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ABSTRACT

Human-Computer Interaction (HCI) is a broad field involving different types of

interactions including gestures. A system may be utilized to identify human gestures
to convey information for device control. The aim of gesture recognition is to record
gestures that are formed in a certain way and then detected by a device such as a camera.
Hand gestures can be used by people who possess different disabilities, including those
with hearing impairments, speech impairments, and stroke patients, to communicate
and fulfill their basic needs, Hand gestures offer people a convenient way to interact
with computers, in addition to giving them the ability to communicate without physical
contact and at a distance, which is essential in today’s health conditions, especially
during an epidemic infectious viruses such as the COVID-19 coronavirus.
Various studies have previously been conducted relating to hand gestures. Some studies
proposed different techniques to implement the hand gesture experiments. For image
processing, there are multiple tools to extract features of images, as well as Artificial
Intelligence which has varied classifiers to classify different types of data. This research
discusses this issue using different algorithms. To detect hand gestures, in this work we
use Convolutional Neural Networks (CNN) and Capsule Networks (CapsNet) to extract
images features. Next, in order to reduce the dimensionality data, we have used the
Principal Component Analysis (PCA), finally to classify the American sign language
(ASL) gestures we have chosen the Support Vector Machine (SVM) classifier.

Keywords : Hand gesture recognition, American Sign Language, Deep Learning, Cap-

sule Networks, Convolutional Networks.
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Résumé
L’interaction homme-machine (HCI) est un vaste domaine impliquant différents
types d’interactions, y compris les gestes. Un systeme peut étre utilisé pour identifier
des gestes humains afin de transmettre des informations pour la commande de dispositif.
Le but de la reconnaissance gestuelle est d’enregistrer des gestes formés d’une certaine
maniere puis détectés par un appareil tel qu’une caméra. Les gestes de la main peuvent
étre utilisés par des personnes souffrant de différents handicaps, y compris les malen-
tendants, les troubles de la parole et les patients victimes d’AVC, pour communiquer
et répondre a leurs besoins de base. Les gestes de 1la main offrent aux gens un moyen
pratique d’interagir avec les ordinateurs, en plus de leur donner la capacité de com-
muniquer sans contact physique et a distance, ce qui est essentiel dans les conditions
sanitaires d’aujourd’hui, en particulier lors d’une épidémie de virus infectieux comme
le coronavirus COVID-19.
Diverses études ont déja été menées concernant les gestes de la main. Certaines études
ont proposé différentes techniques pour mettre en ceuvre les expériences de geste de
la main. Pour le traitement d’image, il existe plusieurs outils pour extraire les car-

actéristiques des images, ainsi que I’intelligence artificielle qui dispose de divers clas-

il



sificateurs pour classer différents types de données. Cette recherche aborde cette ques-
tion en utilisant différents algorithmes. Pour détecter les gestes de la main, dans ce
travail, nous utilisons les réseaux de neurones convolutifs (CNN) et les réseaux de cap-
sules (CapsNet) pour extraire les caractéristiques des images. Ensuite, afin de réduire
les données de dimensionnalité, nous avons utilisé I’analyse en composantes princi-
pales (ACP), enfin pour classer les gestes de la langue des signes américaine (ASL)

nous avons choisi le classificateur Support Vector Machine (SVM).

Mots clés : Reconnaissance des gestes de la main, langue des signes américaine,

apprentissage en profondeur, réseaux de capsules, réseaux convolutifs.
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Introduction

Inrecent years, with the development of artificial intelligence (Al), various types of con-
trollers other than a mouse and keyboard have become popular. With the rapid growth
of hardware computing power and the precision of machine learning methods, there
is an urgent need for more accessible and effective ways to interact with computers,
and one form of interaction that has gained popularity is the field of human-machine
interactions. Also, called Contact and Collaborate Offline, this contactless cooperation,
through a qualified and acceptable HCI interface, will push the limits of HCI, especially
in the event of infectious epidemics such as the outbreak of the coronavirus COVID 19.
Virtual reality (VR) environments such as web browsers, video games and a variety of
tools have benefited from human-computer interaction, and given the richness of ges-
ture expression and the continuous improvement of computer vision technology, hand
gesture recognition based on computer vision has practical potential in the following

aspects:

1. Home entertainment: TV and game products built into the gesture recognition

system can enable users to move, switch, confirm, exit, etc.

2. Intelligent driving: the car’s navigation and information system control can re-

duce driver distraction by introducing the gesture recognition system.

3. Smart wear devices: the natural human-computer interaction with the head-mounted
VR screen as a means can enhance the user’s immersion in the virtual environ-

ment.

4. Sign language recognition: The Interpreter System can recognize and use sign

language for communication between the deaf and the outside world.

5. Automated Communication: The robot can understand and respond to the user’s

actions and communicate with the user [[1]].

Gesture Recognition is a topic in engineering science and language technology with
the goal of interpreting human gestures via mathematical algorithms, and can be seen
as a way for computers to understand human body language. These gestures are com-

monly originated from face or hands motion. The Hand Gesture Recognition (HGR) can



be applied to the Sign Language understanding. Sign languages are expressed through
hand articulations in combination with other gestures or movements. Currently many
native sign languages coexist worldwide, and everyone has their own grammar and lex-

icon, whereby they are not mutually intelligible.

Achieving user efficiency and accuracy in the field of human-machine interactions
is the goal of this type of research. The natural reaction process requires the use of
the user’s body without any additional hardware. This is known as a human-computer
interface (HCI).

By using sensors and capturing the various interactions of the body, we can recog-
nize commands and perform the required tasks in the system. HCI is the use of body
and hand gestures, and thus hand gesture recognition (HGR) is a major component of
this type of system. Smartphones and tablets are controlled by touching the device and
making gestures. Another method of HCI is to use cameras as sensors to identify dif-
ferent body parts of a user, such as the Kinect sensor for Xbox One. The user’s hands
can have a set of gestures, so if the gesture recognition is done, this will allow us to
control the applications. The segmentation of hands by cameras and the identification
of the gesture made by scientists leads to an area in the research community known as:
Sign Language Recognition (SLR).

Usually, non-mute people do not learn sign language, and thus, this segment of so-
ciety has problems of communicating. When we are dealing with someone from this
segment, it will be very difficult. For example, when interviewing one of these people,
you have to find a translator, and that causes some problems. Here, image recognition
technologies play an important role by automating the tag translation process. This pa-
per focuses on this kind of problem: Facilitating communication via SL by automating

the transcription of the source language without reference to the human translator.

Although SLR research with machines started a long time ago, but due to the chal-
lenges that exist, no automatic sign language transcription system has been found.Dealing
with current issues (number of gestures, differences in sizes, hand position ...) is not
easy. This is one of the main reasons why leaders of previous studies have focused on
limited databases of gestures and users.

The aim of this work is to study the performance of neural networks that recognize and
transmit textual SL images (hand gestures). Because of the broad scope of this task, the
scope of the study was limited to American Sign Language (ASL) symbols.

In this work, we use Deep Learning (DL) techniques to solve HGR problems. DL can
be included in a broader family, specifically the Machine Learning algorithms, but with



a noticeable increase of the layers and capacity in the network. Machine Learning was
inspired by the structure and performance of the brain, given place to the so-called ar-
tificial neural networks. The ability to handle an outsized number of features makes
DL very powerful for representation learning and unstructured data. However, DL al-
gorithms would be overrated to resolve less complex problems, because they require

access to massive amounts of information to be effective.

Diversity is a very important concept in machine learning because, in addition to
increasing accuracy, it also produces a greater capacity of generalization acting as a
regularization element of learning. Diversity can be achieved in several ways. For
example, it can be introduced in the training data, such that it provides more discrim-
inative information for the model. Diversity can also be obtained by the combination
of the outputs of a model trained several times. A third option for introducing diversity
is to combine the outputs of several types of models. This method is called ensemble
learning [2]]. Ensemble learning was initially used for classification [3] although it can
also be used in other fields as regression [4] and feature selection [5] among others. The
outputs of models can be combined in different manners as using maxvoting, averag-
ing, weighted averaging or other advanced techniques as stacking, blending, bagging or

boosting.

In this research, we demonstrated the efficiency of a specific set of machine learn-
ing that combines feature spaces of many deep machines to solve an HGR problem. In
particular, the group consists of the distinct spaces of a standard convolutional neural
network (CNN) and a capsule network (CapsNet). Diversity is also introduced into the
data set by the data augmentation procedure. This regulation technique has been shown
to be essential to obtain the best possible result on the MNIST dataset of American Sign
Language (ASL).

The rest of this document is organized as follows. In the first chapter, I present studies
on previous work in the field of recognizing human body movements and gestures and
recognizing methods of self-learning. In the second chapter, I talk about Image Pro-
cessing and Pattern Recognition and some applications in this field. In Chapter Three,
a review of Gesture Recognition and Types of Gesture Recognition with Overview of
Types of Cameras. In Chapter Four, a review of the Image Acquisition, Data Pre-
processing, segmentation, Machine Learning Approach to form the proposed group to
solve the image recognition problem. In Chapter Five is presented some experimen-
tal results obtained by several deep tools are compared with those presented by our
proposed method. Finally, it closes by providing the conclusions of this work and sug-

gesting some future lines of research.



CHAPTER 1

Review of Literature

1.1 Introduction

Among the most important areas in today’s life is communication - reading and writing.
The method of communication in which he is involved in any type of body movement
is called gestures. Gesture recognition is a mathematical interpretation by a computer.
Gestures are expressive and meaningful bodily movements that involve bodily move-
ments of the fingers, hands, arms, head, face, or body. There are many types of human
gesture expressions, the most common being the expression of gestures. In other words,
a gesture is a silent or non-vocal method of communication that uses hand movement,
different positions on the body, and facial expressions. Gesture recognition based on
computer vision has gradually become a hot research destination in the field of human-
computer interaction. Sign language is the most expressive method for the hearing
impaired, the recognition tool must be able to recognize the vocabulary of continuous
signs in real time. Direction sensor-based gesture recognition is an emerging area of
pattern recognition research. A trial inspection proves the high performance and accu-
racy of any proposed device. The usual way to use the hand gesture recognition system
is when we give some commands to our system by manual gestures, the device first
picks up our command as an image and then compares it to the database and if you
find any image in the database, the task assigned to that will be executed. Most im-
portant in today’s life is communication - reading and writing. They feel difficult to
communicate because they cannot access the computer. A few papers have focused on
human-computer interaction (HCI). They used braille scripts for reading and writing
purposes, which cannot be interpreted by existing computers. The six fingers represent
the six points in braille. A smart camera can be defined as a vision system that produces
a high-level understanding of the captured scene and generates application-specific data
for use in the system. Skin tone segmentation techniques based on monovision are used
to divide the hand into a complex image sequence.The features of the standard graph
are extracted along with the 44 various engineering features.

The main aspects that determine the complexity of the HGR task in various contexts

include:



1. Vocabulary structure (vocabulary size, similarity and complexity of gestures, double-

hand gestures),
2. Scene settings (lighting conditions, background content, and blockages),

3. Performance limitations (continuous gestures, face / hand overlapping, hand eject-

ing from the scene, and pause during gesture),

4. Contrast within categories (gesture size, speed, location, and direction). Under

different conditions, the task of HGR can be somewhat varied.

In the first half of this chapter, the different definitions of HPR and HGR will be catego-
rized in different contexts. Since this thesis is primarily focused on appearance-based
HGR methods, the second half of this chapter is devoted to reviewing the features and

other related works in the category of HGR methods based on 2D computer vision.

1.2 Capture

There are diverse methods and sensors for capturing information from a scene: colour
cameras (RGB), infrared cameras (IR or thermal cameras), depth sensors, lasers,reflective
markers, etc. Gathering depends on the sensor type data and is appropriate for some
specific tasks and not for others. As an example, in an assembly line which produces
water in metal bottles, infrared cameras can detect fluids inside the bottles while colour
cameras cannot, and therefore when testing if the containers are full, infrared cameras
will provide the necessary information.

Since this study is focused on Sign Language (SL), the information of the scene is
limited to the hands. To capture hand data? a special sensor has been developed to
recognize the position of the hand skeleton,[6] controller; compared to other sensors,
it is small and portable.It is sometimes attached to a Head Mounted Display to add the
user’s hand to a virtual world. Because of physical device constraints, the capture area
is limited to a modest distance from the sensor; the area of capture restricts the user’s
movement and it may not be appropriate for sign language as stated in [7]. Example
applications include: [8]] is an interface for Human-Computer interaction on Windows
and Mac devices, it provides shortcuts for switching applications, volume handling,
media player actions, etc.; Cyber Science [9]] challenges the user to explore, dissect and
assemble a skull to learn about human anatomy.

Hand tracking gloves and markers on the hand are other techniques to capture and track
finger information for the recognition of hand gestures [10, [11]. Gloves are accurate
in determining the exact position of each finger but they are not comfortable for users,

they can obstruct fingers’ movements and the resulting hand gesture may not be correct.



Markers are not uncomfortable but they need a specific setup step and a constructed en-
vironment. Because casual users of the system may not have in possession the required
equipment or they may not know the environment arrangement, this approach may not
be suitable for the problem.

I focused on capturing images from the scene, the distance from the camera to each.
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(b} Hand glove for hand gesture
{a) Leap motion sensor. recognition.

Fig. 1.1 Specific sensors for hand gesture

Point of the hand of the user. The camera captures an image of the scene in which each
pixel measures the distance to the closest object. Depth provides features imaging cam-
eras cannot offer, for example, finger positions; colour images are 2D images in which
each pixel represents the intensity of the light of each colour channel at that point, while
depth sensors capture spatial distance points. Falling into the category of depth sensors
there are different methods of capturing distance information of a scene. The most com-
mon ones are Time-of-Flight sensors [12], Structured light cameras/sensors [13]], and

Stereoscopic cameras [[14]].

1.2.1 Time-of-flight (ToF)

ToF cameras (Figure 2.4 [15]) measure the time a light signal spends flying in the space
between the camera and the object in front of it. For each pixel of the image, there is

a measurement which provides information about the depth of an object. These types

{a) Time of flight. (b) Kinect camera. () Sterecscopic camera.

Fig. 1.2 Types of Sensor.



of cameras produce accurate depth images at a high frame rate (150 frames per second)
empowering real-time recognition systems, but they are sensitive to lighting conditions
and reflective surfaces. The resolution of the ToF device is lower than other sensors
[12]. Low-resolution cameras may not fit the requirements of the SL problem because
it does not properly detect dissimilarities in hand images or the hand.May not fit within
the boundaries of the image. Using more than one ToF sensor to increase the resolution
of the image (stitching images together) increases the resolution but it produces noise
in the estimation of the depth as a result of the interferences between them. In spite
of the low resolution of the cameras, some work has been done using them for hand

recognition [[16} [17] obtaining accuracy around 90% in real time.

1.2.2  Structured light

The principle of structured light is based on projecting a specific light pattern into a
scene. An infrared (IR) light emitter projects a dense structured matrix of dots (IR11
pattern) onto the scene; these projections are captured by an infrared camera. As shown
in Figure 1.3, the scene warps the pattern and by triangulation, the position of each dot
is calculated. Since the projected pattern is known, the difference between the warped
and projected patterns provide information about the scene’s depth. Internal processors
of the device compare the distortions against the known pattern to estimate the distance
value of each pixel and create a 3D point cloud of the scene. These types of sensors
do not work well with bright lighting conditions because the overabundant light drowns
the projected IR pattern.

Since the light emitter and the camera are different sensors, they are separated by a
certain distance which forces the system to set the minimum distance to around 0.6 me-
tres to perform the triangulation. Large distances make the projection sparse and thus
the accuracy of the image decreases. These sensors have an optimal capturing range,
which depends on the device constraints, but the optimal range of this type of system is
approximately 1.2 to 3.5 metres.

Microsoft Kinect, as shown in Figure 2.4, is a camera which captures the depth images
of a scene using the Structured Light principle. Since its release in 2010 for the Xbox
gaming console, it has been used for many scientific purposes [[18, 19, 20, 21]]. Regard-
ing hand gesture recognition and Sign Language problems, the Kinect has been used in

diverse methods concluding in high accuracy and real-time systems [[19} 22, 23| 20].

1.2.3 Stereoscopic

Stereoscopic cameras (Figure 2.4) use two cameras with a certain displacement to get
depth information. They simulate the biological eye system to measure depth using a

3D triangulation as shown in Figure 1.4 [15]]. These types of cameras have the sensors



Fig. 1.3 Structured light principle, how to measure the depth of the scene by triangula-
tion, using the distortioned infrared pattern.

embedded in the same device. Since the method of depth estimation is based on the
sensor’s position and knowing their relative distance, it is not required that the sensors
are built-in in the same device. It is viable to get two monoscopic cameras to imitate
the stereoscopic ones if the setup of the system is known and appropriate calculations
are performed. This method has the same problems as the Structured Light sensors:
the field of views of the cameras do not overlap and thus they have a minimum capture
distance.

The crucial part of measuring the depth from stereoscopic cameras is to find corre-
sponding points in the two images. Knowing the base length between the two sensors
and coordinates of the corresponding points in both images it is possible to compute
the depth of it by triangulation. This technique has high computational cost and the
resulting depth map has low precision; smooth colour objects in the scene, do not offer

good enough features to correspond to pixels in both images, while sharp ones do [24]].
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Fig. 1.4 3D triangulation of the scene using two common cameras.

Therefore, the accuracy of the depth map is determined by the composition, textures,
and colours of the scene.

Even though the computational cost is high and the accuracy is subject to the scene
arrangement, stereoscopic cameras have positive aspects: they can be built with normal

cameras, thus the resolution and the frame rate is variable; and, they work well with



different lighting conditions.

Diverse publications showed that using these types of cameras, it is plausible to achieve
high accuracy for human-computer interaction systems in real time. The author in [25]]
present a method using Hidden Markov Models (HMM), based on human body images
as input to control characters in gaming. Jojic presents [26]] a real-time system for de-
tecting pointing gestures.

We chose as the optimal sensor the Microsoft Kinect camera, as it is inexpensive for
the resolution and precision, it offers. It has a VGA camera with a 1920x1080 resolu-
tion to capture high-resolution colour images. It has a QVGA sensor (Structured Light
sensors) with a 512x424 resolution: it captures the depth information of the scene. This
sensor has an optimal capture range at 1.5-3.5 meters; objects very close or very far
from the sensor are not measured well. The two sensors, VGA and QVGA, work at a
frame rate of 30 fps; since the minimum frame rate to get fluid captures is 24 fps, it is
sufficient to record videos and also work in real time.

