motion field called optical flow (OF) describes how the apparent
velocities of the brightness patterns in a sequence are distributed. Optical flow is the
distribution of apparent velocities of movement of brightness patterns in al@e.
Optical flow can arise from relative motion of objects and the viewer " (%(@)uently,
optical flow can give important information about the spatial ar‘r%ment of the
objects viewed and the rate of change of this arrangeme&é%@s .;1tinuities in the
optical flow can help in segmenting images into regic@ correspond to different
objects!!. Q’Q\

The high sensitivity to noise and.tk@h computational cost of such methods
were historically their major drawb le_C)}rently, optical flow is widely used due to
the fast processing speeds of co s and advancements made by study.

One of the most imwnt areas of optical flow study now involves motion
estimation and VideoQ @ke@sion”. While it may appear that the optical flow field is
similar to a %Q otion field derived from motion estimation techniques, optical
flow is @y of not only the determination of the optical flow field itself, but also
i Ql robotics researchers in many areas such as: object detection and tracking,
image dominant plane extraction, movement detection, and robot navigation. Finally,
optical flow is a good indicator of motion segmentation hypothetically. Nevertheless,
optical flow on its own is insufficient because it cannot address occlusions and

consecutive stopping. These techniques are also very sensitive to noise and light

variations. Between image frames, it depicts coherent motion of points or
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characteristics. Segmentation is carried out by classifying motion vectors into groups
that move coherently. Without technology, it cannot be done in real-time. It has the
following advantages!”:
1. Its good in under light condition.
2. Can track moving object clearly.
2.6.5.1 Optical Flow in Motion Analysis :@b‘
Optical flow gives a description of motion and can be a valu 16\@%mution
to image interpretation even if no quantitative parameters are obtainéd from motion
analysis. Optical flow can be used to study a large Var’%‘ ?notions moving
observer and static objects, static observer and mpv@ects, or both moving!”.
Optical flow analysis does not result in motio ‘@ctories instead, more general
motion properties are detected that cp@liﬁcantly increase the reliability of
complex dynamic image analysis!8. Qq;[}n, as it appears in dynamic images, is
usually some combination of fo elements:
I.  Translation at constant%a)nce from the observer.
II.  Translation in @;‘zive to the observer.
III.  Rotation atggﬁtant distance about the view axis.
IV. R a planar object perpendicular to the view axis.

@ptical-ﬂow based motion analysis can recognize these basic elements by
@ng a few relatively simple operators to the flow. Motion form recognition is
based on the following facts:

a) Translation at constant distance is represented as a set of parallel motion vectors.
b) Translation in depth forms a set of vectors having a common focus of expansion.

c) Rotation at constant distance results in a set of concentric motion vectors.
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d) Rotation perpendicular to the view axis forms one or more sets of vectors starting
from straight line segments.

Exact determination of rotation axes and translation trajectories can be computed, but

with a significant increase in difficulty of analysis'®. Figure 2.4 depicts the motion

form recognition and focus of expansion.

2.6.5.2 Optical Flow Computation @

Optical flow computation is based on two assumptions: ° \Qg)

1. The observed brightness of any object point is constant over time.

2. Nearby points in the image plane move in a simél%& ?mr (the velocity
smoothness constraint). Suppose we have a continupu&'% e; (, , ) refers to the
gray-level of ( , ) at time t; representing a d ichiimage as a function of position
and time permits it to be expressed. As rqu@quaﬁon 2.2:

(+ , + , + )= Q_)\ + + +
kY
(2.2) Q)(b‘
Where , denot%i) partial derivatives of . We can assume that the
immediate neighbor&ﬁ%o .2 , ) is translated some small distance ( , ) during

the interval & is, wecan find , ,  asrefer to equation 2.3 :

,%p,+,+)=(,,) 2.3)
Q®
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Motion form recognition, (a) Translation at constant distance,
(b) Translation in depth, (c) Rotation at constant distance, (d) Planar
object rotation perpendicular to the view

88 L

L) (ks Leh

Focus of expansion, (a) Time tl (b) Time t2. (¢) Optical flow
o

Figure 2:4: Motion Mecognition and Focus of expansion'®

"
The majority of o@w approaches use gradient-based techniques, or block

matching based Wethods'®. Speed and efficiency factors have led to the preference of

gradierﬂ%@methods. To identify the optical flow, gradient-based methods analyze

‘w@ge in gradient and intensity using partial spatial and temporal derivatives.
lock m

B atching-based techniques depend on figuring out how closely the two images
match. In order to calculate how much a region has moved, this usually entails
matching "blocks" of one image to "blocks" of the other.

Both approaches rely on the assumptions of constant luminance and spatial continuity,

and they work best when determining flow at or near clearly specified features.

43



As a consequence, errors in the optical flow output can happen when objects
are not clearly defined (possibly because of clutter) or when the lighting
circumstances change. When attempting to calculate the flow for uniform areas with
little to no texture, performance is also affected.

A robust approach built on a robust estimation framework was proposed to
attempt to get around the drawbacks of the current approaches'®. By redu;?&ﬁg(bﬁe
outliers brought on by motion discontinuities and violations of the co ‘ta@%ﬁinance
premise, the estimation framework. This strategy, however, ‘issuitable for
surveillance uses because it is too slow for a real-time systen@ a ?e they will catch
every movement, optical flow images can be const.ri% r surveillance purposes.
Trees swaying in the wind can be eliminated usi Xckground modeling methods,
but optical flow will always pick up o is motion. As a result, a lot of extra
processing might be needed to ﬁlte%@}ﬁon and determine what is brought on by
the scene's target objects. Q:b‘

Another technique thatys frequently used to track objects is optical flow. It is
frequently used as anQ ?ive to motion detection to find moving objects in a scene.
Although optic w offers extra information in the form of the direction of
move s more noise-prone than motion detection. This can be applied to
S @occlusions between moving objects moving in various directions and help
forecast future positions.

The algorithm for using particle filters to detect objects was employed. The
particle tracker's probabilistic method works well for optical flow because it can
easily handle the sparse or inaccurate data that optical flow estimates provide. In the

condensation framework, an observation model was put forth to track using optical

44



flow contours. The accuracy of the match between the model and the input picture is
assessed using the flow discontinuities along the contour between the inside and
outside of the contour of the object being tracked. The optical flow inside should be
similar to what the model predicts, whereas the optical flow outside should be very
different. Optical flow algorithms work best in the vicinity of well-defined features,
and they frequently manage sparsely detailed areas poorly. Within the boun%%x
of the object, uniformly bright areas are identified using optical flo t(\%)general
areas of motion.

o "l
. ptimization Techniques %’\

Swarm intelligence is a system of collective&@ﬁ that interacts with the
surrounding environment that perform global p e@his intelligence compose base
for the evaluation, comparing and imitation.ASwarm intelligence system 1is act as in
their coordinated without external dis@'\ce. In years, the numbers of swarm base
optimization have increased suc@aﬂicle Swarm Optimization (PSO), Artificial
Bee Colony optimization (A%Q%d Firefly Algorithm (FA) for image processing®.

Swarm Intelli %)f)\ﬁnciples have been successfully applied in a variety of
problem domai@dmg function optimization problems, finding optimal routes,
schedul}%@uctural optimization, and image and data analysis. Computational
m e@ f swarms has been further applied to a wide-range of diverse domains,
incliding machine learning, bioinformatics and medical informatics, dynamical
systems and operations research; they have been even applied in finance and

9

business!’.

2.7.1 Firefly Algorithm
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Firefly algorithm (FA) is a biologically inspired meta-heuristic optimization
algorithm. This algorithm is inspired by the flashing behaviour of tropical fireflies. In
firefly algorithm, there are two important variables, which is the light intensity and
attractiveness. Firefly is attracted toward the other firefly that has brighter flash than
itself. The attractiveness is depended with the light intensity. The Firefly Algorithm
(FA) is based on the communication behaviour of tropical fireflies and the i@(b%d
behaviour of the flashing patterns?. ° é)

2.7.2 Particle Swarm Optimization ‘%

When compared with genetic search, Particle Swami(g“ﬁ;ation (PSO) is a
relatively recent optimization technique of the swarm i&@’j}ence paradigm. PSO is a
population-based optimization technique, inspiré @e behaviour of schools of fish,
herds of animals or flocks of birds. Parti.clK arm Optimization is somewhat similar
to genetic algorithms because both pof Q{Q}re population based. In PSO the system is
initialized with a population o&:&m solutions called particles!®. These particles
move through the problem space in search of the global minima or maxima. Each
particle keeps track o®agt best performance/fitness and its neighbours (Specified
proximity racki{ ?performance to decide on its next move. Also, the swarm is
aware @)bal best achieved by all the particles>.

Ghe biological examples of the swarming, flocking, and herding phenomena in
vertebrates served as the foundation for the development of the innovative distributed
intelligent paradigm known as swarm intelligence (SI), which was created to solve
optimization issues. Particle Swarm Optimization (PSO), from which the concept was
derived, includes swarming behaviors seen in flocks of birds, schools of fish, or bee

swarms, as well as human social behavior. PSO is a population-based optimization
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tool that can be used to solve a variety of issues involving function optimization or
problems that can be converted to function optimization problems. The primary
advantage of PSO as an algorithm is its quick convergence, which compares
favorably to other global optimization algorithms like Simulated Annealing (SA),

Genetic Algorithms (GA), and others®.

>

Because they rely directly on function values rather than @%ive
information, some population-based algorithms like the Genetic Algo ?ﬁ«@ A) and
Simulated Annealing (SA) are expensive. They are, howe.ver rqpe to premature
convergence. An empirical approach to global optimi @:9\1\ 1S particle swarm
optimization. Before they discover the location whefe, ﬂ%ngan find food, the birds are

\S

either dispersed or group together during thﬁ%%ﬁ. While the birds are moving

from one location to another in search of @shere is always one bird that can smell
1;

the food very well, which means t% s aware of the location where the food can
be found and has greater knowl of the food resource?.

The birds will e engl ly swarm to the location where food can be found
because they ar (@l transmitting information, particularly good information,
while lookir@r ood from one place to another. In terms of the particle swarm
optimiz‘%algorithm, the solution swarm is like a flock of birds moving from one
to another; good information is like the most optimistic solution; and food
resources are like the most optimistic solution over the course of the entire course.
With the help of each person, the particle swarm optimization algorithm can
determine the most optimistic answer. The simple behavioral pattern is controlled for
each particle to demonstrate the complexity of the entire particle swarm. The particle

without quality and volume, acts as each individual® .
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Particles, which are possible solutions in PSO, follow the current optimum
particles as they move through the problem space. Every particle maintains a record
of the coordinates in the problem space that correspond to the best answer (fitness)
found thus far. The name of this number is . The best value so far attained by any
particle in the particle's neighbors is another best value that the particle swarm
optimizer keeps note of. The name of this number is Ibest. The best value is @al

best and is referred to as gbest when a particle uses the entire ‘@1 as its
i

topological neighbors. The idea behind particle swarm optimizatioty is to change

(accelerate) each particle's velocity toward its and lbe%%a .\time increment.
(for lbest version). With distinct random numbers, bmg}oduced for acceleration
towards the and lbest locations, accelerati 'Qweighted by random term. The
particle updates its velocity and posi.ti@sing the following equations after

determining the optimal values. Algf@.l expressed the standard particle swarm

optimization® 7. Q)‘b,

N

( +D)= ()"'11&‘())"‘22( - ()
2.4) @Q@

(+1=

(2.5) 6{»

Wher@
i ;: is velocity of particle at iteration

( ):is the position of particle at iteration
( +1):is velocity of particle at iteration + 1.
( + 1):is the position of particle at iteration + 1.

is an arbitrary integer between (0,1)
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1 1s the cognitive acceleration coefficient
» 1s the social acceleration coefficient
The pseudocode of the initial version of PSO for real valued variables is given

as follows>:

—

. For each particle
2. initialize particle Q:)i{b'
3. End For ‘ QO
&
4. Do
. %w
&
: QQJ

7. if the fitness value is better than the be@%} value ( ) in history set the

5. For each particle

6. Calculate fitness value

current value as the new . ‘\%
8. End < \)

9. Choose the particle with ;st fitness value of all the particles as the gBest

10. For each particle \)

0\

11. calculate Ea@ocity according to equation (2.4)

12. updatP‘{' e position according to equation (2.5)
S
hile maximum iterations or minimum error criteria is not attained.
he principles of the PSO algorithm using the examples of synthetic inversion for
velocity calibration in micro seismic monitoring were introduced?®. The study
explored the inevitable limitations tackling with complex models. Then, the work
described the staged shrinkage strategy (SSS) for improving the PSO algorithm,

which avoids premature and speeds up the convergence rate. Finally, the work
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presented simulation results to demonstrate the superiority of our proposed SSS-PSO
algorithm. The work also investigated the influence of the built-in velocity clamping
factor on the reliability and efficiency for the PSO and SSS-PSO algorithms.

Algorithm 2.2 described the Modified Particle Swarm Optimization used in the work.

Algorithm 2.1: Standard Particle Swarm Optimization??

Step 1:Generate random population of , Set parameter , , 1and , of PSO
Step 2: Initialize population of particles having positions  and velocities
Step 3: Set iteration =1

Step 4: Calculate fitness of particles () = ( ()) and find the index of the best particle

()=
Step 5: Select ()= () and = ()
Step 6: = + ( — +1)x——— where, is the current iteration, is the
final weight, is the initial weight  is the inertia weight employed to overcome the
problem of premature convergence, is the maximum number of iterations.

Step 7: Update velocity and position of particles
(+1)= )+ 1 4( - )+ 2o - )+ 34 - ()
(+1)= O+ (+1)
Step 8: Evaluate fitness ()= ( ( + 1)) and find the index of the best particle 1

Step 9: Update of population
If (+1)< ()then (+1)= ( +1)else
(+1)= )
Step 10: Update of population
If (+1)< ()then (+1)= ( +1) andset = jelse
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(+1)= )
Step 11: If < _ then = +1 and goto step 2 else goto step 11

Step 12: Output optimum solution as

= (O)
Algorithm 2.2: Modified Particle Swarm Optimization?!
Step 1: Generate random population of , Set parameter , , 1 an@%
PSO .

Step 2: Initialize population of particles having positions  and VGIO‘%

Step 3: Set iteration =1 \
Step 4: Evaluate the objective function values of particles a@

()=:1:1 Q'@()

Where, representthe at =1.2,. =23 .., .

Where,  ( )(( )—( )isth @g}: in weight of input pixel along the row

and column. %,

Step 5: Find the cognltlve@ each particle as - = and global best as
= A

Step 7: Find the new v@by updating the velocity and position of the inthe  Dim

=(Q D)
S - )

where . 1s the allowed maximum velocity of particles, D is the velocity
factor, and . and are the maximum and minimum location
of particles at ~ —dimension.
=C . = )
where, 1s the allowed maximum velocity of particles, is the velocity
clamping factor, and ~is the maximum location values of particles at
dimension.
, if, ()=
+1) = ! . ’ ’
() {,(+1), it O<
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= .+ 4] N | =]

+1 — + +1

where jand j,are random numbers from uniform distribution (0,1)

+1

Step 8: Find the objective function values of as ()= ( ™) and find the

index of the best particle b ) l{b"
&

Step 9: Update of population

e 3
:{min( ) if, .Qq}ﬂp
+1 ) if

min (

Step 10: Update of population

| (=
Step 11: If t< thent= + 1 and GO@ 1 else GOTO step 12
Step 12: Output optimum weight selec@j&ﬂti n as .

ON
Q;O‘

2.8 Convolution Ne wworks (CNN)

CNNs a %ri nt of feed-forward neural networks with a special
architecture. Tkg\)chitecture of CNNs usually contains a convolution followed by a
pooliné%tlon. Every neuron in a convolution layer is connected to some region in
@, which is called a local receptive field. Unlike other types of feed-forward
neural networks, all weights are shared based on the position within a receptive field.

The shared weights are also called filters!. The convolutions operation can be

formalized as follows:
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C D)= (.- C—,

) (2.6)
where, (, ) is the input image at position ( , )and ( — , — )is a trainable
filter. Further, a pooling layer is used to generate translation invariant features by
computing statistics of the convolution activations from different positions along
specific windows. One pooling layer that is commonly used in %‘&N
implementation is the max pooling layer, which takes the maxim ) over a
processed region. For the two-dimensional case, the max po‘t‘ g‘§eraﬁon with a
5\

(C.) - QQ}&
= omex () QQ\ @0

Convolution Neural Networks (CNNS)i;@ygous to traditional ANNs in that they
1

pooling size of X becomes:

are comprised of neurons that self-pptirfiize through learning!. Each neuron will still
receive an input and perfo é&eraﬁon (such as a scalar product followed by a
non-linear function) - th agis of countless ANNs. From the input raw image vectors
to the final out @% class score, the entire of the network will still express a
single perce%‘gei score function (the weight). The last layer will contain loss functions
associate ith the classes, and all of the regular tips and tricks developed for
(@onal ANNs still apply. The only notable difference between CNNs and
traditional ANNs is that CNNs are primarily used in the field of pattern recognition
within images. This allows us to encode image-specific features into the architecture,

making the network more suited for image-focused tasks - whilst further reducing the

parameters required to set up the model. One of the largest limitations of traditional
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forms of ANN is that they tend to struggle with the computational complexity
required to compute image data17.
2.8.1 CNN Architecture

CNNs primarily focus on the basis that the input was comprised of images.
This focuses the architecture to be set up in a way to best suit the need for dealing
with the specific type of data. One of the key differences is that the neurons :@%ﬁe
layers within the CNN are comprised of neurons organized into three 1@%&& the
spatial dimensionality of the input (height and the width) and the de}%‘. The depth
does not refer to the total number of layers within the ANT\%@t '\third dimension
of an activation volume. Unlike standard ANNS, the &Q&s within any given layer
will only connect to a small region of the layer pr g it.

CNNs are comprised of three ty}ge@ayers. These are convolutional layers,

\W

pooling layers and fully-connecte 1@9.

architecture has been formed! simplified CNN architecture for MNIST

hen these layers are stacked, a CNN

classification is illustrated iMre 2.2:
'\
The basic functiona@e example CNN above can be broken down into four key

areas. \C)

1. As fi ther forms of ANN, the input layer will hold the pixel the image.
2§®<onvolutional layer will determine the output of neurons of which are
connected to local regions of the input through the calculation of the scalar product
between their weights and the region connected to the input volume.

The rectified linear unit (commonly shortened to ReLu) aims to apply

an ’elementwise’ activation function such as sigmoid to the output of the activation

produced by the previous layer.
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3. The pooling layer will then simply perform down sampling along the spatial
dimensionality of the given input, further reducing the number of parameters within
that activation.

4. The fully-connected layers will then perform the same duties found in standard

ANNs and attempt to produce class scores from the activations to be used for

classification. It is also suggested that ReLu may be used between these laye@o

improve performance. ‘ QO

Through this simple method of transformation, CNNs are able toytransform the
. %
original input layer by layer using convolutional and dow%g%ﬁp ing techniques to

produce class scores for classification and regression p@,.

convolution
wiRelu pooling fully-connected

A A4

4,
!
1

e ‘ oufput

fully-connected
w/ ReLu
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Figure 2.5: A simple CNN architecture, comprising five layers?!

2.8.2 Performance Metrics

Performance metrics are accurac 5 sitivity, and specificity. A confusion
matrix is used to calculate these three measures. The confusion matrix is q&b&ﬁx
representation of the classification results, the upper-left cell denotes 't ber of
samples classifies as true while they were true (i.e., true posmves;% lower right
cell denotes the number of samples classified as false whllf‘%ﬂ%n ere actually false
(i.e., true-false). The other two cells (lower left cell an. %}r right cell) signifies the
number of samples misclassified. Specifically, th @er-left cell denoting the number

of samples classified as false while they a@y were true (i.e., false negatives), and

the upper right cell denoting the un@g) of samples classified as true while they
actually were false (i.e., false po &21.

A confusion matrix 1ass1ﬁcat10n of a k class is k x k contingency table
whose cells [1,j] (i= Q® .,K) present frequencies of observations with real class
Ci and 1nferrfi\ Cj. A binary confusion matrix is a special case when there are
only t s: C (positive class) and not-C (negative class). A k x k confusion

n be represented as a set of k binary confusion matrices, one for each class
Ci. "In a binary confusion matrix, observations classified correctly into the positive
class are called true positives and observations classified correctly into the negative
class are called true negatives. Occurrences of the positive class classified falsely as

negative are called false negatives and examples of negative class classified falsely as

positive are called false positives. Numbers of true positive, false positive, true
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negative and false negative observations are identified with TP, FP, TN, and FN.
From these frequencies, one can calculate classification performance indicators that
reflect how the classifier performs in detecting the given class. The most common of

such indicators are discussed?2.

TP

Precision = = 100% Q&D
_ 0
Sensitivity = = 100% ‘%\ (2.8)

%w

TN 100% °
00% )\\

TN+FP %
FP . é
S

Specificity = (2.9)

False Positive Rate = e = 1- (2.10)
_ TP+IN @b

Overall Accuracy = TTNIEPIEN 1& (2.11)

Total RGcog%bn Time 212

of rétognized foods (2.12)

Average recognition time = Num%
2.9 Related Works Q:b‘
The purpose of this study is to examine the scalability of the incremental deep
%w
learning approac @ al identification, particularly for applications involving
quick object etif'ion. Comparing training-at-once versus gradual learning with
informﬁ%%ansfer and distillation, the experimental investigation shows that
@gat-once has a higher computing cost and lower knowledge retention. The
experiment used a cutting-edge object detector as its foundation and extended it to
include knowledge transfer and distillation to compare three training methods:
training-at-once, transfer learning without distillation, and transfer learning with

distillation. The experimental results and analysis compared the accuracy of new

classes, knowledge retention of old classes, data storage, calculation time, and
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memory use while modifying several important parameters, examining the pros and
cons of each training technique. While using the most storage and memory, training-
at-once (the baseline) produced the highest accuracy of both new and old classes.
Both transfer learning methods reduced the amount of storage needed by 73% when
compared to the baseline, but at the cost of a 53% increase in computing time.
Distillation's ability to handle long-term incremental learning is shown by its q{#&

retain 96% accuracy with previous classes, demonstrating the K%?ransfer
learning for information retention. Transfer learning without distill at1 n was able to
produce slightly higher accuracy with new classes (53% % A)) less memory
utilization (65% vs. +26%), but at the risk of forgettm&&ﬁﬁng classes (100%). This
study proved that distillation loss could assis Nhe advantages of incremental
learning while balancing the accuracy pf)&old and new object classes. Training
batch size and the number of assig e@}es are crucial for preserving the accuracy
of new classes, maintaining owledge of existing classes, and lowering
computing costs, according togesearch utilizing different critical parameters across all

training methodologl

It is gu‘ft to implement high-performance one-stage object detectors on
applicati 1th limited resources. This study examines the variables influencing the
@Qng complexity of one-stage detectors and suggests LEYOLO, a compact and
effective detection framework. This framework was used to create a lightweight
backbone network for the detection task that consisted of a number of effective
feature extraction modules and a new channel attention module. A lightweight
multiscale feature fusion structure with a weighted fusion algorithm was suggested to

effectively integrate the features retrieved from the backbone without incurring the
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expense of dimensionality reduction and downsampling. Additionally, based on the
framework, two detectors (LEYOLOs and LEYOLOm) were created. Given only
modest computing budgets, experimental results demonstrate that LEYOLO

accomplished state-of-the-art trade-offs between performance and complexity?4.

Deep learning is essential for the real-world task of object detection. T.he You
Only Look Once (YOLO) object identification model accurately an@:kly
identifies interesting areas in photos. In this essay, object detection i . nhance
security and combat terrorism. By identifying and detecting t.h@.?n closed-circuit
television (CCTV), people are shielded from harm. This s&@rovides a YOLO v4-
based real-time detection method for CCTV auté@us weaponry. The authors
suggested using the YOLO v4 backbone wi ial Cross Stage Partial-ResNet

(SCSP-ResNet) to address the featu@?%CTV scenarios. The receptive field

improvement module, meanwhile, Myas™demonstrated to be able to capture subtle

semantic details of high-di&rﬁ)@f tiny objects. The experimental results show that

the proposed detection %oge reduces inference time and mAP (mean Accuracy
Precision) by 7@)@%

T é\af of this study was to develop a new Multi-Object Tracking-by-

%, respectively?®.,

Detec@n MOT-bD) framework using a Deep Convolutional Neural Network
(D ) detector and a spatiotemporal interlaced video model. "Interlaced images"
are images that have had the spatiotemporal variation of objects between photos
stored. Since interlaced objects were constructed to increase overlap during the
association step, which improved the MOT performance over the same

detector/association algorithm applied on non-interlaced images, a specialized
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"interlaced object" convolutional deep detector was trained to detect objects in
interlaced images and a classical association algorithm to perform the association
between detected objects. The results of the experiments show that interlacing video
has many benefits for tracking performances, including precision and accuracy, and

they show that the "power of video-interlacing” outperforms several cutting-edge

tracking frameworks when tracking multiple objects?. &
Different feature integration in data association is still e. For

instance, focusing solely on the appearance feature may u.l§ in inaccurate
association results when intra-frame objects have similax%'&s, while relying too
much on the motion feature may result in failuf\‘('& perform the essential data
association when object movements are 66%& The writers redesigned the
integration of motion and appearance in @to achieve a better trade-off between
those two features. The online techpigué€™Tasts each object's position and motion into
adaptive search windows, and v@% those search windows, matching is limited to the
similarity of visual attri u;\es. The motion feature is formed as spatiotemporal
constraints and (@%ﬁne tracklets produced by the online approach in the offline
method. Num€rous MOT datasets were subjected to experiments from a variety of
angles, 1 ing different motion speeds, different lighting conditions, different item
A@;ations, etc., to confirm that the approach performs reliably. The technique
also shows its efficacy by outperforming the prior first-place finishes in two CVPR

2020 MOT tasks?’.

This study introduces a novel network architecture that can increase object

detection accuracy by utilizing the spatiotemporal data seen in videos. First,
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connection suggestions that originate from the same anchor box in surrounding
frames are used to associate and aggregate box properties. In order to utilize long-
term spatio-temporal information, the authors next created a new attention module
that collects short-term enhanced box properties. For the first time in the field of
video object detection, this module makes use of geometrical features over a lengthy
period of time. Finally, aggregated data that takes into consideration both tht&&-
and long-term temporal context is supplied into a spatio-tempor I‘@ head
together with spatial information from the reference frame. In ord‘er% demonstrate
the proposal's durability over a wide range of situations, ég@xs caluated on five
video object detection datasets with wildly varied fe&@’ﬁ% The method performs

better than the state-of-the-art, according to non- f@ric statistical testing?®.