We used the QVGA sensor to capture the images. The frame rate is enough for devel-
oping real-time systems, as 30 fps is sufficient to track the bodies of the people and
segment the hands from them. One advantage of using the Kinect is the built-in SDK:
the requirement to recognize the human body and track the hands is already devel-
oped, so there is no need of carrying out with this work again. Approaches for body
tracking [27,20]], hand gesture recognition [[18} 19, 28] and Sign Language recognition
[29] 118} 119, 28], have taken advantage of this camera and there are a lot of existing
documentation and forums. The Kinect camera has capturing problems, but defining a

specific environment to record users minimizes their impact.

1.3 Categorisation of HGR Methods

To present a systematic review of the works produced by both academic and industrial
communities, the existing HGR methods can be categorized according to their pur-
poses and approaches. In Section 1.3.1, HGR methods are introduced under different
contexts. A categorization of HGR methods based on the input sensors can be found in
Section 1.3.2.

1.3.1 Categorisation by Context

People use hand gestures to convey various messages in communications. For different
gesture vocabulary, HGR can be classified into two categories: communicative hand
gesture recognition and manipulative hand gesture recognition. Communicative ges-
tures mainly include sign languages. As stand alone languages, sign languages usually
consist of 2,500 to 3,500 words [30]. From a pattern recognition point of view, the

sheer volume of the vocabulary leads to an enormous number of categories in the fea-



ture space, which is always a difficult classification task. Due to the limitations of
the display for the use of hands only, the similarities between the different classes are
relatively high. Moreover, to mimic the specific semantic meanings of certain words,
exit from the level is often included in gestures (such as the word "bicycle” in Amer-
ican Sign Language [31], as shown in Figure 1.5). Circles are difficult to distinguish
from vertical strokes with regular 2D cameras. There are three types of signs in sign

languages [32]:

* 1) Verbal signs: Signs are designed based on the semantic meaning of words
(33,132} 134} 135]],

* 2) Non-manual signs: they are signs with additional features other than hand
movements and postures, Such as head and tongue positions and other positions
[36,137,138],

* 3) fingerspelling marks: These signs require the performer to spell words by

drawing numbers or letters from written languages in the air [39, 40, 41, 142],

Researchers focus on addressing the sheer volume of vocabulary for HGR communi-
cation methods, rather than usability issues from unconstrained environments. As for
recognizing manipulative hand gestures, the task is more about sending commands to
computers, rather than offering communication purposes. Hence, the gestures are in-
tuitive and simple, like swipes to turn pages. From the point of view of ease of use
and user experience, the gestures should be as simple as possible. In this way, perform-

ing the gestures may distract the user as much as possible. The size of the vocabulary

Fig. 1.5 Word Bicycle in American Sign Language.

is relatively small. The similarities between the gestures can be low. For real-world
applications, manipulative HGR methods are used as interactive user interfaces. A po-
tential market is emerging for HGR’s manipulative methods [43} 44, 45]]. This thesis
focuses on HGR manipulation, and more specifically, the recognition of hand gestures

for American signs language. Hand position recognition methods are also widely used
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in both communicative hand gesture recognition and manipulative hand gesture recog-
nition. In sign language recognition, many words are designed to have distinct hand
shapes. Therefore, hand posture is, of course, a feature of the track. Sometimes the
paths of the hand in different marks are the same, and only the positions of the hand
are different (Figure 1.6 [46]). In these situations, discovering different hand positions
becomes part of the recognition process. Also, for the alphabet of finger spelling in
sign languages 48], the only task is to know the position of the hand. For manip-
ulative HGR, most vocabulary in real-life applications is usually formed by fixed hand
position 50, [51]]. For HPR applications, the camera scope focuses on the hand
area with relatively small back areas. This leaves background distractions in a small

percentage of the scene to render complex and moving textures. The challenges from

[}

Fig. 1.6 Example of signs that are only different on the hand poses. (a): word Key in
the American Sign Language. (b): word start in the American Sign Language.

non-controlled environments that HPR (Hand posture recognition) methods face are
much less serious than HGR, which makes real-time response an easier task for HPR
methods. HPR methods are also widely used to solve the problem of detecting manual
gestures. The simplest solution for HGS (hand gesture signature) is to identify certain
hand positions as the starting signal for predefined gestures. This idea has been adopted
in both academic research [52, 53] and commercial regulations [49] 43|50, 54].

11



1.3.2 Categorisation by Sensor

As a typical pattern recognition problem, the performance of HPR and HGR methods
highly depends on the quality of features. Due to the various applications of HPR and
HGR methods, different input sensors can provide various imaging methods, such as
depth information and infrared data. Hence the classifiers in different applications are
facing different types of features. To review HPR and HGR methods, categorization
of methods based on input sensors is a vital perspective. In this section, methods with

non-vision-based sensors, vision-based methods will be introduced.

Fig. 1.7 Mister Gloves, Cornell University

1.3.2.1 Non-vision-based HGR

For commercial HGR technologies, stable and robust sensors can provide solutions to
challenges from unsupervised environments. Different types of sensors can produce
additional information such as pixel depths or hand-held articulated models. Methods
using these sensors can identify the target hand without distracting background objects,
even front obstacles. Despite the advantages, compared to regular 3D or 2D cameras,
the cost of deploying or integrating complex sensors can be relatively high. But this has
not prevented non-vision-based methods from marketing in recent years. This section
provides a brief review of these methods.

Intuitively, the glove is a natural form of capturing hand gestures and postures. The
glove-based method is one of HGR’s oldest ideas. Mister Gloves, developed by Cornell
University [53], uses an integrated wireless USB transmission on a pair of circuit gloves
as an input method. By monitoring hand joint movements to detect different hand
positions and sending a wireless USB signal to report hand position, Mister Gloves
can accurately recognize dynamic hand gestures and static hand positions. However,
the huge hardware costs and the circular gloves precluded the mass production of this
method.

12



Another pioneering glove-based technology is CyberGlove, developed by CyberGlove
Systems [56]]. The sensor glove is connected to angle gauge sensors and a set of pulse
vibration stimuli. Not only can it capture hand movements, but it can also simulate
simple sensations on the user’s hand. Meaning, the user can “feel,” virtual objects
through the glove.

Touch screen technologies are widely used today to capture dynamic hand paths. Due
to the commercial value, touch screen production has been perfected in the past decade.
The touch screen costs are low enough to make it standard compact devices for mobile
devices. Touch screen technology is one of the most reliable commercially available
HGR methods on the market. MYO [44]], is an armband sensor that monitors the user’s
electrical activity from the arm muscles. The arm bar can predict hand movements and
postures using electrical signal patterns. This product expands the limits of usability of

HGR technologies. It is portable, wearable, and requires no cameras.

1.3.2.2 2D Vision based HGR

This thesis focuses on 2D vision based HGR, namely appearance based HGR methods.
The only sensor used in the methods is a normal 2D camera, without the ability to
capture depth information. The reason for this choice is based on the current usability
issues with the RGB-D sensors. Currently, RGB-D sensors are not as widely deployed
in portable personal electronic devices (laptop, mobile and tablet) as 2D cameras due to
the size and extra hardware costs of the RGB-D sensors, despite the fact that the sizes of
the RGB-D sensors are getting smaller and the manufacturing cost difference between
the RGB-D sensors and the normal 2D cameras is also getting smaller. In other words,
from the point of view of real-world application usability, the general population user
base of RGB-D sensors is still in a relatively smaller scale than normal 2D cameras.
Moreover, no matter how small, the size and price differences of RGB-D sensors and
normal 2D cameras remain the major obstacles of the adoption of RGB-D sensors in
mainstream consumer electronics. Although the ability of utilizing depth information of
the RGB-D sensors is a major advantage over the 2D cameras, the primary motivation of
this thesis is to explore the possibility of performing robust HGR with the most widely
deployed camera type on the market which currently is the 2D cameras. The appearance
based HGR methods normally have 3 main steps, hand segmentation/tracking, feature
extraction and gesture classification. The following section provides a detailed review

on various techniques used in appearance based HGR.

1.4 Methodologies of Appearance based HGR

In this section, a review of appearance based HGR methods is presented. The review

follows the three basic steps of the HGR process. For each basic step, widely used
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classic techniques and the state-of-the-art methods will be introduced. Brief analysis

on the merits and drawbacks of the techniques can also be found in this section.

1.4.1 Recognition

ANNS are popular in image processing over other classification methods because they
can, in theory, be trained to perform any regression or discrimination task [S7]. These
mathematical models are based on reproducing the behaviour of biological brains by
learning from real-world data instead of hand-coding features: in the case of image
processing, the features of the images.

The first attempt to imitate a biological brain was the mathematical model creates by
Pitts [S8]], called threshold logic. Based on this idea, an algorithm for pattern recogni-
tion [39] was created to perform addition and subtraction operations. These basic neural
networks were networks of perceptrons (neurons) organized in connected layers but had
limitations in performing some operations until Werbos presented a backpropagation
algorithm [60]. The backpropagation allowed the learning of the NN, in adjusting the
weights of the layer connections to perform more complex operations. Depending on
the problem and the amount of training data, the training step may require high compu-
tational cost and time, that is the reason why simpler methods overtook these models in
the Machine Learning area.

Nowadays, hardware has more computational power than the early beginning of NNs.
Dealing with learning tasks became time-affordable gaining popularity for classification
problems. One of the most popular types of NNs for image processing is Convolutional
Neural Networks (CNN). They are inspired by the organization of the visual cortex in a
biological brain: as shown in Figure 1.8 [61]], the perceptrons are not fully connected to
the next layer’s perceptrons; instead, they are connected only to some of them. This idea
was presented in an experiment [[62] where it was shown how some specific neurons re-
acted to particular edge orientations. The global idea of a CNN is having an image as
an input to the model, passing it through the different layers and getting an output that
can be a single class or a probability of classes. There are three types of operations
in a CNN: the convolution step computes a convolution over the input image using the
already learned feature maps as filters; the pooling step reduces the dimensionality of
the convolved image; and the fully connected layer works as a common neural network,
where each neuron is fully connected to the neurons in the next layer.

The CNN and its variations have been used across different areas in diverse problems
[63, 164} 165].One of the areas is Natural Language Processing (NLP). In (Col- lobert
and Weston 2008) a single CNN architecture is presented to provide information about
a sentence: part-of-speech tags, chunks, semantic roles, similar words, etc. Using a

CNN, Cicero [64] performed sentiment analysis of short texts using Twitter posts. Text
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classification is performed in [66] using a Recurrent CNN, capturing contextual infor-
mation of the text. Another use of this type of neural network is in the area of speech
recognition, due to the spatiotemporal feature of the CNN they are suitable for these
kinds of tasks.

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
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Fig. 1.8 The structure of a CNN

In [63]], a hybrid system of a neural network, an HMM, and a CNN is presented for

multi-speaker speech recognition. Continuing this research line the same author shows
[67] his experiments on how to use a CNN for speech recognition and compares the
result against a standard hybrid Deep Neural Network-Hidden Markov Model on the
TIMIT recognition tasks.
Among the various areas a CNN can be used in, the most popular one is image process-
ing. In this case, the CNN learns from a training image set and creates feature maps
which, after a convolution, detect local features. These features are kept for the next lay-
ers of the process to recognize more abstract features by combining simpler ones. This
process reduces the dimensionality of the image, and thus the efficiency of the neural
network is increased. In [65] diverse methods for handwriting recognition are presented
and the use of a CNN is studied; these studies show how CNN eliminates the need for
hand-crafted features. The results reported in [64] demonstrates the robustness of a sys-
tem for detecting handwritten letters on bank checks, integrating it across several banks
in the US. Some work in breast cancer detection using mammography images has been
done in [68, 169, [70]. Magnetic Resonance Imaging (MRI) images have been processed
with a CNN [[71} [72, 73] to detect the gray mass in the brain and identify neurological
diseases. Challenges in image recognition [/4] taking advantage of NNs was raised due
to the actual computational power; given a dataset with millions of images challenge
participant teams had to recognize objects in the images. The datasets of the challenges
are public and scientist used CNNs to create recognition systems [75, [74]. There was
an inflection point in 2012 when CNN presented in the work [[76] won the challenge
ILSVRC 2012 [74] reducing the error rate from 26.2% to 15.3%. With the power of
two GPUs, they designed and trained a CNN called AlexNet [76] to deal with the 15
million labelled images.

Other recognition models have been used for image processing and automatic human
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body detection which are the main features of various applications: virtual reality,
surveillance, person identification, fall detection for elderly people, or gender classifi-
cation [[77, (78 [79]]. These applications segment human bodies from environments with
varying conditions such as lighting, weather or a number of objects. Once the system
is capable of detecting bodies, the next step is tracking them to capture the behaviour
of people. As an example, video monitoring with human body tracking can be found in
London [77], where the use of RGB cameras in a network all over the city permits the
tracking of people.

Another use of body segmentation is body joint estimation to recognize the skeleton
and body pose. The detection of different parts of the body empowers Natural User
Interfaces for Human-Computer Interaction (HCI) applications. Since the release of the
Microsoft Kinect camera, the use of bodies for controlling characters in video games
has risen [80]].

1.4.2 Hand Segmentation and Tracking

To record the hand trajectory for HGR or extract the hand area for HPR, the target hand
area needs to be segmented from the background and tracked throughout the video
stream. In this thesis, to distinguish the features of Hand Segmentation and Track-
ing from the features of Gesture Classification, the features of the former are called
spacial tracking features, while the features of the latter are called temporal trajectory
features. The most distinctive characteristic of the target hand region against the back-
ground is the skin colour. Hence, skin colour detection is widely used in HGR commu-
nity, which is also one of the active research fields in the computer vision community
[81L 182} 183), 184, 185 186] . Human skin colour has a relatively distinct distribution in the
colour spaces [84]]. The skin colour tones from different races share similar hue value,
but the saturation are different [87]], especially in the HSV colour space. That makes the
HSYV colour space the most widely used colour space to perform skin detection [|86, 88]].
It is obvious that a model of skin colour can be trained to perform skin detection. [81]
trained a Mixture of Gaussian Model through a large database of skin and non-skin im-
ages. The detection time is unacceptable for time-sensitive applications. There are also
some methods focus on other colour spaces. [89], proposed a Gaussian model for skin
detection in the YCbCr colour space. Unsupervised learning methods are also used in
skin detection. [83] proposed a clustering method for skin detection to overcome the
changing illumination. For real-time applications, the common choice of skin detection
method is simple thresholding with carefully chosen thresholds.

For HGR methods that only consider the controlled background without any moving
distractions, the target hand can be easily segmented by using scene depth information.

Some HPR methods adopt the depth information to facilitate the hand segmentation
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through stereo cameras. [90] proposed a Latent Tree Model that is capable of pre-
senting the hierarchical topology of the hand postures, with depth information. [91]
proposed a method for learning a compact and efficient model of the surface deforma-
tion of human hands from depth information.

For HPR methods, there is no need to perform hand tracking given that the samples
are normally still images. For HGR methods, after detecting the target hand, the hand
region needs to be tracked. Hand tracking is no different from other standard tracking
tasks such as object tracking. Hence, various traditional tracking methods have been
utilized for hand tracking. Mean Shift as one of the traditional methods is firstly pro-
posed by [92]] or feature space analysis. Mean Shift has been used for tracking in many
works [93} 94]. The basic idea is firstly to train a model of the target represented by
texture, contour or colour features. Then similar to the optimization methods, Mean
Shift takes a density function of the target region model and searches for the optimized
matching area in the frames. Continuously Adaptive Mean Shift (Camshift) [95] is a
variation of Mean Shift which changes the window size in Mean Shift when the search
is near the convergence point. It has also been used for hand tracking [96} 97, 98]].
Particle filter methods are essentially grid-based iterative search methods. With the ex-
tracted features from the given target region, the methods search for similar regions in
the whole frame iteratively. In each iteration, the search biases to the matching result
from the last iteration until the search converges in a region. Particle filter methods
are widely used for tracking [99, [100, [101] .[102] proposed a hand tracker that com-
bining, the Particle filter with Mean Shift. Another well-known hand tracker proposed
by [103], trains a dynamic model to guide the particle filter search. [[103] proposed a
method using Hierarchical Bayesian filters for model-based hand tracking.

Optical flow [[104, [105] is a velocity field that shows the movement of pixels. Optical
flow can be used to extract trajectories of pixels in video streams. However, it works
under two assumptions. The first one is that the target feature point has constant texture
and brightness during the motion. The second one is that all pixels within the neigh-
bouring region of the target feature point are moving towards the same direction as
the target point.[106]], proposed an optical flow hand tracking method that can recover
the full hand articulation model with 27 degrees of freedom from the gray level images.
[107] proposed a fusion model that combines optical flow with other features to perform
hand tracking.

1.4.3 Feature Extraction

For Hand Posture Recognition, the feature of posture classification is the data represen-
tation of the hand shapes. There are two main types of features for HPR, contour and

texture features. Contour features are descriptors that represent the exterior contour of
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the target hand region. The Fourier descriptor is one of the most widely used contour
features. The basic idea is making the contour a one-dimensional vector, similar to the
chain code. Then Fourier Transform is applied to the vector. The Fourier coefficients
can then be treated as the feature of the contour [108, [109]. Moments are descriptors
that represent various contour properties, such as the sum of horizontal and vertical
directed variance. Other contour features include Wavelet descriptors [110], shape sig-
natures such as average distance between pixels on the contour, gradient shape features
[[111] and the centroid of the contour, etc.

Texture features are essentially various representations of the gradient patterns. His-
togram of Gradient (HoG) [112] as one of the popular texture features is a histogram
presentation of the local gradients. Scale-Invariant Feature Transform (SIFT) [113] is
another popular texture feature. SIFT contains selected key points with coordinates and
gradient descriptors. The key points are local extreme values in the Laplace of Gaus-
sian (LoG) pyramid. The descriptors summarize the orientation and intensity of local
gradients. The two important advantages of SIFT are its invariance against rotation and
scale. Hence, the SIFT key points represent the edges and ridge-like textures regard-
less of the orientation and scale of the target object. Moreover, it can also be tolerant
certain level of view point changing. Speeded-Up Robust Features (SURF) was orig-
inally presented by Herbert [[114] based on the idea of SIFT. It also inherited in-plane
rotation and scale invariance, which makes it desirable for Hand Posture Recognition.
However, with high precision of texture matching, the 64 dimensional descriptor of
SURF requires intense computations for both key point extraction and matching. [[115]]
proved that this problem can be fixed by directly building a short binary descriptor with
independent bits. That is called the Binary Robust Independent Elementary Feature
(BRIEF) [115]. This binary descriptor uses Hamming distance as matching criteria,
instead of Euclidean distance between the descriptors. That can largely fasten the tex-
ture matching process. However, the descriptors are not rotation and scale invariant.
[116] proposed an improved binary descriptor, which is rotation invariant, called Ori-
ented Fast and Rotated BRIEF (ORB). There is an additional advantage of ORB which
is its robustness to noises. [[117] also introduced a binary descriptor that is both rotation
and scale invariant. It is called Binary Robust Invariant Scalable Key points (BRISK).
The main characteristic of BRISK is that, in each scale pyramid octave, a corner de-
tection method called Features from Accelerated Segment Test (FAST)[118], is used
to detect the key points, instead of simply locating local extreme values as in SURF
and SIFT. That makes the key point selection more efficient in BRISK, and ensures that
the number of key points in BRISK descriptor is lower than SIFT and SURF. However,
the robustness of BRISK descriptors can be affected by out-of-plane rotation or rapid
texture changes. That is a vital drawback for applications such as HPR. Fast Retina

Key points (FREAK) proposed by. [119] is the latest development on gradient-based
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key point texture features. It simulates the principle of human retina visualization. A
cascade of binary descriptors is used instead of a single descriptor. The cascade struc-
ture is constructed by comparing image intensities over a sampling pattern based on the
human retinal ganglion cells distribution, in which the method picks more key points
in the central area. Although . [119] reported better performance over SUREF, its ro-
bustness against illumination and view point changes in HPR applications still remains
untested.

For HGR applications, the aforementioned gradient-based material master point de-
scriptors can also be used for texture-based traceability. After the method for tracking
the hand has determined the position of the candidate hand in the frames, the tempo-
ral features are extracted to represent the tracks. In contrast to the spatial features of
surroundings and texture, there are only a few commonly used pathway features. It
can be classified into two types, local and global features. Local trajectory features in-
clude hand speed, position, and direction of movement [120, 52]. Hand speed, motion
direction, and hand displacement coordinates between adjacent frames can be used to
describe elementary path segments. General features are descriptors of shapes that are
extracted from full-hand paths. All the previously mentioned contours and texture fea-
tures can be used as the Universal Pathway features. Since the positions of the hand are

the same, paths can be viewed as still images.

1.4.4 Gesture Classification

All classifiers are trying to summarized feature patterns from the training set, and then
applying these patterns to classify the testing samples. For HGR, the hand trajectories
are sequence data represented by both spatial and temporal features. The classifiers
must be capable of processing sequential features in order to classify the hand trajec-
tories. But for HPR, the classifier does not have to process sequence data since the
samples are still images without any temporal information. In this section, a review of
some of the popular classifiers for HGR and HPR is presented. The template match-
ing is a strategy for directly measuring the distance between the testing sample and the
predefined gesture class models. The advantages of this strategy are twofold. Firstly,
minimum training is required. Since the methods directly calculate the distance of two
feature vectors in the feature space, instead of extracting latent patterns or measuring
elementary local patterns, the templates of gesture classes are usually pre-processed
feature vectors of training samples. Hence, there is no need to build statistical mod-
els for the gesture classes through the training process. Secondly, the inference time
cost is usually low. Namely, the calculation of the feature vector distances does not
require complex computations. Although the computational complexity depends on the

dimensionality of the feature vectors, template matching methods are still considered
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less computational intensive than statistical models. Continuous Dynamic Program-
ming (CDP) as one of the popular template matching methods is proposed by. [121]
for segmenting and recognizing continuous hand gestures. A set of sequence patterns
are used to represent trajectories in the spatiotemporal space. A dynamic program-
ming based method is used to match the sequence patterns, which cumulatively adds
the distances between corresponding elements in the sequence patterns. Decent results
are reported on an 8-hand gesture database [121]. Alon et al. proposed a hand ges-
ture segmentation scheme based on CDP [122].A pruning method is introduced in this
scheme to discard hand trajectories with relatively short length. An improved version
with template matching method based on Dynamic Time Warping (DTW) is proposed
later [120]]. This work introduces the concept of sub-gesture reasoning, which learns
the relationships among the gesture classes. For Hand Gesture Spotting, subgesture
reasoning can improve the ability of segmenting similar gestures. However, these two
methods require extra computations on estimating the location and scale of the gestures.
In other words, the methods of [122,120] do not have gesture scale and location invari-
ance property. The DTW classifier itself still requires estimated scale and location of
the gesture trajectories. A pruning technique is also used in the method to reduce the
number of hypotheses. DTW based methods are normally used for tackling temporal
element displacements in the templates. If the sequential order of the elements has a cer-
tain level of variance in the testing set, DTW based methods can overcome the variance
by matching the elements within a corresponding time window without considering the
order of the elements. However, using the length of the trajectories as a criterion for
pruning means the method is not gesture speed invariant. For the testing samples where
the gesture performer signs the gestures relatively faster than the performers in the train-
ing samples, there is a high probability that the method of [[122, [120] would prune off
these testing samples regardless of the actual gestures labels of the samples. Hence for
the uncontrolled environments, the methods of [[122, [120] are sensitive to the various
scales, speed and location of the gestures.

HMM based methods use a set of transitional probabilities to simulate the local depen-
dencies between the adjacent observation states. The model needs to estimate the state
and transitional probability matrices among the observations and hidden states in the
training set. Then the inference task is performed through forward-backward propaga-
tion based on the trained probability matrices. [123,124] introduced two HMM based
models to perform HGR on a 40 words sign language vocabulary, and reported decent
accuracy. A few HMM variations are proposed for different specific applications. [125]]
trained a dedicated HMM model for each gesture class, with various number of hid-
den states. [[126] introduced a coupled HMM method for classifying two-handed signs.
This method is proven to be robust against initial observation probability changes. [127]]

proposed a parametric HMM, which extends the original HMM by including a global
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parametric variation on the output probabilities of the hidden states. But HMM is only
able to take the last observation state into account for inferring the current hidden state.
That means HMM is incapable of monitoring long-range dependencies within the ob-
servation sequences. In the context of HGR, the transition probabilities in HMM can
only represent trajectory temporal features within adjacent frames. The transition prob-
abilities are not considered under the context of the entire trajectory. Another popular
concept in pattern recognition is Deep Learning. One of the main concepts of Deep
Learning is to train the features instead of using man-made features. [128] showed
the potential of Deep Learnin methods in solving various computer vision problems.
Convolutional Neural Networks (CNN) proposed by [65]], is one of the best examples
of Deep Learning methods. The key innovation of CNN is choosing trainable features
over heuristic features. It breaks the conventional concept of man-made spatial fea-
tures. In the CNN model, a set of fix-sized trainable kernels are defined to extract local
texture features. The training process is based on optimization methods with an error
function on the whole training set as the objective function. Hence, the training process
is essentially searching for optimized kernels that can minimize the error function of the
training set. The kernels act like texture feature extractors. In each convolution layer
of the neural network, the input image will be convolved with the trained kernels for
feature detection. Every convolution layer is followed by a pooling layer which down
samples the input image to one fourth of the size. As the input image goes deeper into
the network, the kernels of fixed size are monitoring texture features on larger scales.
The final output layer of the network produces the final scores based on the input signals
from all previous layers. [[129] simplified the CNN model. The simplified version does
not require weight decay and averaging layers. Multi-column Deep Neural Networks
(MCDNN) is introduced by [130], as a CNN structure with a large number of feature
maps in each convolution layer, and a large number of convolution-pooling layer pairs.
In other words, this is a wider and deeper neural network. It is proven in this work,
that with more feature maps to monitor a large number of local texture features, the
MCDNN is capable of producing state-of-the-art performance on various computer vi-

sion applications.

1.5 CONCLUSION

In this chapter we have studied the various methods of gesture recognition. Hand ges-
ture recognition system is considered as a way for more intuitive and proficient human
computer interaction tool. The range of applications includes virtually prototyping,
sign language analysis and medical training. Also, we have identified how to classify
the noninterest images and interested gestures from the taken actions or images, inertial

sensor is used to identity the gestures. In this chapter we have discussed about the end-

21



Point algorithm and also a few techniques of it is Mono-vision technique. Each of them
performed all the hand gestures.

Some recent publications proposed promising methods for activity recognition and pre-
diction in uncontrolled environments. [131]] proposed a novel hough- transform based
voting method which uses random projection trees to perform feature voting. This
method reported taking about 10 seconds to perform the activity classification for a
video with four seconds length. It is far from real time, but the method is robust against
crowded scenes. [132] proposed a forward human action prediction method which rep-
resents an activity as an integral histogram of spatiotemporal features. A novel recog-
nition method called dynamic bag-of-words is also proposed in this work, which is
capable of taking the sequential nature of human activities into account while main-
taining the merit of noise tolerance of the bag-of-word method. This work can perform
prediction in real time given that the features are fed to the method in real time. [133]
proposed Hough Forests for human action recognition which are random forest varia-
tions utilized to perform a generalized Hough transform. They reported 10-second time

cost for classifying pre-existing actions in 100 frames.
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CHAPTER 2

Image Processing and Recognition

2.1 Image and Signal Processing

Image processing is a method of converting an image into digital form and performing
other operations on it in order to produce an enhanced image or obtain useful informa-
tion from it. The input is an image, like a video frame and the output can also be an
object or an image. This is a kind of signal spread [134]. The image processing system
contains various tools such as image acquisition, image enhancement, image recovery,
colour image processing, wave processing, multiple solutions, segmentation, and object

recognition.

Each tool will be defined as follows: Image acquisition is taking a picture and dig-
itizing it then analysing the problem area and then following the steps according to the
problem. Image optimization is carried out across time and frequency to optimize the
image according to the requirements. Image recovery stores specific parts of an im-
age with the Point Spread function. The colour image manipulation tool is used when
the image is black and white. Wavelet and multi-resolution processing are used if the
images are to be rendered in different degrees or wavelengths of different resolutions.
Compression reduces the size of images using a specific function. Morphological pro-
cessing is an external structure of an image using dilation and erosion. Splitting is
performed by dividing the image into different parts. Object recognition is used to rec-

ognize and save an image description [[134, [135] .

Image processing is faster and more cost-effective. Processing takes less time and
reduces film and other imaging equipment. Image processing is more environmentally
friendly. No processing or repairing chemicals are required to capture and process dig-
ital photos. Printing inks are an essential component when printing digital photos. The
cloud-based tool for the Microsoft API allows developers to access advanced image
processing and data algorithms, image transmission or image URLs, and visual con-
tent analysis in many ways that support input and user identification [136]. Amazon

Rekognition is a cloud software used to integrate image and video analysis into user
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applications. It can recognize objects, people, texts, scenes, and events in an image,
video, or other inappropriate content [137]. SimpleCV is an open source computer vi-
sion platform that allows users to access various high-powered computer vision libraries
like OpenCV without thinking about bit depths, file formats, colour spaces, buffer man-
agement, individual values, or matrix versus bitmap storage. Photoshop is a program

used to edit digital images [[138]].

2.2 Pattern Recognition

As shown in Figure 2.1 [139]], pattern recognition methods can be divided into two
main categories: two-stages and end-to-end. Most traditional methods are two stages,
i.e. with cascaded handcrafted feature representation and pattern classification.

The feature representation is to transform the raw data to a feature space with the prop-
erty of within-class compactness and between class separability. Reprocessing (like
removing noise and normalizing data) is firstly applied to reduce within-class variance,
while feature extraction further enlarges between- class variance, and this procedure is
usually domain-specific.

Actually, for solving new pattern recognition problems, the first thing is the design of
feature representation, and a good feature will significantly reduce the burden on sub-
sequent classifier learning. This kind of effort can be found in different applications

like iris recognition, gait recognition, action recognition, and so on [[139]. After feature
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Fig. 2.1 A brief overview of pattern recognition methods.

representation, the second stage is pattern classification, which is a much more gen-

eral problem. Actually, classification is the main focus of many textbooks including
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Fukunaga [140], Duda et al. [[141], Bishop [142], and so on. This stage is also known
as statistical pattern recognition [[143],where many different issues are considered from
different perspectives. Firstly, dimensionality reduction is widely adopted to derive a
lower-dimensional representation to facilitate subsequent classification task. Another
approach of feature selection can be viewed as a discrete dimensionality reduction. Af-
ter that, many classical classification models can be applied. The most fundamental one
is the Bayes decision theory which integrates class-conditional density estimation with
prior probability for maximum posterior probability classification.

Artificial neural network is also widely used for pattern classification, including MLP
(multilayer perceptron), RBF (radial basis function), polynomial networks, and so on.
Decision tree based methods use a tree structure to represent the classification rule.
Kernel methods, have been widely applied to extend linear models to nonlinear ones by
performing linear operations on higher or even infinite dimensional space transformed
implicitly by a kernel mapping function, and the most representative method is SVM
(support vector machine). Ensemble methods can further improve the performance by
combining predictions from multiple complementary models. Clustering is widely used
as an unsupervised strategy for pattern recognition [[139].

In two-stage methods, we usually have multiple choices for both feature representa-
tion and classifier learning. It is hard to predict which combination will lead to the
best performance, and in practice, different pattern recognition problems usually have
different optimal configurations according to domain specific experiences. Contrarily,
deep learning methods are end-to-end by learning the feature representation and clas-
sification jointly from the raw data. In this way, the learned features and classifiers are
more cooperative toward the given task in a data-driven manner, which is more flexible
and discriminative than two-stage methods.

Formerly, deep neural networks are usually layer-wise pre-trained by unsupervised
models like auto-encoders and restricted Boltzmann machines. Nowadays, deeper and
deeper neural networks can be trained end-to-end due to many improved strategies such
as better initialization, activation, optimization, normalization, architecture, and so on.
Due to shared-weight architecture and local connectivity characteristic, the convolu-
tional neural network has been successfully used in many visual recognition tasks like
image classification , detection, segmentation, and so on. Moreover, due to the abil-
ity of dealing with arbitrary-length sequences, the recurrent neural network has been
widely used for sequence-based pattern recognition like speech recognition, scene text
recognition, and so on. Furthermore, the attention mechanism can further improve deep
learning performance by focusing on the most relevant information. Nowadays, deep
learning has become the cutting-edge solution for numerous pattern recognition tasks.
Besides the broad class of statistical pattern recognition approaches, structural patterns

recognition has been developed for exploiting and understanding the rich structural in-
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formation in patterns. Unlike statistical feature representation, the structure of patterns
is of variable dimensionality, and can be viewed as in non-Euclidean space. String
matching and graph matching are basic problems in structural pattern recognition. To
improve the learning ability of structural pattern recognition problems, kernel methods
(with graph kernel), probabilistic graphical models, and graph neural networks have
been used. Overall, the research and application of structural pattern recognition are

less popular than that of statistical methods [[139]].

2.3 Computer Vision Systems

Computer vision is a field that aims to enable computers to interpret, recognize and
process objects in the same manner as human vision. It is similar to giving intelligence
and instincts to a human computer. In fact, it is a difficult task to recognize computer
images of different objects. Computer vision is closely associated with artificial intel-
ligence because machines need to understand what they see and then interpret or act
appropriately [144]].

Computer vision architecture involves processing digital images via different stages
successively. The first stage is the image acquisition which captures an image and digi-
talizes it and then analyses it according to the problem domain. Image Processing is the
second stage which is a method to transform an object into a digital form and perform
certain operations on it in order to produce an enhanced photo or obtain useful informa-
tion from it. Image processing is also a form of signal dispensing where the input is an
image, such as a video frame or image, and the output can be an object or image-related
features. The third stage is image analysis, which extracts a piece of information, and
data processing. This method is typically necessary to ensure that certain assumptions
suggested by the system are satisfied before a computer vision approach can be applied
to image data. Feature Extraction is the fourth stage in computer vision systems which
extract features of the object and are derived from the image data at different levels of
complexity. The fifth stage is detection/segmentation where a decision is made at some
point in the processing whether points or regions of the image require further process-
ing. High-level processing is the sixth stage where the input is usually a small set of
data at this level such as a set of points or an image area that should contain a specific
object. Lastly, decision-making consists of releasing the final decision needed for the
application [144].

The applications of computer vision include Optical Character Recognition (OCR)- in-
terpreting handwritten letter codes and Automatic Number Plate Recognition (ANPR).
An example of a computer vision application is a machine inspection where the quick
quality inspection of aircraft wings or auto body parts or X-ray vision defects in steel

casting using stereo vision with special lighting. It is also used in retail to classify items
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for automated checkout lanes. It is used in 3D model creation (photogrammetry) where
completely automated 3D photographic aerial models are used in applications like Bing
Maps. Moreover, the field of medical imaging utilizes computer vision currently and is
applied in several ways including capturing preoperative and intraoperative images as

well as to perform long-term brain morphology studies in individuals as they age [144]].

2.4 Neural Network

2.4.1 History

The history of neural networks can be arguably dated from 1943 when Warren McCul-
loch and Walter Pitts invented a mathematical model encouraged by the Biology of the
central nervous systems of mammals.

This encouraged the invention of Perceptron, created in 1958 by Frank Rosenblatt. The
perceptron used very modest model mimicking biological neuron that was based on the
mathematical model of Pitts and McCulloh. Definition of the perceptron model also
defined an algorithm for direct learning from data.

In the beginning, Perceptron looked very promising, but it was soon discovered that it
had severe restrictions. Most projecting voices of criticism was Marvin Minsky. Min-
sky published a book in which he laid out a case that the perceptron model was unable
to resolve complex problems [[145]. Amongst others, the book contained mathematical
proof that Perceptron is incapable of solving a simple XOR problem. More generally
the perceptron is only proficient of solving linearly separable problems. However, ac-
cording to Minsky, this criticism wasn’t malicious; it in effect stifled the interest in NNs
for over a period.

Awareness in NNs was rejuvenated in the early ‘80s when it was shown that any pre-
viously raised up deficiencies could have been resolved by the usage of multiple units.
This was later exacerbated by the development of the back-propagation learning algo-
rithm, which allowed the possibility to gather neurons into groups called layers, which
can be weighted into hierarchical structures to form a network. NN of this type was
generally called Multilayer Perceptron (MLP). In the 80s and 90s, the awareness of
NN plateaued again, and general research on Al was more focused on other machine
learning methods. In the field of classification problems, it was particularly SVM and
ensemble model. Al research communities also established several other paradigms of
NN that were likewise inspired by the biology of a certain aspect of the central nervous
system but took different methods. The most significant examples were Self-Organizing
Maps and Recurrent Neural Network (RNN).

By the year 2000, there were very few research groups that were applying enough at-
tention to the NNs. There was also a certain disdain for NNs in the academic world and

Al research community. The success of NNs that was promised almost half a century
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ago was finally coming across around 2009 when the first networks with a huge number
of hidden layers were effectively trained. This led to a typical adaptation of an umbrella
term deep learning which by and large refers to Deep Neural Network (DNN). The term
deep indicates that networks have many hidden layers.

The key theoretical vision was to learn complex functions that could represent high-
level abstractions such as vision recognition, language understanding, etc. There is a
requirement for deep architecture.