The authors of this work sugﬁ@rand-new deep learning-based traffic

sign identification system. The "yo%'o only once" (YOLO) v5 structure for feature
selection was used in conj nct@%ith the method, known as the feature-selection-
based attentional deco olgtlon detector (FSADD). The network separates the
acquired feature a@m the convolution layer into similar and non-similar feature
maps when a“(citection technique uses feature selection. The outputs of filters with
random weights are typically used to create the feature maps that are acquired after
@nvolution layers. The network receives numerous types of feature maps with
extraneous components as a result of the filter's randomization, which reduces the
effectiveness of detection. The sizes of the receptive fields have also been altered in
the FSADD model for better traffic sign detection performance. Due to the tiny sizes
of these signs in the photos, many of the generic detection techniques are not suited

for the German traffic sign detection benchmark (GTSDB). Experimental
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comparisons with the GTSDB were made to demonstrate that the FSADD is on par
with the state-of-the-art for detecting 29 different types of traffic signs with

classification performances that are 73.9% accurate?®.

Due to their limited visual qualities, it is theoretically challenging to detect
small moving targets made up of one or a few pixels. Some bio-inspired modglsgﬁa:/e
been created as a result of natural inspiration. The present models' heavy r%&'}é on
the input videos' sampling rates, however, creates a bottleneck tha .N mpedes
their use in real-time in the physical world. This is due to the. fa hag high-sampling-
frequency videos demand a significant amount of compu;@ources to collect and
process. While there are considerable spatial inaccu’r@ and poor responses in low-

sampling-frequency films, model detection pﬁ@%me. The authors suggested an

STMD-based visual neural model with '%%yal-order difference operator for small
target motion detection to overcom: gproblems. The rising and falling brightness
components are further se rat%% the STMD network before being time-aligned,
multiplied, and used tc&or@\cast the positions of moving tiny targets. The created
model locates moving targets accurately and robustly in low sampling
frequencies Bﬁ&ause of the instantaneous information's quick response and the

addition emory information. The created model greatly increases the detection

mance for low-sampling-frequency videos, according to numerical testing®.

Due to their great effectiveness, low cost, and superior mobility, unmanned
aerial vehicles (UAVs) have been used to check in a variety of situations. But since
they are so much smaller and denser than regular objects, objects in aerial photos

make it challenging for current object detection techniques to get the desired
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outcomes. A previous improved Transformer network (PETNet) based on YOLO was
suggested in this research as a solution to this problem. A one-to-many feature fusion
(OMFF) method and a unique previous improved Transformer (PET) module are
specifically suggested for integration into the network. The shallow feature maps
receive two more detecting heads. In order to increase the network's capacity for
expressiveness, improved global information was captured using PET in this @n

order to reduce the information loss of small objects, the OMFF seeksgb,&%ﬁultiple

types of characteristics. Additionally, the additional detection heads increase the
likelihood of finding smaller-scale items, and the expa@l ?ti-head parallel
detection is better suited to detecting things in ae{ia@s at several scales. The
constructed PETNet delivers cutting-edge results VisDrone-2021 and UAVDT
databases with average precision (AP) of ﬁand 21.5, respectively, demonstrating

that the network is better suited fqé a ia\mage detection and is of great reference

value3!. Q:b‘

Unmanned aeria Vej;icle (UAV) computer vision analysis is a significant
future develop t@o the key technologies to assess scene information in UAV
photos is ob&&{idetection. The small and dense targets in the UAV image, however,
make missed detection errors quite easy to make. In order to achieve high quality
'on of small targets, the authors of this research use a dual neural network
review technique that swiftly sorts through the missed targets in the one-stage
detection by identifying the secondary properties of the suspected target regions. First,
the one-stage detector identifies UAV images, and the target is detected when the
result is detected with confidence more than or equal to the threshold. Results below

the threshold are regarded as potential regions with missed aims. Second, the VGG
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backbone extracts the feature map from the UAV image. The location data of the
suspicious regions and the feature map were combined for secondary identification.
The dual network's features are then fused late, and the re-identified outcomes serve
as the first confidence addition's compass. Regions with confidence above the
threshold are regarded as targets after the addition. In order to acquire the final
detection findings, the targets of initial detection and secondary identiﬁcati@‘re
finally synthesized. The technique offers ground-breaking perfo % on the
VisDrone, UAVDT, and MS COCO datasets, according to experimenta} results®2.
&'»

The main difficulty for harvesting robots is reliabl)& ting crops, and deep
learning techniques are frequently utilized for this. T@techniques, however, need a
lot of training data, which can be a problen\ In)drder to increase the volume of

training data and improve the etﬁ:‘@ss of the detection models, data

augmentation is commonly advis% this study, the authors suggested using
geometric, photometric, a (@T occlusion changes to RandAugment (RA) to
enhance crop identificati gerformance. On Tomato datasets, the authors tested with
various transfo t@%ts utilizing well-known detection networks. The maximum
accuracy waNattained by YOLOvV3 with geometric modifications and partial
occlusiom at* 76.42, an improvement of 3.47 over the baseline model without
@Qation. Additionally, RA increased the detection accuracy in other open
datasets like Apple, Kiwi, and Mango. For each network, a different set of alterations
was the ideal combination to get the best performance. Additionally, the authors used
YOLOV3 and the ideal transformation list to show the robotic tomato harvesting

system, and they were able to reduce the processing time from getting the detection

data to less than 60 ms33.
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This work proposed a general viewpoint that unifies existing region feature
extraction methods and a novel method that is end-to-end learnable. The method
removes most heuristic choices and outperforms its Region of Interest (ROI) pooling

counter-parts. It moves further towards fully learnable object detection.

The authors of this research work formulated object detection as a prople%of
graph structure inference, where given an image the objects are treated as @;s\ln a
graph and relationships between the objects are modeled as edges_ .\%graph.lt
presented a so-called Structure Inference Network (SIN), a Eiete r.t’hat incorporates
into a typical detection framework (e.g. Faster R-CNN) wi;{%‘aphical model which
aims to infer object state. Comprehensive experimi on PASCAL VOC and MS
COCO datasets indicated that scene context aﬁ@% relationships truly improve the

performance of object detection with rﬁ;{@%ble and reasonable outputs®,
0

Another approach on how to, y Faster R-CNN for the task of small object
detection in optical remote % mages was investigated by the researchers. First,
the study not only modi 1%16 RPN stage of Faster R-CNN by setting appropriate
anchors but als @%e a single high-level feature map of a fine resolution by
designing a s@ar architecture adopting top-down and skip connections. In addition,
the study incorporated context information to further boost small remote sensing
Qetection performance while the study applied a simple sampling strategy to
solve the issue about the imbalanced numbers of images between different classes. At
last, the study introduced a simple, yet effective data augmentation method named
‘random rotation’ during training. Experimental results show that our modified Faster

R-CNN algorithm improves the mean average precision by a large margin on

detecting small remote sensing objects3®.
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A deep object recognition framework using a synthetic depth image dataset
was developed and validated by the authors. The study synthetically generated a depth
image dataset of 22 objects randomly placed in a 0.5 m x 0.5 m x 0.1 m box, and
automatically labeled all objects with an occlusion rate below 70%. Faster Region
Convolutional Neural Network (R-CNN) architecture was adopted for training using a
dataset of 800,000 synthetic depth images, and its performance was tested 01#&@&1-
world depth image dataset consisting of 2000 samples. Deep objec Tf\@%zer has
40.96% detection accuracy on the real depth images and 93.5% on the 'synthetic depth
images. Training the deep learning model with noise-:%&%d .;nthetic images
improves the recognition accuracy for real images t&@ o. The object detection
framework can be trained on synthetically gen¢ f@%pth data, and then employed
for object recognition on the real depth g&n a cluttered environment. Synthetic
depth data-based deep object detec ioQ@)\the potential to substantially decrease the
time and human effort required extensive data collection and labeling®”.

A review on deep leatning-based object detection frameworks was addressed
provided and provid@@ﬁ?n this research work. The review begins with a brief
introduction oan)thstory of deep learning and its representative tool, namely
Convoluti QNeural Network (CNN). Then the study focused on typical generic
obj Qetection architectures along with some modifications and useful tricks to
ir;?ve detection performance further. As distinct specific detection tasks exhibit
different characteristics, the study also briefly survey several specific tasks, including
salient object detection, face detection and pedestrian detection. Experimental
analyses were also provided to compare various methods and draw some meaningful

conclusions. Finally, several promising directions and tasks are provided to serve as
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guidelines for future work in both object detection and relevant neural network-based
learning systems33.

This study proposed a comprehensive survey of recent advances in visual
object detection with deep learning. By reviewing a large body of recent related work
in literature, the study systematically analyzed the existing object detection

frameworks and organize the survey into three major parts: firstly, d@bﬂ%n

components, secondly, learning strategies, and thirdly, applications § %marks.

In the survey, it covered a variety of factors affecting the detection performance in

detail, such as detector architectures, feature learning, propé%sk\g%:ration, sampling
strategies, and so on. Finally, it discussed several fut Q}ections to facilitate and
spur future research for visual object detection wi learning™.

A comprehensive review of the.rgﬁdeep learning-based object detection
progress in both the computer vision ahd earth observation communities was provided
for in this study. The authors pr: a large scale, publicly available benchmark for
object Detection in Optical ote sensing images, which the study name as DIOR.
The dataset contains@@ ?mages and 192,472 instances, covering 20 object classes.
The proposeck\' dataset which has large-scale on the object categories, on the
object i%@number, and on the total image number; secondly, it has a large range
0 size variations, not only in terms of spatial resolutions, but also in the aspect
of inter- and intra-class size variability across objects; thirdly, it holds big variations
as the images are obtained with different imaging conditions, weathers, seasons, and
image quality; and fourthly, it has high inter-class similarity and intra-class diversity.
The proposed benchmark can help the researchers to develop and validate their data

driven methods. Finally, the study evaluated several state-of-the-art approaches on our

67



DIOR dataset to establish a baseline for future research*.

This work on the mainstream object detection algorithms was compared and
analyzed and proposed a multi-scaled deformable convolutional object detection
network. The study used deep convolutional networks to obtain multi-scaled features
and add deformable convolutional structures to overcome geo-metric transformations.
It then fused the multi-scaled features by up sampling, to implement the ﬁné&‘b&ct
recognition and region regress. The experiments improved the accur, é)\@%gtecting
small target objects with geometric deformation, showing significant improvements in
the trade-off between accuracy and speed*!. .%’\ !

The overhead view of person tracking object uﬁ&ter region convolutional
neural network (Faster-RCNN) in combinatio eneric Object Tracking Using
Regression Networks (GOTURN) archjtg& was developed by the researchers.
Individual person was first identi 1e®erhead view video sequences and then
trackedusing a GOTURN tracki rithm. Faster-RCNN detection model achieved
the true detection rate rangingyffom 90%to 93% with a minimum false detection rate
up to 0.5%. The GGQI I'\} tracking algorithm achieved similar results withthe
success rate r%n\'gg)?om 90% to 94%*.

Qﬁhors of this work implemented object tracking in a video using

@tional Neural Network (CNN) architecture. The study used ALOV 300+
datasetwhich included frames of videos of different classes (Light, Surface Cover,
Specularity, Transparency, Shape, Motion Smoothness, Motion Coherence and
Clutter) with their corresponding target object bounding boxes. It used two Inception
V3 architectures that contain the CNN framework. Most of the generic object trackers

were trained from scratch online and do not benefit from many videos that were
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available for offline training. The method used extensive offline training of neural
networks for tracking different objects at high speed in real time. The algorithm
learned a general relationship between an object’s appearance and its motion in an
offline manner, allowing the network to track new objects. The model showed 78%
accuracy on the train set of 10,000 images and an accuracy of 76% on the test set. It
also increasing the dropout factor from 0.5 to 0.7 variance and was reducec.Kb*%'%
whereas regularization helped reduce the variance by 0.1%%*. ° Qg)

The tracker learned to track objects by reusing the features fsom the image
object detector, which is a light-weighted increment to the d@or v?ith only a slight
speed drop for the video object detection task to augm&%‘%/ell-trained image object
detector with an efficient and effective class-agn f&nvolutional regression tracker
for the video object detection task. The pe@ance of the model as proposed by the
authors was evaluated on the large- caQIy\ geNet VID dataset. It improved the mean
average precision (mAP) scoreq)% e image object detector by around 5% and
around 3% for the image obj«eb;AGtector plus Seq-NMS post-processing*.

A novel and a@eﬂobject detection method for garlic using a convolutional

Q

neural netwoKk\' developed by the researchers of this work. The you-only-look-
once (‘L@lgorithm, which is based on lightweight and transfer learning, is the

@anced computer vision method for single large object detection. To detect the
&the YOLOvV2 model was modified using an inverted residual module and
residual structure*®. The modified model was trained based on images of bulbs with
varied brightness, surface attachment, and shape, which enabled sufficient learning of
the detector. The optimum minibatches and epochs were obtained by comparing the

test results of different training parameters. Research shows that IRM-YOLOV2 is
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superior to the SqueezeNet, ShuffleNet, and YOLOvV2 models of classical neural
networks, as well as the YOLOv3 and YOLOv4 algorithm models. The confidence
score, average accuracy, deviation, standard deviation, detection time, and storage
space of IRM-YOLOV2 were 0.98228, 99.2%, 2.819 pixels, 4.153, 0.0356 s, and 24.2
MB, respectively. In addition, this study provides an important reference for the
application of the YOLO algorithm in food research. Computational time @ot
taken into consideration*®47. * Qg)

The authors proposed a robust new algorithm to detect and track objects from
natural scenes captured with real-time cameras. This work é\%%éo ?eate a detection
and tracking algorithm that is responsive to actual @S{damental changes. This
algorithm is characterized by the detection }16 moving creatures, limited
resources, and different challenges. Th.is)&xithm combines principal component

analysis and deep learning netonkSQ)_}ake the most of these two approaches’

advantages to achieve an intelli tection and tracking system that works in real-
time. It is done adaptiveleeen the two approaches to enhance performance
compared to the exiséﬂ@%tgction and tracking algorithms. The experimental results
showed the n‘eQQLgbrithm’s effectiveness and efficiency by comparing it with other
detecti tracking systems and obtaining good detection and classification
a @48, 49
Q A quality-aware object association (QOA) strategy to leverage the quality
score as an important reference factor for achieving robust association was developed
in this study. Despite its simplicity, extensive experiments indicate that the strategy

significantly boosts tracking performance by 2.2% Average Multi-object Tracking

Accuracy(AMOTA) and the authors’ method outperforms all existing state-of-the-art
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works on nuScenes by a large margin. Moreover, QTrack achieves 48.0% and 51.1%
AMOTA tracking performance on the nuScenes validation and test sets, which
significantly reduces the performance gap between pure camera and LiDAR based
tracker®® 31,

A new solution to moving object detection and tracking using an event frame
from bio-inspired event cameras was developed by the researchers. First, azk‘b&ct
detection method was designed using a combined event frame and a s K@ame in
which the detection is performed according to probability and collorj%spectivelysz.
Then, a detection-based object tracking method is proposed éé%‘ .\event frame and
an improved kernel correlation filter to reduce mis.se@g tion. Further, a distance
measurement method is developed using even '@e-based tracking and similar
triangle theory to enhance the estimation g&tance between the object and camera.
Experiment results demonstrate the ef@ness of the proposed methods for moving
object detection and tracking>* >4 C&

3D detection and 3D gacking from only monocular videos in an end-to-end
manner was jointly&o gd and trained by the authors of this work. The key
component iﬁ\a' el spatial-temporal information flow module that aggregates

geome@ppearance features to predict robust similarity scores across all objects

weht and past frames. Specifically, we leverage the attention mechanism of the

transformer, in which self-attention aggregates the spatial information in a specific
frame, and cross-attention exploits relation and affinities of all objects in the temporal
domain of sequence frames. The affinities are then supervised to estimate the
trajectory and guide the flow of information between corresponding 3D objects®. In

addition, the authors proposed a temporal -consistency loss that explicitly involves 3D
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target motion modeling into the learning, making the 3D trajectory smooth in the
world coordinate system. Time3D achieves 21.4% AMOTA, 13.6% AMOTP on the
nuScenes 3D tracking benchmark, surpassing all published competitors, and running
at 38 FPS, while Time3D achieves 31.2% mAP, 39.4% NDS on the nuScenes 3D
detection benchmark6-%7,

A hybrid, high-temporal-resolution object detection and tracking appro@at

combines learned and classical methods using synchronized images él&%)nt data
was presented in this study. Off-the-shelf frame-based object dete‘cﬁare used for
. "

initial object detection and classification. Then, event masks%g%&er ted per detection,
are used to enable inter-frame tracking at varying terp;&&olutions using the event
data. Detections are associated across time usi simple, low-cost association
metric’®. Moreover, we collect and lab.el,iégﬁlfﬁc dataset using the hybrid sensor
DAVIS 240c. This dataset is utilized Qﬂ)}ln‘titative evaluation using state-of-the-art
detection and tracking metrics. ovide ground truth bounding boxes and object
IDs for each vehicle aan. Further, the authors generated high-temporal-
resolution ground tn@? to analyze tracking performance at different temporal
rates. Our ap roch,,éhows promising results, with minimal performance deterioration
at hig ral resolutions (48-384 Hz) when compared with the baseline frame-
b formance at 24 Hz> 90,

In order to reduce the number of traffic accidents caused by jaywalking each
year, a video anomaly detection algorithm for the activity was suggested in this paper.
The suggested model has been testing with one of the newest street scene datasets and

its various versions. It is a novel variation of the InceptionV3 deep CNN model. Two

distinct subsystems built on the pre-trained InceptionV3 architecture make up our
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model. The first subsystem, Anomaly Detector, analyzes a video frame and
determines whether a jaywalking event is there. When a jaywalking (anomalous)
video frame is supplied, the second subsystem, Anomaly Localizer, predicts the
bounding box labels to identify the jaywalking item in the frame. We use the Street
Scene Dataset, which was released in February 2020 and provides a variety of
jaywalking instances, to analyze®!. In this study, we test various pre-train@'ﬁ\f
models, including VGG16, ResNet50, and InceptionV3, to assess Ho\ 1l they
perform anomaly detection. We also evaluate the model's performa e for various
dataset sizes with both an even and an uneven d1str1but101% malous and non-
anomalous frames. Finally, we evaluate how well the @ predicts various kinds of

jaywalking incidents. The study demonstrat@ﬁ e detection accuracy of our

suggested model is remarkably high®2,

The inherent multi-scale, p Qﬁ hierarchy of deep convolutional networks

to construct feature pyra@u marginal extra cost was exploited by the

researchers. A top—dowgrc itecture with lateral connections was developed for
n

building high—l&é{@

Feature Pyra)&i(}

feature‘%etor in several applications. Using FPN in a basic Faster R-CNN system,

ic feature maps at all scales. This architecture, called a

etwork (FPN), showed significant improvement as a generic

@%Od achieves state-of-the-art single-model results on the COCO detection
benchmark without bells and whistles, surpassing all existing single-model entries
including those from the COCO 2016 challenge winners. In addition, the method
adopted by the study can run at 5 FPS on a GPU and thus is a practical and accurate
63,64

solution to multi-scale object detection

The task of unsupervised learning to detect and segment foreground objects in
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single images was addressed by the authors. The study achieved researchers goal by
training a student pathway, consisting of a deep neural network that learns to predict,
from a single input image, the output of a teacher pathway that performs unsupervised
object discovery in video. The approach used is different from the published methods
that perform unsupervised discovery in videos or in collections of images at test-time.
The study moved the unsupervised discovery phase during the training stage, @at
test time the study apply the standard feed-forward processing al ﬁg\% student
pathway. This has a dual benefit: firstly, it allows, in principle, unlimited
generalization possibilities during training, while remaining C.f%\ t :sting. Secondly,
the student not only becomes able to detect in single Q%} significantly better than
its unsupervised video discovery teacher, but it a 1eves state of the art results on
two current benchmarks, YouTube Obj.et{[i&d Object Discovery datasets. At test
time, the system was two orders of agi:[)}e faster than other previous methods®>- 6,
A unified implementati e Faster R-CNN, R-FCN and SSD systems,

which the study viewed Neta-architectures” and trace out the speed/accuracy
trade-off curve cre&s@ “using alternative feature extractors and varying other
critical paranﬁi uch as image size within each of these meta-architectures was
presen 'Qﬁs study%”. On one extreme end of this spectrum where speed and
are critical, the study present a detector that achieves real time speeds and

can be deployed on a mobile device. On the opposite end in which accuracy is critical,
the study presented a detector that achieves state-of-the-art performance measured on

the COCO detection task®s.

A brand-new automatic method for spotting small objects in traffic sequences

was presented in this paper. In the first stage, super-resolution algorithms and pre-
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trained object identification networks were used to build automatically, offline, the
vehicle patterns identified from a sequence of frames. The object detection model was
then retrained using the previously acquired data, customizing it to the scene under
analysis. The retrained model was then used in the remaining traffic sequence or the
camera-generated video stream since it is already live and in real-time. The GRAM

and NGSIM datasets have both been used to test this architecture®:’°. &

This work focused on a multi-convolutional neural netw@)—based

system for the detection, monitoring, and recognition of dog.em '01;§ in surveillance
films. This system tracks the dogs in the video, finds them &@ch rame, and detects
their emotions. The system detects dogs using a YOLQ&%nodel. A deep association
metric model (DeepDogTrack) that uses a Ka@ ter in conjunction with a CNN
for processing tracks the dogs in real ﬁ%%en, based on manual evaluations by
veterinary professionals and custorihdog-breeders, the dogs' emotional behaviors are
divided into three categories: ar@or aggressive), happy (or excited), and neutral (or
general). The long sh %1) deep features of dog memory networks model
(LDFDMN) is d@%t ct the emotions of the dogs after the system extracts sub-
pictures from{gof dogs, assesses whether the images are sufficient to recognize
the emf)% of the dogs, and concludes whether they are. Two picture datasets were
\@ the dog detection trials to test the model's efficacy, and the detection
accuracy rates were 97.59% and 94.62%, respectively. When a dog's face features
were hidden, when it was a particular breed, when its body was covered, or when the
dog region was insufficient, detection errors happened. Three video files with one or
more dogs each were used in the dog-tracking trials. When there was just one dog in

the video, the tracking accuracy rate was greatest (93.02%), and when there were
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several dogs in the film, the tracking accuracy rate was highest (86.45%). When a dog
entered or left the screen, the area covered by its body grew, which caused tracking
errors and tracking loss. Two video datasets were used for the tests on canine emotion
recognition. The accuracies of emotion recognition were 81.73% and 76.02%,

respectively’’ 72,

Object classification and detection using cifar-10 data set Withé&"e\[ded
classification and detection of air-plain images was presented in thi .ﬁsl‘@lt used
convolutional neural network on keras with tensor flow Sl.lpI)% %16 experimental
results showed the time required to train, test and cre}&%\&e model in limited
computing system. The study trained the system wi‘t@%bo images with 25 epochs

each epoch is taking 722to760 seconds in%% step on tensor flow Central

Processing Unit (CPU) system. At the ;0@35 epochs the training accuracy is 96

percentage and the system can reco%: input images based on train model and the
4-

'}
a bridge betweq;@neural networks and conventional detection schema for

output is respective label of im >

A novel object d%&framework named "Deep Regionlets" by establishing
accurate gene)% ject detection was proposed by the authors. Motivated by the
abilitieg%bgionlets for modeling object deformation and multiple aspect ratios, the
@Qcorporated regionlets into an end-to-end trainable deep learning framework.
The deep regionlets framework consists of a region selection network and a deep
region let learning module. Specifically, given a detection bounding box proposal, the
region selection network provided guidance on where to select regions to learn the

features from. The regionlet learning module focuses on local feature selection and

transformation to alleviate local variations. To this end, the study first realized non-
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rectangular region selection within the detection framework to accommodate
variations in object appearance. Moreover, the study design a “gating network" within
the regionlet leaning module to enable soft regionlet selection and pooling. The Deep
Regionlets framework is trained end-to-end without additional efforts. It performed
ablation studies and conduct extensive experiments on the PASCAL VOC and

Microsoft COCO datasets. The proposed framework outperforms state-o ﬂ&rt

algorithms, such as RetinaNet and Mask R-CNN, even w1t|;(’) \%htlonal

segmentation labels’: 76,

The applications of object detection for video and d}@ﬁmages as well as the
detection of objects by web cameras for imp@% accuracy and real-time
implementation were discussed in this researcl@ For the purpose of preventing
occlusion, using a Convolutional N ﬁk)twork (CNN) has the drawback of
producing several feature maps; n Qess this doesn't improve performance. So,
in order to solve those p @%he authors proposed a more sophisticated and
improved neural networ%?odel In order to perform better than existing approaches

while maintaini@

object detec‘uwi

leaminé%hodm.