NNs in the times before Deep Neural Networks had only one or two hidden layers.
These are currently called shallow networks. Typical Deep Networks can have a num-
ber of hidden layers in order of 10s but in some cases even hundreds. Still, the progress
of Neural Network into the direction of structures with a high number of hidden layers
was obvious; its training was an unresolved technical problem for a very long time.

There were fundamentally three reasons why this invention didn’t come sooner.

1. There was no procedure to allow the number of hidden layers to measure.
2. There wasn’t enough of labels data required to train the NN.

3. The computer hardware wasn’t powerful enough to train adequately large and

complex networks successfully.

The first problem was tackled by the creation of CNN’s. The second problem was ex-
plained simply when there were more data presented. This was primarily achieved
thanks to an effort by large companies like YouTube, Google, Facebook, etc. But
also, with the support of a large community of experts and hobbyists in data sciences.
Both inventions in computational hardware and improvement of training methods were
needed to resolve the third problem. One of the technical revolutions was the use of
Graphics Processing Units (GPUs) for the demanding computation involved in the train-
ing of a complex network. Thanks to the fact that the training process of NNs is typ-
ically a large number of simple resulting computations, there is a great possibility for

parallelization [146].

2.4.2 Structure of Neural Networks

The term NN is very general and it defines a comprehensive family of models. In
this framework NN is distributed and parallel model that is capable of approximating
complex nonlinear functions. The network is made from multiple computational com-
ponents called neurons assembled topology.

Explanation of the NN structure will follow the convention laid out in the explanation of
the learning algorithm. Meaning that an explanation of the learning algorithm is com-

posed of the model, cost function and optimization technique. The difference comes
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into performance with the fact that the model of NN is much more complicated than the
model linear regression [146]].
Therefore, the investigation is divided into a model of neuron and topology of the net-

work.

2.4.3 Model of Neuron

A neuron is a computational unit carrying out the nonlinear transformation of its inputs
y=gwz+0b). (2.1)

Argument w”'z + b of function g is often observed as z . Therefore, the equation can be

rewritten as
y = g(2). (2.2)

The typical schema is shown in Figure 2.2 [146], which describes the inputs, weights

bias and activation function. As it was already stated, model of the neuron was stim-
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Fig. 2.2 Diagram of the artificial neuron.

ulated by biology. First attempts to make a model of a neuron had multiple elements
equivalent to neurons of the human brain. As research proceeded, this equality ceased
being as important and modern NN models correspond to their biological matching part

only superficially.

Input For each neuron has multiple inputs that are combined to execute some
operation. Each input has selected weight assigned to it. Here, we have considered an
input of images with the size 50x50x1 (Height X width X Channel) pixels. If we input
this to our model Convolutional Neural Network, we will have about 2500 weights in
the first hidden layer itself.
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Weights Inputs of a neuron are weighted by parameters w that are changed during
the learning process. Each weight gives strength to each individual input into the nerve
cell. The basic awareness is that when the weight is small input doesn’t affect the output

of the neuron very much. Its effect is large in the opposite case.

Bias Another changeable parameter is biased b that controls the impact of the

neuron.

Activation Function Activation Function For NN to estimate nonlinear function,
each neuron must perform the nonlinear transformation of its input. This is completed
with activation function g(z) that performs the nonlinear transformation. There are
numerous different normally used activation functions. Its usage depends on the type
of network and on the type of layer in which they activate. One of the oldest and

historically most frequently used activation functions if sigmoid function. It is defined

by
1

- 1+e =

Problems with sigmoid is that its gradient becomes flat on both extremes and as such it

9(2) (2.3)

reduces the learning process.

One more activation function is the hyperbolic tangent. It is defined as
g(z) = tanh(—=z). (2.4)

The hyperbolic tangent function doesn’t use that much in feedforward NN, but it is
mostly used in RNN. Currently, the most commonly used activation function is re-
stricted Linear Unit (ReLU). It is very generally used in both convolutional and fully

connected layers. It is defined by
g(z) = max(0, 2). (2.5)

It has a disadvantage because it is not differentiable for z= 0, but it is not a problem in
software execution and one of its biggest advantages is that it can learn very speedily. In
this research, ReLLU activation function was used as it is generally used in convolution
and fully connected layers.

All three activation functions are illustrated in Figure 2.3 [[146].

2.4.4 Topology of the Network

There are several different generally used topologies. The two most frequently used in
deep learning are feed-forward and recurrent. Feed forward networks are categorized

by the fact that during activation the information moves only in a forward direction
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from inputs to outputs. A recurrent network has provided some sort of feedback loop.
Another principle of topology is how are individual neurons in the network linked. Most
commonly are NNs ordered in layers. In each layer, there can be from one to n neurons.
Layers are hierarchically fixed. The first layer is called the input layer, the last layer is
called an output layer and the layers intermediate are called hidden.

Description of the network recreations on interconnections between individual layers.
The most common structure is called fully connected where to each neuron in hidden
layer has input associates from all neurons from previous layer 1 — 1 and its output is
associated with the input of each neuron in following 1 + 1 layer. The entire structure
is 1llustrated in Figure 2.4. After this point on the term, NN will refer to Feed-forward
Fully Connected Neural Network.

Types of neurons are dependent on the type of layers provided to the network. Currently,
the core difference is in their activation function, which wasn’t the case for a long time.
In history, all layers had neurons with a sigmoid activation function. It was mostly
because the output sigmoid layer can be easily mapped onto probability distribution
since it obtains values between 0 and 1. Only relatively recently it was found that
network composed of neurons with ReLLU activation function in the hidden layers can
be trained very speedily and are more resistant against over-fitting. Activation functions
are still subject to ongoing research.

Neurons in the output layer necessitate output that can produce a probability distribution
that can be used for approximating the probability of individual classes. For this reason,

most frequently used activation function of output neuron is called SoftMax [146].
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Fig. 2.4 Fully connected Feed Forward Neural Network.

SoftMax is a standardized exponential function. It is used to represent the probability

of an instance existence member of class as
9(2); = == (2.6)
where K is the total number of classes.

2.4.5 Cost Function

Cost functions of NNs are a complex subject that exceeds the scope of this thesis. One
of the most common cost functions used in NN for classification in multiple classes is
categorical cross entropy. In SoftMax activation function from Equation 2.6 is a cost

function defined as
1 e . . 4 .
C=—- @] (@) 1 @OYIn(1 — @Yy, 2.7
n;ly ng(z") + (1 +y")in(1 — g(z')) (2.7)

where y(*) is the correct class of the instance and n is the total number of instances.

2.4.6 Optimization Procedure

Every optimization technique for NN is constructed on a gradient descent. It is an iter-
ative process to lower training errors of the network by differentiating the cost function
and adjusting parameters ¢ of the model by following the negative gradient.

The problem is that the cost function of the whole network is very complex and has
many parameters. To find the gradient of the cost function, it is essential to go through

all the units in the network and estimate their contribution to the overall error. A method
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that is used to solve this problem is called back propagation.
Back propagation is frequently confused to be a complete learning algorithm which is

not the case, it is only the method to compute the gradient [146].

2.5 Medical Image Applications

With advancement in medical images such as Magnetic Resonance Imaging(MRI),
Computed Tomography(CT)scan and ultrasound technologies, the need to process the
image data in order to extract valuable information increases. This need attracts experts
from many fields such as statistics, applied mathematics, biology, physics, engineering,
computer science and medicine. In this section, it discusses some research work in
the domain of medical image processing. [147]. Presented a detail review of different
web-based interactive software tools for 2D/3D medical image processing. In an earlier
work [148]] proposed an image processing and visualization algorithm that works inter-
actively for diagnosing moving organs such as the heart during the cardiac cycle. The
system is tested on Magnetic Resonance(MR) and Single-Photon Emission Computed
Tomographic(SPECT)images. These MR and SPECT images allow the user to change
classification parameters and to zoom or rotate images on the screen.One of the major
problems in the medical field is breast cancers in women, and in men also. It is esti-
mated that approximately 20% of cancer patients relate to breast cancer in developed
countries. [149]. Suggest a method of feature extraction and classification in order to
diagnose breast cancer in its early stage. First, they collect 62 texture and photo metric
image features and after a stepwise discriminate analysis, six of them can be used to de-
tect the affected and non-affected areas of the breast; 72% average classification results
are recorded. This system can be used by radiologists to analyse any pattern in mam-
mograms. The regions identified by the system can have 72% of chances of developing
a malignant mass. This could help in earlier diagnose of breast cancer. The goal of this
system is to flag the suspicious area.Segmentation and visualization of medical images
have been discussed by [[150]. Where 3D interaction is achieved using stereo graphic
and haptic feedback. Creating 3D models of human organs from the 2D images is a
hot topic in medical fields these days. These 3D models of CT and MRI scans provide
better perspective than 2D images. In order to construct 3D images, sequences based
on CT and MRI, surface and volume rendering techniques are mostly used. Geome-
try of surface and rendering are two phases modelling techniques for constructing 3D
models for complex biological structure. One of such work is by [151] in their research
work, where they present their Marching Cube’s algorithm for modelling. Image seg-
mentation is the necessary pre-processing step used to detect the boundary of regions
of interest. This segmentation is especially important in the clinical field as it increases

the accuracy of the results. This procedure incorporates volume rendering and surface
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rendering. The surface rendering is utilized increasingly because of its quick speed and

low stockpiling utilization.

2.5.1 Motion Detection

In an earlier work [152]provide a unified model for detecting moving objects both in
2D and 3D scenes.The method used in this study is based on separating the object mov-
ing detection problem into different categories based on complexity and using a set of
techniques to solve these problems which correspondingly increase in complexity. Ex-
amples of real image arrays were then used to illustrate these techniques [153] presents
a data mining approach for motion detection in huge surveillance video databases col-
lected by military surveillance cameras. They follow completely qualitative approach,
based on signaller system consistency analysis, called QLS. This approach focuses on
what is necessary to compute the solution hence reducing the computational cost and
increasing the efficiency. [154]]. Proposed a technique for detection motion regions in
video sequences. This technique classifies image pixels into motion regions by apply-
ing 2D planar homographs, popular and geometric consistency constraints. Their main
contribution is geometric consistency constraints derived from the camera poses from
three successive frames. It is implemented within the Plan + Parallax framework. In
2007, [155]. Presented a Principle Component Analysis(PCA)-based approach to de-
tect motion in surveillance videos. Ten frames are considered, where each of the ten
frames is associated with one dimension of feature space. Then they apply PCA to map
data in lower-dimensional space. These ten frames are then split into blocks. To de-
tect motion within the blocks, inertia ellipsoids of the projected block are used. They
recorded very few false positives and satisfying number of connected components as
compared to other same purpose algorithms. Automatic detection of motion in human
bodies has been discussed by [[156]. Using a low-dimensional spatial-temporal model,

they develop a presentation model that learned using motion capture data of humans.

2.6 Summary

The theory of image processing is explained in this chapter. Image processing is a
method of applying some techniques to digital images. The applications used in image
processing are a remote sensing, entertainment and geological processes. The second
theory mentioned in this chapter is video processing which is an analytical technique
implemented on video data that is allocated for the time and operation to achieve es-
sential processes. Image processing algorithms such as empirical mode decomposition
and Wavelet Transformsare discussed in this chapter. EMD is a method to analyse the
non-stationary and non-linear data while WT applies signal analysis where signal fre-

quency changes at the end of time. For classification, this chapter presents one of the
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common classifiers, Artificial Neural Network. The main definition of ANN is an elec-
tronic model like the structure of human brain neurons. The functionality of ANN is the
first node (input) will feed data to a set of hidden nodes to train, then will be classified
in the end by producing one node or more (output). The last theory is one of deep learn-
ing method namely convolutional neural network. CNN is a multi-layer neural network
and each layer of a CNN sends amounts of activation to another layer via function. For
feature extractions, Convolution2DLayer, Rectified Linear Unit(ReLLU)Layer and Max-
Pooling2DLayer are applied to data before transforming it to classification layers which
are fully connected layers, Softmax layer and classification output layer.The following
chapter presents the background of HCI and the history of gesture recognition with its

fundamental types.
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CHAPTER 3

Gesture Recognition

3.1 Background

This chapter presents the background of HCI and the history of gesture recognition
with its fundamental types. An overview of hand gesture recognition and its types is
discussed in this chapter, involving the types of cameras used for 2D and 3D images.
Lastly, the chapter will focus specifically on the fundamental concept of holoscopic
3D imaging system camera. Users interact with computers through provided inter-
faces, motions or vocal. These different interactions need to be such, that information
retrieval is easier and Human Computer Interaction (HCI) is concerned with the way
humans interact with technology. It deals with how humans work with computers and
how computer systems can be designed to facilitate the users in achieving their goals.
With the advent of the third and fourth generation languages, the user interfaces have
improved quite dramatically. In future days, Human Computer Interaction HCI will
become a field with a variety of sectors that need to characterize it. Users will be able
to use any type of interaction which is a potential part of HCI, Interaction can be the

body movements, facial features and vocals [157, [158]].

A Human Computer Interaction (HCI) has several types of interaction and one of
those is called gestures. One simple definition of a gesture is a non-verbal method of
communication utilized in HCI interfaces. The high target of gesture is to design a
specific system that can identify human gestures and use these gestures to convey in-
formation for device control. Recently, HCI has increased in relevance as its usage
increases across different applications including human motion acquisition. Initially,
it must define the idea of human motion acquisition which records the movements of
a human or an object and convey them as 2D or 3D image data. To provide life to
3D digital models or analyse the motions need to study the converted 3D data deeply.
Producing a 3D digital object needs special applications and specific tools which are
considered exclusively to certain companies [[157, [158]]. For instance, Disney is one of
the most famous companies which use human motion capture as a modern technology

in the cartoon world production. Avatar characters, as the first 3D cartoon characters,
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inspire all production companies to develop their methods in film production. Currently,
adults and children have enjoyed watching 3D movies without realizing the way these

types of films are produced.

According to [159] there were several attempts to apply motion capture technology
(MOCAP) by some photographers and producers in the nineteenth and twentieth cen-
turies. Everyone placed his or her thumbprint on this developing technology. Because
of that, there are certain major steps needing to be considered. First, preproduction is
a part of the procedure that allows the designer to divide everything into parts and or-
ganize them before doing anything else. A project pipe signal is the second step which
begins with preproduction and ends with post-production, which means the character
in a game or animation is eventually where you would prefer the Motion Capture (MO-
CAP) data to go to. Cleaning and editing data are an important step which needs to
be more concentrated and done with high proficiency alongside the last point, which is
skeleton editing. However, there are other steps which may be applied to depend on the

character shape and motion [[159].

According to [[160], Most of the old approaches depended on the 2D data such as
pictures. Recently, the direction of development at the Time of Flight (ToF) cameras
and other types of depth sensors became improved by creating opportunities to support
this area. The survey presented the overview of traditional approaches which achieve
human motion analysis involving depth and skeleton-based activity recognition such
as facial expression detection, facial performance capture, head pose estimation, hand

pose estimation and hand gesture recognition.

One of the primary factors in this research is the matching between the system and
the real world which ensures that the system should use the users’ movements; follow-
ing real-world conventions, making information appear in a natural and logical order.
The next section defines the subject of gesture recognition in detail in order to cover it

accurately.

3.2 Definition of Gesture Recognition

In the present day, HCI is assuming greater significance in our daily lives. Gesture
recognition can be named as a method as long this path [161, 162, [163]]. Therefore,
what is gesture recognition? In the previous section Gesture Recognition were defined
as non-verbal motions used as a method of communication in HCI interfaces. Gestures

are one of the significant aspects of HCI in both interpersonal and in the device inter-
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faces. Another definition of gestures is physical movements or positions of a human’s
fingers, hands, arms or full body used to convert information. Gestures, in a virtual real-
ity system can be used to navigate, control or interact with a computer [[161} (162, 163].
The process by which gestures are formed in certain ways by a person is made known
to a system is the main principle of gesture recognition. Signs can be expressed in a
multitude of ways by gestures, for example, sign language used by hearing-impaired
people. Other examples of gestures developed outside the computer field can be seen
in use by traffic police, construction labours, and airport ground controllers. Gestures
can be static, which means that the user adopts a pose, or dynamic where the motion
is a gesture by itself. Attached devices such as gloves, data suits, Six Degrees of Free-
dom (6 DOF) trackers generally provide information along all the 3D geometries. For
instance, hand and body gestures are used by pilots to direct aircraft operations aboard
aircraft carriers [[161, (162, [163]].

Mathematical models based on hidden Markov chains, or methods based on soft
computing can handle gesture recognition. The major advantage of using the hidden
Markov model is the ability to recognize a variety of information for gesture recog-
nition. Any applied implementation of gesture recognition needs the use of diverse
imaging and tracking devices or tools such as data gloves, body suits, and marker based
optical tracking. Pens, 2D keyboards, mice and oriented graphical user interfaces are
frequently not appropriate to work in virtual systems unlike devices used to sense any
part of body orientation and position, facial expression, sound and speech, skin response
and other human behaviours or states which may be utilized to present communication
between humans and the environment. Gestures may be static or dynamic or both in
certain cases such as sign language. The automatic recognition of gestures needs their
temporal segmentation, which usually requires specifying the start and end points of the
gesture in terms of the frames of movement, in both time and space. Additionally, the

preceding context also affects gestures alongside other gestures [[161, 162, 163].

There are many aspects that have been successfully used for many gesture recogni-
tion systems such as computer vision and pattern recognition techniques, including fea-
ture extraction, clustering, classification and object recognition. Analysis and detection
of texture, shape, motion, colour, image enhancement, optical flow, contour modelling
and segmentation are image processing techniques that have been found to be effective.
Gesture recognition uses connectionist methods, including multilayer perceptron, time

delay of neural networks and radial basis function network [[161} 162, |163].

Static gesture recognition may be achieved by neural networks template match-

ing and standard pattern recognition. While the dynamic gesture recognition issue
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includes the use of certain techniques such as Time Delay Neural Network (TDNN),
dynamic time warping, Hidden Markov Models (HMMs), and time-compressing tem-
plates [161} 162, [163].

The last paragraph discussed the principles and background of some of the common
tools used in gesture recognition. Essentially, human gestures generate a significant
volume of motion uttered by the body, face, and hands. Recently, gestures have been
classified into multi-categories; one of these is gesticulation, which is a spontaneous
motion of the hands and arms with speech. This means it is combined into a spoken
pronouncement, replacing a spoken word or phrase. Another category is a pantomime;
gestures that represent objects or actions with or without associated speech. Emblem
is also another gesture category which is a familiar gesture such as the V-sign which
means victory, thumbs up means OK, and various other gestures. The sign language is
a linguistic system for example, Universal Sign Language, which is defined very well.
It can be defined as a visual language contains three main elements are finger spelling,
word-level sign vocabulary and non-manual features. A spelling word letter by fol-
lowing the letter is a method used by finger spelling. The second element is utilized
for common communication. Whereas non-manual features are composed of the body,
facial expression, mouth and position of the tongue. One of the protentional fields in
gesture recognition is sign language, which is totally useful for hearing-impaired people
[161}1162,]163].

For example, robotics can be used to apply the sign language recognition using
some suitable sensors used on the body of a patient. By analysing the received values
from those sensors, robots can help inpatient therapy. Another example maybe stroke
rehabilitation. Speech recognition has an ability to record speech and convey it as a
text. There are certain types of gesture recognition tools which can record the symbols

represented via the sign language into a text [161} 1162, [163].

The operation inside each computer firstly is a gesture which represented as a region
in some feature space. In this approach, the features will be X, Y and Z coordinates of
different emphases on the human’s body, with also the orientations of a few appendages.
In an image-based approach, the sensor measures the intensity of a 2D grid of pixels.
Generally, the picture is pre-processed, firstly to improve differentiates and to decrease
the percentage of noise. The following feature extraction process localises the points
around the picture, such as edges. Then, links all these processed features to form the
illustration of full limits in the picture. Usually, the illustration limit is the source of a
segmentation process which does the separation from each other in the regions match-

ing to other parts of the human’s body. After that is done, all positions and orientations
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of the parts in the picture will be measured and the space of all positions and orientation
would be the nominee for the feature space into which the regions of the gesture are
well defined [161, 162, [163]].

Sensing machines take each measurement, the computer attempts to recognize the
gesture by locating the area in feature space inside which estimation falls and this pro-
cess may be completed in pattern recognition or a neural network classifier [159]. These
algorithms usually apply a simple model for the gesture areas. Gestures will be defined
by storing a limited number of prototypes using algorithms. The provided prototype
has a gesture region which will be well-defined as a set of points which are closer to
the prototype than other stored prototypes. The prototype similar to the input vector
is consistently detected by the recognition process. Algorithms are well known by the
name of nearest neighbour search algorithms. For instance, neural network architecture
is a superior network for recognition tasks. By using neural networks, the loads of the
connections of the network will have stored prototypes. The recognition of a pattern is

completed by an algorithm that joins one of the prototypes [159].

3.3 Types of Gesture Recognition

Gesture recognition has been introduced briefly in the previous sections [[161,162,163]].
The gestures are made by the user then are recognized by the receiver. It is for the
meaningful body motions including movements of the fingers, hands, arms, head, face,
or body to convey meaningful information. In this section, some essential type of ges-

ture recognition is addressed briefly.

Hand gesture recognition is one of the understandable ways to generate a conve-
nient, high adaptability interface between devices and users [161, 162, [163]. Using a
series of finger and hand movements through the operation of complex machines is al-
lowed by hand gesture recognition. This technique will eliminate the need for physical
interaction between user and device [161]. The next section is introduced facial gesture

recognition extensively.

As it is known, the face is a significant feature of a human. A human face is a
non-rigid object with some variability in shape, size, texture, and colour. People can
recognize and detect features in a scene easily with little or no effort at all. Since
the substantial characteristic changes in the visual encouragement because of viewing
conditions such as dissimilarity in facial expression, luminance, gender, ageing, inter-

ruptions or occlusions such as hair, glasses, hat or other camouflages [[161, 162, [163].
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Facial expressions include removing sensitive features from facial landmarks such
as areas around the nose, mouth, and eyes of an image. Frequently, dynamic image
frames of these areas are tracked to create appropriate features. Additionally, the dy-
namics, location and intensity of the facial actions are significant for identifying an
expression and the concentration measurement of natural facial expressions is most of-
ten harder than that of posed facial expressions [[161, 162, |163].

Facial gesture recognition is an additional technique for generating non-contact inter-
face effectively between users and machines. The main target of facial gesture recog-
nition for machines is to recognize emotions and other communication signs within
humans, despite the countless physical variances between users [161} 1162, [163].

The goal of face detection is similar to facial gesture recognition which is identifying
and detecting human faces with efficiency despite their scales, positions, poses, loca-
tions and illuminations [161} [162| [163]]. Low-bandwidth transmission of facial data,
criminal identification, missing child recovery, surveillance, credit card verification, of-
fice security, telecommunication, video document retrieval, High-Definition Television
(HDTV), human computer interfaces, medicine and multimedia facial queries are exam-

ples which require an automatic system for facial gesture recognition [[161, 162, |163].

Automatic facial recognition has two main approaches, firstly analytics which is
a flexible mathematical model developed to integrate illumination changes and facial
deformation. Discrete local features such as irises and nostrils can be extracted for re-
trieving and recognizing faces [161} 162, [163]. It may also be implemented on these
measurements using statistical pattern recognition techniques such as HMMs. There are
other approaches used in facial recognition involve Wavelet Transform, active contour
models and knowledge or rule-based techniques like facial action coding system. The
second approach is holistic and involving grey-level template matching by using world-
wide recognition. To represent the entire face template requires using feature vectors.
Signaller discriminants, ANNs, PCA, optical flow, singular value and decomposition

using eigen-faces are included in the holistic approach [161, 162, [163].

Many aspects need to be understandable such as overall muscle tension, hand ten-
sion, pupil dilation and locations of self-contact. To specify all these principles, the
human body position, configure rations like angles, rotations and movement such as
speeds need to be detected. All aspects may be completed through sensing devices at-
tached to the user. The sensing devices may be magnetic field trackers, data gloves or
body suits. Otherwise, using computer vision techniques and cameras can also be called
sensing devices. An individual of sensing technology differs laterally, some including

accuracy, dimensions, latency, resolution, user comfort, cost and range of motion. The
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user is required to wear the device and carry cables connecting the device to a computer

by using glove-based gestural interfaces [[161, 162, [163]].

Normally, there are many meanings of one or more gestures which are unclear for
some people. For instance, the raising a hand and the waving of both hands over the
head indicates the concept of ‘stop’. It is not just using gestures that have different
meanings between different people, speech and handwriting also have these differences.
Furthermore, gestures are frequently obtained from language and have a cultural impact
[161, 162, 163]].They may be of these following types: hand and arm gestures are a
recognition of a hand pose; sign language and applications used for entertaining, such
as kids allowed to play and interact in a virtual reality environment; head and facial
gestures, such as shaking or nodding of the head, opening the mouth to talk or looks
of happiness, anger and fear, etc.; and lastly, body gestures are full-body movements
such as understanding the movements of a dancer to create a match between music
and graphics and tracking the motions of two humans interacting outside and more
[161}1162,1163].

3.4 Overview of Hand Gesture Recognition

The hand is often well known as the most natural and instinctive interaction with hu-
mans’ interaction. In the HCI world, an appropriate hand tracking is the first phase to
develop instinctive HCI systems that may be used in applications such as virtual object
manipulation, gaming and gesture recognition. Moreover, hand tracking is an inter-
esting principle point which deals with three main parts of computer vision which are
segmentation of hand, detection of hand parts, and tracking of the hand. Hand gestures
are frequently the most expressive way and the most used in a gesture recognition sys-
tem involving a posture is a static finger shape ration without hand motion and a gesture

which is dynamic hand motion with or without finger movements [161} 162, [163]].

A hand gesture requires tracking of 27 degrees of freedom of hand, including two
major categories. A hand posture is a static hand pose without any movements; While
hand motion is any movement of the hand, either the full hand or fingers. A hand move-
ment consists of three major types are data gloves based, vision-based and electrical
field sensing. Measuring the human body or body parts requires electrical field sensing,
and this device is used officially to measure the distance of human hand or other body
part from the device. Currently, most of the significant types almost all researchers are
interested in studying, are data-glove-based and vision-based technologies. The data

glove based is simply a glove that has multi-variety of sensors used to detect hand and
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finger motions. There are many styles of data glove and each one has its uses, such as
MIT Data Glove, CyberGlove III, CyberGlove II, Fifth Dimension Sensor Glove Ultra,
X- IST Data Glove and P5 Glove. Each one of these types will be introduced in detail
in Section 3.5 [162]].

Recently, vision-based is one of the concepts requiring essential development. Sim-
ply, it is defined as to detect hand motion using a device such as cameras. Vision based
mainly has two approaches which are used in a gesture recognition system; model-based
and image-based techniques. The main definition of model-based is attempting to gen-
erate a 3D model of the human hand and use this model for recognition while images
based are detecting a gesture by capturing pictures of the user’s movement through
the sequence of a gesture. Model-based, also called spatial gesture models, has two
various categories which are 3D model based and appearance based both have diverse
types. For example, the 3D model has skeletal and volumetric algorithms whereas
appearance-based has deformable 2D templates and image sequences. Under volumet-
ric algorithms, there are three other types of algorithms: Non-uniform rational basis
spline (NURBS), super quadrics and primitives. The next section will provide more
information regarding the vision-based concept. Recently, realtime in vision-based is
more possible for an HCI system through the assistance of the latest developments in

computer vision and pattern recognition field [161} 162, 163} |164]].

s usual, there is no perfection in the hand gesture world. It means there are seri-
ous issues faced by researchers like, self-occlusion, hand deformation, irregular motion
and appearance similarity making 3D hand tracking a challenging mission [[157]. The
proposed 3D hand tracking technique in this thesis can be used to extract accurate hand
gesture features and enable the complex human-machine interaction such as gaming

and virtual object manipulation [165]].

3.5 Hand Gesture Recognition (Vision Based)

3.5.1 Overview of Vision Based Systems

Gestures recognition is one of the most natural communicative methods between human
and computers in virtual environments [162]. Camera techniques are used to identify
hand gestures. It started laterally in the early development of the first data gloves. The
first computer vision gesture recognition system was reported in the 1980s. Moreover,
vision-based recognition is normally natural and comfortable. As shown in Figure 3.1
[61]], a flow diagram of a normal gesture recognition plan [[163]].

Using vision-based techniques require contending with other issues related to oc-
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‘ Image Capture

[ Pre Processing

Feature Extraction

| Tracking or Classification

‘ Gesture Recognition

Fig. 3.1 Typical computer vision-based gesture recognition approach.

clusion of the user’s body parts. Although tracking devices had the ability to detect
movements of hands quickly while the human’s body moving. Vision-based devices
could grasp properties such as colour and texture for analysing a gesture, while typical

tracking devices may not handle these [[166].

Vision-based techniques may also be different between themselves in the number
of cameras used, their speed and latency, the structure of the environment, like speed of
movement and lighting, user requirements each user must wear something unique, the
low-level features used, such as the region, edges, histogram, silhouette and moment;

and nor 2D or 3D representation is used and either time is represented [[166].

3.5.2 Types of Cameras

Currently, gestures are detected by different devices while cameras became the first de-
vice to detect most gestures. This section will introduce most of the current cameras
used in the gesture recognition world. The type of cameras used in gesture recognition,
with brief information for each type, is shown in Figure 3.2 [61]].

As shown in Figure 3.3 [[167],a stereo camera is a camera which has two lenses with
almost the same distance separating them, such as human eyes. It takes two pictures
at the same time. This copies the method that humans use to see, by and consequently
generates the 3D effect when viewed. By using two cameras whose relations to one
another are recognized, a 3D representation may be approached by the output of the
cameras [|168]].

Figure 3.4 [169] shows the depth-aware cameras use cameras such as time-of-flight
or structured light cameras. One could create a depth map of what is being seen by
the camera at a short range. This data used to estimate a 3D representation of what

is being viewed. These cameras may detect hand gestures effectively because of their
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Fig. 3.4 Depth-aware camera.

short-range skills [168].

A thermal camera is an infrared camera that detects infrared radiation such as tem-
perature from an object as shown in Figure 3.5 [170]. It converts the temperature of
the object into an electronic signal to create a thermal picture on a screen; Or, to make
temperature calculations on it. Infrared cameras can capture the temperature and can
measure or quantify precisely. However, it is not efficient in detecting hand gestures
like other cameras and is negatively affected by the weather. Therefore, the thermal
behaviour may be observed but also the relative scale of temperature-related issues may
be known and distinguished as shown in Figure 3.5 [[168]].

Controller-based gestures simulate a part of the body. Then, once gestures are made,
some of their movements may be captured conveniently by software as shown in Figure
3.6 [171]. For example, the motion of a mouse device is connected to a sign which is
being drawn by a person’s hand. Another example is the Wii Remote which may learn
the changes in acceleration over time to represent gestures [168].

Figure 3.7 [172]], [173] shows the single camera which is defined as a normal camera
that may be used for gesture recognition where the environment or resources would not
be suitable for alternative forms of image-based recognition. A single camera may not
be as effective as depth aware or stereo cameras despite a challenge to this concept by

Flutter. This is an application that has been released which can be downloaded to Win-
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Fig. 3.5 Thermal camera.

Fig. 3.6 Controller-based hand gesture.
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Fig. 3.7 Single Camera.

Fig. 3.8 Holoscopic3Dcamera prototype by 3DVJIVANT project at Brunel University.

dows or Mac computers with a webcam [168]].

Figure 3.8 shows the holoscopic 3D camera proposals, the easiest method to
accomplish recording and replaying the light field 3D scene. The concept of this tech-
nique was proposed by Gabriel M. Lippmann in 1908. The innovative technology con-
tains a microlens array architecture that proposed to double the spatial resolution of a
holoscopic 3D camera horizontally by trading horizontal and vertical resolutions [[175]].
As shown in Figure 3.9 [176], The holoscopic camera can be in the form of a planar
strength distribution, by using MLA [[176, [175]]. In spite of using the same features of
holographic technique, it records the 3D image in 2D form and views it in complete 3D
through an optical component, without the required bright light source and restrain dark

fine. Moreover, it enables post-production processing such as refocusing .

[177].

Figures 3.10 and 18 show the description of the structure of Holoscopic
3D camera which are LO = Nikon 35 mm F2 wide-angle lens, NF = Nikon F-mount,
AP = adaptor plate, ER = 6 mm diameter extension rods, RM = jSarcminute accuracy
rotation mount, MLA = plane of ML A, which is slanted in the process method, TO-T2

48



AR —c— 1| |
BT

"!' . - | r"ll

Fig. 3.9 3Dintegral Imaging camera PL: Prime lens, MLA: Microlens array, RL: Relay
lens.

Lo INF AP

1= =1 L1
e e [ C5D M
S || H To !
F L & i
‘ i m i b |
== 1
= L I
53 1 I
- L j
N MLA 10Z2mm
l 264dmm
, i 339mm
e ; i i

Fig. 3.10 Square Aperture Type 2 camera integration with canon 5.6k sensor.

= extension tubes, L1 = Rodagon 50 mm F2.8 relay lens x1.89, C5D M2 = Canon 5D
Mark2 DSLR. Arrow displays the position of centre of gravity, SA = Square aperture
mouthed to the LO.

3.6 Summary

This chapter introduced the background of HCI as a fundamental field of gesture recog-
nition. HCI is how humans can interact with devices, and how computers respond to
humans’ requests. There are different types of HCI. One of them, called gestures repre-
sent a non-verbal way of interaction applied in user interfaces. Gestures are also defined
as a physical movement of any part of the human body such as the finger, hand or full
body. For instance, sign language is a model of gestures used by hearing-impaired peo-
ple. An overview of hand gesture recognition is discussed in this chapter along with its

types. Hand gestures are defined as a type of gesture recognition, which is how to move
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a hand randomly and detect it by certain devices. It has two types, data gloves and com-
puter vision. Data glove is a wired glove with linked sensors connected with fingers, or
joints of the glove which is worn by a human. Many researchers invented different data
gloves. Each data glove has a different purpose. For examples, MIT data glove is used
in video games, body rehabilitation or sports training. However, the computer vision is
the natural interaction way between humans and devices in a virtual environment. In the
computer vision section, it also presents different cameras as types of devices used for
detection, such as stereo cameras, depth cameras, thermal cameras, single cameras and
a holoscopic imaging system camera were introduced. Next chapter presents a study
of various image acquisition, including image acquisition techniques, data processing,

followed by a brief discussion of image segmentation methods and features extraction.
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CHAPTER 4

Methods

First, we started by presenting a study of various image acquisition , including image
acquisition techniques. Then we come to the data processing, followed by a brief dis-
cussion of image segmentation methods, and then we get to extract the features with a
focus on the most important methods and uses that are part of the one of our contribu-
tions to this work. Before we finish, we start the object recognition mission using deep

learning and feature selection. Finally, the classification task is performed.

Image Acquisition

v

Data Pre-processing

v

Image Segmantation

v

Features Extraction

v

Classification

[ om )

Fig. 4.1 Steps for Image Pre-Processing.
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4.1 Image Acquisition

An image can be defined as a 2-D function f(x,y) where (X, y) is coordinate in two-
dimensional space and f is the intensity of that coordinate. Each coordinate position
is called as pixels. Pixel is the smallest unit of the image it is also called as picture
elements or pel. So digital images are composed of pixels, each pixel represents the
color (gray level for black and white images) at a single point in the image. Pixel is like
a tiny dot of particular color. A digital image is a rectangular array of pixels also called
as Bitmap.From the point of view of photography, the digital images are of two types
[178,1179].

*Black and white Images

Black and white images are made of different shades of gray. These different shades
lies betweenO to 255, where O refers to black, 255 refers to white and intermediate val-
ues refer to different shades of black and white. Gray scale refers to the range of neutral
tonal values (shades) from black to white.

ecolor Images

color images are made up of colored pixels.color can capture a much broader range of
values than gray scale. “The spectrum — the band of colors produced when sunlight
passes through a prism —includes billions of colors, of which the human eye can per-
ceive seven to ten million.” The electronic capture and display of color are complicated.
RGB (Red, Green, and Blue) is the most commonly adopted color system.

The general aim of Image Acquisition is to transform an optical image (Real World
Data) into an array of numerical data which could be later manipulated on a computer,
before any video or image processing can commence an image must be captured by the
camera and converted into a manageable entity [180]. The Image Acquisition process
consists of three steps:

1.Optical system which focuses the energy

2.Energy reflected from the object of interest

3.A sensor which measures the amount of energy.

Image Acquisition is achieved by suitable cameras. We use different cameras for differ-
ent applications. If we need an X-ray image, we use a camera (film) that is sensitive to
X-ray. If we want infrared image, we use a camera which is sensitive to infrared radia-
tion. For normal images (family pictures, etc.), we use cameras which are sensitive to

the visual spectrum. Image Acquisition is the first step in any image processing system.

4.1.1 Image Acquisition Concept

In order to capture an image, a camera requires some sort of measurable energy. The

energy of interest in this context is light or more generally electromagnetic waves. An
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Fig. 4.2 Image Processing.