Q The authors of this work posited that in order to address the problems of

ly high level of accuracy, this research effort has created

analyze digital image/video utilizing a web camera and deep

inadequate positioning data and poor target recognition accuracy (convolutional
neural network), an optimized model of moving target identification based on CNN
must be created. In this paper, the target detection model and the depth semantic

segmentation model are combined to provide the target classification information and
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semantic location information’. The simultaneous fusion of image features carrying
different types of information and a pyramid structure of multiscale image features
provides the classification and positioning portion of the target detection model,
allowing it to use the matched image fusion characteristics to detect targets of
different sizes and shapes. Experimental results show that the accuracy rate of this
method is 0.941, which is 0.189 greater than the accuracy rate of the LST@‘S
algorithm. This method has excellent robustness and improves the sce é@%ﬁon of
feature extraction as well as the precision of moving target posi‘tﬁdentiﬁcation

. "
through the migration of CNN and the learning of context in@yi nso.

Using RCNN-SR, point tracker, and Kalnt %gr, a motion information-
based detection and tracking technique was pr@&l this study. All of the centroid

locations of the localized bare hand a@@x)ped to create the trajectory of the

N

gesticulated characters. The o%' existence based gesticulated character

recognition model is built in thi y by using prior knowledge about the characters

in order to recognize tlﬁ esticulated trajectory. This is an attempt to account for

pattern, style, sci,)@o

information, % ave also addressed the case sensitivity between the English

, and illumination differences. By including the boundary

lowerca%d uppercase alphabets. NITS R-Net, NITS Hand Gesture Database VIIIB,

@ S Gesture Image Databases were also suggested in this work. Several

benchmark databases are taken into consideration to assess proposed models®!.

This work proposed AlexNet and region of interest (colour, movement). In
comparison to the baseline models, an improvement of 14% is made. A detection and

tracking technique that makes use of AlexNet and point-tracker is suggested for
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tracking the bare hand. This model improves on the baseline models by about 10%.
Oxford hand, OUHands, and EgoHands databases, as well as NITS hand gesture (I-1V,
VII), are used to evaluate the proposed models for detection and tracking. Deep
convolutional neural networks are used to identify gesture trajectories. This model is
able to outperform the baseline recognition models with a relative improvement of
about 7%. The NITS hand gesture (IIV, VII), MNIST, and SVHN datab. %re

utilized to assess the performance of the recognition model. We l's&%%)ent the

NITS-Net database, which contains photos taken with and without h

. yﬁ'\
Despite the fact that background subtraction is @‘Aﬁvely mature topic,
extensive research has been needed to address 0@%oblems and advance the
development of a generalized moving objec@ nition framework for real-time

applications. The effectiveness of backj‘q@ubtraction is completely dependent on

the effectiveness of the subsequent Stepstirt higher level video analytical activities® 84,

In terms of foregrouﬁ%&tiﬁcaﬁon, the convolutional neural network (CNN)
has achieved signiﬁe&ﬁ& sadvancements. The foreground detection top-rank
background sub rac@ eechniques still have a lot of drawbacks, though. It is difficult

to distin is@n real foreground from the complicated background®> 3¢,

Ghe essential goal of background modeling in computer vision is removing a
s&s static background in order to retrieve the foreground objects. This procedure is
a precondition for many computer vision applications, such as object tracking, motion
detection, and video monitoring. Many methods have been proposed for backdrop
modeling, ranging from simple threshold-based procedures to intricate deep learning

models. This study proposes a strategy for the variable illumination problem that
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starts with the K.M.M. baseline model pipeline and two pre-processing methods.
Additionally, we discuss backdrop modeling's challenges, such as lighting
fluctuations, camera jitter, and PTZ, and we identify several promising areas for

additional research®: %7,

The difficult problem of detecting moving objects in a variety of den.landing
situations has been the focus of numerous research teams. The first uses inc@aﬁc
cameras, but as mobile sensors have grown in popularity, studies o %ameras
have developed throughout time. The authors suggested 1dent %g\ and classifying
the many existing approaches found in the literature in this &@y n order to achieve
this, the article suggests categorizing various methd %Jed on the choice of scene
representation: one plane or numerous portio@ methods are divided into these

two groups based on eight different ap 1’% : multi-planes, multi-cameras, motion

segmentation, subspace segment %' anetparallax, motion compensation, and

panoramic background subta{t%}

When carried oa%ywertebrate retinas, the detection of moving objects is a

9.

simple operati@ it is a challenging computer vision task. Three major

contributi n%ﬁm this PhD dissertation project include: a multi-hierarchical spiking
neuraé%ork (MHSNN) architecture for detecting horizontal and vertical
n@nents; a hybrid sensitive motion detector (HSMD) algorithm for detecting

object motion; and a real-time neuromorphic implementation of the HSMD algorithm,

the neuromorphic hybrid sensitive motion detector (NeuroHSMD)®,

Both the military and the civilian worlds have made extensive use of moving

object detection in remote sensing image sequences. The small sizes of moving
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objects and the rich backgrounds found in remote sensing photos, however, make
efficient recognition extremely challenging. The research suggests a real-time moving
object recognition approach for remote sensing image sequences to address this issue.
This technique combines the motion data from many frames recovered by the motion
detection branch with the semantic data from a single image extracted by the object

detection branch®!- 2. . ‘{b
&>

A growing interest in finding abnormalities within d a. ‘S@uations
captured by moving cameras has been prompted by the. ge{ation of small,
affordable cameras, such as dash cameras, body cameras&®nameras mounted on
robots. Existing evaluations, however, mostly focu@%ideo Anomaly Detection
(VAD) techniques that assume static cam@ VAD literature for moving
cameras is still fragmented and hasn' ‘;é\ée d thorough assessments. This work
attempts to fill this gap by provid gﬁrst thorough analysis of Moving Camera

Video Anomaly Detection ). The study examines the research publications

on MC-VAD, exposing &rﬁﬂ ws and emphasizing associated difficulties® 4.

The prir@ry)%%cult problem in computer vision is moving object detection
and tracl:;’n DT), which is crucial for numerous applications such as robotics,
an

surve , havigation systems, armies, and environmental monitoring. There are a

I@I’ of methods that have been utilized to locate and follow moving objects in
surveillance systems. Therefore, it is essential to create new or improved algorithms
that are reliable enough to function during both the day and the night. A modified
BGS approach was put forth in this work.The video was first divided into its frame-

by-frame equivalent, and then these frames were subjected to a modified background
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removal technique with adaptive threshold, resulting in the detection of objects. The
object that was discovered was tracked using the Kalman filter technique. When
compared to existing methodologies, the experimental findings demonstrate that the
suggested method can accurately and efficiently detect and track moving objects with
less processing time®> %,

Zero shot learning (ZSL) locates hidden objects for which there are t%g
images. Traditional ZSL methods are limited to recognition setting%'g\e ach test
image is assigned to one of several classes of invisible obj %) unseen objects
typically only appear as a small portion of a larger scene@%}ntend that this setting
is inappropriate for real-world applications and ne.c@ates both "recognition" and
"localization" of the invisible category. We offer a unique "Zero-Shot Detection"
(ZSD) problem setting to ov, .oée this issue. ZSD attempts to

simultaneouslyidentifyand locate %ct instances that belong to novel categories

without the need of training@%
SO

The researchg'%r d a comprehensive approach to the ZSD problem that
jointly modeks\' ntricate interactions between information from the visual and
semanti ins. An end-to-end trainable deep network for ZSD is shown in the
t successfully reduces noise in unsupervised semantic descriptions. In order
to accomplish this, we use the idea of meta-classes to create a unique loss function
that combines semantic domain clustering and max-margin class separation. We
suggest an experimental strategy for the massive ILSVRC dataset that abides by

practical challenges, such as the fact that rare classes are more likely to be the unseen

ones, in order to establish a benchmark for ZSD. In addition, the study offers a
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baseline strategy that is expanded from traditional recognition to the ZSD context. On
the ImageNet detection, MSCOCO, and FashionZSD datasets, our thorough tests
demonstrate a considerable improvement in performance (in terms of mAP and Recall)

on the crucial yet challenging ZSD task®®.

Zero shot learning (ZSL) locates hidden objects for which there are no :[raining
images. Traditional ZSL methods are limited to recognition settings whereé;}test
image is assigned to one of several classes of invisible objects. hl. 'h?‘@gement,
according to the article, is unsuitable for real-world applicatjon;%h&n unseen things
only appear as a discrete component of a larger scene, nec@ing the "recognition"
and "localization" of the unseen category. This stn@%gw "Zero-Shot Detection”
(ZSD) problem setting, which aims to simulﬁ@%y recognize and locate object

instances belonging to unique categorie:: @yt any training data, was introduced to

solve this restriction.The researck%’ d a comprehensive approach to the ZSD

problem that jointly models th€intricate interactions between information from the

'}

investigated in vaf&, and it is shown to be successful in reducing noise in

unsupervisedkirin tic descriptions®’.

visual and semantic d(&ins. An end-to-end trainable deep network for ZSD is

@g instances of objects from a large number of specified categories in
re@nages is the goal of object detection, one of the most fundamental and difficult
problems in computer vision. Feature representations may now be learned directly
from data using deep learning approaches, which have produced amazing advances in
the field of general object detection. The purpose of this work is to present a thorough

assessment of the most recent developments in this subject brought about by deep
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learning techniques during this period of rapid evolution. This survey includes more
than 300 research contributions that span a wide range of general object detection
topics, such as detection frameworks, object feature representation, object proposal

generation, context modeling, training methods, and evaluation metrics!®,

Deep learning (DL) has a significant impact on many areas of science and has

in %Z;}(gth

solidified itself as a flexible approach for tackling new problems
Observation (EO) community. Despite this, the entry barriers for .%ers are
high because the field is crowded and evolving quifklw@maﬁly due to
developments in computer vision (CV). This paper pro&@n overview of the
development of DL with a focus on image segm&‘@%ﬁ and object detection in
convolutional neural networks (CNN) in @% remove the hurdles for EO
researchers. The study runs from late 201 @)ugh late 2019, when CNN established
new benchmarks for image reco%irzln order to make it easier to evaluate
contemporary DL models, % r highlights the relationships between the most
significant CNN archite tur'e}s and CV foundational ideas. Additionally, this work
provides a brief 's@he most prevalent DL frameworks as well as a list of EO
datasets. The rgg reduces the distance between theoretical notions from CV and
their pf%l application in EO by exploring effective DL architectures on these

pand reflecting on advancements made in CV and their implications on future

research in EOQ!0!,

One of the most important and difficult challenges for finding objects in
images and videos is object detection. More research on computer vision tasks like

object classification, object counting, and object monitoring has recently attracted a
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lot of interest. This paper examines object detection strategies and gives a thorough
assessment of the relevant literature. The results of the current research work have
been summarized using a systematic review, which has also been used to explore
seven relevant research topics about object detection. The analysis of conventional,
two-stage, one-stage object identification approaches, dataset preparation and the
usage of a standard dataset, annotation tools, and performance evaluation ,Q&cs
were the main areas of interest in the study. Additionally, it has %rmmed
through comparative studies that the offered techniques differ in terms ef their design,
optimization function, and training methodologies. The per@n '\of the detectors
has increased as a result of deep neural networks' gs%&g achievement in object
detection. Future directions for object detectign veral research problems have

also been explored!®2.

Applications for moving o C&étectlon and tracking include surveillance,
anomaly detection, vehicle av1@ n, etc. There is a sufficient amount of research on
fk)

object detection and tr: as well as several important survey publications.

However, due ttl;;&c Ity of the issue, there has only been a limited amount of

research on cé(&s) age object recognition and tracking. The existing research on this
issue h‘a%ied either on biological traits of the camouflaged objects or computer
Qethods. The article examines existing computer vision methods for tracking
and detecting camouflaged objects from a theoretical standpoint. This work also
discusses a number of pertinent concerns and the path that this field may go in the

futurelo3, 104
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One of the best neural networks for classification, segmentation, natural
language processing (NLP), and video processing is the convolutional neural network
(CNN). The CNN is made up of numerous structural layers. Convolution layers,
pooling layers, and fully connected layers comprise CNN's architectural framework.
Due to CNN's capacity to automatically learn features from images, which requires a
vast quantity of training data and powerful processing resources like GP. %is
application has become the most difficult. Numerous CNN architec r Ve been
reported as a result of the availability of the aforementioned resé This study
focuses on how convolution, pooling, and the fully conn 1 ers of the CNN
architecture work, as well as the origins of reported ar(&%’ﬁ% res, their limitations and
benefits, and a comparison of contemporary archi re in terms of the quantity of

parameters, architectural depth, and signi.ﬁ@:ontributionsloi 106,

A

A neural network that has d in solving computer vision issues is the
convolutional neural netwo CNNS are regarded as the best for extracting
information from imag &have displayed exceptional performance in image
classification, se % and detection. Today, CNN is used to solve the majority
of image proé&@ and computer vision-related issues!'’’. The capacity of CNN to
operate‘%w data without any prior knowledge is what accounts for its superior
@%nce in the aforementioned challenge. CNN is an artificial neural network
(ANN) with biological inspiration. In CNN, information moves in a feed-forward
network in a single direction. Its architecture is identical to that of the visual cortex in

the human brain, with sophisticated and simple cells based on several layers'%: 10,
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Convolutional Neural Networks (CNNs) have emerged as the de facto
standard for many Computer Vision and Machine Learning operations over the past
ten years. CNNs are alternating convolutional and subsampling layers feed-forward
artificial neural networks (ANNSs). If trained on a sizable visual database with ground-
truth labels, deep 2D CNNs with millions of parameters and numerous hidden layers
can learn complex objects and patterns. They may be used as the principal ‘ (bor
many engineering applications for 2D signals, such as photos and vi 'Q\Q‘%e)s, with
the right training. However, this could not be an effective alt‘esve in many

. "
applications compared to 1D signals, particularly if the treg@ata is limited or
application-specific. 1D CNNs have recently been @d as a solution to this
problem and have already attained cutting-edge mance levels in a number of
applications, including the classiﬁcat.ioK«%d early diagnosis of personalized
biomedical data, the monitoring o&r@ health, the identification and detection of

anomalies in power electronics e detection of electrical motor faults. A real-

time and affordable hard Q)implemen‘[a‘[ion is possible as a result of the
straightforward and o@%a ?conﬁguration of 1D CNNs, which simply carry out 1D
convolutions (S(:Q,()Qmultiplications and adds). The overall architecture and operating
princip. CNNs, as well as their main technical applications, are covered in
il @ this paper, with a special emphasis on recent advancements in the field.
Finally, their distinctive qualities are highlighted, capping off their cutting-edge

performance. On a special website, the benchmark datasets and the main 1D CNN

software utilized in those applications are also shared with the public!!®!!!,

Summary of Gaps in Literature

A review of the above related works with literature analysis revealed that most
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of the works adopted CNN as solution model to solve object detection and tracking
problems but with or no efforts to address the problem of inability to detect and track
fast moving objects and low computational efficiency (low localization accuracy on
small objects under partial occlusions, high processing time, low precision, low
sensitivity, low specificity, high false positive rate) associated with these existing
methods, and as well to enhance CNN technique for object detection and t@g.
Therefore, this work evolved a hybrid paradigm that combined the r l'a& rengths
and minimized the relative weaknesses of PSO and CNN, called‘;%sybrid Swarm
Intelligence Convolution Neural Network (CNN-HPSO) whi@vs ged to detect and
track moving objects addressing fast moving objegts&%t%ocalization accuracy on

small objects under partial occlusions, high p ing time, low precision, low

sensitivity, low specificity, and high fa‘&ositive rate which are some of the

problems associated with the existh&@.
Q)‘b‘
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Chapter Three
Methodology

3.1  Research Approach

The goal of this study is to use CNN-HPSO to detect and track objects. Figure 3.1

shows the process for object detection and tracking in a video frame and enumerated

as follows: &
Q)online.

1. Video sequence datasets were acquired from a standard K%
Multiple frames were sampled from the video sequence. The more frames that
were grabbed or sampled, the better, as this improve. '@y?tem’s sensitivity
and precision. This made it possible to ideyti&@insi@iﬁcant movement
that took place during the video sequence: 'Q\

ii.  The original picture was converte‘d&l grayscale image using the frame rate
display after the video had be@ded into frames. The same preprocessing
procedures were applie(%b d’b‘ of the frames. This was done to lower the
pictures' noise level aniid €nhance the outcomes of further processing.

iii.  The algoritherAo)v?l as Background Subtraction was used to identify any
sudden ontotal changes in intensity in the footage.

iv. nced Particle Swarm Optimization (HPSO) technique was formulated

Qy including parameters such as modified acceleration coefficient and
Q modified velocity component into the standard PSO to avoid premature
convergence and imbalance between exploration and exploitation.

v.  CNN-HPSO technique was used for edge detection and extraction of the

boundary of the image and the object tracking was finally carried out.
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Figure 3.1; The Structure of the Object Detection and Tracking System

(Researcher, Kareem A.E. 2023)

3.2 ) Acquisition of Video Sequence file

The first steps in moving object detection and tracking is the acquisition of

video sequence file either on a real time basis or from an online standard database.

For this work, a video file was acquired from online standard database!, and seven

sample video files were acquired on real-time basis via YouTube in AVi and MP4

video formats from the cities of Ogbomoso, Ile-Ife, Ibadan and Lagos® 4>,
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3.2.1 Frame Display

The frequency at which an imaging device creates distinct consecutive images
is known as the frame rate or frame frequency, and it applies equally to motion
capture systems, video cameras, film cameras, and compute graphics. The most
common way to describe frame rate is in frames per second, though progressive scan
monitors also use the Hertz unit. (Hz). The block that determines and sh@%e
average update rate of the input signals is called the frame rate dis h@%gk. The
video sequence is sampled into numerous frames using this techniqllglso known as

. o

object representation. This makes it possible to identify any @&i ht movement that

&

may take place during the video sequence. This block also used to control the

stated number of video frames by monitoring t@ion's video frame rate.
3.2.2 Pre-processing ‘ﬁ

Pre-processing is any signa p@ng technique used to enhance or modify
the raw quality of an image or V@. reprocessing is primarily done to better the raw
image by reducing noise&g& boosting contrast. Additionally, it isolates any
interesting items in tth e. Preprocessing serves to enhance the video or image so

that it increasgﬁme likelihood that other processes will be successful. The

preproa@stage involves two major activities: conversion to gray scale and

FQ noise.

(a) Conversion to Gray Scale

Each frame underwent the same processing steps after being captured. Gray
scaling, or grayscale with 0-255 values, is the first step. A grayscale digital picture is
one in which each pixel's value in computing is a single sample. Although the samples

could theoretically be displayed as shades of any color or even coded with different
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colors for different intensities, displayed images of this type are typically made of

shades of gray, ranging from black at the weakest intensity to white at the strongest.

In order to record 256 intensities, usually on a non-linear scale, grayscale images

meant for visual display are typically stored with 8 bits per sampled pixel. This is

essential for time and space management.

(b) Noise Reduction ;&
Noise reduction is an essential preprocessing steps to eni%&%)ccurate

detection and tracking of objects. This is also important because the Canny edge
[ ) ﬂ

detector uses a filter based on the first derivative of a %& sian, because it is

susceptible to noise exists in raw unprocessed image d&&s, at first the raw image

is convolved with a Gaussian filter. The resylt ightly blurred version of the

original which is not affected by a single.ng@gixel to any significant degree.

() Background Subtraction ? C-)

The area of a Vide)(q;@hat differs greatly from a background model is

where moving objects cgb% identified using background subtraction. The basic idea

behind backgrmﬁ;@

outcome aftergubtfacting the observed image from the estimated image. The locations

ction is to create the objects of interest by thresholding the

of the ﬁ%ﬁf interest are indicated by the regions of the image plane where there is a
%e difference between the observed and estimated images. In this study,
Gaussian Mixture Model was used to segment objects of interest. In this method, a
pixel in the current frame is checked against the background model by comparing it
with every Gaussian in the model until a same Gaussian is found. When same
Gaussian is found the mean and variance of the Gaussian are updated, otherwise a

newest Gaussian with the mean equal to the current pixel color and some initial
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variance is introduced into the mixture. Every pixel is classified based on whether the
matched distribution represents the background process.
33 Development of a Hybrid Particle Swarm Optimization Convolution
Neural Network Model for Object Detection and Tracking System

The following processes were involved in the development of a Hybrid
Particle Swarm Optimization Convolution Neural Network model for @ct
Detection and Tracking system: ° é)
3.3.1 Development of an Enhanced Particle Swarm Optimization

There are some parameters in standard PSO a%g . that affect its
performance. The basic PSO parameters are .nm%‘p&of iterations, velocity
components, and acceleration coefficients. In, a @k, PSO is also influenced by
inertia weight, velocity clamping, and Vglg&(:onstriction. Some of the deficiencies
of PSO are premature conver, e@\ﬁigh computational complexity, slow
convergence, and sensitivity to eters. Reasons for such challenges may fall
within the fact that PSOMnot appropriately handle the relationship between
exploitation (local sea@ '21 exploration (global search), so it usually converges to a
local minimuK ' Qly‘”.

qult, this study was formulated and an enhanced PSO from standard

P @ich selects the best combination of weights at the convolution layers and
@ﬁcation layer of the CNNs. The optimal weights selected improved the
computational time and accuracy of CNNs network during training and classification
process and as well overcome the problem of over fitting. However, PSO parameters
such as acceleration coefficient and velocity component were modified to produce

HPSO which was believed to handle the relationship between exploitation (local
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search) and exploration (global search), to avoid being trapped at local minimum

quickly and achieving optimal weights.

3.3.2 Formulation of Objective Function for Assignment of Optimal Weight
The general formulations of an optimal weight determination problem used in this

study are as follows:

min .(b‘
min () Q}(\

Subject  to: co=s( ., . L )%\%
3.1) . 6'»
._( if, »fé‘s\
S {0 otherwise, \Qq))
where is the vectors of randomized WQ%Q is the mean square error for
. The entire state vector is denoted \‘%—% ], where is the set of the weights
of CNN. The problem will be deﬁn%(') e weight’s horizon = ]. Where

consists of original we‘aht)%(p. of y and final weight selected which is
equivalent to optimal wai%tﬁhat will be achieved in Algorithm 3.2.
The 10@@)@ lobal best position weight-dependent control variables
, \a and possibly the final feature are decision variables for
optim'@ti . The goal of the optimization is to find the optimal set of decision
\Qles to minimize the objective function , thatis, ( ( ))
Constraints ( 1 and ) that describe the proper error fitness and weight
parameter requirements to be satisfied during the determination of optimal weight,
respectively, limit the search space for the optimum. Weight restriction ; and

objective constraint , were taken into account in the study. ; makes ensuring that
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the values fall within the 0 to 1 range.  attests that the optimal weights' objective
value was marked as 1, while the other weights' objective value was tagged as 0.
3.3.3 Formulation of Acceleration Coefficient and Velocity Component in
Standard PSO

The standard PSO has inertia weight  which controls the momentum of
particles by weighting the contribution of the previous velocity and ho{({b&h
memory of the previous flight influences the new velocity. The goal @% weight

was to eliminate the premature convergence but could not eliminate theyeffect.

. "

=  +( - o +l)x— C} (3.2)

where, is the current iteration, is the final w, is the initial weight
is the inertia weight employed to overcome@'lem of premature convergence,

is the maximum number of iteraﬁq@

In this research, modified %'e;eration coefficients 1, », and constriction
factors were introduced to the s&rd PSO as against the inertial coefficient . This

was to prevent the di\%ﬁ‘qce of the particles during the search for solutions in

problem space.@o%}ﬁcient was used to fine-tune the convergence of particle

swarm opii ion as described in Equation 3.3.
Q1 > 1—— (1)
Q 2= 2——(2) (3.3)

Where ; 1is the initialcognitive acceleration coefficient, , is the initial social
acceleration coefficient, ; is the modified cognitive acceleration coefficient in the

current generation, , is the modified social acceleration coefficient in the current
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generation, is the maximum number of iterations, and is the current
generation.

The constriction factor () was applied to standard PSO to overcome the
problem of premature convergence. Incorporating the factor ensures the quality of
convergence and the stability of the generation process for particle swarm

optimization. . ®
&
— 2 .
= ‘%\60 (3.4)

where = 1+ > depends on the cognitive and social parametegs\e: d.%t is conditioned
to >4 which ensures the efficiency of the constriction coef@
Modified Velocity Component was introducé@reduce the blind spots of the

™

standard PSO by clamping the particle velocityzsuch'that the velocity remains within

the limits of ( , ), and penalizi %e particle velocity, if the sum of the
velocity vector and position Vector%'u s in the new position of particle outside the
boundary limits of the sear: S@Cb‘These two modifications ensured that the velocity
of the particle was withi t];$ confined limits along with the position of the particle

within the bou imits of the search space. The and parameters are

obtained usi%@e following expression,

S = - ) (3.5)
Q =0 =) (3.6)
where, . 1s the allowed standard deviation velocity of particles, D is the velocity
clamping factor, and ~and _ are the standard deviation and mean location
values of particles at dimension.