EM waves can be described as a massless entity, a photon, whose electric and magnetic
field varies sinusoidal, hence the name waves. A photon can be described in three

different ways:
1. A photon can be described By its energy E (measured in eV).
2. A photon can be described by its frequency f(H2).
3. A photon can be described by its wave length A(m).
E = (he)/(A) 4.1

E=hf (4.2)

4.1.2 Quantum Detectors

Quantum Detector is the most important mechanism of image sensing and acquisition
it relies upon the energy of absorbed photons being used to promote electrons from
their stable state to a higher state above an energy threshold. Whenever this occurs, the
properties of that material get altered in some measurable way. Planck/Einstein came

up with a relationship between A of the incident photon and the E that it carries:
E = (he)/A 4.3)

4.1.3 Image Acquisition Model

The images are generated by a combination of an illumination source and the reflection
or absorption of energy by the elements of the scene being imaged. Illumination may
be originated by radar, infrared energy sources, computer-generated energy patterns,
ultrasound energy sources, X-ray energy sources, etc.

To sense the image, we use sensors according to the nature of illumination. The process
of image sense is called image acquisition.

By the sensor, basically illumination energy is transformed into a digital image. The

idea is that incoming illumination energy is transformed into a voltage by combination
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of input electrical energy and sensor material that is responsive to the particular energy
that is being detected. The output waveform is the response of sensors and this response
is digitalized to obtain a digital image.
Image is represented by 2-D function f(x, y).Practically an image must be non-zero and
finite quantity that is [181]]:

0< fz,y) < o0 (4.4)

o[t is also discussed that for an image f(x, y),we have two factors:
*The amount of source illumination incident on the scene being imaged. Let us repre-

sent it by :

i(z,y) (4.5)

The amount of illumination reflected or absorbed by the object in the scene. Let us

represent it by:

r(z,y) (4.6)
Then f(X, y) can be represented by :
f(x, y) =i(x, y).r(x, y)
Where
0<i(z,y)<” 4.7)

It means illumination will be a non-zero and finite quantity and its quantity depends on
illumination source. and
0<r(z,y) <1 (4.8)

Here O indicates no reflection or total absorption and 1 means no absorption or total

reflection.

0 Hlumination {energy)
s i

’;"/‘,"‘ L\;‘ source

Output (digitized) image

(Internal) image plane

Seene element

Fig. 4.3 Image Acquisition Model.
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4.1.4 Techniques to Perform Image Acquisition

Image Acquisition process totally depends on the hardware system which may have a
sensor that is again a hardware device. A sensor converts light into electrical charges.
The sensor inside a camera measures the reflected energy by the scene being imaged.
The image sensor employed by most digital cameras is a charge-coupled device (CCD).
Some cameras use complementary metal oxide semiconductor (CMOS) technology in-
stead [181]]

Infrared
Lens

R — Filter

[ B . s
——-- | |

B-: 4 0 @ H Color Filters

Sensor
(with IR &
color filter)

Note: Glass in camera
lens blocks most UV
from reaching sensor

Fig. 4.4 Inside a Digital Camera.

Both CCD and CMOS image sensors convert light into electrons. A simplified way

to think about these sensors is to think of a 2-D array of thousands or millions of tiny
solar cells. (In this case the sensors are called photo sites.) Once the sensor converts the
light into electrons, it reads the value(accumulated charge) of each cell in the image. A
CCD transports the charge across the chip and reads it at one corner of the array. An
analogue-to-digital converter (ADC) then turns each pixel’s value into a digital value
by measuring the amount of charge at each photo site and converting that measurement
to binary form. CMOS devices use several transistors at each pixel to amplify and
move the charge using more traditional wires.CCD sensors create high-quality, low-
noise images. CMOS sensors are generally more susceptible to noise.
CMOS sensors traditionally consume little power. CCDs, on the other hand, use a
process that consumes lots of power. CCDs consume as much as 100 times more power
than an equivalent CMOS sensor. CCD sensors have been mass-produced for a longer
period of time, so they are more mature. They tend to have higher quality pixels, and
more of them [[181]].

4.2 Data Pre-processing

Data Preprocessing is the process of simply transforming raw data into understandable

format. Real world data is sometimes incomplete, inconsistent, redundant and noisy.
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Data preprocessing involves various steps that help to convert raw data into processed
and sensible format.

The diagram below is used to depict the various steps involved in data preprocessing
[182].

~\ . .
_ 5| Data Discretization

Fig. 4.5 Data Preprocessing Steps.

4.2.1 Data Cleaning

Data cleaning is the process of detecting corrupt data and inaccurate records from a
record set or database table. The main use of cleaning step is based on detecting incom-
plete, inaccurate, inconsistent and irrelevant data and applying techniques to modify or
delete this useless data [[182].

4.2.2 Data Integration

Data Integration focuses on unification of data residing in different sources and present-
ing a unified view of these data. Data with different representations are put together and
any conflicts resulting from it is resolved. This process becomes vital in a number of
scientific and commercial applications. With increasing volume and exponential growth

of data, integrating it becomes even more significant [[182].

4.2.3 Data Transformation

Data transformation plays a pivotal role in converting unprocessed data into understand-
able form. It consists of data normalization, aggregation and generalizations. Data nor-
malization helps to arrange the columns and tables of a database such that redundancy
is minimum. This helps cut down on the processing time and complexity. Data ag-

gregation helps in creating a brief summary for faster overview. The process of data
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generalization is also known as rolling-up data. It helps in generalizing data and creates

successive layers of summary in evaluation database [182].

4.2.4 Data Reduction

Data reduction is the process of transforming digital into ordered and simplified- form.
This data is generally derived through empirical and experimental means. It involves

reducing large amounts of data into smaller and meaningful fragments [[182]].

4.2.5 Data Discretization

Data discretization is defined as a process of converting continuous data attribute values

into a finite set of intervals with minimal loss of information [[182]].

4.3 Segmentation

Since efficient hand tracking and segmentation is the key to success towards any ges-
ture recognition, due to challenges of vision-based methods, such as varying lighting
condition, complex background and skin color detection; variation in human skin color
complexion required the robust development of algorithms for natural interface. color
is a very powerful descriptor for object detection. So for the segmentation purpose
color information was used, which is invariant to rotation and geometric variation of
the hand [183]]. Human perceives characteristics of color components such as bright-
ness, saturation and hue components than the percentage of primary color red, green,
and blue. color models are useful to specify a particular color in standard way. It
is space-coordinated system within which any specified color represented by a single
point. Here, three techniques were introduced using different color spaces for robust
hand detection and segmentation. Hand tracking and segmentation (HTS) technique

using HSV color space are identified for the reprocessing of HGR system.

4.3.1 Anticipated Static Gesture Set

Static gesture is a specific posture assigned to meaning. Following is the static gesture
set specified for the proposed system with the specific meaning. application interface
will be provided after recognition of specified posture for action. Simplicity and user-
friendliness were taken into consideration for the design of anticipated posture set. For
the American Sign Language movement, the centre of the hand gesture window was
passed as a sign Language. Figure 4.6. shows anticipated static gestures set with defined
tasks [184].
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Fig. 4.6 a) sign L (b) sign J (c) sign A (d) sign B (e) sign C (f) sign Y .

4.3.2 Hand Segmentation Using HSV Color Space and Sampled Storage Approach

A Novel Approach for Image segmentation algorithm has been developed and tested
for green color glove. In this approach, color based segmentation was attempted using

HSV color space. The H, S and V separation was done using following equations [[185]].

V =maz(R,G, B) (4.9)
0=V —min(R,G, B) (4.10)
S=6/V 4.11)

To obtain value for hue following are the cases:
(1) if R=V then:

H=1/6(G— B)/§ (4.12)

(ii) if G=V then:
H=1/6(2+ (B — R)/5) (4.13)

(iii) if B=V then:
H=1/6(4+ (R—G)/d) (4.14)

The input image of green color samples was passed to the algorithm and from H-S
histogram the H-range = [0.4 0.55 0.6 0.6] and S-range = [0.2 1.0] were experimented
for segmentation. The algorithm could be able to subtract dynamic background. Skin
color samples needed to be passed to the algorithm for skin color detection. The draw-
back of this algorithm was training samples of the color need to be stored. It was

sensitive to little variation in color brightness [[1835].

4.3.3 Hand Segmentation Using Lab Color Space (HSL)

The input captured RGB image was converted to lab color space. In CIE L* a* b*
co-ordinate,where L* defines lightness, a* represent red/green value and b* denotes the
blue/yellow color value. a* axis and +a direction shift towards red while along the b*
axis +b movement shift toward yellow. Once the image gets converted into a* and b*
plane, thresholding was done. Convolution operation was applied on binary images

for the segmentation. Morphological processing was done to get the superior hand
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shape. This algorithm was found to work for skin color detection but it was sensitive to

complex background. Figure 4.7 shows the output with intermediate steps [[184]].

4.3.4 HSL Algorithm

1) Capture the Image.

i1) Read the input image.

111) Convert RGB image into lab color space.

iv) Convert the color values in I into color structure specified in cform.
v) Compute the threshold value.

vi) Convert Intensity image into binary image.

vii) Performing morphological operations such as erosion.

O T | TR

--

Fig. 4.7 (a) Input Image (b) rgb2clb (c) Gray Scale (d) Black and white (e) Image after
erosio.

4.4 Machine Learning Approach

Supervised machine learning approach was used in this research because each image

has an assigned label.

4.4.1 Artificial Intelligence

Research in Artificial Intelligence (Al) is very general and spans across numerous dif-
ferent areas such as mathematics, computer science, philosophy, economics and even
ethics. This field is very wide and can be attempted by many different viewpoints.
Therefore, this explanation will not be very exhaustive. For comprehensive and more
complex description into the subject, refer to [186].

One of the many possible definitions of Al can be briefly explained as a search method
to develop an artificially intelligent agent. In other words, it is an effort to create intel-
ligent machines that are either intelligent or can be perceived as intelligent ones. One
of the most important skills of intelligent agents is a sense of vision. A sense of vision
is usually required for a positive degree and not always, it is necessary that it rivals the

abilities of the human visual apparatus [146].
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First, it tries to resolve the vision problems which were tackled from the so-called
bottom-up approach in which the system was instructed with a hard-coded set of pro-
tocols describing the vision. It was expected that as the understanding of an instrument
allowing humans to abstract information from the visual scene, the hard-coded systems
could be fed this understanding and thus more skilled systems can be created. The prob-
lem with this method was that it highly underestimated the difficulty of reinforcement
of these protocols. Therefore, it mainly failed to devise such a system.

This main idea why the investigators postulated was that in order to resolve the problem
of deploying vision capabilities for the artificially intelligent system, it is compulsory
to introduce a procedure that would allow Al systems to extract patterns from provided
data. It is an overview of systems that can learn. A process that enables systems to learn
is usually called machine learning.

Machine learning is again a relatively extensive term that can be used in different frame-
works. In this work, it is meant to be understood as a technique that is used to create
mathematical representations for image detection. There are numerous types of ma-
chine learning models that are useful for different tasks.

The most common task attempted, is called the task of classification, in which it classi-
fies the occurrence of input into a correct discreet and mainly predetermined class. One
most common type of machine learning task is called regression, which is based on the

input data trying to estimate unknown continuous valued quantity [[146].

4.4.2 Machine Learning

Machine Learning is a process that is used to create models that can abstract informa-
tion from data to resolve a given problem and consequently repeatedly improves their
performance. The interesting viewpoint that can be used to view machine learning as
encoding information using fewer bits than the original representation, where the ma-
chine learning model is trying to get more details from input to evaluate model summary
[146].

4.43 Machine Learning Approaches

There are mainly two types of machine learning approaches:
* Unsupervised Learning.

* Supervised Learning.

4.4.3.1 Unsupervised Learning

In the unsupervised learning method, the model is trained by detecting new data and find

patterns in the data without being instructed on what they are. Contrasting to supervised
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learning, the benefit of this method is that the model can learn from data without su-
pervision. This means that there is no need for input data to be labelled. Therefore, it
takes less time and resources to deploy these models in practice. The biggest difficulty
of the supervised learning method in real-world applications is to obtain appropriate
data. Appropriate data in this context means, data that were somewhat classified into
different categories, which may not exist in all situations.

The mainstream of unsupervised learning procedures belongs to a group called cluster-
ing algorithms. These algorithms are centred on the idea to analyse ordered clustering
of data in the input space to determine their relationship. This is achieved by the belief
that data point clustering in input space is likely to exhibit similar properties. Illustra-

tions of unsupervised learning models are:
* K-means -clustering model
* Self Organizing Maps (SOMs)
* Principal Component Analysis (PCA) - dimensionality reduction

Image classification usually does not depend on the use of unsupervised learning
methods [146]].

4.43.2 Supervised Learning

Supervised learning was used in this research as the dataset images have assigned la-
bels. The supervised learning method is more commonly used when data is known.
This method needs training data with a specific format. Each instance must have as-
signed label. These labels make available supervision for the learning algorithm. The
training process of supervised learning is constructed on the following principle. First,
the training data are fed into the model to produce estimates of output. This estimate is
compared to the assigned label of the training data in order to evaluate the model error.
Based on this error, the learning algorithm distorts the model’s parameters in order to
reduce it [146].

4.4.4 Artificial Neural Network

ANN is defined as an interconnected assembly of nodes like the neural structure of the
human brain and can solve different types of problems in an easy manner. The brain
works by learning from experiences [187,|[188]. ANN is a system that processes infor-
mation in a similar manner to the biological nervous system. The key aspect of this
system is the unique structure of the information processing system [[187, [188]]. The
system is composed of a large number of unified processing elements working together

to solve certain issues [[187, [188]].It is specifically configured for data classification or

61



pattern recognition applications via learning processes. The architecture of an ANN is
composed of three main layers including an input layer, the hidden layer (one layer or
more) and the output layer.

ANN can be trained to use a supervised or unsupervised approach. In a supervised ap-
proach, ANN is simply trained by matched input and output while the unsupervised ap-
proach is an attempt to obtain the ANN to realize the structure of input data. [[187,[188]].
There are several benefits associated with using ANN such as self-learning and large
data handling. The advantage of using an ANN is ANN has the ability to learn and
train data models for non-linear and complicated relationships. Different applications
may be used by an ANN such as image processing, object detection and forecasting
[187,[188].

4.4.5 Deep learning

Deep learning is a machine learning based model that instructs systems to perform the
task humans likely to do [189,190]. For instance, deep learning is the basic technology
behind the automated cars, helping them to sense the traffic signals and pedestrians. It is
also the main idea behind the recognition of audio and voices in different devices such
cell phones and tablets. Deep learning becoming famous because it is doing the tasks
which could not be performed earlier. A deep learning model is based on the layers
of the data which could be pictures, text, or audio, into different and small classifica-
tion layers. Artificial Intelligence could provide 100% accurate results with close to the
human level accuracy and even exceeding the human pace. These models are trained
by using large datasets and machine learning techniques such as CNN or ANN which
contains many classification layers [[189,190].

In machine learning techniques, the system would guide how to use the model ac-
curately on the graphics, audios, and text. Deep learning models give precision based
accurate results even exceeding the human level. These models are framed according to
the data given and transforming that data into artificial neural based systems containing
large layers of classified data. Deep learning attains more precision and accuracy ever
than before which help it to meet the users’ expectations. It is used in useful appli-
cations such as automated cars. advances in the past years have shown that artificial

intelligence can even surpass the humans in classifying images [[189, [190]].
Deep learning needs large amount of classified data. For instance, developing au-

tomated cars hundreds of thousands of images and videos. Deep learning requires an

excessive amount of power. Elite GPUs have an equal design that is proficient for deep
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learning. Cloud computing and clusters, when combined takes less time as compared
before when it took weeks [[189, [190].

As deep learning is consisting of neural networks, so it is also known as deep neural
networks. The expression ’deep” typically mentions to the quantity of concealed layers
in the neural system. Usually neural networks just contain 2-3 concealed layers, while
deep systems can have up to of 150 layers. To implement the deep learning models,
they must train them. For training these models, they need a large number of labelled
data and neural networks. This will help them to learn the features directly from data
without any kind of human interaction.

The CNN is one of the most famous deep neural networks algorithms. It stands for
Conventional Neural Network. It involves classified layers of input data and uses 2D

convolutional layers to process 2D data [[189, [190].

Contrastive Divergence (CD) algorithm is different training methods to approximate
Maximum- Likelihood (ML) learning algorithms which represents the relationship be-
tween weights and its error, and it called the gradient. This method implemented to
learn the weight of the Restricted Boltzmann Machines (RBMs) with a gradient ascent.

The formula of this method is shown as follows:

l
Awyy(t + 1) = wyy(t) + p 2] (4.15)
8wij
The P(v) is the probability of the visible vector which is given by:
Y —E(v,h
plo) = 2Pl B0, ) (4.16)

z

The E(v, h) is the energy function allocated to the state of the network which is given
ol
by E(v,h) = —uTwp, 220E0)
Wy 5
signifies an average with respect to distribution p. Sampling (v;1;) 04 T€quires alter-

has the simple form of (v;1;)gata— (Vi) moder-(---)p

nating Gibbs sampling for a long time. The CD changed this phase by running alternat-
ing Gibbs sampling for n phases. After n phases, the data are sampled, and that sampled

data is utilised in place of (v;1;)model -

Deep learning applications are utilized in projects from computerized heading, to

clinical devices [189,190] . Automobiles companies are using machine learning mod-
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els identify traffic signs, etc. Due to the use of deep learning accidents of walking
people has significantly decreased. In aerospace and defence deep learning is utilized
to recognize objects from satellites that find special regions and distinguish guarded or
unguarded areas for troops. Cancer analysts are trying to identify malignant growth
cells using deep learning models and artificial intelligence. UCLA teams have manu-
factured a microscope that includes a high-dimensional informational set used to train
a deep learning application to precisely recognize cancer cells. Use of deep learning
models helps workers in their field area where there is heavy machinery by identifying
people and things in the safe and unsafe zones. Deep learning is being used in recog-
nizing the audio and the voice, such as the devices that detect your speech and give the

results according to it. These all functions are done by deep learning [[189,190] .

4.4.6 Convolutional Neural Network

A convolutional neural network (CNN) is a type of artificial neural network specifically
designed for image recognition [[191, 192, [193]]. A neural network following the activ-
ity of human brain neurons is a patterned hardware and/or software system. CNN is
also defined as a different type of multi-layer neural network and each layer of CNN
converts one number of activation to another through a function. CNN is a special ar-
chitecture used for deep learning [[191,[192,[193].CNN is frequently used in recognizing
scenes and objects, and to carry out image detection, extraction and segmentation.