So, if the velocity update results in a step that is too large, the standard
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deviation velocity limits the velocities as follows:

_ o if, ()=
,(+1)—{‘(+1), if )<

(3.7)
Obviously, unlike acceleration constants that balance the local and global
search, the velocity clamping factor controls the convergence speed. A larger velocity
clamping factor allows big steps and contributes to a fast convergence pat@&ut
increases the probability that the method will get trapped in local optim aller
velocity clamping factor constrains the particle step size, slows dow@bb?n

process, and increases the particles diversity. Essentially, the@l&atlon constants

ization

and velocity clamping factor have corporative roles in @\%Wergence of the PSO

The velocity and position of HPSO are given '%tions (3.8) and (3.9) as follows.

+1_ IPSLN _
= [, +1.4 Q)N i I (3.8)
| Q>

algorithm.

+1= 4 +1 ‘-b‘ (3.9)
Where, *1 is modified vélo ity of particle, ~ is the current velocity of particle
in the dimensio %g.\ ), *1is the modified position of particle,

is the current KQ@H of individual particle, is inertial weight parameter, 4 5
is the ¢ Q and social acceleration factor in the current generation, 1 o are
upt random number between [0,1], . 1s best position of individual in the
D" dimension with ( , ) until iteration , and 1s the global best
position of the group in the D" dimension with( ) until iteration

The number of particles N is the swarm size and is equivalent to the size of the
weight solution. The acceleration constricted coefficients 4 > at each of the

iterations, together with the random values 4 > , maintained the stochastic
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influence of the cognitive and social components of the particle’s velocity
respectively, while ; and , are two acceleration constants. The constant | expresses
how much confidence a particle has, while 5 expresses how much confidence a
particle has in its neighbours. Position and Velocity components will be initialized
and are very important for updating particle’s position and velocity. The cognitive
best position . corresponds to the position in search space where partlcl&as
the smallest value at an iteration ¢ as determined by the ola% nctlon

considering a minimization problem. In addition, the positio % g the lowest

value amongst all the cognitive best . is called the glo % position which is
denoted by
The term . is called inertia we1gk@%nent that provides a memory of

the previous flight direction. The in@%&ght was used to balance the global

exploration and local exploitation %’ s updated according to Equation 3.10. The
term 4. 1[ - ] is (béd cognitive component which measures the
performance of the paﬁ%%ﬁtive to past performances. This part appears to be the
particle's fines ’%’ of its position on an individual level. The term

Q!\i for . EPSO is called social component which measures the
perform of the particles relative to a group of particles or neighbours. Equations
@nd 3.15 were updated to reflect the acceleration coefficients or factors, which
are positive parameters that measure cognitive and social development. Finally,

because of the global best position ( ), it returned the ideal CNN weight when the

maximum number of iterations had been achieved; otherwise, the procedure was
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repeated. Algorithm 3.1 outlines the algorithmic stages for the HPSO technique to

achieve optimized CNN weight.

Algorithm 3.1: Enhanced Particle Swarm Optimization (Researcher, Kareem 2

Stepl: Choose the number of particles
Step 2: Initialize population having positions © and velocities °, set cognitive and

social parameter ;, 5., = . no of dimensions, = . no of partlcb&'

=max. no of iteration Q')(\

Step 3: Set iteration =1 ,%\

Step 4: Evaluate the objective function values of particles as ( )

O= (¢ ()_(éf:’

where, representthesat =12,.., and %.,

where, ( ) (( ) — ( ) )1s the chan@ weight of input pixel along the

row and column. ‘ \

Step 5: Find the cognitive best @ch particle as .= and global best

as. = %
| K

2
Step 6: Calculate con@n coefficient ( ) = Y e

where =35+ - depends on the cognitive and social parameters and the

conditi 4 assured the efficiency of the constriction coefficient

@ m——(1), 2= 2———(2)

Step 7: Find the new values by the velocity and position of the  particle in the

dimension
= ( , - )
= ( =)

Where, . 1is the allowed standard deviation velocity of particles, is the
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velocity clamping factor, and - and are the standard deviation and

mean location values of particles at ~ dimension.

= - )
Where, . is the allowed standard deviation velocity of particles, is the
velocity clamping factor, and . 1s the standard deviation location values of

particles at dimension.

- if, L O=
'(+1):{ C+D, if (O< Qg}

= . o+ q = ]+ g =
N\

+1 — + +L

Where, and jare random numbers from un@%tribution (0,2)

Step 8: Find the objective function values

&J' as ()= ( ") and find the
index of the best particle b ( \,
Step 9: Update of populatiq@'

+1 w If' ( +1) =
,{'\ +1 |f, ( +1)S
Q

Step 10: Upd:i{'C) of population
‘%Q _{min( o) (™=
Q © Amin( Y ) if, ( H=
Step 11: Ift< thent= + 1 and GOTO step 1 else GOTO step 12

Step 12: Output optimum weight selected solution as
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3.3.4 The Procedural Steps in Achieving the Detection and Tracking Process
with CNN-HPSO
The procedural steps in achieving the detection and tracking process with
CNN-HPSO is as follows:
Step 1: Forward pass: output of neuron of row , column in the
convolution layer and feature pattern in equation (3.10) among th%b' is

the number of convolution cores in a feature pattern, output 0%'1&% of row
att

x , column y in the sub sample layer and feature, p
. \ 9
(3.11), the output of the neuron in  hidden la® ih equation (3.12),

in equation

among them, is the number of feature patten]Q'gi}ample layer. output of the
neuron  output layer Fin equatio@
(D =tanh( 2} _ RS, + O (3.10)

0 =0 =0 (\ + ’,
() =tanh( O %’:’1 ) + )3

:0% ( + +)
7, oy o (3.12)

=0 () (. )

(’):tanh@'}_lv ) (3.13)

(,)Ztanh( ;0

Step 2: propagation: output deviation of the =~ neuron in output layer

‘QQ( )= - (3.14)

Qgtep 3: input deviation of the ~ neuron in output layer:

()=C =) C)H)= ) C) (3.15)
Step 4: weight and bias variation of  neuron in output O:

()= 0) . (3.16)

( )= () (3.17)

Step 5: output bias of kth neuron in hidden layer H, where th is the threshold:
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()= S ) (3.18)

Step 6:input bias of kth neuron in hidden layer H:

()= ) (3.19)
Step 7:weight and bias variation in row x, column y in the mth feature pattern,

a former layer in front of £ neurons in hidden layer H

( )= 0), Q';(ég))

( )= () ,% (3.21)
Step 8: output bias of row x, column y in mth feature p@qub sample layer
S
( :): 170 «C ) &Q
Step 9: input bias of row x, column y ﬁ\ feature pattern, sub sample layer
s (‘J‘\&
()= () b (3.23)

Step 10: weight and\{a} variation of row , column in feature pattern,

S

(3.22)

(3.24)

sub sample la};Q i
\?)' )= 2o =0 (Lrans2)

@hem, C represents convolution layer.
QQ ()= o oo () (3.25)

Step 11: output bias of row , column in feature pattern, convolution
layer

()=« L7211 /21 (3.26)
Step 12: input bias of row x, column in feature patter, convolution layer
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()=CH)n (3.27)
weight variation of row , column in the convolution core corresponding

to  feature pattern in  layer, convolution

()= o = (; 3. (3.28)

A
()= o ) &29)

total bias variation of the convolution core

Step 13: Evaluate Objective Function of HPSO based ﬁ%}a optimal

weights. . @ %
= o 4 )(0-0) QQ}% (3.30)
where, ( K ) (( ) — ( ) ) is the@n;\weight of input pixel x along
the row and column. . )\%
There are many layers in emectures but three of the layers contains
weight matrices. These three la%%equires the training phase. Wepsoi is the optimal
weight of the convolution layet; it is used by convolution filters for image processing,
Wepso2 Wepsoi o@'@?wction optimal weights of classification neural network.
Figure 3.2 desqid)the architecture of the CNN-HPSO. The weight parameters at the
feature‘%can layer was optimized with HPSO and the weight parameters at the
ification layer was optimized with HPSO. Figure 3.3 defined the flowchart of the

CNN-HPSO.
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Figure 3.2: Architecture of the CNN-HPSO (Researcher: Kereem A.E. 2023)
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Figure3.3: Mewchart of the CNN-HPSO (Researcher: Kareem A.E. 2023)

34~ \JImplementation of Object Detection and Tracking System

There were two phases in the implementation of the developed technique.
This includes the learning (training) phase and the recognition (testing) phase. The
performance of the technique was evaluated according to performance metrics.

MATLAB R2016 was used as the implementation tool. An interactive Graphic
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User Interface (GUI) was developed. Figure 3.4 depicts the flowchart of the
technique used.

3.5 Evaluation Measures

The performance of the CNN, CNN-PSO and CNN-HPSO techniques for the
detection and tracking of moving objects was evaluated based on accuracy, false
acceptance rate, false rejection rate, precision, and computation time. Col n
matrix was used to determine the value of the effectiveness of the [%%mance
metrics. False Positive (FP), True Positive (TP), False Negative , and True
Negative (TN) are all present. %”

The foregrounds which are correctly detected I&d true positives (TP),
whereas the undetected foregrounds are terme negatlves (FN). The falsely
detected objects are referred to as false p051t %’

). The true negatives (TN) are the

objects which are not wrongly detecte@ckground The performance metrics such

as false alarm rate, precision and cy were calculated using these terms.
_ FP
False Accef)}sgée Rate = ——x 100 (3.31)
"
{-;Q)se%ﬁ?ctmn Rate = —— x 100 (3.32)
Q Precision = worrp % 100 (3.33)
_ TP+TN
Overall Accuracy = Eeyerv=wr=vilite 100 (3.34)
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(Researcher: Kareem A.E. 2023) ;
)

117



Endnotes

"Plastonick. “Motion Object Tracking Sample”. Plastonick. 2016.
https://www.youtube.com/watch?v=P2toRLWq2Xs. (Available online)

’Heternity Media. “Ogbomoso, Oyo State, Nigeria”. Heternity Media.
2020.https://www.youtube.com/watch?v=lyBtCodi55s. (Available online)

3Abinibi Hub. “Ile-Ife, Nigeria: “The Yoruba City of Culture and Traditions”.
Abinibi Hub. 2022 https://www.youtube.com/watch?v=uOT2jcKAtkk.  (Available

online) {b‘

“Top. “A beautiful Aerial View of Oshodi, Lagos, Nigeria”. Top: T Q‘éﬂicial
Photography. 2021.https://www.youtus 0& Qf52e-
U?si=VEPxQpr924mchuBY (Available online)

SEpisode 1. “See Ibadan From Above”. HD D‘@Tootage. 2021.
https://www.youtu.be.ks5SCQkzE7kA?si=S8VE-e vmN729

A. Raphael, J. R. Tapamo & A. O. Ade KﬂAge Estimation via Face
Images: ASurvey." EURASIP Journal on Image a ideo Processing. no. 1, 2018.
1-35. 6

iprehensive Survey on Particle Swarm

’Z. Yudong, S. Wang& G. Ji. "4
ications." Mathematical Problems in

Optimization Algorithm and its
Engineering. 2015. 1-20

118


https://www.youtube.com/watch?v=P2toRLWq2Xs
https://www.youtube.com/watch?v=lyBtCodi55s
https://www.youtube.com/watch?v=uOT2jcKAtkk
https://www.youtu.be/8fGEQf52e-U?si=VEPxQpr924mchuBY
https://www.youtu.be/8fGEQf52e-U?si=VEPxQpr924mchuBY

Chapter Four
Results and Discussion

4.1 Results

The study was implemented on the computer with Intel(R) Core(TM) 17-480M
CPU 2.7 GHz and 8.00G memory. Only four videos with two different formats (Mp4
and Avi) were used to evaluate the techniques in this study. The softw\a%is
programmed using MATLAB R2016a. The results are presented in this r. An
extensive evaluation on the acquired videos with some people as m(‘@\obj ect based
on the CNN-HPSO, CNN-PSO and CNN method. Plates 4.1--\@h’6w the graphical

S
user interface of the simulation results. A%'&
4.2 Results for Video 1 '®

Table 4.1a, Table 4.1b, Table 4.10‘\7%&6 4.1d, Table 4.1e, Table 4.1f, Table
4.1g and Table 4.1h show the perfor@of CNN, CNN-PSO and CNN-HPSO. In
video 1, which is the outcome sh n Table 4.1a, CNN detected 13 objects and 10
moving objects in the Mp4 fi t. In the Avi format, CNN also found 12 objects and
9 moving objects. F %\?p4 format, CNN-PSO found 15 objects and 13 moving
objects, while fog the Avi format, it found 13 objects and 11 moving objects. In the

Mp4 fi @-HPSO detected 16 objects and 14 moving objects, while in the Avi

t@t detected 14 objects and 12 moving objects.
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Table 4.1: The Performance of CNN, CNN-PSO and CNN-HPSO
(Researcher, Kareem A.E. 2023)

a. Video 1
Technique Used CNN CNN-PSO CNN-HPSO
Video Type Mp4 Avi Mp4 Avi Mp4 Avi
Total moving Object 10 9 13 11 14 12
Object Detected 13 12 15 13 16 14
Correct Object (TP) 7 7 11 9 13 . %
Misclassified Correct Object 3 ) ) ) 1 *(\1
(FN) NS
False Static Object (TN) 1 1 1 1 1\% 1
Misclassified Static Object (FP) 2 2 1 1 1
Accuracy (%) 61.54 66.67 80.00 Z%.&.SO 85.71
Precision (%) 77.78 77.78 91.67 92.86  91.67
FPR (%) 66.67 66.67 50.0 '\%@ 0 50.00 50.00
Sensitivity (%) 70.00 77.78 .8@ 1.82 9286  91.67
Specificity (%) 3333 333 @0 50.00 50.00  50.00
Time 38.18 Wl 3.16 4137 3093 37.39
&\/
b. Video 2 C.j\&
A
Technique Used %Q' CNN CNN-PSO CNN-HPSO
Video Type )Y Mp4 Avi Mp4 Avi Mp4 Avi
Total moving Objec 73 68 77 72 80 77
Object Detec N 112 108 116 110 120 115
Correct Ob{ﬁ}e@‘ ) 66 62 73 69 79 75
Misclassifie ctObject 7 6 4 3 1 )
Fal @v Object (TN) 35 37 37 37 39 37
Misclﬂ%c Static Object (FP) 4 3 2 1 1 1
Q ccuracy (%) 90.18 91.67 9483 9636  98.33  97.39
Precision (%) 9429 9538 9733 98,57 9875  98.68
FPR (%) 10.26 7.50 5.13 2.63 2.50 2.63
Sensitivity (%) 90.41 91.18  94.81 9583  98.75  97.40
Specificity (%) 89.74 9250 9487 9737 9750  97.37
Time 129.70  159.23 12343 139.05 113.89 128.49
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c. Video 3

Technique Used CNN CNN-PSO CNN-HPSO
Video Type Mp4 Avi Mp4 Avi Mp4 Avi
Total moving Object 111 105 120 112 127 117
Object Detected 169 158 180 171 186 178
Correct Object (TP) 106 102 116 109 124 114
Misclassified Correct Object 5 3 4 3 . gb 3
(FN) Q
False Static Object (TN) 51 47 55 56 )58 60
Misclassified Static Object (FP) 7 6 5 g \QO 1 1
Accuracy (%) 92.90 94.30 95.00 . 97.85 97.75
Precision (%) 93.81 9444 9587 4 9732 9920  99.13
FPR (%) 12.07 11.32 ?.08 1.69 1.64
Sensitivity (%) 95.50 97.14 9732 97.64 97.44
Specificity (%) 87.93 88. 68 9492 9831 98.36
Time 159.22 168 150 94 156.15 137.66 147.83
N
d. Video 4 C ‘\&%
Technique Used CNN-PSO CNN-HPSO
Video Type Q)Oa Mp4 Avi Mp4 Avi Mp4  Avi
Total moving Objec 90 100 93 102 97
Object Detect 132 148 137 151 142
Correct Obje 86 96 90 100 95
MlSClaSSlﬁe(E@)@ bject 4 4 3 ) )
False Static Object (TN) 38 46 43 48 44
Misc Static Object (FP) 4 4 2 1 1 1
ccuracy (%) 93.71 9394 9595 97.08  98.01 97.89
Q Precision (%) 95.74 9556 9796  98.90  99.01 98.96
Q FPR (%) 8.33 9.52 4.17 2.27 2.04 2.22
Sensitivity (%) 9474 95,56  96.00 96.77  98.04  97.94
Specificity (%) 91.67 9048 9583 97.73 9796  97.78
Time 129.70  148.63 123.55 139.81 11526 130.44
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e. Video 5

Technique Used CNN CNN-PSO CNN-HPSO
Video Type Mp4 Avi Mp4 Avi Mp4 Avi
Total moving Object 113 108 117 112 120 117
Object Detected 172 168 176 170 180 175
Correct Object (TP) 106 102 113 109 119 115
Misclassified Correct Object .
) ) 7 6 4 3 ,{b 2
False Static Object (TN) 55 57 57 57 Q) 9 57
Misclassified Static Object (FP) 4 3 2 [ \QO 1 1
Accuracy (%) 93.60 94.64  96.59 5%5 98.89  98.29
Precision (%) 9636  97.14  98.26 99.17  99.14
FPR (%) 6.78 500 3. 3% 172 1.67 1.72
Sensitivity (%) 93.81 94.44 9732  99.17  98.29
Specificity (%) 93.22  95. 00 98.28  98.33 98.28
Time 264.30 324 251.51 283.35 232.07 261.84

N
f. Video 6 C )\&%

Technique Used CNN-PSO CNN-HPSO

Video Type Q)Oa Mp4 Avi Mp4 Avi Mp4  Avi

Total moving Objec 171 165 180 172 187 177

Object Detect 238 260 251 266 258

Correct Obje 162 176 169 184 174
MlSClaSSlﬁe(E@)@ bject 3 4 3 3 3
False Static Object (TN) 67 75 76 78 80

Misc Static Object (FP) 7 6 5 3 1 1
ccuracy (%) 95.18 96.22  96.54  97.61 98.50  98.45
Q Precision (%) 95.95 96.43 9724 9826 99.46 9943
Q FPR (%) 8.97 8.22 6.25 3.80 1.27 1.23
Sensitivity (%) 97.08 98.18 97.78 98.26  98.40  98.31
Specificity (%) 91.03 91.78 93.75 96.20  98.73 98.77
Time 288.31 305.08 273.32 282.77 249.28 267.69
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g. Video 7

Technique Used CNN CNN-PSO CNN-HPSO
Video Type Mp4 Avi Mp4 Avi Mp4 Avi
Total moving Object 160 155 165 158 167 162
Object Detected 226 215 231 220 234 225
Correct Object (TP) 155 151 161 155 165 160
Misclassified Correct Object
N ) 5 4 4 3 2 2
False Static Object (TN) 62 56 64 61 ° 6% 62
Misclassified Static Object (FP) 4 4 2 1 Q 1
Accuracy (%) 96.02  96.28 97.40  98sl 8%8.72 98.67
Precision (%) 97.48 97.42  98.77 940  99.38
FPR (%) 6.06 6.67 3.03 16l 1.49 1.59
Sensitivity (%) 96.88 9742 97, 5 98.10  98.80  98.77
Specificity (%) 93.94  93.33 5%6» 839 9851 9841
Time 261.24  299. 37 281.61 232.16 262.73
QQ
h. Video 8
Technique Used (‘ \éNN CNN-PSO CNN-HPSO
Video Type Mp’4 Avi Mp4 Avi Mpd  Avi

Total moving Object (b‘ 180 175 185 178 187 182
Object Detected Q) 255 244 260 249 263 254

Correct Object (TP) 175 171 181 175 185 180
Misclassified Corre ject
(FN bj 5 4 4 3 2 2
False Statg) ct(TN) 71 65 73 70 75 71
Misclassifi ¢ Object (FP) 4 4 2 1 1 1
acy (%) 96.47 96.72 97.69 98.39 98.86  98.82
ecision (%) 97.77  97.71 98.91 99.43 99.46 9945
FPR (%) 5.33 5.80 2.67 1.41 1.32 1.39
Q Sensitivity (%) 97.22  97.71 97.84  98.31 98.93 98.90
Specificity (%) 94.67 9420  97.33 98.59  98.68 98.61
Time 242.88 27834 231.37 261.82 215.85 244.27
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For videol in the Mp4 and Avi formats, CNN accurately sensed seven (7) and seven
(7) moving objects respectively, misclassified three (3) and two (2) correct objects
respectively, detected one (1) and one (1) false static object respectively and
misclassified two (2) and two (2) false objects respectively. For videol in Mp4 format,
CNN-PSO accurately identified 11 moving objects, misclassified two (2) correctly
identified objects, detected one (1) false static object, and correctly identiﬁe@)
false object. Similarly, for videol in Avi format, CNN-PSO accuratel '1& ified nine
(9) moving objects, misclassified two (2) correctly identified objectﬁcted one (1)
false static object, and correctly identified one (1) false obje.@ ?tionally, for the
Mp4 and Avi formats, CNN-HPSO detected 16 and %’%jects, respectively. For
videos in the Mp4 format, the CNN-HPSO tech 'Q@orrectly identified 13 moving
objects, misclassified one (1) correctly ic.ie@d object, incorrectly identified one (1)
false static object, and successfull f@dentiﬁed one (1) false object. Similarly,
for video in the Avi format, C SO accurately identified 11 moving objects,
misclassified one (1) correctlyrdentified object while incorrectly identifying one (1)
false static object and% ?misclassiﬁed false static object.

Addit'\({@gaccording to Table 4.1, for videol in Mp4 format, CNN and
CNN-P ieved accuracy of 61.54% and 80.00%, precision of 77.78% and
9%% FPR of 66.67% and 50.00%, sensitivity of 70.00% and 84.62%, and
specificity of 33.33% and 50.00%, respectively. Also, for videol in Avi format, CNN
and CNN-PSO obtained accuracy ratings of 66.67% and 76.92%, precision ratings of
77.78% and 90.00%, FPR ratings of 66.67% and 50.00%, sensitivity ratings of
77.78% and 81.82%, and specificity ratings of 33.33% and 50.00%, respectively.

Moreover, for videol in Mp4 format, CNN-HPSO obtained accuracy of 87.50%,
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precision of 92.86%, FPR of 50.00%, sensitivity of 92.86%, and specificity of 50.00%.
Similar results were obtained for videol in Avi format using the CNN-HPSO method,
which included accuracy of 85.71%, precision of 91.67%, FPR of 50.00%, sensitivity

0f 91.67%, and specificity of 50.00%.

4.3  Results for Video 2 .

From the information depicted in Table 4.1b, specifically from Vid@}NN
detected 112 objects, 73 of which were moving in the Mp4 format, a . bjects,
68 of which were moving in the Avi format. CNN-HPSO obs.erv 12\0 objects and 80
moving objects in the Mp4 format and perceived 115 obje}&@d 7 moving objects
in the Avi formats respectively, while CNN-PSO de't§\ 16 objects and 77 moving
objects for Mp4 format and detected 110 objects and 72 moving objects for Avi

format. For video2 in Mp4 and Avi fo&&vﬂl\! correctly sensed 66 and 62 moving

objects; incorrectly classified seﬁ’& and six (6) correctly detected objects;

identified 35 and 37 static obj@' and incorrectly classified four (4) and three (3)

false static objects, resp c%;{ Correspondingly, CNN-PSO correctly detected 69
Y

moving objects, Qc;@%

false static objects; and correctly misclassified one (1) false object in Avi format; it

classified three (3) correctly detected objects, detected 37

correct@cted 73 moving objects, incorrectly classified four (4) correctly detected
Q,detected 37 false static objects, and correctly misclassified two (2) false
object in Mp4 format. Additionally, the CNN-HPSO method for videos in the Mp4
file correctly identified 79 moving objects, misclassified one (1) correctly identified
object, incorrectly identified 39 static objects, and falsely identified one (1) false static

object. Similarly, it properly identified 75 moving objects, misclassified two (2)
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correctly identified object, incorrectly identified 37 static objects, and falsely
identified one (1) false static object for video in Avi file.

Additionally, according to Table 4.1b, for video2 in Mp4 format, CNN and
CNN-PSO achieved accuracy of 90.18% and 94.83%, precision of 94.29% and
97.33%, FPR of 10.26% and 5.13%, sensitivity of 90.41% and 94.81%, and
specificity of 89.74% and 94.87%. For video2 in Avi format, CNN and CX@O
achieved accuracy of 91.67% and 96.36%, precision of 95.38% and 8% PR of
7.50% and 2.63%, sensitivity of 91.18% and 95.83%, specificity 92.50% and
97.37% respectively. Additionally, CNN-HPSO achieved i;%\k .\in Mp4 format,
accuracy of 98.33%, precision of 98.75%, FPR of 2.5 &nsitivity of 98.75%, and
specificity of 97.50%. Similar results were obtai %@r video2 in Avi format using
the CNN-HPSO technique, which includp@racy of 97.39%, precision of 98.68%,

Ql_%eciﬁcity 0f 97.37%.

FPR of 2.63%, sensitivity of 97.40%,
4.4  Results for Video 3 Q:b"é'

Based on the inforrw\ in Table 4.1c, CNN identified 169 objects, 111 of
which were moving ﬁ@i?ieof& in Mp4 file format, and 158 objects, 105 of which
were moving, fr Qideo3 in Avi file format. For Mp4 format, CNN-PSO detected
180 ob%@ of which 120 were moving objects, while it detected 171 objects out
c@\ 112 were moving objects for Avi format. CNN-HPSO discovered 186
objects and 127 moving objects in the Mp4, while 178 objects and 117 moving
objects were found in in the Avi format. For video3 in the Mp4 and Avi formats,
CNN accurately identified 106 and 102 moving objects respectively, correctly

recognized 5 and 3 false static objects, respectively, while incorrectly identifying 51

and 47 static objects, respectively. However, it incorrectly classified seven (7) and six
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(6) of the correctly discovered objects for Mp4 and Avi formats. For video3 in Mp4
format, CNN-PSO accurately identified 116 moving objects, misclassified four (4)
correctly identified objects, discovered 55 false static objects, and correctly identified
five (5) false objects. The CNN-PSO algorithm correctly identified 109 moving
objects in video3 in Avi format, misclassified three (3) correctly identified objects,
correctly identified 56 false static objects, and accurately misidentified three @'se

objects. ° Qg)

Additionally, for the Mp4 format, CNN-HPSO correctly “identified 124
moving objects, while three (3) correctly identified objectéO ?nisclassiﬁed, 58
static objects were incorrectly identified, and onq(%@]& object was mistakenly
identified. Also in the Avi format, CNN-H ectly identified 114 moving
objects, misclassified three (3) of them, fg&@ false static objects, and incorrectly

Q)\

identified one (1) false object.
The accuracy, precisionQ:@' sensitivity, and specificity for video3 in Mp4

format were also reached bNN and CNN-PSO as shown in Table 4.1c, at 92.90%
and 95.00%, 93.81%@287%, 12.07% and 8.33%, 95.50% and 96.67%, 87.93%
and 91.67% Q gely. CNN and CNN-PSO achieved for video3 in Avi format
accura Q.ZSO% and 96.49%, precision of 94.44% and 97.32%, FPR of 11.32%
2%@%, sensitivity for video3 of 97.14% and 97.32%, and specificity of 88.68%
and"94.92% respectively. In addition, CNN-HPSO obtained accuracy of 97.85%,
precision of 99.20%, FPR of 1.69%, sensitivity of 97.64%, and specificity of 98.31%
for a video3 in Mp4 format. Similar outcomes were attained for video3 in Avi format
using the CNN-HPSO method, with accuracy, precision, FPR, sensitivity and

specificity of 97.75%, 99.13%, 1.64%, 97.44%, and 98.36% respectively.
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4.5  Results for Video 4
Based on the information in Table 4.1d, specifically from the video4 in Mp4
and Avi file format, CNN recognized 143 objects in the Mp4 format, 95 of which
were moving, whereas in Avi file format, 132 objects were detected, 90 of which
were moving. CNN-PSO found 148 objects and 100 moving objects for Mp4 @%7
objects and 93 moving objects for Avi, but CNN-HPSO perceived 5%&5 and
102 moving objects for Mp4 and 142 objects and 97 moving objects for Avi. For
video4 in the Mp4 and Avi formats, CNN properly iden@@ .\and 86 moving
objects, misclassified correct objects of 5 and 4 obj.ecti%'j%e static object of 44 and
38, and while wrongly identified 4 and 4 static ts respectively. For video4 in
Mp4 format, CNN-PSO successfully icle@ 96 moving objects, misclassified 4
correctly identified objects, discoveredhd6 ffalse static objects, and correctly identified
2 false objects. CNN-PSO corr: @entiﬁed 90 moving objects in video4 in Avi
format, but incorrectly class}ng 3 correctly identified objects, correctly identified 43
false static objects, am@&gctly identified 1 false object. Additionally, for the Mp4
and Avi fonr%&)\!N-HPSO found 151 and 142 objects respectively. 100 moving
objects.i QVIp4 format were successfully detected by the CNN-HPSO approach,
2 correctly identified objects were misclassified, 48 static objects were
incorrectly identified, and 1 false object was wrongly identified. Similarly, in video4
in the Avi format, CNN-HPSO correctly identified 95 moving objects, misclassified 2
of them, found 44 false static objects, and incorrectly identified 1 false object.
According to Table 4.1d, CNN and CNN-PSO also achieved accuracy,

precision, FPR, sensitivity and specificity with respective values of 93.71% and
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95.95%, 95.74% and 97.96%, 8.33% and 4.17%, 94.74% and 96.00%, and 91.67%
and 95.83% in the video4 in Mp4 formats. For video4 in Avi format, CNN and CNN-
PSO achieved accuracy of 93.94% and 97.08%, precision of 95.56% and 98.90%,
FPR of 9.52% and 2.27%, sensitivity of 95.56% and 96.77%, and specificity of
90.48% and 97.73%. Additionally, for a video4 in Mp4 format, CNN-HPSO attained
accuracy of 98.01%, precision of 99.01%, FPR of 2.04%, sensitivity of 98.0%%@
specificity of 97.96%. The CNN-HPSO approach produced similar r h&%vide%
in Avi format, with accuracy, precision, FPR, sensitivity and spec‘i% of 97.89%,
98.96%, 2.22%, 97.94%, and 97.78%, respectively. ) '\%.\

4.6  Results for Video 5 . QQ}&

In Table 4.1e of video 5, CNN detected, 1 yects and 113 moving objects in
the Mp4 format. In the Avi format, CNN.axﬁund 168 objects and 1089 moving
objects. For the Mp4 format, CNN-PS@_ found 176 objects and 117 moving objects,
while for the Avi format, it foun&&bjects and 112 moving objects. In the Mp4 file,
CNN-HPSO detected 180 obj and 120 moving objects, while in the Avi format, it
detected 175 objects a@pmoving objects.

For video5 in‘{ Q4and Avi formats, CNN accurately sensed 106 and 102 moving
objects vely, misclassified seven (7) and six (6) correct objects respectively,
il @55 and 57 false static object respectively and misclassified 4 and 3 false
c&s respectively. For video5 in Mp4 format, CNN-PSO accurately identified 113
moving objects, misclassified 4 correctly identified objects, detected 57 false static
object, and correctly identified 2 false object. Similarly for videol in Avi format,
CNN-PSO accurately identified 109 moving objects, misclassified 3 correctly

identified objects, detected 57 false static object, and correctly identified one (1) false
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object. For videos in the Mp4 format, the CNN-HPSO technique correctly identified
119 moving objects, misclassified one (1) correctly identified object, incorrectly
identified 59 false static object, and successfully falsely identified one (1) false object.
Similarly, for video in the Avi format, CNN-HPSO accurately identified 115 moving
objects, misclassified 2 correctly identified object while incorrectly identifying 57
false static object and one (1) misclassified false static object. ;&
and

Additionally, according to Table 4.1, for video5 in Mp4 f%@'l\!
n

CNN-PSO achieved accuracy of 93.60% and 96.59%, precisio 96.36% and
98.26%, FPR of 6.78% and 3.39%, sensitivity of 93.81% an% \ /?, and specificity
of 93.22% and 96.61% respectively. Also, for video5 i&@format, CNN and CNN-
PSO obtained accuracy ratings of 94.64% an @0, precision ratings of 97.14%
and 99.09%, FPR ratings of 5.00% and @A), sensitivity ratings of 94.44% and

o

97.32%, and specificity ratings of, 95@)} and 98.28% respectively. Moreover, for

videoS in Mp4 format, CNN- obtained accuracy of 98.89%, precision of

99.17%, FPR of 1.67%, smity of 99.17%, and specificity of 98.33%. Similar
'\

results were obtaine@deOS in Avi format using the CNN-HPSO method, which

included acc@f 98.29%, precision of 99.14%, FPR of 1.72%, sensitivity of

98.29"/@eciﬁcity of 98.28%.

AQQesults for Video 6

From the information depicted in Table 4.1f, specifically from video6, CNN
detected 249 objects, 171 of which were moving in the Mp4 format, and 238 objects,
165 of which were moving in the Avi format. CNN-HPSO observed 266 objects and
187 moving objects in the Mp4 format and perceived 258 objects and 177 moving

objects in the Avi formats respectively, while CNN-PSO detected 260 objects and 180
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moving objects for Mp4 format and detected 251 objects and 172 moving objects for
Avi format. For video6 in Mp4 and Avi formats, CNN correctly sensed 166 and 162
moving objects; incorrectly classified five (5) and three (3) correctly detected objects;
identified 71 and 67 static objects, and incorrectly classified seven (7) and six (6)
false static objects respectively. Correspondingly, CNN-PSO correctly detected 169
moving objects, incorrectly classified three (3) correctly detected objects, det%(b%
false static objects, and correctly misclassified three (3) false object in® rmat; it
correctly detected 176 moving objects, incorrectly classified ;&4) correctly
detected objects, detected 75 false static objects, and correcc.(gﬁni ?assiﬁed five (5)
false object in Mp4 format. Additionally, the CNN;H@)&ethod for videos in the
Mp4 file correctly identified 184 moving objectsyanisclassified three (3) correctly
identified object, incorrectly identified 78 @objects, and falsely identified one (1)
false static object. Similarly, it pro erQigEniﬁed 174 moving objects, misclassified
three (3) correctly identified obj &orrectly identified 80 static objects, and falsely
identified one (1) false statMct for video in Auvi file.

Additionally, @Bg to Table 4.1f, for video6 in Mp4 format, CNN and
CNN-PSO ag{ Qaccuracy of 95.18% and 96.22%, precision of 95.95% and
97.24% 8.97% and 6.75%, sensitivity of 97.08% and 97.78%, and specificity
0 @% and 93.75%. For video6 in Avi format, CNN and CNN-PSO achieved
accuracy of 96.22% and 97.61%, precision of 96.43% and 98.26%, FPR of 8.22% and
3.80%, sensitivity of 98.18% and 98.26%, specificity of 91.75% and 96.20%
respectively. Additionally, CNN-HPSO achieved in video6 in Mp4 format, accuracy
of 98.50%, precision of 99.46%, FPR of 1.27%, sensitivity of 98.40%, and specificity

of 98.73%. Similar results were obtained for video6 in Avi format using the CNN-
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HPSO technique, which included accuracy of 98.45%, precision of 99.43%, FPR of
1.23%, sensitivity of 98.31%, and specificity of 98.77%.
4.8  Results for Video 7

Based on the information in Table 4.1g, CNN identified 226 objects, 160 of
which were moving from video7 in Mp4 file format, and 215 objects, 155 of which
were moving from video7 in Avi file format. For Mp4 format, CNN-PSO %@%d

231 objects out of which 165 were moving objects, while it detectedé@gﬂs out

of which 158 were moving objects for Avi format. CNN-HPSO discovered 234
objects and 167 moving objects in the Mp4, while 225 %‘%&s :nd 162 moving
objects were found in in the Avi format. For video7 i & Mp4 and Avi formats,
CNN accurately identified 155 and 151 i \Bjects respectively, correctly
recognized 62 and 56 false static object.s,)&xctively, while incorrectly identifying
four (4) and four (4) static objects es@ly. However, it incorrectly classified five
(5) and four (4) of the correct overed objects for Mp4 and Avi formats. For
video7 in Mp4 format, M-PSO accurately identified 161 moving objects,
misclassified four (@Qly identified objects, discovered 64 false static objects,
and correctly m sified two (2) static objects. The CNN-PSO algorithm correctly
identifi moving objects in video7 in Avi format, misclassified three (3)
C @ identified objects, correctly identified 61 false static objects, and accurately
n@';ientiﬁed one (1) static object.

Additionally, for the Mp4 format, CNN-HPSO correctly identified 165
moving objects, while two (2) correctly identified objects were misclassified, 66 static

objects were incorrectly identified, and one (1) false object was mistakenly identified.

Also in the Avi format, CNN-HPSO correctly identified 160 moving objects,

136



misclassified two (2) of them, found 62 false static objects, and incorrectly identified
one (1) false object.

The accuracy, precision, FPR, sensitivity, and specificity for video3 in Mp4
format were also reached by CNN and CNN-PSO as shown in Table 4.1g, at 96.02%
and 97.40%, 97.48% and 98.77%, 6.06% and 3.03%, 96.88% and 97.58%, 93.94%
and 96.97% respectively. CNN and CNN-PSO achieved for video7 in Av@at

accuracy of 96.28% and 98.18%, precision of 97.42% and 99.36%, FPé @% and
f

1.61%, sensitivity for video7 of 97.42% and 98.10%, and specificity ‘of 93.33% and
98.39% respectively. In addition, CNN-HPSO obtained accu@df 2.72%, precision
of 99.40%, FPR of 1.49%, sensitivity of 98.80%,.a%&iﬁcity of 98.51% for a
video7 in Mp4 format. Similar outcomes were attai \for video7 in Avi format using
the CNN-HPSO method, with accuracy, _ ;&m FPR, sensitivity and specificity of
98.67%., 99.38%, 1.59%, 98.77%, Q\o respectively.

4.9  Results for Video 8 a‘%’

Based on the 1nform}mp}1 in Table 4.1h, specifically from the video8 in Mp4
and Avi file format, @&ognized 255 objects in the Mp4 format, 180 of which
were moving%@éas in Avi file format, 244 objects were detected, 175 of which
were ~CNN-PSO found 260 objects and 185 moving objects for Mp4 and 249

@nd 178 moving objects for Avi, but CNN-HPSO perceived 263 objects and
187 'moving objects for Mp4 and 254 objects and 182 moving objects for Avi. For
video8 in the Mp4 and Avi formats, CNN properly identified 175 and 171 moving
objects, misclassified correct of 5 and 4 objects, false static object of 71 and 65 and

while wrongly identified 4 and 4 static objects respectively. For video8 in Mp4 format,

CNN-PSO successfully identified 181 moving objects, misclassified 4 correctly

137



identified objects, discovered 73 false static objects, and correctly identified 2 false
objects. CNN-PSO correctly identified 175 moving objects in video8 in Avi format,
but incorrectly classified 3 correctly identified objects, correctly identified 70 false
static objects, and correctly identified 1 false object. Additionally, for the Mp4 and
Avi formats, CNN-HPSO found 185 and 180 objects respectively. whereas 2 correctly
identified items were misclassified, 75 static objects were incorrectly identiﬁeﬁk

false object was wrongly identified. Similarly, in video8 in the Avg 'f,@%

1
i CNN-
HPSO correctly identified 180 moving objects, misclassified 2 of them)found 71 false
static objects, and incorrectly identified 1 false object. .%’\%.\

According to Table 4.1h, CNN and CNN-P Iso achieved accuracy,
precision, FPR, sensitivity and specificity wi i%pective values of 96.47% and
97.69%, 97.77% and 98.91%, 5.33% ar}d&%, 97.22% and 97.84%, and 94.67%
and 97.33% in the video8 in Mp4 fj ers_,)}or video8 in Avi format, CNN and CNN-
PSO achieved accuracy of 96. §d 98.39%, precision of 97.71% and 99.43%,
FPR of 5.80% and 1.41%,\¢ﬁsitivity of 97.71% and 98.31%, and specificity of
94.20% and 98.59%. a@ﬁsnally, for a video8 in Mp4 format, CNN-HPSO attained

Q

accuracy of 9‘8&i %, precision of 99.46%, FPR of 1.32%, sensitivity of 98.93%, and
speciﬁu%@&&%%. The CNN-HPSO approach produced similar results for video8
i rmat, with accuracy, precision, FPR, sensitivity and specificity of 98.82%,
99.45%, 1.39%, 98.90%, and 98.61%, respectively.
4.10 Processing Time for the Techniques

The processing times for CNN, CNN-PSO, and CNN-HPSO methods are
shown in Table 4.2. According to the results shown in the table, CNN-HPSO achieves

processing times of 30.93 seconds for Mp4 video format and 37.39 seconds for Avi
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video format, while CNN-PSO achieves processing times of 33.16 seconds and 41.37
seconds for Mp4 and Avi video formats, respectively and CNN technique realizes
processing times of 38.18 seconds and 49.11 seconds for Mp4 video format and Avi
video format respectively, using the first video. Additionally, CNN-HPSO technique
achieved processing times of 113.89 seconds for Mp4 video format and 128.49
seconds for Avi video format, while CNN-PSO technique achieved processiq.&es
of 123.43 seconds and 139.05 seconds for Mp4 and Avi video fo &%ﬁ CNN
technique achieved processing times of 129.70 seconds and 159.23;‘§mds for Mp4
video format and Avi video format respectively, using the se.%oq» 20. Furthermore,
for video3, CNN-PSO produced processing times (&%&94 seconds and 156.15
seconds for Mp4 and Avi video formats respecti \and CNN technique produced
processing times of 159.22 seconds aqd&% seconds for Mp4 and Avi video
formats respectively, while CNN- P@}ized processing times of 137.66 seconds
and 147.83 seconds for Mp4 i video formats respectively. In addition, for
video4, CNN-HPSO techniq},l?ad processing times of 115.26 seconds for Mp4 video
format and 130.44 s “for Avi video format, while CNN-PSO technique had
processing ti?{ Q123.55 seconds and 139.81 seconds for Mp4 and Avi video
format NN technique had processing times of 129.70 seconds and 148.63
S @for Mp4 and Avi video formats respectively.

ﬁleoi CNN-HPSO achieves processing times of 232.07 seconds for Mp4 video
format and 261.84 seconds for Avi video format, while CNN-PSO achieves
processing times of 251.51 seconds and 283.35 seconds for Mp4 and Avi video

formats respectively and CNN technique realizes processing times of 264.30 seconds

and 324.48 seconds for Mp4 video format and Avi video format respectively.
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Additionally, in video6, CNN-HPSO technique achieved processing times of 249.28
seconds for Mp4 video format and 267.69 seconds for Avi video format, while CNN-
PSO technique achieved processing times of 273.32 seconds and 282.77 seconds for
Mp4 and Avi video formats and CNN technique achieved processing times of 288.31
seconds and 305.08 seconds for Mp4 video format and Avi video format respectively.
Furthermore, for video7, CNN-PSO produced processing times of 248.86 secq@%d
281.61 seconds for Mp4 and Avi video formats respectively, and chnique
produced processing times of 261.24 seconds and 299.37 seconds foryMp4 and Avi
video formats respectively, while CNN-HPSO realized pr(%g' .‘Zimes of 232.16
seconds and 262.73 seconds for Mp4 and Avi Video.fc@&espectively. In addition,
for video8, CNN-HPSO technique had processi 'Xs of 215.85 seconds for Mp4
video format and 244.27 seconds for Ayi‘&o format, while CNN-PSO technique
had processing times of 231.37 se on@ 261.82 seconds for Mp4 and Avi video
formats, and CNN technique G&cessing times of 242.88 seconds and 278.34
seconds for Mp4 and Avi VMOI‘I’H&'[S respectively.

As a consequence, sﬁn 'gbject detection and tracking take less time to process

when PSO anggsﬂ) are used in conjunction with CNN.

Table @ssing Time for the Techniques (Researcher, Kareem A.E. 2023)

Mp4 Avi

Video 7
@mat

Techniques CNN  CNN-PSO CNN-HPSO CNN CNN-PSO CNN-HPSO

Video 1 38.18 33.16 30.93 49.11 41.37 37.39

Video 2 129.70 123.43 113.89 159.23 139.05 128.49
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Video 3 159.22 150.94 137.66 168.48 156.15 147.83

Video 4 129.70 123.55 115.26 148.63 139.81 130.44
Video 5 264.30 251.51 232.07 324.48 283.35 261.84
Video 6 288.31 273.32 249.28 305.08 282.77 267.69
Video 7 261.24 248.86 232.16 299.37 281.61 &262.73
Video 8 242.88 231.37 215.85 278.34 é@% 244.27
£ \ [N
)

4.11 Discussion of Results

N\

In comparison to CNN and CNN-PSO according @%\results of the research,
CNN-HPSO techniques were more effective a @g and tracking of moving
objects. A demonstration of the effectiveness of/the methods for segmenting and
tracking moving objects is provided b@@a hical representation of the simulation
produced by the technique. The sh%ys cast by the people moving in the video were

also included in the segm@icture, as shown by the binary representation of

moving objects. The essing times for each method, based on various video
formats, are sho@)@ﬁ re 4.1. When PSO and HPSO are used in conjunction with
CNN, Vi \objects are quickly detected and tracked, resulting in a faster
proce&'n ime than with CNN alone. The processing period for Avi video formats is
10% than for Mp4 video formats. This is because the Avi video format is superior to
the Mp4 format in terms of quality, size, and lossless compression. This supports the
forensic study of video file formats hypothesis that high processing is necessary for

Avi video formats because of its size and high quality*.
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Additionally, this result confirmed the literature that various video file formats
are usually processed at different speeds and that the processing time increases with
file size and quality®. As a consequence, when compared to CNN-PSO and CNN,
CNN-HPSO has a faster processing time according to the results of this study.

Figures 4.1- 4.6 show graphs illustrating the effectiveness of the study's

methods based on performance metrics. According to the graphs, CN])Q&O

technique had the best accuracy, precision, FPR, sensitivity, and specigb@o
H , CNN-PSO

Figure 4.1 depicts the processing times achieved by CNN-
and CNN techniques with respect to the video formats: V’@ . ;4, Video2.mp4,
Video3.mp4, Video4.mp4, Video5.mp4, Video6.mp @1 eo7.mp4, Video8.mp4,
Videol.avi, Video2.avi, Video3.avi, Video4.ayi, \@5.avi, Video6.avi, Video7.avi

and Video8.avi respectively, it was four.ld& compared to the two methods, CNN
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relation to the video formats is similarly show@l re 4.2. In comparison to CNN-

PSO and CNN techniques for the fi @g videos: Videol.mp4, Video2.mp4,

Video3.mp4, Video4.mp4, Video&@ Video6.mp4, Video7.mp4, Video8.mp4,

Videol.avi, Video2.avi, id@%i, and Video4.avi, Video5.avi, Video6.avi,

Video7.avi and VideoS. Vi.’ggpectively, the CNN-HPSO technique provided the
3

highest (best) aij&

noise and pre!q‘v edge information for simple tracking using CNN-PSO and CNN-

e use of PSO and HPSO techniques, which can reduce

HPSO %ds, is what has led to an improvement in accuracy. The suggested
S@Qin this research ensures accurate detection of moving objects!-3.

Figure 4.3 shows the precision for the video format for CNN-HPSO, CNN-
PSO, and CNN methods. In comparison to CNN-PSO and CNN techniques for all the
video formats, the CNN-HPSO technique provided a slight rise in precision. The
outcome demonstrates that the CNN-PSO method performs reasonably well even

when PSO technique is used.
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Figure 4.4 shows the FPR for the video format for CNN-HPSO, CNN-PSO,
and CNN methods. For all the video formats, the CNN-HPSO method outperformed
the CNN-PSO and CNN methods in terms of FPR. The outcome showed that using
the CNN-HPSO method enhanced the FPR2.

Figure 4.5 also shows the sensitivity to the video formats attained by CNN-
HPSO, CNN-PSO, and CNN methods. In comparison to CNN-PSO an&“&ﬁ\l

techniques, CNN-HPSO provided the best sensitivity for all the video 6

Figure 4.6 shows the specificity for the video format for C&PSO CNN-
PSO, and CNN methods. For all the video formats, %\ -HPSO method
outperformed the CNN-PSO and CNN methods in Ee@pemﬁcny. The outcome

showed that using the CNN-HPSO method enl@’k specificity of moving objects.
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Table 4.3: Average of Various Techn s for the Eight Videos (Researcher, Kareem A.E.
2023)

Video \) Mp4 Avi

Formats * N

Techniques C?)@i CNN-PSO CNN-HPSO CNN CNN-PSO CNN-HPSO

Proc. Ti e(% 189.19 179.52 165.89 216.59 198.24 185.09

%@ %) 89.95 94.25 97.08 91.30 94.83 96.62

Precision (%) 93.64 96.99 98.41 93.98 97.62 98.23
FPR (%) 15.56 10.37 7.75 15.09 8.56 7.80
Sensitivity(%) 91.95 95.23 97.82 93.67 95.46 97.34
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Specificity(%) 84.44 89.62 92.25 84.91 91.43 92.19

Table 4.3 above shows the average of CNN-HPSO, CNN-PSO and CNN in MP4 and
AVi formats for the eight videos. The average results of CNN-HPSO, CNN-PSO and
CNN on the videos with MP4 format yielded processing time, accuracy, precision,
FPR, sensitivity and specificity of 165.89s, 97.08%, 98.41%, 7.75%, 97.8@@
92.25%; 179.52s, 94.25%, 96.99%, 10.37%, 95.23% and 89.62% "5@089.195,

%deos in AVi
N

89.95%, 93.64%, 15.56%, 91.95.33% and 84.44% respectively. %
age results with

format, CNN-HPSO, CNN-PSO and CNN produced sim@\r
processing time, accuracy, precision, FPR, sensiti.vik\&z} specificity of 185.09s,
96.62%, 98.23%, 7.80%, 97.34% and 92.19@’24& 94.83%, 97.62%, 8.56%,
95.46% and 91.43%; and 216.59s, 91.30@.98%, 15.09%, 93.67% and 84.91%
respectively. C_)\

According to the ﬁnd@- of this research, the CNN-HPSO technique

outperforms the CNN-PSOMNN techniques in terms of accuracy, precision, FPR,
'\

specificity and proc@%me.
9 Y. Chen,& Q. Wu. “Moving Vehicle Detection Based on Optical Flow

on of Edge”. In 2015 11th International Conference on Natural
Computation (ICNC), 2015. 754-758.
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2A. Mahabalagiri, K. Ozcan& S. Velipasalar. “4 Robust Edge-Based
Optical Flow Method for Elderly Activity Classification with Wearable Smart

Cameras”. In 2013 Seventh International Conference on Distributed Smart
Cameras (ICDSC), 2013. 1-6.