CNN can be categorized in two phases, namely Training and Inference. To build
a CNN-based architecture, it applies three key types of layers: Convolutional Layer,
Pooling Layer and the Fully Connected Layer. The first layer is a convolutional layer
which is the main block of CNN. It takes many filters that are applied to the given im-
age and create different activation features in the picture. The second layer is pooling,
which is used to down samples. It will obtain input from non-linear activation and the
output will depend on the window size. The last layer is fully connected where a target
is identified to determine the category of final output. Due to the three layers, which
removes the necessity for feature extraction by using image processing tools, the image
data is learned directly by CNN. CNN causes the recognition results to be unique and
it might be retrained easily for new recognition missions while it is allowed to build
on the pre-existing network. All the following factors have made the usage of CNN
significant in the last few years [[191} 192, [193]].

If a correct filter is applied to the temporal and spatial dependency in an image,

it can be effectively captured by CNN. The number of parameters (weights) will in-
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crease rapidly in a neural network with fully connected neurons as the size of the input
increases [191} 192} [193]. A convolutional neural network reduces the number of pa-
rameters with fewer connections, mutual weights and down sampling [191} 192} [193].
Weight sharing is another major feature of CNNs. CNNs are an efficient extractor for
a completely new task or for problems in photo performance, text, audio, video recog-
nition and classification functions. A convolutional neural network also reduces the
number of parameters with fewer connections, mutual weights, and down sampling.
Besides that, CNNs remove the need for manual processing of features then discovers
the features directly [[191, 1192, [193]].

CNN Algorithm contains convolutional layers that are represented by an input called
map I, many filters K and biases b. In the images case , it may have as input which is
an image with height H, width W and C = 3 channels which are red, blue and green
such that I € R7*W*C Consequently for many D filters will have K € RF\*¥2+C*D apd
biases b € RP , one for each filter. The output from this convolution process is shown

as follows:

([ * K)” = Km,n,c * ]i+m,j+n,c —+ b (417)

The convolution procedure implemented previously is the same as the cross-correlation,exclude
that the kernel is flipped horizontally and vertically.For simplicity purposes, it should
utilize the argument where the input image is gray scale such as single-channel C=1.The
equation (4.17) will be transformed as follows.

k1—1ko—1

(I*K)ij=> Y Kun* Iipmjin + b (4.18)

m=0 n=0

Search engines, recommender systems and social media are the primary fields to
use a CNN in identification and classification of objects. Social media, identification
procedures and surveillance are using face recognition which is worth mentioning sep-
arately [191} 192, [193]]. This image recognition section involves more complex images
such as pictures that could have human or other living beings, including animals, fish
and insects.A banking insurance using optical character recognition has been designed
to process symbols that are written and printed [191} 192, [193]]. The medical image
involves a whole lot of additional data analysis that will spur the initial recognition of
the image. A CNN medical image classification detects microorganisms with higher

accuracy than the human eye on the X-ray or MRI images. Drug discovery is another
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important area of health care that uses CNNs extensively. CNN is one of the most

innovative implementations used in various fields [191} 192, [193]].

4.4.7 Structure of Machine Learning Algorithm

Although there are numerous machine learning algorithms, all have a common structure
that can be generalized. Structure of nearly all machine learning algorithms can be

defined as composed of the following components:
* Dataset description
* Model
 Cost function
* Optimization technique

Almost all supervised learning algorithms use the same dataset description. The other
three components can vary intensely. This level of analysis is suitable for developing
the intuition for Neural Networks (NNs) and a description of its individual components
[146].

4.4.77.1 Dataset description

Supervised learning requires datasets with detailed properties. Each dataset holds a set
of n instances which contain a pair of the input vector x; and output scalar y;. Input
vector

vl =[xy, 29, ..., 1) (4.19)

)

Specific components of the input vector must be of a uniform type. In the case of the
image as input data, it is the value of individual pixels (e.g. 0-255). In other cases, they
could be real values. As a general rule, input data should be normalized. This holds in
images automatically since each pixel must have its values in a fixed range. It is very
important in other types data, where this is not guaranteed.

Output scalar y; characterizes a class of the given instance. The type of this output value
thus must obtain only certain values. To put it differently, it must be a set of cardinalities

equal to the number of all possible classes[146]].

4.4.7.2 Dataset description

The model is predicted by taking input z; to predict values of its output ;. Each model

has parameters represented by vector §, which are used during the training process.
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The simplest example of the model type is a linear model, also called linear regression.

Parameters 6 of this model are:
07 = (0,05, ...,0,] (4.20)

Where p is the number of parameters equal to the size of the input vector x;.

Prediction g of the model on instance is computed as
p
Ui = Zﬂfij@j “4.21)
j=1
Estimate of the model on the entire dataset in matrix notation is given by:
y= X0 (4.22)

Estimates in expanded notation are given as:

(1 Xu . Xy b1
= . . . ) (4.23)

4.47.3 Cost Function

To achieve the learning accuracy of the machine-learning algorithm, it is necessary to
approximate the error of its predictions. This is assessed with so-called cost function
and called loss function. This function must have specific properties. The ability of
the machine-learning algorithm to learn rests on the approximation of its improvement
with the change of its parameters. Therefore, cost function must be at least partially
differentiable. In the case of linear regression, it is most common to use sum of the
square error. The main aim is that derivative of this function for a linear model has only
one global minimum [146].

The cost function is defined as:

n n

J0) = (i —5:)* = > _(yi — 2]0)” (4.24)

i=1 i=1

For the optimization determinations, it is usually useful to express the cost function in

matrix notation
J(0) = (y — X0)"(y — X6) (4.25)
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4.4.7.4 Optimization technique

The last part of the learning algorithm is the optimization technique. It consists of an
update of the model’s parameters 6 in order to increase prediction accuracy. In other
words, to find 6 such that the value of cost function .J(#) for given dataset is as small as
possible.

To examine the change of the cost function on given dataset, it is necessary to compute

the derivative of J(#) with respect to ¢

0J(0) _ Oy — X0)" (yi — X0)]

90 90 (4.26)
dJ(0)  Ol(y"y + 0T XTX0 — 2yT X0

o0 o0 (4.27)

ag_(:) =2XTX0—2XTy. (4.28)

For the linear model, it is possible to find an optimal result which is a global minimum

of the cost function. The optimal result
6= (X"X)'Xx"y. (4.29)

is found by comparing the partial derivative of J(6) to 0. The only condition is that
X7 X must be non-singular.

Unfortunately, only very simple problems can be handled using the model as simple as
linear regression. The more complex model usually means more complex cost function.
The optimization process of more complex cost functions cannot ensure the obtaining
of the global minimum. In this case, the optimization technique must have an iterative
character. To put it in a dissimilar way, the algorithm must be a method with minimum
iterations. Many of the iterative approaches belong to the group called gradient-based

optimization [146].

4.4.8 Model Complexity

In the first calculation, it could be said that the task of supervised machine learning is to
model the relationship between input and output data most correctly. The problem with
this definition is that in the real-world application, there have never been enough data to
capture the true relationship between the two. Therefore, the task of machine learning
is the attempt to suppose the true relationship by detecting an incomplete picture.
Hence the most significant property of the machine learning model is its generalization
capability. That is the capability to produce meaningful outcomes from data that were
not previously detected.

Generalization ability is reliant on the complexity of the model and its relationship to
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the complexity of the underlying problem. When the model does not capture the com-
plexity of the problem appropriately, it is defined as underfitting.In case the complexity
of models surpasses the complexity of the underlying problem, then this phenomenon
is called overfitting [[146].

In both extremes, the generalization ability suffers. In the earlier case, the model is un-
able to capture true intricacies of the problem and therefore is unable to predict wanted
output reliably. In the last case, it tries to capture even the subtlest data perturbation that
might be in fact an outcome of the stochastic nature of the problem and not the under-
lying real relationship. This can also cause the fact that input data is lost some variable
necessary to capture the true relationship. This fact is inescapable, and it thus must be
careful when designing a machine learning model.Representation of this phenomenon
in the case of two variable inputs is shown in Figure 4.8.

Typically, the machine learning model is trained on as much input data as possible

Underfitting X Balanced Overfitting

Fig. 4.8 Figure shows different levels of generalization of the model.

in order to reach the best possible performance. At the same time, its error rate must
be verified with independent input data to check whether the generalization ability is
not deteriorating. This is typically accomplished by splitting available input data into
training and testing set, frequently in 4:1 fraction of training to test data. The model is
trained with training data only and the presentation of the model tests on the test data.
A connection between test and train error can be found in Figure 4.9. Even though the
true generalization error can never be truly detected, its estimate of the test error rate is

enough for most machine learning tasks [[146].

4.4.8.1 Regularization

Regularization is any alteration that is made to the learning algorithm that is intended to
decrease its generalization error, but not its training error [194]. As it has already been
stated, the most significant aspect of machine learning is striking the stability between
over and under fitting of the model. To support this problematic concept of regulariza-

tion was devised. It is a method that helps to penalize the model for its complexity.
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The basic idea consists of adding a term in the cost function that increases with model

complexity. When this is applied to cost function from equation 4.30 [146].
J(O) = (y — X0 (y — X0) + N7 (4.30)

where A is a parameter that controls the strong point of the preference [[194].

A

test

Error

« training

Model complexity

Fig. 4.9 Relationship between the model complexity and its ultimate accuracy is the
relationship between training and testing error.

4.5 Classification

Classification is a process of categorizing a given set of data into classes. It can be
performed on both structured or unstructured data. The process starts with predicting
the Class of a given data point. The classes are often referred to as a target, label or
categories.

The classification predictive modelling is the task of approximating the mapping
function from input variables to discrete output variables. The main goal is to identify
which class/category the new data will fall into [[195].

Classification Terminologies in Machine Learning [[1935]:

* Classifier — It is an algorithm that is used to map the input data to a specific

category.

* Classification Model — The model predicts or draws a conclusion to the input

data given for training, it will predict the class or category for the data.

* Feature — A feature is an individual measurable property of the phenomenon

being observed.
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* Binary Classification — It is a type of classification with two outcomes, for ex-

ample — either true or false.

e Multi-Class Classification — The classification with more than two classes, in
multi-class classification each sample is assigned to one and only one label or

target.

* Multi-label Classification — This is a type of classification where each sample is

assigned to a set of labels or targets.
* Initialize — It is to assign the classifier to be used for the

* Train the Classifier — Each classifier in sci-kit learn uses the fit(X, y) method to

fit the model for training the train X and train label y.

* Predict the Target — For an unlabelled observation X, the predict(X) method

returns predicted label y.

* Evaluate — This basically means the evaluation of the model i.e. classification

report, accuracy score, etc.

Types Of Learners In Classification:

Lazy Learners — Lazy learners simply store the training data and wait until a testing
data appears. The classification is done using the most related data in the stored train-
ing data. They have more predicting time compared to eager learners. Eg — k-nearest
neighbour, case-based reasoning [195]].

Eager Learners — Eager learners construct a classification model based on a given
training data before getting data for predictions. It must be able to commit to a single
hypothesis that will work for the entire space. Due to this, they take a lot of time in
training and less time for a prediction. Eg — Decision Tree, Naive Bayes, Artificial
Neural Networks [[1935]].

4.5.1 Classification Algorithms

In machine learning, classification is a supervised learning concept which basically cat-
egorizes a set of data into classes. The most common classification problems are —
speech recognition,gestures recognition, face detection, handwriting recognition, docu-
ment classification, etc. It can be either a binary classification problem or a multi-class
problem too. There are a bunch of machine learning algorithms for classification in ma-
chine learning. Let us take a look at those classification algorithms in machine learning
[195].
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4.5.1.1 Random Forest

Random decision trees or random forest are an ensemble learning method for classifica-
tion, regression, etc. It operates by constructing a multitude of decision trees at training
time and outputs the class that is the mode of the classes or classification or mean pre-
diction(regression) of the individual trees [[193]].

A random forest is a meta-estimator that fits a number of trees on various subsamples

All Data

Fig. 4.10 Random Forest.

of datasets and then uses an average to improve the accuracy of the predictive nature of
the model. The sub-sample size is always the same as that of the original input size but
the samples are often drawn with replacements .

Advantages and Disadvantages
The advantage of the random forest is that it is more accurate than the decision trees
due to the reduction in the overfitting. The only disadvantage with the random forest
classifiers is that it is quite complex in implementation and gets pretty slow in real-time
prediction [[195]].

Use Cases:

Industrial applications such as finding if a loan applicant is high-risk or low-risk

For Predicting the failure of mechanical parts in automobile engines

* Predicting social media share scores

Performance scores

4.5.1.2 Artificial Neural Networks

A neural network consists of neurons that are arranged in layers, they take some input

vector and convert it into an output. The process involves each neuron taking input and
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applying a function which is often a non-linear function to it and then passes the output
to the next layer [[193].
In general, the network is supposed to be feed-forward meaning that the unit or neuron
Bias
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Fig. 4.11 Artificial Neural Networks.

feeds the output to the next layer but there is no involvement of any feedback to the
previous layer.

Weighing are applied to the signals passing from one layer to the other, and these are the
weighting that are tuned in the training phase to adapt a neural network for any problem
statement [[195]].

Advantages and Disadvantages
It has a high tolerance to noisy data and able to classify untrained patterns, it performs
better with continuous-valued inputs and outputs. The disadvantage with the artificial
neural networks is that it has poor interpretation compared to other models [[195]].

Use Cases:

* Handwriting analysis
* Colorization of black and white images
* Computer vision processes

 Captioning photos based on facial features

4.5.1.3 Support Vector Machine

The support vector machine is a classifier that represents the training data as points in

space separated into categories by a gap as wide as possible. New points are then added
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to space by predicting which category they fall into and which space they will belong
to [195].

Margin
—

" Hyperplane

Support Vectors

,A.._.._.:.%. ..:.:"

Fig. 4.12 Support Vector Machine.

Advantages and Disadvantages
It uses a subset of training points in the decision function which makes it memory ef-
ficient and is highly effective in high-dimensional spaces. The only disadvantage with

the support vector machine is that the algorithm does not directly provide probability
estimates [[195]].

Use cases:

* Business applications for comparing the performance of a stock over a period of
time

* Investment suggestions

* Classification of applications requiring accuracy and efficiency
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CHAPTER 5

Results and Discussions

Hand gestures provide humans a convenient way to interact with computers and many
applications. However, factors such as the complexity of hand gesture models, differ-
ences in hand size and position, and other factors can affect the performance of the
recognition and classification algorithms. Some developments of deep learning such as
Convolutional Neural Networks (CNN) and Capsule Networks (CapsNets) have been
proposed to improve the performance of image recognition systems in this particular
field. While CNNs are undoubtedly the most widely used networks for object detection
and image classification, CapsNets emerged to solve part of the limitations of the for-
mer. For this reason, in this work a particular ensemble of both networks is proposed to
solve the American Sign Language recognition problem very effectively. The method is
based on increasing diversity in both the model and the dataset. Obtained results show
that the proposed ensemble model together with a simple data augmentation process

produces a very competitive accuracy performance with all considered datasets.

5.1 Datasets description

The ASL serves as the predominant sign language of deaf communities in the United
States and part of Canada. Commonly, all ASL datasets, and in particular, those used
here, include at least alphabetic letters from A to Z, but applying a special consideration
over signs J and Z, because their corresponding gesture are dynamic and require motion.
Usually J and Z were excluded directly from the dataset, alternatively were acquired in
some particular conditions to avoid confusion with other static signs. In this work four
public ASL image datasets were used to evaluate several classification models over the

hand gestures problem:

1. Massey University dataset [196]. The dataset contains 1,815 images of ASL ges-
tures acquired from 5 subjects, with varying lighting conditions and hand posi-
tions. Originally the dataset comprises 36 different alphanumeric classes, we used
the letter-specific classes only. Signs J and Z were rotated slightly to differentiate

them from others that might be similar. Figure 5.1 shows the ASL alphabet.
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Fig. 5.1 Massey University dataset.

2. Static Hand Gesture ASL dataset [[197]. The dataset contains 860 images that
were built by capturing the static gestures of ASL alphabet from 8 people, ex-
cept for the letters J and Z. To increase the dataset diversity the authors applied
30-degree rotations and 20% of vertical scaling. The final dataset comprises 24

gestures and a total of 4,848 samples. Figure 5.2 shows the ASL alphabet.

gli U v w X Y

Fig. 5.2 Static Hand Gesture ASL dataset.

3. Kaggle ASL Alphabet dataset [198]]. The dataset contains 78,000 hand gesture

images. There are 29 classes, of which 26 are for the letters A-Z and 3 classes
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not considered in this work for SPACE, DELETE and NOTHING. Signs J and
Z were rotated slightly to differentiate them from others that might be similar.
Figure 5.3 shows the ASL alphabet.

Fig. 5.3 Kaggle ASL Alphabet dataset.

4. MNIST ASL dataset [199]. This dataset is composed by 34,627 images of the
alphabetic letter from A to Z. Letters J and Z were no captured in the dataset. The
original dataset is divided into two sets, one for training (27,455 cases) and one
for testing (7,172 cases). Figure 5.4 shows the ASL alphabet.

YHRLHY '
.;Er_";.fﬁm s,
.:z_ﬁmrn E_L
ol o L

1 v

Fig. 5.4 MNIST ASL dataset.

The first and second datasets are mainly selected owing to their diversity and for com-

parison with other authors. The third dataset was chosen due to its noisy nature in order
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to test the robustness of the proposed sign recognition method. This dataset contains
images with changing background and illumination conditions, as well as different hand
sizes, locations and rotations. In the case of the fourth dataset, several works have also
been evaluated with this public dataset, and some of them with similar initial approach

to ours.

Table 5.1 Number of samples of the original, training, test, and augmented-training sets
for the datasets. The original sets are divided into two sets (training and test) according
to the percentage (%) shown.

Dataset Original Training/ % Test/ % Augmented-Training
Massey University 1815 1415/ 80 364 /20 15961

Static Hand Gesture ASL dataset 960 672 /70 288 /30 7392

Kaggle ASL Alphabet dataset 78000 60632/78 17368 /22 666952
MNIST ASL dataset 34627 27455/ 80 7172 /20 302005

In all below experiments!, the original sets are divided into training and test sets ac-
cording to the percentage shown in Table 5.1. The optimization was performed by the
Stochastic Gradient Descent method of Adam algorithm, taking batches of 128 images.
An augmented training dataset was also generated in order to improve the networks per-
formance in operation mode. According to the data augmentation mechanism described
in Section 5.5, 14510 / 6720 / 606320 / 274550 augmented hand gesture images was
generated and added to the original training datasets, Massey University, Static Hand
Gesture ASL, Kaggle ASL Alphabet and MNIST ASL datasets, respectively.

5.2 Features Extraction

Feature extraction is a process of dimensionality reduction by which an initial set of raw
data is reduced to more manageable groups for processing. A characteristic of these
large datasets is a large number of variables that require a lot of computing resources
to process. Feature extraction is the name for methods that select and /or combine
variables into features, effectively reducing the amount of data that must be processed,
while still accurately and completely describing the original data set.