3J. Revaud, P. Weinzaepfel, Z. Harchaoui& S. C. Epicflow. “Edge-
Preserving Interpolation of Correspondences for Optical Flow”. In Proceedings of
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SA. L. S. Orozco, C. Q. Huaman, D. P. Alvarez&L. J. G. Villalba. “4
Machine Learning Forensics Technique to Detect Post-Processing in Digital
Videos”. Future Generation Computer Systems. 2020. 199-212.

&

%\%

‘% Chapter Five
QQ Conclusion

5.1 Summary of Results
The CNN-HPSO technique was used in this study to detect and track moving
objects. Videos obtained from locally and online sources were used to assess the

effectiveness of the developed technique. The findings show that the developed
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technique outperformed the CNN-PSO and CNN technique in terms of accuracy,
precision, FPR, sensitivity, specificity and processing time. The findings of the
statistical analysis confirmed that there is a significant difference in how they
performed.

The evaluation results demonstrated that in terms of object detection and
tracking accuracy, the CNN-HPSO outperforms the CNN-PSO and CNN tec@s.

Precise detection and tracking were made feasible by the devié@fethod’s
e

reasonable processing time. The outcomes of this research thus lend sredence to the

[ ”
assertion that the HPSO and PSO methods, when combine @%CNN technology,

N

enhanced the detection and tracking of moving_obj while also accelerating

processing. With the developed technique, m@ect detection and tracking in

surveillance systems could be greatly imer .

N
5.2 Recommendations %C')

In terms of the efﬁ%@%e method, CNN-HPSO can be used to detect and
track moving objects i&org\er to build an accurate and computationally effective
intelligent visua @%nce system that can aid human operators in spotting unusual
events in theXyideo sequence and responding to them quickly. Also, it could be
adopte&%garious applications in computer vision such as video surveillance, video
@ession, vision-based control, human-computer interfaces, robotics, medical
imaging, and augmented reality.

5.3 Contribution to Knowledge

The research has contributed to the body of knowledge in the following ways:
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5.4

ii.

iii.

The study has produced a hybrid model (CNN-HPSO) which can be used for
various applications in Computer Vision and other related Artificial
Intelligence applications.

The CNN-HPSO developed is suitable for detecting and tracking fast moving
objects and partial occluded objects.

The CNN-HPSO model for object detection and tracking develope@is

work is featured with high localization, low processing time;hi&%ﬁcision,

high sensitivity, high specificity and low false positive rate,

.\
Suggestion for Further Studies %’\

The following are recommended for additional &%&h in light of the findings

of this work. Q’Q\

ii.

More work in the aspect of videg R@cessing with the developed technique
should be carried out wit t@} of eliminating the shadow of moving
objects. This will help certain if an improvement upon the results
obtained can be achieved.

Upcoming W@Q as reduction or mitigation of noise from videos should

be 100{(<‘ into and possibly addressed.

iil. %Q]e problems of detecting and tracking multiple objects should be

Q@ddressed.
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Appendix i.

CNN-PSO
function out = PSO(problem, params)
%% Problem Definiton

CostFunction = problem.CostFunction; % Cost Function Q')(\

nVar = problem.nVar; % Number of Unknown (Decision) Va@go

VarSize =[1 nVar]; % Matrix Size of Decision Variabl |

VarMin = problem.VarMin; % Lower Bound of Decisj %ariables
VarMax = problem.VarMax; % Upper Bound of @smn Variables

%% Parameters of PSO ®
MaxIt = params.MaxIt; % Maximxc-ljgﬁr of Iterations

nPop = params.nPop; % Popul Size (Swarm Size)

W = params.w; % rtid Coefficient

wdamp = params.wda(%?o\ % Damping Ratio of Inertia Coefficient

cl = params.c]; Q’%
c2= paranxs<' N % Social Acceleration Coefficient

ersonal Acceleration Coefficient

%T QOT Showing Iteration Information
@teﬂnfo = params.ShowlterInfo;
QXVelocity = 0.2*(VarMax-VarMin);
MinVelocity = -MaxVelocity;
%% Initialization
% The Particle Template

empty particle.Position = [];
empty particle.Velocity = [];

167



empty_particle.Cost = [];

empty particle.Best.Position = [];
empty particle.Best.Cost = [];
empty particle.expvel = [];
empty_particle.featposition=[];
empty particle.Best.featposition=[];

% Create Population Array . @
particle = repmat(empty_particle, nPop, 1);

S
% Initialize Global Best ‘%\
4%'»

GlobalBest.Cost = inf; \

% Initialize Population Members '&%\
for i=1:nPop . QQ
% Generate Random Solution Q

particle(i).Position = unifrnd(VarMin

% Initialize Velocity < )

particle(i). Velocity = zeros( e);

% Evaluation \)

particle(i).Cost= uhction(particle(i).Position);

Max, VarSize);

paﬁicle(i)@QZ J(1+exp(-particle(i). Velocity));
i ra@arﬁcle(i).expvel
‘%‘licle(i).featpositionﬂ ;
lee
Q particle(i).featposition=0;

end

% Update the Personal Best

particle(i).Best.Position = particle(i).Position;
particle(i).Best.Cost = particle(i).Cost;
particle(i).Best.featposition = particle(i).featposition;
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% Update Global Best

if particle(i).Best.Cost < GlobalBest.Cost
GlobalBest = particle(i).Best;

end

end

% Array to Hold Best Cost Value on Each Iteration ‘ \‘b
BestCosts = zeros(Maxlt, 1);

&
%% Main Loop of PSO ‘%\
4%'»

for it=1:MaxIt . \
for i=1:nPop &%\
% Update Velocity . QQ
particle(i). Velocity = w*paﬁicle(i).Vel@
+ cl*rand(VarSize).*(particle(i).Best.Position - particle(i).Position) ...
+ cZ*rand(VarSize).*(Globa&sﬁﬂ) ition - particle(i).Position);

% Apply Velocity Limits h
particle(i).Velocity = m@hicle(i).Velocity, MinVelocity);
particle(i). Velocity = mn(particle(i). Velocity, MaxVelocity);

.\
% Update P

particle(#),Position = particle(i).Position + particle(i). Velocity;
% @Lower and Upper Bound Limits
argicle(i).Position = max(particle(i).Position, VarMin);

Q§article(i).Position = min(particle(i).Position, VarMax);

particle(i).expvel=1./(1+exp(-particle(i). Velocity));

if rand<particle(i).expvel
particle(i).featposition=1;

else
particle(i).featposition=0;

end
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% Evaluation

particle(i).Cost= CostFunction(particle(i).Position);

% Update Personal Best
if particle(i).Cost < particle(i).Best.Cost

particle(i).Best.Position = particle(i).Position;
particle(i).Best.Cost = particle(i).Cost;
particle(i).Best.featposition = particle(i).featposition; \Cb,

&>
% Update Global Best ,%.'\QO

if particle(i).Best.Cost < GlobalBest.Cost

GlobalBest = particle(i).Best; . 6'3

end %\
&

end . Q

S

% Store the Best Cost Value ( ‘\ﬁ

BestCosts(it) = GlobalBest.Co%
% Display Iteration In&@ibn
if ShowlterInfo

"
disp([’Iterati@Zstr(it) ": Best Cost ="' num2str(BestCosts(it))]);
end

%,@g Inertia Coefficient
6 * wdamp;
e;d

out.pop = particle;
out.BestSol = GlobalBest;
out.BestCosts = BestCosts;

end
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function matchscore=CNNCSOTrainClassifier(trainfeaturespace,testfeaturespace)

%handles=guidata(gca);

%Iload facefeaturestrain.mat
trainxx=zeros(size(trainfeaturespace,1),784);
trainxx(:,1:size(trainfeaturespace,2))=trainfeaturespace;

%\%
4%'»

testxx=zeros(size(testfeaturespace,1),784); é\\‘

test x=testxx; '\Q
[rrowt ccolt]=size(testfeaturespace); ®

test_y=round(rand(rrowt,10)); .
o

train_x = double(reshape(train_x',2@,10000))/25 5;
test x = double(reshape(test x', ,10000))/255;

[rrow ccol]=size(trainfeaturespace);

train_y=round(rand(rrow,10));
%Iload facefeaturestest.mat

testxx(:,1:size(testfeaturespace,2))=testfeaturespace;

train_y = double(train_y");
test_y = double(test y! &”

%% exl1 Trail&%és-nc-% Convolutional neural network

Yowill ch in about 200 second and get around 11% error.

%fi@O epochs you'll get around 1.2% error

rand('state’,0)

bestpara=PSOparameter;cc

cnn.layers = {
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struct('type', '1') %input layer

struct('type', 'c', 'outputmaps', bestpara(3), 'kernelsize', bestpara(4)) %convolution
layer

struct('type’', 's', 'scale', bestpara(2)) %sub sampling layer

struct('type’', 'c', 'outputmaps', 12, 'kernelsize', bestpara(4)) %convolution layer

struct('type', 's', 'scale', bestpara(2)) %subsampling layer

}5 .
N
opts.alpha = 1; Q)

opts.batchsize = bestpara(5); E\QO
opts.numepochs = 1;

. yﬁ'\
cnn = cnnsetup(cnn, train_Xx, train_y); @

cnn = cnntrain(cnn, train_Xx, train_y, opts);

save cnnfinalresult.mat cnn &\
matchscore=rand(1,ccolt); . )ﬁ

% if get(handles.chkface,'value')==get les.chkface,'max")
% save facecnnresult.mat cnn %’

% elseif get(handles.chkear;yalue)==get(handles.chkear,'max")
% save earcnnresult.mat n.\

% elseif get(handles is)'value')==get(handles.chkiris,'max")
% save iriscnnresult,mat cnn

% end 6\»
[e b@Z cnntest(cnn, test X, test y);
e;i}

r er;

see=bad;

% % plot mean squared error
% figure; plot(cnn.rL);

% assert(er<0.12, 'Too big error');
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Appendix ii.
CNN
function matchscore=CNNTrainClassifier(trainfeaturespace,testfeaturespace)

%handles=guidata(gca);

%Iload irisfeaturestrain.mat
trainxx=zeros(size(trainfeaturespace, 1),784);

trainxx(:,1:size(trainfeaturespace,2))=trainfeaturespace; ) ®

train x=trainxx; . Q')&

[rrow ccol]=size(trainfeaturespace) ,%\QO
%w

train_y=round(rand(rrow,10));

% load irisfeaturestest.mat %
&

testxx=zeros(size(testfeaturespace,1),784);

testxx(:,1: size(testfeaturespace,2))=testfeaturesp@.Q'\

test x=testxx;

[rrowt ccolt]=size(testfeaturespace); :' ‘@

test_y=round(rand(rrowt,10)); :

train_x = double(reshape(train_@,‘z&10000))/255;
test x = double(reshape(test %,28,28,10000))/255;
train_y = double(train g%\

test y = double(ét)@;

%% ex1 Era@ c-2s-12c¢-2s Convolutional neural network

Y%will ru poch in about 200 second and get around 11% error.

@00 epochs you'll get around 1.2% error

rand('state',0)

cnn.layers = {
struct('type', '1") %input layer
struct('type’', 'c', 'outputmaps', 6, 'kernelsize', 5) %convolution layer
struct('type', 's', 'scale', 2) %sub sampling layer

struct('type', 'c', 'outputmaps', 12, 'kernelsize', 5) %convolution layer
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struct('type', 's', 'scale', 2) %subsampling layer
}5

opts.alpha = 1;

opts.batchsize = 50;

opts.numepochs = 1;

cnn = cnnsetup(cnn, train_x, train_y);

cnn = cnntrain(cnn, train_Xx, train_y, opts); . ‘bv
save cnnfinalresult.mat cnn \
matchscore=rand(1,ccolt); ° \

% if get(handles.chkiris,'value')==get(handles.chkiris,'max") ‘%

% save iriscnnresult.mat cnn 4%

% elseif get(handles.chkear,'value')==get(handles.chkear, r@

% save earcnnresult.mat cnn

% elseif get(handles.chkiris,'value' )——get(handleG@ss ,max")

% save iriscnnresult.mat cnn

% end ‘\ﬁ
[er, bad] = cnntest(cnn, test X, test :"

result=er; Q)‘bu

see=bad;

% %plot mean square@

% figure; plot(chn.r

% assert( %@ "Too big error');
: Q
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Appendix iii.
CNN-HPSO

function bestcost=MODPSOmain(x)
%% Problem Definiton
%CostFunction= @(x) Sphere(x); % Cost Function

feature=x;

[row,col]=size(feature); Q}i{b’
nVar =col; % Number of Unknown (Decision) Variables ;' \QO

VarSize =[1 nVar]; % Matrix Size of Decision Variables
VarMin = min(min(feature,[],2));%-10; % Lower Bound of Deeisiom Variables
VarMax = max(max(feature,[],2));% 10; % Upper Bound @ecismn Variables

%% Parameters of PSO . '$Q
% Constriction Coefficients ®

kappa = 1; . %
phil = 2.05; ®

phi2 = 2.05; %
o

phi = phil + phi2; %
chi = 2*kappa/abs(2-phi-sqrt(phi”2-4*phi));
0\

MaxIt = 1000; % ‘%{ um Number of Iterations
nPop = 50; Q&pulaﬁon Size (Swarm Size)
w = chi; ; Q\% Intertia Coefficient

wdamp =I5 % Damping Ratio of Inertia Coefficient
@@phil; % Personal Acceleration Coefficient

c2 =Chi*phi2; % Social Acceleration Coefficient
ShowlterInfo = true; % Flag for Showing Iteration Informatin

MaxVelocity = 0.2*(VarMax-VarMin);
MinVelocity = -Max Velocity;

%% Initialization
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% The Particle Template

empty particle.Position = [];

empty_particle.Velocity = [];

empty_particle.Cost = [];

empty_particle.Best.Position = [];

empty_particle.Best.Cost = [];

empty particle.expvel =[]; . cb"
empty_particle.featposition=[]; \

empty particle.Best.featposition=[]; ;' @

empty particle.Location = [];

empty_particle.Best.Location = []; . ‘\%q
S
&
particle = repmat(empty_particle, nPop, 1); Q@

% Create Population Array

% Initialize Global Best
GlobalBest.Cost = inf;

G
% Initialize Population ]\%&

for i=1:nPop

"
% Generat@g Solution

parti le@&)sition = unifrnd(VarMin, VarMax, VarSize);

itialize Velocity
article(i). Velocity = zeros(VarSize);

% Evaluation

[particle(i).Cost,particle(i). Location]= obj functions(particle(i).Position);

particle(i).expvel=1./(1+exp(-particle(i). Velocity));
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if rand<particle(i).expvel
particle(i).featposition=1;
else

particle(i).featposition=0;

end
% Update the Personal Best . ‘b»
particle(i).Best.Position = particle(i).Position; \

particle(i).Best.Location = particle(i).Location;

particle(i).Best.Cost = particle(i).Cost; ;' Q%

particle(i).Best.featposition = particle(i).featposition; ‘\%ﬂ

S
% Update Global Best . QQ)
if particle(i).Best.Cost < GlobalBest.Cost Q@

GlobalBest = particle(i).Best;
end . )\\‘
end @

% Array to Hold Best (Nlue on Each Iteration

'\

BestCosts = zeros % 1);

%% Main Loep of*PS

for i(%\axlt
aor i=1:nPop

% Update Velocity

particle(i). Velocity = w*particle(i). Velocity ...
+ cl*rand(VarSize).*(particle(i).Best.Position - particle(i).Position) ...
+ c2*rand(VarSize).*(GlobalBest.Position - particle(i).Position);
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% Apply Velocity Limits
particle(i). Velocity = max(particle(i). Velocity, MinVelocity);
particle(i). Velocity = min(particle(i). Velocity, MaxVelocity);

% Update Position
particle(i).Position = particle(i).Position + particle(i). Velocity;

% Apply Lower and Upper Bound Limits Q’)&

particle(i).Position = max(particle(i).Position, VarMin); ;' \QO

particle(i).Position = min(particle(i).Position, VarMax);

. "
particle(i).expvel=1./(1+exp(-particle(i). Velocity)); &%‘\\‘
if rand<particle(i).expvel ,®
particle(i).featposition=1; Q
else . ‘\%
particle(i).featposition=0; < \)

end b’
'\)Q)(b
% Evaluation

.\
[particle(i).C@cle(i).Location] obj_functions(particle(i).Position);
% U Personal Best

‘%ﬂlcle(i).Cmt < particle(i).Best.Cost

D particle(i).Best.Position = particle(i).Position;
particle(i).Best.Cost = particle(i).Cost;
particle(i).Best.Location = particle(i).Location;

particle(i).Best.featposition = particle(i).featposition;

% Update Global Best
if particle(i).Best.Cost < GlobalBest.Cost
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GlobalBest = particle(i).Best;

end
end
end

% Store the Best Cost Value

% Display Iteration Information . ‘\%ﬂ
if ShowlterInfo

disp(['Tteration ' num2str(it) ': Best Cost ="' nyn@%stCosts)D;

end .®
% Damping Inertia Coefficient Q
w =w * wdamp; : l@

end Cb,,%

pop = particle; Q)

BestSol = GlobalBest)'%.\

bestcost = BestC(@

% %% Res%

% Q

% figure;

t(BestCosts, 'LineWidth', 2);
% semilogy(BestCosts, 'LineWidth', 2);
% xlabel('Iteration');

% ylabel('Best Cost');

% grid on;

BestCosts= GlobalBest.Location; ;' @

&P

function matchscore=CNNEPSOTrainClassifier(trainfeaturespace,testfeaturespace)

%handles=guidata(gca);
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%Iload facefeaturestrain.mat

trainxx=zeros(size(trainfeaturespace, 1),784);
trainxx(:,1:size(trainfeaturespace,2))=trainfeaturespace;

train_x=trainxx;

[rrow ccol]=size(trainfeaturespace);

train_y=round(rand(rrow,10));

%]load facefeaturestest.mat . (b'
testxx=zeros(size(testfeaturespace,1),784); Q’){\
testxx(:,1:size(testfeaturespace,2))=testfeaturespace; ° \QO

test x=testxx; ‘%

[rrowt ccolt]=size(testfeaturespace); . \%'\
test_y=round(rand(rrowt,10)); &%'\

train_x = double(reshape(train_x',28,28,10000))/255; AQ

test_ x = double(reshape(test_x',28,28,10000))/255; ,®

2

%% ex1 Train a 6¢-2s-12¢-2s Convoln@_ry neural network
%will run 1 epoch in about 200 s %and get around 11% error.
%With 100 epochs you'll g%%.ﬂ 1.2% error

'\

train_y = double(train_y");
test_y = double(test_y');

rand('state',0);
bestparaEPSOpara@
cnn.layers = { Q)

struct(’ \'} %input layer
struct(‘type', 'c', 'outputmaps', bestpara(3), 'kernelsize', bestpara(4)) %convolution

Q
@uct('type', 's', 'scale', bestpara(2)) %sub sampling layer
struct('type’', 'c', 'outputmaps', 12, 'kernelsize', bestpara(4)) %econvolution layer
struct('type', 's', 'scale', bestpara(2)) %subsampling layer
¥
opts.alpha = 1;
opts.batchsize = bestpara(5);
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opts.numepochs = 1;

cnn = cnnsetup(cnn, train_x, train_y);
cnn = cnntrain(cnn, train_Xx, train_y, opts);

save cnnfinalresult.mat cnn

matchscore=rand(1,ccolt);

% if get(handles.chkface,'value')==get(handles.chkface,'max") ¢ (b,

% save facecnnresult.mat cnn Q')(\
% elseif get(handles.chkear,'value')==get(handles.chkear,'max") E\QO

% save earcnnresult.mat cnn

% elseif get(handles.chkiris,'value')==get(handles.chkiris,'max] "

% end

[er, bad] = cnntest(cnn, test X, test y); ®
result=er; . )\%

see=bad;
% %plot mean squared error Q)(b§'
% figure; plot(cnn.rL); \)

% assert(er<0.12, 'Too bi,%‘,igor');

function Motio asﬁ'ltiObjectTrackingExample()
global obj t?ﬁ{lfs centroids assignments unassignedTracks unassignedDetections

% save 1riscnnresult.mat cnn 6&%

bboxe ame nextld

%@guidata(gcf);

% E€reate System objects used for reading video, detecting moving objects,
% and displaying the results.

obj = setupSystemObjects();

tracks = initializeTracks(); % Create an empty array of tracks.

nextld = 1; % ID of the next track

% Detect moving objects, and track them across video frames.

while ~isDone(obj.reader)
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frame = readFrame();

[centroids, bboxes, mask] = detectObjects(frame);
predictNewLocationsOfTracks();

[assignments, unassigned Tracks, unassignedDetections] = ...

detectionToTrackAssignment();

updateAssignedTracks();

updateUnassignedTracks(); . ®
deleteLostTracks();

&
createNewTracks(); ,%\QO
%w

displayTrackingResults();

function obj = setupSystemObjects() '&%

8
handles=guidata(gcf); ¢ Q
N

% Initialize Video /O @
% Create objects for reading a video from a file, drawing the tracked

% objects in each frame, and play@ €o.
indy:

getvideozget(handles.Videotext,'%

end

if get(handles.chkavi,'value! ;q
modzget(handles.ob%vi),'string');

else @Q
mod=ge% s.chkmp4,'string');
end Q
% Create a video file reader.
.reader = vision.VideoFileReader([getvideo,mod]);

%obj.reader = vision.VideoFileReader('atrium.mp4');

% Create two video players, one to display the video,

% and one to display the foreground mask.

obj.maskPlayer = vision.VideoPlayer('Position', [ 740, 200, 700, 400]); %740 - -
700
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obj.videoPlayer = vision.VideoPlayer('Position', [20, 200, 700, 400]);

% Create System objects for foreground detection and blob analysis

% The foreground detector is used to segment moving objects from

% the background. It outputs a binary mask, where the pixel value

% of 1 corresponds to the foreground and the value of 0 corresponds

% to the background. .

obj.detector = vision.ForegroundDetector('NumGaussians', 3, ... &
'NumTrainingFrames', 40, 'MinimumBackgroundRatio', 0.7);%.\%

% Connected groups of foreground pixels are likely to correspond to moving

% objects. The blob analysis System object is used to ﬁnd@?'groups

% (called 'blobs' or 'connected components'), and co eir

% characteristics, such as area, centroid, and the@%ng box.

obj.blobAnalyser = vision.BlobAnalysis mgBoxOutputPort', true, ...
'AreaOutputPort', true, 'Centroi @ort', true, ...

'MinimumBIlobArea', 400); %

end Q){b‘
function predictNewLocatiM racks()
global obj tracks % N

fori=1 :1e€b@%s)
bbox tracks(i).bbox;

%ct the current location of the track.

Q@redictedCentroid = predict(tracks(i).kalmanFilter);

% Shift the bounding box so that its center is at
% the predicted location.
predictedCentroid = int32(predictedCentroid) - bbox(3:4) / 2;
tracks(i).bbox = [predictedCentroid, bbox(3:4)];
end

end
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function [assignments, unassignedTracks, unassignedDetections] = ...
detectionToTrackAssignment()
global obj tracks centroids
nTracks = length(tracks);

nDetections = size(centroids, 1);

% Compute the cost of assigning each detection to each track. &

cost = zeros(nTracks, nDetections);

for 1 = 1:nTracks ‘%QO

cost(i, :) = distance(tracks(i).kalmanFilter, centroids);

N
end %\
% Solve the assignment problem. . Q@
costOfNonAssignment = 20; »®
[assignments, unassigned Tracks, unassignedDeétections] = ...
assignDetectionsToTracks(cost '@onASSignment);
end Q
function updateAssignedTracks() (b‘%'
global obj tracks centrot gnments unassignedTracks unassignedDetections
bboxes mask N
numAssignedT =size(assignments, 1);

for i = 1:numAssignedTracks

trac assignments(i, 1);
‘%ﬂiorﬂdx = assignments(i,2);
ntroid = centroids(detectionldx,:);
Q bbox = bboxes(detectionldx, :);

% Correct the estimate of the object's location
% using the new detection.

correct(tracks(trackldx).kalmanFilter, centroid);

% Replace predicted bounding box with detected
% bounding box.
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tracks(trackldx).bbox = bbox;

% Update track's age.

tracks(trackldx).age = tracks(trackldx).age + 1;

% Update visibility.

tracks(trackldx).totalVisibleCount = ...
tracks(trackldx).total VisibleCount + 1;

tracks(trackldx).consecutivelnvisibleCount = 0;

end

function displayTrackingResults()
handles=guidata(gcf); X ‘\\.
% Convert the frame and the mask to uint8 RGB. Q’&%

global obj tracks bboxes mask frame

frame = im2uint8(frame); ®
mask = uint8(repmat(mask, [1, 1, 3])) .gS ;

minVisibleCount = §; (j\\‘

if ~isempty(tracks)

% Noisy detections% result in short-lived tracks.
% Only display tn%ci.s\ at have been visible for more than

% a minimu Qn r of frames.
reliable@ds =...
tréc(:).totalVisibleCount] > minVisibleCount;
?%IeTracks = tracks(reliableTrackInds);
QA> Display the objects. If an object has not been detected
% 1in this frame, display its predicted bounding box.
if ~isempty(reliableTracks)

% Get bounding boxes.
bboxes = cat(1, reliableTracks.bbox);

% Get ids.
ids = int32([reliableTracks(:).id]);
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end

% Create labels for objects indicating the ones for

% which we display the predicted rather than the actual

% location.

labels = cellstr(int2str(ids'));

predictedTrackInds = ...
[reliableTracks(:).consecutivelnvisibleCount] > 0; . ‘bv

isPredicted = cell(size(labels)); \

isPredicted(predictedTrackInds) = {' predicted'}; ;' @

labels = strcat(labels, isPredicted);

% Draw the objects on the frame. N @“

frame = insertObjectAnnotation(frame, 'rectangle&
bboxes, labels); ° QQ

% Draw the objects on the mask. @
mask = insertObj ectAnnotatioq(x% 'rectangle’, ...

bboxes, labels); ‘ \r)

% Display the m@a\the frame.
obj .maskP\@@: ask);
la

.step(frame);

end

end

obj.vide

,%Q

QQ
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Appendix iv.

Main Code/ Source Code

function varargout = mainGUI(varargin)

% MAINGUI MATLAB code for mainGUI.fig

%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%

MAINGUI, by itself, creates a new MAINGUI or raises the existing
singleton™. (b.
H = MAINGUI returns the handle to a new MAINGUI or the handlng)
the existing singleton™.

: %’s
MAINGUI('CALLBACK',hObject,eventData,handles, .. the local
function named CALLBACK in MAINGUILM w @glven input arguments.

MAINGUI('Property','Value',...) creates @%AINGUI or raises the
existing singleton®. Starting from thg‘\‘ property value pairs are
applied to the GUI before main(@._}peningF cn gets called. An
unrecognized property name @Valid value makes property application
stop. All inputs are p% ainGUI_OpeningFcn via varargin.

*See GUI Optio g GUIDE's Tools menu. Choose "GUI allows only one

instance t 1%1

leton)".

% See H@IDE, GUIDATA, GUIHANDLES

@t the above text to modify the response to help mainGUI

% Last Modified by GUIDE v2.5 13-Jun-2022 14:22:49

% Begin initialization code - DO NOT EDIT

gui_Singleton = 1;

gui_State = struct('gui_Name',  mfilename, ...
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'gui_Singleton', gui Singleton, ...
'gui_OpeningFcen', @mainGUI_OpeningFen, ...
'gui_OutputFen', @mainGUI OutputFen, ...
'gui_LayoutFen', [], ...
'gui_Callback', []);
if nargin && ischar(varargin{1})
gui_State.gui_Callback = str2func(varargin{1}); . ®

end

Q
%'G?

[varargout{1:nargout}] = gui_mainfcn(gui_State, varargin{:});

else . \%“

gui_mainfen(gui_State, varargin{:}); %
&

end .
% End initialization code - DO NOT EDIT '®

% --- Executes just before mainGUI is madewisible.

function mainGUI OpeningFcn(hObjéct, g\ent ata, handles, varargin)
% This function has no output args,@ OutputFen.

% hObject handle to figur: Q)

% eventdata reserved - to be defined in a future version of MATLAB
% handles structure ﬂ?ﬁhdles and user data (see GUIDATA)

% varargin cor@)@% arguments to mainGUI (see VARARGIN)

% Cho@lt command line output for mainGUI
handeou put = hObject;

% Update handles structure
guidata(hObject, handles);

% UIWAIT makes mainGUI wait for user response (see UIRESUME)
% uiwait(handles.figurel);

188



% --- Outputs from this function are returned to the command line.
function varargout = mainGUI OutputFcn(hObject, eventdata, handles)
% varargout cell array for returning output args (see VARARGOUT);
% hObject handle to figure

% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)

% Get default command line output from handles structure &

varargout{1} = handles.output; . é)

function videotext Callback(hObject, eventdata, handles) %'\

% hObject handle to videotext (see GCBO)

% eventdata reserved - to be defined in a future version ATLAB

% handles structure with handles and user data{s MIDATA)

% Hints: get(hObject,'String') returns contents@eotext as text

% str2double(get(hObject,'String')) m}\ ontents of videotext as a double
O

% --- Executes during object cre '%efter setting all properties.

function videotext CreateF (hgb_] ect, eventdata, handles)

% hObject handle to videotext (see GCBO)

% eventdata reserved%%e defined in a future version of MATLAB

% handles em ty les not created until after all CreateFcns called

% Hint: €dit'controls usually have a white background on Windows.
% e ISPC and COMPUTER.
Q ispc && isequal(get(hObject,'BackgroundColor"),
get(0,'defaultUicontrolBackgroundColor'))
set(hObject,'BackgroundColor','white');

end

% --- Executes on button press in pushbutton].

function pushbuttonl Callback(hObject, eventdata, handles)
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% hObject handle to pushbuttonl (see GCBO)
% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)

% --- Executes on button press in pushbutton?2.
function pushbutton2 Callback(hObject, eventdata, handles) . (b'
% hObject handle to pushbutton2 (see GCBO) 'i\
% eventdata reserved - to be defined in a future version of MATLAB * \QO
% handles structure with handles and user data (see GUIDATA)
if get(handles.chkcnn,'value')==get(handles.chkcnn,'max’) \%'\

A\
% featuretrain=[feattrain feattrain]; . QQ’&%

% load('objectfeaturetest.mat'); &\

% featuretest=[ feattest feattest];

MotionBasedMultiObj ectTrackingExar(kpb{\%

if get(handles.chkvideol,'value'y==

% load('objectfeaturetrain.mat');

dat=get(handles.chkvideol,'stri
elseif get(handles.chkvideo 'Va% ==

dat=get(handles.chkvideo?2,'string');
elseif get(handles.chk &o&'value')ZZI

datdet(hand@i e03,'string");
elseif get a@w.chkvideo4,’value')==l
datfg%ndles.chkvideo4,’string');
epen (O
data,text,alltext]=xlsread('kmetricresult.xlsx',dat);

if get(handles.chkmp4,'value')==1
store=data(:,1)";

elseif get(handles.chkavi,'value')==1
store=data(:,2)';

end
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cname=text(3:end,1);
getstore=get(handles.uitable1,'data');

if stremp(",getstore(1,1))
set(handles.uitable1,'Data’,store,'columnname’,cname);
else

getstore=get(handles.uitable1,'Data');

store=[ getstore;store]; @
6

set(handles.uitable1,'Data’,store,'columnname’,cname);

%\%

. "
elseif get(handles.chkcnnpso,'value')get(handles.chkcnnps@
MotionBasedMultiObjectTrackingExample é

if get(handles.chkvideol,'value')==1 ®

dat=get(handles.chkvideol,'string’); _ %
elseif get(handles.chkvideo?2,'value") =1 )\&

dat=get(handles.chkvideo?2,'string}

elseif get(handles.chkvideo3,'Va@&1
dat=get(handles.chkvideo3}string');

elseif get(handles.chkvidead value')==1

datdet(hand@ 04,'string');
nd \
Q

ta, text,alltext]=xlsread('kmetricresult.xlsx',dat);

(&

get(handles.chkmp4,'value')==1
store=data(:,3)';
elseif get(handles.chkavi,'value')==1
store=data(:,4)";

end

cname=text(3:end,1);
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getstore=get(handles.uitablel,'data');

if stremp(",getstore(1,1))
set(handles.uitablel,'Data’,store,'columnname’,cname);
else
getstore=get(handles.uitable1,'Data’); . (b'
store=[ getstore;store]; '{\
set(handles.uitablel,'Data’,store,'columnname’,cname); ¢ Qg)
end ‘%

. "
elseif get(handles.chkcnnepso,'value')get(handles.chkcnK%\\,max')
MotionBasedMultiObjectTrackingExample . QQ

if get(handles.chkvideol,'value')==1 ®
dat=get(handles.chkvideol,'string"); * \ﬁ

@’\

elseif get(handles.chkvideo?2,'value')=

dat=get(handles.chkvideo2,'stri

elseif get(handles.chkvideo%l)%é
"

dat=get(handles.chkvideo3,'string);

elseif get(handles.chk%o 'value')==1
dat=get(handles.c

end 6\,

@a,text,alltext]=xlsread('kmetricresult.xlsx',dat);
f get(handles.chkmp4,'value')==1

store=data(:,5)';

ideo4,'string');

elseif get(handles.chkavi,'value')==1
store=data(:,6)";

end

cname=text(3:end,1);
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getstore=get(handles.uitablel,'data');

if stremp(",getstore(1,1))
set(handles.uitablel,'Data’,store,'columnname’,cname);
else
getstore=get(handles.uitable1,'Data’); . ®

store=[ getstore;store];

set(handles.uitablel,'Data’,store,'columnname’,cname); ; * é)
%w

end

end &%)\\‘
function trainto_Callback(hObject, eventdata, handlps)&@

% hObject handle to trainto (see GCBO) Q \

% eventdata reserved - to be defined in a futureersion of MATLAB
% handles structure with handles and e}\\‘ﬂég (see GUIDATA)

% Hints: get(hObject,'String') ret ntents of trainto as text

% str2double(get(hObj t,'%ng')) returns contents of trainto as a double
% --- Executes during obj :t%étion, after setting all properties.

function traintoCrea'@?Obj ect, eventdata, handles)

% hObject handle tortrainto (see GCBO)

% han mpty - handles not created until after all CreateFcns called

% ever:((igé rved - to be defined in a future version of MATLAB
Q
‘&t: edit controls usually have a white background on Windows.
%  See ISPC and COMPUTER.
if ispc && isequal(get(hObject,'BackgroundColor"),
get(0,'defaultUicontrolBackgroundColor'))
set(hObject,'BackgroundColor','white');

end
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function teststart Callback(hObject, eventdata, handles)
% hObject handle to teststart (see GCBO)
% eventdata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)
% Hints: get(hObject,'String') returns contents of teststart as text
% str2double(get(hObject,'String'")) returns contents of teststart as a double
% --- Executes during object creation, after setting all properties. . (b‘
function teststart CreateFcn(hObject, eventdata, handles) Q‘)(\
% hObject handle to teststart (see GCBO) ° \QO
% eventdata reserved - to be defined in a future version of MATLA%
% handles empty - handles not created until after all CreateF %ﬂ‘ed
A\
% Hint: edit controls usually have a white background &&ows.
%  SeeISPC and COMPUTER. Q,Q\
if ispc 1(get(hObject,'BackgroundColor"),
get(0,'defaultUicontrolBackgroundColo ‘)\)\&
set(hObject,'BackgroundColor",' QJ
end
function trainstart Callbac géct eventdata, handles)
% hObject handle to trainstart (see GCBO)
% eventdata reserve@ defined in a future version of MATLAB
% handles st ith handles and user data (see GUIDATA)

le(get(hObject,'String")) returns contents of trainstart as a double

% Hints: § ‘&b_] ect,'String") returns contents of trainstart as text

®Executes during object creation, after setting all properties.
function trainstart CreateFcen(hObject, eventdata, handles)

% hObject handle to trainstart (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles empty - handles not created until after all CreateFcns called

% Hint: edit controls usually have a white background on Windows.
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%  See ISPC and COMPUTER.
if ispc && isequal(get(hObject,'BackgroundColor"),
get(0,'defaultUicontrolBackgroundColor"))

set(hObject,'BackgroundColor','white');

end
function testto Callback(hObject, eventdata, handles) . (b‘
% hObject handle to testto (see GCBO) '(\

% eventdata reserved - to be defined in a future version of MATLAB \QO
% handles structure with handles and user data (see GUIDATA)

% Hints: get(hObject,'String') returns contents of testto as %
% str2double(get(hObject,'String')) returns content&&ﬁ: tto as a double

% --- Executes during object creation, after set&roperﬂes

function testto CreateFcen(hObject, eve é% ndles)

% hObject handle to testto (see G,

% eventdata reserved - to be defi %( a future version of MATLAB

% handles empty - handl eated until after all CreateFcns called

% Hint: edit controls usu h ve a white background on Windows.

%  SeelISPC and %UTER

if 131€) isequal(get(hObject,'BackgroundColor"),

get(0,'def: u%@pntrolBackgroundColor’))
set(h‘%l,B ite");

ackgroundColor','white');
eQQ

% --- Executes on button press in pushbutton3.

function pushbutton3 Callback(hObject, eventdata, handles)

% hObject handle to pushbutton3 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)

195



% --- Executes on button press in chkcnn.

function chkenn_Callback(hObject, eventdata, handles)

% hObject handle to chkcenn (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of chkenn

set(handles.chkcnnpso,'value',0); .
>

S
%Qo

function chkennpso_Callback(hObject, eventdata, handles) \%'\

set(handles.chkcnnepso,'value',0);
% --- Executes on button press in chkcnnpso.

% hObject handle to chkcnnpso (see GCBO)

% eventdata reserved - to be defined in a future version ATLAB
% handles structure with handles and user data{s MIDATA)

% Hint: get(hObject,'Value') returns toggle sta@hkcnnpso

set(handles.chkcnn,'value',0);

set(handles.chkcnnepso,'value',0); §J\

% --- Executes on button press %::Q.kavi.

function chkavi_Callback(hObject, eventdata, handles)

% hObject handle t gv? (see GCBO)

% eventdata re%@— to be defined in a future version of MATLAB
% handle @fture with handles and user data (see GUIDATA)

set(handIes: p4,'value',0);

‘%&et(hObj ect,'Value') returns toggle state of chkavi

% --- Executes on button press in chkmp4.

function chkmp4_Callback(hObject, eventdata, handles)

% hObject handle to chkmp4 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)
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% Hint: get(hObject,'Value') returns toggle state of chkmp4
set(handles.chkavi,'value',0);

% --- Executes on button press in chkcnnepso.

function chkcnnepso Callback(hObject, eventdata, handles)

% hObject handle to chkcnnepso (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB . (b'
% handles structure with handles and user data (see GUIDATA) Q‘)i\

% Hint: get(hObject,'Value') returns toggle state of chkcnnepso ‘%

set(handles.chkcnnpso,'value',0);

.\
set(handles.chkcnn,'value',0); &%'\
% --- Executes on button press in chkvideo3. ,®
5

function chkvideo3 Callback(hObject, eventd ndles)

% hObject handle to chkvideo3 (see C@

% eventdata reserved - to be defined iéﬁ: ure version of MATLAB
% handles structure with handle %user data (see GUIDATA)

% Hint: get(hObject,'Value ret%ﬂs toggle state of chkvideo3
set(handles.chkvideo2,'v u&
set(handles. chkv1deom%k> ,0);

set(handles.chk de lue',0);

if get(ha .chkvideol,'value")==1
@dles.Videotext,'string','atrium’);
get(handles.chkvideo2,'value')==1
set(handles.videotext,'string','Newibadan');
elseif get(handles.chkvideo3,'value')==1
set(handles.videotext,'string', Newileife');
elseif get(handles.chkvideo4,'value')==1
set(handles.videotext,'string',"NewLagos");

end
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% --- Executes on button press in chkvideo?2.

function chkvideo2 Callback(hObject, eventdata, handles)

% hObject handle to chkvideo2 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of chkvideo2 . (b'
set(handles.chkvideol,'value',0); \

set(handles.chkvideo3,'value',0); . é)
%w

set(handles.chkvideo4,'value',0);

if get(handles.chkvideol,'value')== %
&

set(handles.videotext,'string',"atrium");

elseif get(handles.chkvideo2,'value')== &\

set(handles.videotext,'string','Newibadan');

elseif get(handles.chkvideo3,'Value')i}@

set(handles.videotext,'string', Newilaife');
elseif get(handles.chkvideo4,'value!

set(handles.videotext,'stri%ﬁéwLagos’);

end
o
% --- Executes bg’gpress in chkvideol.
function ¢ 1_Callback(hObject, eventdata, handles)
% hObj andle to chkvideol (see GCBO)
‘@ata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of chkvideol
set(handles.chkvideo?2,'value',0);
set(handles.chkvideo3,'value',0);
set(handles.chkvideo4,'value',0);

if get(handles.chkvideol,'value')==1
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set(handles.videotext,'string','atrium");
elseif get(handles.chkvideo2,'value')==1

set(handles.videotext,'string','Newibadan');
elseif get(handles.chkvideo3,'value')==1

set(handles.videotext,'string', Newileife');
elseif get(handles.chkvideo4,'value')==1

set(handles.videotext,'string',"NewLagos"); . (b‘
end Q‘)(\
% --- Executes on button press in chkvideo4. ° \60
function chkvideo4 Callback(hObject, eventdata, handles) ‘%
% hObject handle to chkvideo4 (see GCBO) . %;
% eventdata reserved - to be defined in a future version of A
% handles  structure with handles and user data (see G A)

N
% Hint: get(hObject,'Value') returns toggle sta@hkvideo4
set(handles.chkvideo2,'value',0); . )\\‘
set(handles.chkvideo3,'value',0); (')
>

set(handles.chkvideol,'value',0); ‘b»

if get(handles.chkvideol ,'V%l
set(handles.videote %)ng',’atrium’);

elseif get(handles.chkvideo2,'value')==1

set(handl &deotext,’string','Newibadan');

elseif g‘e&es.chkvideol’value')l

@dles.Videotext,'string','Newileife');

elséif get(handles.chkvideo4,'value')==1
set(handles.videotext,'string',"NewLagos");

end

% --- Executes on button press in pushbutton4.

function pushbutton4 Callback(hObject, eventdata, handles)

% hObject handle to pushbutton4 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB
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% handles structure with handles and user data (see GUIDATA)
set(handles.uitablel,'data’,{"},'columnname', {"},'rowname',{"});

function varargout = mainGUI(varargin)

% MAINGUI MATLAB code for mainGUI.fig

%  MAINGUI, by itself, creates a new MAINGUI or raises the existing
%  singleton®.

% .®

%  H=MAINGUI returns the handle to a new MAINGUI or the handle toq‘}

%  the existing singleton*. ° \60
K

%  MAINGUI('CALLBACK'hObject,eventData,handles,.,.) the local

%  function named CALLBACK in MAINGUILM with t@\en Input arguments.
% o)

%  MAINGUI("Property','Value',...) creates %p INGUI or raises the

%  existing singleton*. Starting from the left,\property value pairs are
%  applied to the GUI before mainG&I)&l{%&inchn gets called. An
%  unrecognized property name Qr ihyalid value makes property application
%  stop. All inputs are passed R%;%inGUI_Openinchn via varargin.

% 4

%  *See GUI Options n&DE's Tools menu. Choose "GUI allows only one
%  instance to mré&% t::n)".

e

% See also: @{DE GUIDATA, GUIHANDLES

% @16 above text to modify the response to help mainGUI

% Last Modified by GUIDE v2.5 13-Jun-2022 14:22:49

% Begin initialization code - DO NOT EDIT

gui_Singleton = 1;

gui_State = struct('gui_Name',  mfilename, ...
'gui_Singleton', gui Singleton, ...

'gui_OpeningFcn', @mainGUI_OpeningFecn, ...
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'gui_OutputFen', @mainGUI OutputFen, ...
'gui_LayoutFen', [], ...
'gui_Callback', []);
if nargin && ischar(varargin{1})
gui_State.gui_Callback = str2func(varargin{1});

end
if nargout

else

gui_mainfen(gui_State, varargin{:}); . )\%ﬂ
end &%’\
% End initialization code - DO NOT EDIT . @

% --- Executes just before mainGUI is made Vis;']:l \

function mainGUI OpeningFcn(hObject, eventdata) handles, varargin)

% This function has no output args, see O cn.

% hObject handle to figure

% eventdata reserved - to be defi h{ a future version of MATLAB
% handles structure with nc@é and user data (see GUIDATA)

% varargin command H&l%ynents to mainGUI (see VARARGIN)

% Choose defm@'ﬂénd line output for mainGUI

handles.o tp%%,hObj ect;

‘Vve handles structure

guidata(hObject, handles);

% UIWAIT makes mainGUI wait for user response (see UIRESUME)
% uiwait(handles.figurel);

% --- Outputs from this function are returned to the command line.

function varargout = mainGUI OutputFcn(hObject, eventdata, handles)
% varargout cell array for returning output args (see VARARGOUT);
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% hObject handle to figure
% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)

% Get default command line output from handles structure
varargout{1} = handles.output;
function videotext Callback(hObject, eventdata, handles) . (b‘
% hObject handle to videotext (see GCBO) Q‘)(\
% eventdata reserved - to be defined in a future version of MATLAB * \QO
% handles structure with handles and user data (see GUIDATA)
% Hints: get(hObject,'String') returns contents of videotext as t@ﬁ'\
% str2double(get(hObject,'String')) returns contents oféﬁfs%tex as a double
% --- Executes during object creation, after setting all ;& ies.
function videotext CreateFen(hObject, eventdat 1@65)
% hObject handle to videotext (see GCBO)
% eventdata reserved - to be defined in a version of MATLAB
% handles empty - handles not cregat u%'after all CreateFcns called

%ﬁte background on Windows.

% Hint: edit controls usually have(B
%  SeeISPC and COMPUTER)

if ispc . & isequal(get(hObject,'BackgroundColor"),
%{groundColor’))

get(O,’defaultUicontroI%

set(hObject,’Ql&u dColor','white');

end é\i

% --- s on button press in pushbuttonl.
Wpushbutton1_Callback(h0bject, eventdata, handles)

% ject handle to pushbuttonl (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)
% --- Executes on button press in pushbutton?.

function pushbutton2 Callback(hObject, eventdata, handles)

% hObject handle to pushbutton2 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

202



% handles structure with handles and user data (see GUIDATA)

if get(handles.chkenn,'value')==get(handles.chkcnn,'max")

% load('objectfeaturetrain.mat');

% featuretrain=[ feattrain feattrain];

% load('objectfeaturetest.mat');

% featuretest=[ feattest feattest];

MotionBasedMultiObjectTrackingExample . (b'
if get(handles.chkvideol,'value')==1 \

dat=get(handles.chkvideol,'string'); ‘ @

elseif get(handles.chkvideo2,'value')==1 ‘%
dat=get(handles.chkvideo?2,'string"); . )\%'\

elseif get(handles.chkvideo3,'value')== &%’\

dat=get(handles.chkvideo3,'string'); . AQ

elseif get(handles.chkvideo4,'value')== @

dat=get(handles.chkvideo4,'string');
end . ‘\%
[data,text,alltext]=xlsread('km triQe_s)'}t.xlsx',dat);
if get(handles.chkmp4,'value’
store=data(:,1)'; %

elseif get(handles.c&\‘i{ alue'y==1

store=data(:,2)'; Q
end < Q)

cna eﬁ«&end,l);
getstor‘%{ andles.uitable1,'data’);

i @)(",getstore(l ,1))
set(handles.uitablel,'Data’,store,'columnname’,cname);
else

getstore=get(handles.uitable1,'Data');

store=[ getstore;store];

set(handles.uitable1,'Data’,store,'columnname’,cname);
end

elseif get(handles.chkcnnpso,'value')==get(handles.chkcnnpso,' max’)

203



MotionBasedMultiObjectTrackingExample

if get(handles.chkvideol,'value')==1

dat=get(handles.chkvideol,'string");

elseif get(handles.chkvideo?2,'value')==1

dat=get(handles.chkvideo?2,'string");

elseif get(handles.chkvideo3,'value')==1

dat=get(handles.chkvideo3,'string'); . (b'

elseif get(handles.chkvideo4,'value')==1

end

dat=get(handles.chkvideo4,'string'); ; ° \qg)

[data,text,alltext]=xIsread('kmetricresult.xlsx',dat); . 4%'\
if get(handles.chkmp4,'value')== &%\

store=data(:,3)"; . QQ
elseif get(handles.chkavi,'value')==1 &\

store=data(:,4)';
end C‘@

cname=text(3:end,1); (b‘%'

getstore=get(handles.uit Mta');
'\

if stremp("', gets@&);

set(handl s.%hlel ,'Data’',store,'columnname',cname);

else

@ezget(handles.uitable 1,'Data');
stere=[ getstore;store];

set(handles.uitable1,'Data’,store,'columnname’,cname);

end

elseif get(handles.chkcnnepso,'value')==get(handles.chkcnnepso,' max')

MotionBasedMultiObjectTrackingExample

if get(handles.chkvideol,'value')==1
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dat=get(handles.chkvideol,'string");
elseif get(handles.chkvideo2,'value')==1
dat=get(handles.chkvideo?2,'string");
elseif get(handles.chkvideo3,'value')==1
dat=get(handles.chkvideo3,'string');
elseif get(handles.chkvideo4,'value')==1
dat=get(handles.chkvideo4,'string'); . ®

end

[data,text,alltext]=xIsread('kmetricresult.xlsx',dat); ‘%

if get(handles.chkmp4,'value')== . )\%'\
store=data(:,5)"; %\

elseif get(handles.chkavi,'value')==1 . Qé
store=data(:,6)'; ,®
end Q

cname=text(3:end,1); : ‘\%
)

getstore=get(handles.uitablel,'dat

if stremp(",getstore(1,1)) (b‘

set(handles.uitablel ,'Data’,s%\e)columnname‘,cname);

else

'\
getstore=get( @nlel ,'Data');

store=[gets{< rel;
set(ha @1 ablel,'Data’,store,'columnname’',cname);

end

Q
)

function trainto _Callback(hObject, eventdata, handles)
% hObject handle to trainto (see GCBO)
% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)
% Hints: get(hObject,'String') returns contents of trainto as text
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% str2double(get(hObject,'String')) returns contents of trainto as a double
% --- Executes during object creation, after setting all properties.

function trainto_CreateFen(hObject, eventdata, handles)

% hObject handle to trainto (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles empty - handles not created until after all CreateFcns called

% Hint: edit controls usually have a white background on Windows. . (b‘
%  See ISPC and COMPUTER. {\
if ispc && isequal(get(hObj ect,'Bf%g@olor'),

get(0,'defaultUicontrolBackgroundColor"))
set(hObject,'BackgroundColor','white'); . )ﬁ'\

end %’\

function teststart_Callback(hObject, eventdata, handles Q’)&

% hObject handle to teststart (see GCBO) \
% eventdata reserved - to be defined in a future%ion of MATLAB

% handles structure with handles and e}\&ﬁ% (see GUIDATA)

% Hints: get(hObject,'String') ret ntents of teststart as text
% str2d0uble(get(h0ijt,'%‘Jng')) returns contents of teststart as a double

% --- Executes durin, Amt'ycreation, after setting all properties.
function teststaQﬁ cn(hObject, eventdata, handles)

% hObjec %q,dle to teststart (see GCBO)

% even‘(%reserved - to be defined in a future version of MATLAB
‘@s empty - handles not created until after all CreateFcns called

% Hint: edit controls usually have a white background on Windows.
%  See ISPC and COMPUTER.
if ispc && isequal(get(hObject,'BackgroundColor"),
get(0,'defaultUicontrolBackgroundColor"))
set(hObject,'BackgroundColor','white');

end
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function trainstart Callback(hObject, eventdata, handles)
% hObject handle to trainstart (see GCBO)
% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)

% Hints: get(hObject,'String') returns contents of trainstart as text

% str2double(get(hObject,'String')) returns contents of trainstart as a double ®
% --- Executes during object creation, after setting all properties. ° Qg)&
function trainstart CreateFcen(hObject, eventdata, handles) ‘%

% hObject handle to trainstart (see GCBO) . )ﬁ;

% eventdata reserved - to be defined in a future version of A

% handles empty - handles not created until after all C @ﬁ: cns called

% Hint: edit controls usually have a white bac%u@on Windows.

% See ISPC and COMPUTER.

if ispc && . @gqual(get(hObj ect,'BackgroundColor"),
get(0,'defaultUicontrolBackground: OIQ))\
set(hObject,'BackgroundColor'; ");

end »\)Q)
. )
function testto_Callba%t bject, eventdata, handles)

% hObject handle to'testto (see GCBO)

% han tructure with handles and user data (see GUIDATA)

‘%@ get(hObject,'String') returns contents of testto as text

% str2double(get(hObject,'String')) returns contents of testto as a double

% --- Executes during object creation, after setting all properties.

% eventd;ta rved - to be defined in a future version of MATLAB

function testto CreateFcen(hObject, eventdata, handles)

% hObject handle to testto (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB
% handles empty - handles not created until after all CreateFcns called

% Hint: edit controls usually have a white background on Windows.
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%  See ISPC and COMPUTER.
if ispc && isequal(get(hObject,'BackgroundColor"),
get(0,'defaultUicontrolBackgroundColor"))
set(hObject,'BackgroundColor','white');
end
% --- Executes on button press in pushbutton3.
function pushbutton3 Callback(hObject, eventdata, handles) . (b‘
% hObject handle to pushbutton3 (see GCBO) ‘i\
% eventdata reserved - to be defined in a future version of MATLAB * \QO
% handles structure with handles and user data (see GUIDATA)
. ‘6'»
% --- Executes on button press in chkcnn. &%'\
function chkenn_Callback(hObject, eventdata, handl.esAQ)
% hObject handle to chkcenn (see GCBO) \
% eventdata reserved - to be defined in a future%ion of MATLAB

% handles structure with handles and d@ (see GUIDATA)
ilg'}tate

% Hint: get(hObject,'Value') returng to of chkcnn

set(handles.chkcnnpso,'value',0);

set(handles.chkcnnepso,’val@
"
% --- Executes on but%) ss in chkennpso.

function chkcnn@)j%ll ack(hObject, eventdata, handles)

% hObjec %q,dle to chkennpso (see GCBO)

% even‘(%reserved - to be defined in a future version of MATLAB
Ws structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of chkennpso

set(handles.chkcnn,'value',0);

set(handles.chkcnnepso,'value',0);
% --- Executes on button press in chkavi.

function chkavi_Callback(hObject, eventdata, handles)
% hObject handle to chkavi (see GCBO)
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% eventdata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)
set(handles.chkmp4,'value',0);

% Hint: get(hObject,'Value') returns toggle state of chkavi

% --- Executes on button press in chkmp4.

function chkmp4_Callback(hObject, eventdata, handles) . (b‘
% hObject handle to chkmp4 (see GCBO) 'i\
% eventdata reserved - to be defined in a future version of MATLAB * \60

% handles structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of chkmp4 %
set(handles.chkavi,'value',0); . A

S

ta, handles)

% --- Executes on button press in chkcnnepso.
function chkcnnepso Callback(hObject E\M{‘
% hObject handle to chkcnnepso seQG'g}O)
% eventdata reserved - to be deﬁ?& a future version of MATLAB
% handles structure with %@9 and user data (see GUIDATA)

.\
% Hint: get(hObject % returns toggle state of chkcnnepso

set(handles.chk@[%'v lue',0);
set(handlis.@n,’value',O);

% @ecutes on button press in chkvideo3.

funstion chkvideo3 Callback(hObject, eventdata, handles)

% hObject handle to chkvideo3 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of chkvideo3
set(handles.chkvideo2,'value',0);

set(handles.chkvideol,'value',0);
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set(handles.chkvideo4,'value',0);

if get(handles.chkvideol,'value')==1
set(handles.videotext,'string',"atrium");
elseif get(handles.chkvideo?2,'value')==1
set(handles.videotext,'string','Newibadan');
elseif get(handles.chkvideo3,'value')==1 . ®

set(handles.videotext,'string', Newileife');

set(handles.videotext,'string',"NewLagos");
end . \
% --- Executes on button press in chkvideo2. %'\
function chkvideo2_Callback(hObject, eventdata, hand] &&

elseif get(handles.chkvideo4,'value')==1 ;' é)
%w

% hObject handle to chkvideo2 (see GCBO) \
% eventdata reserved - to be defined in a future%ion of MATLAB

% handles structure with handles and d@g (see GUIDATA)
% Hint: get(hObject,'Value') return toil)g}tate of chkvideo2
set(handles.chkvideol,'value',0);
set(handles.chkvideo3,'valug' O)Q)cb‘
set(handles.chkvideo4,'v m
if get(handles.chkvids%'&vbl.l}e')l
set(handles.videotext,'string','atrium");
elseif get(ha .chkvideo2,'value')==1
set(ha .videotext,'string','Newibadan');
mﬁ%(handles.chkvideo3,'Value')==1
set(handles.videotext,'string','Newileife');
elseif get(handles.chkvideo4,'value')==1

set(handles.videotext,'string', NewLagos");

end

% --- Executes on button press in chkvideol.

function chkvideol Callback(hObject, eventdata, handles)
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% hObject handle to chkvideol (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of chkvideol
set(handles.chkvideo?2,'value',0);

set(handles.chkvideo3,'value',0);

set(handles.chkvideo4,'value',0); . (b'

set(handles.videotext,'string','atrium");

if get(handles.chkvideol,'value')==1 ;' é)
%w

elseif get(handles.chkvideo2,'value')== . \
set(handles.videotext,'string','Newibadan'); &%'\
elseif get(handles.chkvideo3,'value')==1 . Q

set(handles.videotext,'string','Newileife'); &\

elseif get(handles.chkvideo4,'value')==1

set(handles.videotext,'string', NewLa o@
end . < )

% --- Executes on button press Ka video4.

function chkvideo4 Call a:%%bject, eventdata, handles)

% hObject handle t %3@04 (see GCBO)

% eventdata re%g— to be defined in a future version of MATLAB

% handle @pture with handles and user data (see GUIDATA)

%o Hi et(hObject,'Value') returns toggle state of chkvideo4
set(handles.chkvideo2,'value',0);
set(handles.chkvideo3,'value',0);

set(handles.chkvideol,'value',0);

if get(handles.chkvideol,'value')==1
set(handles.videotext,'string','atrium");

elseif get(handles.chkvideo?2,'value')==1
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set(handles.videotext,'string','Newibadan');
elseif get(handles.chkvideo3,'value')==1

set(handles.videotext,'string','Newileife');
elseif get(handles.chkvideo4,'value')==1

set(handles.videotext,'string', NewLagos");

end
% --- Executes on button press in pushbutton4. . (b‘
function pushbutton4 Callback(hObject, eventdata, handles) Q‘)(\

% hObject handle to pushbutton4 (see GCBO) ° \60
% eventdata reserved - to be defined in a future version of MATLA%
% handles structure with handles and user data (see GUIDAT, )
set(handles.uitablel,'data’,{"},'columnname’, {"} ,'rowname',}&%'\

RS
function varargout = mainGUI(varargin) 6
% MAINGUI MATLAB code for mainGIiigikQ

%  MAINGUI, by itself, creates a new®

%  singleton*. < \)
% %.

%  H=MAINGUI returns th ndle to a new MAINGUI or the handle to

% the existing singleton*.
.3
% @
% MAINGU@L ACK',hObject,eventData,handles,...) calls the local

%  fun ti%samed CALLBACK in MAINGUI.M with the given input arguments.

%

GUI or raises the existing

% @\INGUI(’Property’,'Value',...) creates a new MAINGUI or raises the
‘@exisﬁng singleton*. Starting from the left, property value pairs are

%  applied to the GUI before mainGUI OpeningFcn gets called. An

%  unrecognized property name or invalid value makes property application

%  stop. All inputs are passed to mainGUI_OpeningFcn via varargin.

%

%  *See GUI Options on GUIDE's Tools menu. Choose "GUI allows only one

%  instance to run (singleton)".
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%
% See also: GUIDE, GUIDATA, GUIHANDLES

% Edit the above text to modify the response to help mainGUI

% Last Modified by GUIDE v2.5 13-Jun-2022 14:22:49
% Begin initialization code - DO NOT EDIT . (b'
gui_Singleton = 1; Q}i\
gui_State = struct('gui_Name',  mfilename, ... ° \QO
'gui_Singleton', gui Singleton, ... ‘%
'gui_OpeningFen', @mainGUI_OpeningFen, ... %'\
'gui_OutputFen', @mainGUI OutputFen, ... &%\
'gui_LayoutFen', [], ...

'oui_Callback’, []): Q,Q\

if nargin && ischar(varargin{1})

gui_State.gui_Callback = str2func(v€j;{& b);

end
>
P

[varargout{1 :nargout§ gul_mainfcen(gui_State, varargin{:});
'\

else

if nargout

gui_mainfen(gui_State, varargin{:});
end 6\,
% Endnitialization code - DO NOT EDIT
% @ecutes just before mainGUI is made visible.
funstion mainGUI OpeningFcn(hObject, eventdata, handles, varargin)
% This function has no output args, see OutputFcn.
% hObject handle to figure
% eventdata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)
% varargin command line arguments to mainGUI (see VARARGIN)
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% Choose default command line output for mainGUI

handles.output = hObject;

% Update handles structure
guidata(hObject, handles);

% UIWAIT makes mainGUI wait for user response (see UIRESUME) . (b‘
% uiwait(handles. figure1); Q»){\

% --- Outputs from this function are returned to the command line. ‘%
function varargout = mainGUI OutputFcn(hObject, eventdata, @eﬁ
);

% varargout cell array for returning output args (see VA
% hObject handle to figure . Q
% eventdata reserved - to be defined in a future ye '\»of MATLAB
% handles structure with handles and user dm%e GUIDATA)

% Get default command line output, fr@dles structure

varargout{1} = handles.output; ‘b»

function videotext Callb cmwj ect, eventdata, handles)
% hObject handle t %@?ext (see GCBO)

% eventdata re% - t0 be defined in a future version of MATLAB
% handle ture with handles and user data (see GUIDATA)

% Hints: Object,'String') returns contents of videotext as text

‘Q@Qdouble(get(hObj ect,'String")) returns contents of videotext as a double

% --- Executes during object creation, after setting all properties.
function videotext CreateFcn(hObject, eventdata, handles)

% hObject handle to videotext (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles empty - handles not created until after all CreateFcns called
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% Hint: edit controls usually have a white background on Windows.
%  See ISPC and COMPUTER.
if ispc && isequal(get(hObject,'BackgroundColor"),
get(0,'defaultUicontrolBackgroundColor'))
set(hObject,'BackgroundColor','white');

end
% --- Executes on button press in pushbuttonl. . (b‘
function pushbuttonl Callback(hObject, eventdata, handles) Q‘)(\

% hObject handle to pushbuttonl (see GCBO) ° \60

% eventdata reserved - to be defined in a future version of MATLA%

% handles structure with handles and user data (see GUIDAT@'\

% --- Executes on button press in pushbutton?. %'\

function pushbutton2_Callback(hObject, eventdata, han %')&

% hObject handle to pushbutton2 (see GCBO) \

% eventdata reserved - to be defined in a future%ion of MATLAB

% handles structure with handles and d@g (see GUIDATA)

if get(handles.chkcnn,'value')==get(ha le .chkcnn,'max")

% load('objectfeaturetrain.mat'); %’

% featuretrain=[ feattrain ft tra

% load('objectfeaturetest.mat');
S

% featuretes‘[z[feattes&%r
MotionBasedM@%ec rackingExample
if get(handl videol,'value'y==1

dat= ndles.chkvideol,'string');
@(handles.chkvideo2,’value')==1

get(handles.chkvideo2,'string');

elseif get(handles.chkvideo3,'value')==1

dat=get(handles.chkvideo3,'string');
elseif get(handles.chkvideo4,'value')==1

dat=get(handles.chkvideo4,'string');

end

215



[data,text,alltext]=xIsread('kmetricresult.xlsx',dat);

if get(handles.chkmp4,'value')==1
store=data(:,1)";
elseif get(handles.chkavi,'value')==1

store=data(:,2)';

end . l{b’

N
cname=text(3:end,1); é \Q%
4%'»

getstore=get(handles.uitablel,'data'); . \

N

if stremp(",getstore(1,1)) . QQ
set(handles.uitablel ,'Data’,store,'columnname‘,c% \

else

getstore=get(handles.uitable1,'Data’); * ‘@

store=[ getstore;store]; (_)

set(handles.uitablel ,'Data’,stor@n\nname‘,cname);
end \)%

'\
elseif get(handles.chk %,'Value'F:get(handles.chkcnnpso,'max')

MotionBased@ ectTrackingExample

\V

if get( .chkvideol,'value')==1
%et(handles.chkvideo 1,'string');
elg get(handles.chkvideo2,'value')==1
dat=get(handles.chkvideo?2,'string");
elseif get(handles.chkvideo3,'value')==1
dat=get(handles.chkvideo3,'string');
elseif get(handles.chkvideo4,'value')==1
dat=get(handles.chkvideo4,'string');

end
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[data,text,alltext]=xIsread('kmetricresult.xlsx',dat);
if get(handles.chkmp4,'value')==

store=data(:,3)';

elseif get(handles.chkavi,'value')==1
store=data(:,4)";

end

cname=text(3:end,1); ®

getstore=get(handles.uitable1,'data’); ; ° \Qg)
% "

if stremp(",getstore(1,1))
set(handles.uitable1,'Data’,store,'columnname’,cname); . \

else &%\

getstore=get(handles.uitable1,'Data'); . QQ

store=[ getstore;store]; Q
set(handles.uitablel ,'Data’,store,'columnnam%me);

end

elseif get(handles.chkcnnepso,'val e')Qg’y}(handles.chkcnnepso,’max')
MotionBasedMultiObjectTrat%%i
if get(handles.chkvideol ,'V%‘%#

datzget(handles.chkw&a;)l, string');
O,

elseif get(handles.chkﬁ% ,'value')==1
dat=get(handl@i €02,'string");

elseif get(ha .chkvideo3,'value')==1

xample

dat=g dles.chkvideo3,'string');

m@%(handles.chkvideo4,’value')==1
=get(handles.chkvideo4,'string');

end
[data,text,alltext]=xlIsread('kmetricresult.xIsx',dat);
if get(handles.chkmp4,'value')==1
store=data(:,5)';
elseif get(handles.chkavi,'value')==1

store=data(:,6)";
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end
cname=text(3:end,1);
getstore=get(handles.uitablel,'data');

if stremp(",getstore(1,1))
set(handles.uitablel,'Data’,store,'columnname’,cname);

else . ®

getstore=get(handles.uitable1,'Data');

N
store=[ getstore;store]; ‘%.\QO
%w

set(handles.uitablel,'Data’,store,'columnname’,cname);

end . )\\‘
end ’&%
function trainto _Callback(hObject, eventdata, ha d@
% hObject handle to trainto (see GCBO) 6

% eventdata reserved - to be defined in a version of MATLAB

% handles structure with handles an@data (see GUIDATA)

% Hints: get(hObject,'String') retu ntents of trainto as text

% str2double(get(hObj )Kt,')r' ")) returns contents of trainto as a double

% --- Executes durin %t.’creation, after setting all properties.
function trainto (CreateFén(hObject, eventdata, handles)

% hObject &d e to trainto (see GCBO)

% eve served - to be defined in a future version of MATLAB
%@s empty - handles not created until after all CreateFcns called

% Hint: edit controls usually have a white background on Windows.
%  See ISPC and COMPUTER.
if ispc && isequal(get(hObject,'BackgroundColor"),
get(0,'defaultUicontrolBackgroundColor'))
set(hObject,'BackgroundColor','white');

end
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function teststart Callback(hObject, eventdata, handles)

% hObject handle to teststart (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)

% Hints: get(hObject,'String') returns contents of teststart as text

% str2double(get(hObject,'String'")) returns contents of teststart as a double

% --- Executes during object creation, after setting all properties. . (b‘
function teststart CreateFcn(hObject, eventdata, handles) Q‘)(\

% hObject handle to teststart (see GCBO) ;' \QO
A

% eventdata reserved - to be defined in a future version of MATL
% handles empty - handles not created until after all CreateF %ﬂ‘ed
% Hint: edit controls usually have a white background on \@ws.

%  See ISPC and COMPUTER. S
if ispc && isequ (hObject,'BackgroundColor"),
get(0,'defaultUicontrolBackgroundColor")) 6

set(hObject,'BackgroundColor','white' ;)\&
end
function trainstart_Callback(hObjg“G‘éﬂrentdata, handles)
% hObject handle to trai art%ée GCBO)
% eventdata reserved - t rl;ggﬁned in a future version of MATLAB
% handles struc‘[ureQ &h;ndles and user data (see GUIDATA)
O
% Hints: ge ‘&b_] ect,'String") returns contents of trainstart as text
% %‘ﬁle(get(hObj ect,'String")) returns contents of trainstart as a double
% %ecutes during object creation, after setting all properties.
funétion trainstart CreateFen(hObject, eventdata, handles)
% hObject handle to trainstart (see GCBO)
% eventdata reserved - to be defined in a future version of MATLAB
% handles empty - handles not created until after all CreateFcns called

% Hint: edit controls usually have a white background on Windows.

% See ISPC and COMPUTER.
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if ispc && isequal(get(hObject,'BackgroundColor"),
get(0,'defaultUicontrolBackgroundColor"))
set(hObject,'BackgroundColor','white');
end
function testto Callback(hObject, eventdata, handles)
% hObject handle to testto (see GCBO)
% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA) Q&

% Hints: get(hObject,'String") returns contents of testto as text °
% str2double(get(hObject,'String")) returns contents of testto as ‘a%}e

% --- Executes during object creation, after setting all propertieﬁ\%'\

function testto CreateFcen(hObject, eventdata, handles) &%'\
% hObject handle to testto (see GCBO) .
% eventdata reserved - to be defined in a future ye '\»of MATLAB

% handles empty - handles not created until @l CreateFcns called

% Hint: edit controls usually have a white B@ground on Windows.

%  See ISPC and COMPUTER.

if ispc && %v isequal(get(hObject,'BackgroundColor"),
get(0,'defaultUicontrolBac ro&%lor’))

set(hObject,’BackgrouRdCo r','white');
'\

end Q
% --- Executes @n press in pushbutton3.

function pus on3_Callback(hObject, eventdata, handles)
% hObj%handle to pushbutton3 (see GCBO)

‘@ata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)

% --- Executes on button press in chkcnn.

function chkenn_Callback(hObject, eventdata, handles)

% hObject handle to chkcenn (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB
% handles structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of chkcnn
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set(handles.chkcnnpso,'value',0);

set(handles.chkcnnepso,'value',0);

% --- Executes on button press in chkennpso.

function chkcnnpso Callback(hObject, eventdata, handles)

% hObject handle to chkcnnpso (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA) . (b‘
% Hint: get(hObject,'Value') returns toggle state of chkcnnpso \

&
set(handles.chkcnn,'value',0); é \QO

set(handles.chkcnnepso,'value',0);
% --- Executes on button press in chkavi. . \%ﬂ
function chkavi_Callback(hObject, eventdata, handles) &%'\
% hObject handle to chkavi (see GCBO) .
% eventdata reserved - to be defined in a future ye '\»of MATLAB
% handles structure with handles and user d@e GUIDATA)
set(handles.chkmp4,'value',0); . \
% Hint: get(hObject,'Value') return to@l_g tate of chkavi

4.

% --- Executes on button press in

function chkmp4_CallbacK%é , eventdata, handles)

% hObject handle to chkmp4’(see GCBO)

% eventdata reserve@ﬂdeﬁned in a future version of MATLAB
i

% handles structur handles and user data (see GUIDATA)

% Hint: t%&ject,'Value’) returns toggle state of chkmp4
set(han%h avi,'value',0);

% —; Executes on button press in chkcnnepso.

function chkcnnepso_Callback(hObject, eventdata, handles)
% hObject handle to chkcnnepso (see GCBO)
% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of chkcnnepso
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set(handles.chkcnnpso,'value',0);

set(handles.chkcnn,'value',0);

% --- Executes on button press in chkvideo3.

function chkvideo3_ Callback(hObject, eventdata, handles)

% hObject handle to chkvideo3 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB . (b‘
% handles structure with handles and user data (see GUIDATA) \

set(handles.chkvideo2,'value',0);

set(handles.chkvideol,'value',0); . \%
set(handles.chkvideo4,'value',0); &%'\

if get(handles.chkvideol,'value')==1 . A

set(handles.videotext,'string','atrium"); Q@

elseif get(handles.chkvideo2,'value')==1

set(handles.Videotext,'string','Newil:@@

elseif get(handles.chkvideo3,'value')=

% Hint: get(hObject,'Value') returns toggle state of chkvideo3 ;' é)
.\

set(handles.videotext,'string',"N,
elseif get(handles.chkvideo 'Va% ==

set(handles.videotext,'string”"NewLagos");

3» .\
% --- Execu \Qp button press in chkvideo2.
function 1deo2 Callback(hObject, eventdata, handles)

@ct handle to chkvideo2 (see GCBO)
% ntdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)

end

% Hint: get(hObject,'Value') returns toggle state of chkvideo2
set(handles.chkvideol,'value',0);
set(handles.chkvideo3,'value',0);
set(handles.chkvideo4,'value',0);

if get(handles.chkvideol,'value')==1
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set(handles.videotext,'string','atrium");
elseif get(handles.chkvideo2,'value')==1
set(handles.videotext,'string','Newibadan');
elseif get(handles.chkvideo3,'value')==1
set(handles.videotext,'string', Newileife');
elseif get(handles.chkvideo4,'value')==1
set(handles.videotext,'string',"NewLagos"); . (b‘
end \
% --- Executes on button press in chkvideol. ° é)
function chkvideol Callback(hObject, eventdata, handles) ‘%
% hObject handle to chkvideol (see GCBO) . %;
% eventdata reserved - to be defined in a future version of A
% handles  structure with handles and user data (see G
% Hint: get(hObject,'Value') returns toggle state f@ldeol
set(handles.chkvideo2,'value',0); 6
set(handles.chkvideo3,'value',0); ©
set(handles.chkvideo4,'value',0); (')
if get(handles.chkvideol,'value')==
set(handles.videotext,'stri 'Qﬂum)
elseif get(handles.chkvideo2,'v lue =1
set(handles.videote %ﬂ ','Newibadan');

elseif get(handl 1deo3 'value')==1
set(han, l eotext,'string','Newileife');

elseif g‘% les.chkvideo4,'value')==1

g@dles .videotext,'string','NewLagos");

% --- Executes on button press in chkvideo4.

function chkvideo4 Callback(hObject, eventdata, handles)

% hObject handle to chkvideo4 (see GCBO)

% eventdata reserved - to be defined in a future version of MATLAB

% handles structure with handles and user data (see GUIDATA)
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% Hint: get(hObject,'Value') returns toggle state of chkvideo4
set(handles.chkvideo2,'value',0);
set(handles.chkvideo3,'value',0);
set(handles.chkvideol,'value',0);

if get(handles.chkvideol,'value')==1
set(handles.videotext,'string','atrium"); . (b'
elseif get(handles.chkvideo?2,'value')==1 \

set(handles.videotext,'string','Newibadan'); ;' \Qg)

elseif get(handles.chkvideo3,'value')==1
set(handles.videotext,'string','Newileife'); . ‘\%ﬂ

C:)

set(handles.videotext,'string', NewLagos"); . QQ’&

end Q@

% --- Executes on button press in pushbut @

function pushbutton4 Callback(hObjeet, eyentdata, handles)

% hObject handle to pushbuttor%% GCBO)

% eventdata reserved - to b¢ defined in a future version of MATLAB
% handles structure wi bI;a\ngles and user data (see GUIDATA)

'\
set(handles.uitable1 %% '},'columnname’, {"},'rowname',{"});

S
&

elseif get(handles.chkvideo4,'value')==

224



A. Personal Data
Name:

Date of Birth:

Place of Birth:
Local Govt Area:

State of Origin:
Marital Status:

Permanent Address:

Contact Address:
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