The process of feature extraction is useful when you need to reduce the number of
resources needed for processing without losing important or relevant information. Fea-
ture extraction can also reduce the amount of redundant data for a given analysis. Also,
the reduction of the data and the machine’s efforts in building variable combinations

(features) facilitate the speed of learning and generalization steps in the machine learn-

The source code that allows to reproduce all the experiments of this work can be accessed from
https://github.com/bousbai/Improving_Hand Gestures_Recognition
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ing process.

Using Regularization could certainly help reduce the risk of overfitting, but using
instead Feature Extraction techniques can also lead to other types of advantages such
as:

Accuracy improvements.
Overfitting risk reduction.
Speed up in training.
Improved Data Visualization.

Increase in explainability of our model.

In machine learning, diversity is an extremely significant concept because, in addi-
tion to raising accuracy, it also has a greater ability of generalization acting as a regu-
larization element of learning. Diversity can be achieved in several ways. For example,
it can be introduced in the training data, such that it provides more discriminative infor-
mation for the model. Diversity can also be obtained by the combination of the outputs
of a model trained several times. A third option for introducing diversity is to combine
the outputs of several types of models. This method is called ensemble learning [2].
Ensemble learning was initially used for classification [3]] although it can also be used
in other fields as regression [4] and feature selection [5] among others. The outputs of
models can be combined in different manners as using maxvoting, averaging, weighted

averaging or other advanced techniques as stacking, blending, bagging or boosting.

In this work, we prove the efficiency of a particular ensemble machine learning that
combines the feature spaces of several deep machines to solve the HGR problem. In
particular, the ensemble is formed from the feature spaces of a standard Convolutional
Neural Net (CNN) and a Capsule Network (CapsNet). Diversity is also introduced in
the data set by means of a data augmentation procedure. This regularization technique
has turned out to be critical to obtain the best possible result on the MNIST data set of
American Sign Language (ASL).

5.2.1 Convolutional Neural Networks

Convolutional Neural Networks (CNN) are one of the engines that have driven the
breakthrough of DL in recent years, being the preferred option for many computer vi-
sion tasks [200} 201} [202]. Inspired by the organization of the Visual Cortex, CNN are
composed of individual neurons that respond to stimuli only in a restricted region of the

visual field known as the Receptive Field. A collection of such fields overlap to cover
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the entire visual area.

CNN is a sequence of three different kinds of layers: convolutional layer (with non
lineal ReLu activation), pooling layer and fully-connected layer. The convolutional and
pooling layers are used to be applied several times in order to reduce the input image
into a smaller one which is easier to process and contain features which are critical for
getting a good prediction. The resulting image can be flattened in a vector form that
is finally classified by a set fully-connected layers. The most relevant advantage of a
CNN is the automatic feature extraction for the given task. Besides this, CNN have
others important advantages mainly by using convolution and pooling operations. In

particular, pooling
* makes the input representations smaller and more manageable;

* reduces the number of parameters and computations in the network, therefore,

controlling overfitting;

* increases the field of view of higher layers thus allowing to obtain more general

features of the input image.

¢ makes the network invariant to small transformations, distortions and translations
in the input image (a small distortion in input will not change the output of pool-

ing — since we take the maximum/average value in a local neighborhood).

Meanwhile convolution

* helps us to obtain a method for the recognition of objects that is almost invari-
ant under translation, what suppose a very powerful feature since we can detect

objects in an image no matter where they are located.

Nevertheless, CNN present a several limitations:

* CNN lack of ability to be invariant to large transformations, distortions and trans-
lations in the input image. Although CNN solves this problem slightly by using
max pooling and convolution, these are simply a bad approach to the solution;

* max pooling can cause loss of valuable information;

* the internal representation of a CNN does not take into account the spatial rela-
tionships between objects, nor the existing hierarchy between simple objects and

the composite objects of which they are a part.

It can be concluded that the internal representation of a CNN does not take into
account the spatial relationships between objects, nor the existing hierarchy between

simple objects and the composite objects of which they are a part.
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5.2.2 Capsule Networks

There are many research proposals to address the limitations of CNN, some example are
[203 204, 205, 206]. Among them, the so-called Capsule Networks (CapsNets) stand
out. They are a novel structure of CNN which simulates the visual processing system
of human brain and were proposed by G. E. Hinton to solve the intrinsic problems of
the CNNs [207, 208]. In particular, to achieve CNNs with internal data representation

that take into account spatial hierarchies between simple and complex objects.

This network is composed of capsules. A capsule, like a classical neuron, is a non-
linear computation node of a learning machine. Nevertheless, there is a remarkable
difference between them: in a capsule, both the input components and the output are

vectors instead of scalars, as it happens in a real neuron [209].

The length of the output vector denotes the probability that the entity (an object, for
example) exists and the state of the detected entity is encoded in the direction of the vec-
tor. The most important characteristic of the CapsNets is that their output components,
called ‘instantiation parameters’, are equivariant. This means that they allow maintain-
ing the information of spatial relationships between the object components, what makes
the network invariant to the viewpoint. Thus, a relevant consequence of this property
emerges: a CapsNets can identify new, unseen variations of the class without ever being
trained on them [209].

Let’s take a look at capsules and how they go about solving the problem of pro-
viding spatial information.When we look at some of the logic that’s behind CNN’s, we
begin to notice where its architecture fails. Take a look at this picture [209].

It doesn’t look quite right for a face, even though it has all the necessary components to
make up a face. We know that this is not how faces are supposed to look, but because
CNN’s only look for features in images, and don’t pay attention to their pose, it’s hard
for them to notice a difference between that face and a real face [209]].

How capsule networks solve this problem is by implementing groups of neurons that
encode spatial information as well as the probability of an object being present. The
length of a capsule vector is the probability of the feature existing in the image and the

direction of the vector would represent its pose information [209].

In computer graphics applications such as design and rendering, objects are often
created by giving some sort of parameter which it will render from. However, in cap-
sules networks, it’s the opposite, where the network learns how to inversely render an

image; looking at an image and trying to predict what the instantiation parameters for
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Fig. 5.5 How a CNN would classify this image.

it are [209]].

It learns how to predict this by trying to reproduce the object it thinks it detected and
comparing it to the labelled example from the training data. By doing this it gets better
and better at predicting the instantiation parameters. The Dynamic Routing Between
Capsules paper by Geoffrey Hinton proposed the use of two loss functions as opposed
to just one [209]].

The main idea behind this is to create equivariance between capsules. This means
moving a feature around in an image will also change its vector representation in the
capsules, but not the probability of it existing. After lower level capsules detect fea-
tures, this information is sent up towards higher level capsules that have a good fit with
it [209].

As seen in this picture, all of the pose parameters of the features are used to determine

ers
O O
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the final result.

Fig. 5.6 How a Capsule Network would classify this face.

Equivariance is due, in part, to a new training algorithm called routing by agreement
which ensures that the output of a capsule gets sent to an appropriate parent in the layer

above. In particular, each output of the lower level capsules is multiplied by a coeffi-
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Fig. 5.7 Process of Dynamic Routing.

cient and sent to every capsule in upper level layer. The routing algorithm increases or
decreases these coupling coefficients according to the agreement between the output of

the lower capsule and those of the layer above.

5.2.2.1 Architecture of Capsule Network on MNIST
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Fig. 5.8 CapsNet Architecture.

The Encoder takes the image input and learns how to represent it as a 16-dimensional

vector which contains all the information needed to essentially render the image [209]).

» Conv Layer: Detects features that are later analyzed by the capsules. As proposed

in the paper, contains 256 kernels of size 9x9x1.
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* Primary(Lower) Capsule Layer: This layer is the lower level capsule layer which
I described previously. It contains 32 different capsules and each capsule applies
eighth 9x9x256 convolutional kernels to the output of the previous convolutional

layer and produces a 4D vector output.

* Digit(Higher) Capsule Layer: This layer is the higher level capsule layer which
the Primary Capsules would route to(using dynamic routing). This layer outputs

16D vectors that contain all the instantiation parameters required for rebuilding

the object.
16 FC FC FC
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10< >512 1024 >784
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Fig. 5.9 Decoder Architecture.

The decoder takes the 16D vector from the Digit Capsule and learns how to de-
code the instantiation parameters given into an image of the object it is detecting. The
decoder is used with a Euclidean distance loss function to determine how similar the
reconstructed feature is compared to the actual feature that it is being trained from. This
makes sure that the Capsules only keep information that will benefit in recognizing dig-
its inside its vectors. The decoder is a really simple feed-forward neural net that is
described below [209]].

Fully Connected (Dense) Layer 1.

Fully Connected (Dense) Layer 2.

Fully Connected (Dense) Layer 3.

Final Output with 24 classes.

The capsule networks have aroused great interest in the scientific community. Different
works have emerged recently proposing improvements to the original CapsNets. For
example, a modified routing algorithm, called Cognitive Consistency Routing Algo-

rithm, is presented in [210]. The main motivation of this work is to ensure each capsule
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layer makes the prediction of the target as consistent as possible. In [211], however,
Path Capsule Networks (PathCapsNets) are presented as an effort to explain behavior
and decisions of deep and capsule networks. They are proved to achieve better or com-

parable performance to CapsNet with significant parameter savings.

5.3 Reduce a Dataset Dimensionality

Feature Extraction aims to reduce the number of features in a dataset by creating new
features from the existing ones (and then discarding the original features). These new
reduced set of features should then be able to summarize most of the information con-
tained in the original set of features. In this way, a summarized version of the original

features can be created from a combination of the original set.

Another commonly used technique to reduce the number of features in a dataset is
Feature Selection. The difference between Feature Selection and Feature Extraction is
that feature selection aims instead to rank the importance of the existing features in the

dataset and discard less important ones (no new features are created).

5.3.0.1 Principle Components Analysis (PCA)

PCA is one of the most commonly used techniques for reducing linear dimensions and
has been used in our research. When using PCA, we take our original data as input
and try to find a set of input features that can better summarize the distribution of the
original data to reduce its original dimensions. PCA can do this by increasing contrasts
and reducing reconstruction error by looking at even distances. In PCA, our original
data are displayed in a set of orthogonal axes and each axis is arranged in order of im-
portance.

PCA is an unsupervised learning algorithm, so it is not concerned with data labels but
only diversity. In some cases, this can lead to misclassification of data. The eigenvec-
tors and eigenvalues are the linear algebra concepts that we need to compute from the
covariance matrix in order to determine the principal components of the data. Before
getting to the explanation of these concepts, let’s first understand what we mean by
principal components.

PrinPrincipal components are new variables that are constructed as linear combinations
ormixtures of the initial variables. These combinations are done in such a way that the
new variables (i.e. principal components) are uncorrelated and most of the information
within the initial variables is squeezed or compressed into the first components. So, the
idea is 10-dimensional data gives you 10 principal components, but PCA tries to put
maximum possible information in the first component, then maximum remaining infor-

mation in the second and so on [212], until having something like shown in the scree
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plot below. Organizing information in principal components this way will allow you

40-

Percentage of explained variances
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Principal Components

Fig. 5.10 Percentage of Variance (Information) for each by principal components.

to reduce dimensionality without losing much information, and this by discarding the
components with low information and considering the remaining components as your
new variables.

An important thing to realize here is that, the principal components are less interpretable
and don’t have any real meaning since they are constructed as linear combinations of
the initial variables. Geometrically speaking, principal components represent the direc-
tions of the data that explain a maximal amount of variance, that is to say, the lines that
capture most information of the data. The relationship between variance and informa-
tion here is that, the larger the variance carried by a line, the larger the dispersion of the
data points along it, and the larger the dispersion along a line, the more the informa-
tion it has. To put all this simply, just think of principal components as new axes that
provide the best angle to see and evaluate the data, so that the differences between the
observations are better visible [212].

5.4 Classification Using Support Vector Machine (SVM)

The Support Vector Machine is a supervised learning algorithm mostly used for classifi-
cation but it can also be used for regression. The main idea is that based on the labelled
data (training data) the algorithm tries to find the optimal hyperplane which can be used
to classify new data points. In two dimensions the hyperplane is a simple line Figure

5.11 [213]].
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Usually a learning algorithm tries to learn the most common characteristics (what dif-
ferentiates one class from another) of a class and the classification is based on those
representative characteristics learnt (so classification is based on differences between
classes). The SVM works in the other way around. It finds the most similar examples

between classes. Those will be the support vectors [214]].
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Fig. 5.11 Possible hyperplanes.

5.5 Proposed Method

As previously described in the section, diversity is a very important concept in machine
learning because, it produces a greater capacity of generalization acting as a regulariza-
tion element of learning which translates into greater accuracy. Diversity of the learned
model (diversity in parameters of each model or diversity among different base mod-
els) makes each parameter/model capture unique or complement information. Here, we
proposed an ensemble method that combines the feature space of a CNN network with
the feature space of CapsNets in order to improve the accuracy of HGR problems. It
is expected that the capabilities of the well-known CNN networks for image pattern
recognition problems will be strengthened by those from the CapsNet architecture.
CNNs and CapsNet are considered in this way as feature extractors mechanisms that
increase the diversity by means of the conjunction of their feature spaces. Once the
feature spaces are combined, a new expanded feature space is obtained, where the clas-
sification problem has to be solved. Figure 5.12 shows the whole network and the new
feature space 7.

As can be observed in Figure 5.12, vectors in the expanded feature space conform
the input to be classified by a dense neural network, in this case, a Support Vector Ma-
chine (SVM). Notice that, previously to this classification task, a Principal Component

Analysis (PCA) procedure is applied in order to reduce both redundancy and data di-
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mensionality.

In this work, the proper design of that CNN is based on classical LeNet-5 architecture
[65]], but making some updates following the current practice: ReLLU activation on con-
volutional layers, max pooling layers instead of average pooling, and one dropout layer.
One of the major benefit of the ReLLU activation function is the reduced likelihood of the
gradient to vanish in contrast with the sigmoid functions. The other benefit is sparsity
because of it produces more values close or equal to zero which translate to a sparse
representation that are more beneficial than a dense one. Average pooling was often
used historically but has recently fallen out of favor compared to the max pooling oper-
ation, which has been shown to work better in practice.

The dropout method is use because it is prove to be one of the better choice to reduce
the overfitting [215].LeNet-5 was initially proposed for recognition of handwritten dig-
its on MNIST database [216], a quite similar problem to the one in this work.

Finally, diversity of the training data is also considered in the proposed method. Di-
versity in the data ensures that the training data can provide more discriminative in-
formation for the model. Now, diversity is introduced by means of a particular data
augmentation method due to its high effectiveness in improving results.

More specifically, the initial size of the training dataset was enlarged using standard
data augmentation techniques: operations of rotation (up to 15 degrees) and translation
(up to 2 pixels) was applied to the original images, with “nearest neighbor” padding for

pixels that come from outside the boundaries.

Each of the components of the proposed method is described below.

5.5.1 Baseline CNN

As initial starting point, a standard CNN is evaluated and its performance is considered
as baseline for comparative purposes. As it was previously commented, the design of
this CNN was inspired on LeNet-5, since some kind of variation of such network is a
common election in problems with similar training datasets to the one considered here
[208, 217].

As can be seen in Table 5.2, the selected baseline CNN consists of two sets of convo-
lutional and max-pooling layers, one additional convolutional and flattening layer, one
fully-connected classifier and finally a softmax output layer of 24 or 26 dimension de-
pending on the dataset. The input layer accepts single channel grayscale images with
dimensions of 28 x28 pixels for MNIST ASL dataset and 40 x40 pixels for other ASL
datasets. From input to output, the three convolutional layers have 16, 32 y 32 filters
with kernel size of 5x5 and stride of one. The size of the fully-connected layer is 64

and that of the output layer 24 or 26 depending on the dataset. These hyperparameters
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Fig. 5.13 Proposed CNN Architecture.

was tuned to achieve the best performance on all datasets, while keeping the computa-
tional cost close to CapsNet one. The CNN was trained using standard cross entropy

loss function.

Table 5.2 Proposed CNN architectures.

Depth CNN for MNIST ASL Dataset Output shape CNN for the rest of datasets Output shape

Input Input (28x28) Input (40x40)

1 Convolutional (5x5) 28x28x16 Convolutional (5x5) 40x40x16
2 Max pooling (2x2) 14x14x16 Max pooling (2x2) 20x20x16
3 Convolutional (5x5) 14x14x32 Convolutional (5x5) 20x20x32
4 Max pooling (2x2) TxTx32 Max pooling (2x2) 10x10x32
5 Convolutional (5x5) TxTx32 Convolutional (5x5) 10x10x32
6 Flatten 1,568 Flatten 3,200

7 Dense 64 Dense net 64
Output Softmax 24 Softmax 24726

5.5.2 CapsNet

Presumably due to the similarity of problems, and after repeated attempts, the CapsNet
hyperparameters (Figure 5.14) remain unchanged from those originally proposed the
authors [208]] in order to reach the optimal performance.

As can be seen in Table 5.3, the first convolutional layer uses 256 filters of 9x9x1 to
generate a new representation of the input image. Depending on the dataset, the images
have 28 x28 or 40x40 pixels. Focusing, for example, on the MNIST dataset, the new
representation is of 20x20x256 dimension. The second layer have 32 channels (16 for
the rest of datasets), each one with 6 x6 capsules (PrimaryCaps) of 8 x 1 dimension (see
Figure 5.14). The last layer is the DigitCaps layer, which contains as many capsules as
the number of classes (24), one for each sign in the alphabet. A digitcapisa 1x16 vector
that is obtained multiplying the output vector of a primarycap by a 8x 16 trainable

weight matrix.
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Table 5.3 Proposed Capsule Network Encoder architectures.

Depth CapsNet for MNIST ASL Dataset Output shape CapsNet for the rest of datasets Output shape

Input Input (28 x28) Input (40x40)
1 Convolutional (9x9) 20x20x256 Convolutional (9x9) 32x32x256
2 Convolutional (9x9x256) 6x6x256 Convolutional (9x9x256) 12x12x256
3 PrimaryCaps 1,152x8 PrimaryCaps 2,304x8
Output DigiCaps 24x16 DigitCaps 24/26x16
16
Input layer E 8
— DigitCaps classes
\] 20/32
o = | Conv || mmp = =[0-0-0
——
N i 32/16 class
2032 g/12 Pfclgll)iry
6/12

Fig. 5.14 Architecture of Encoder CapsNet.

5.5.3 Ensemble model

As earlier pointed out, the proposed model consist of an ensemble of the two previ-
ously described networks (CNN and CapsNets), working as feature extractors and fi-

nally combined to improve the classification accuracy in the HGR problem.

In the proposed model (see Figure 5.12), the expanded feature space Z is composed
by the conjuntion of Z1 and Z2, the feature spaces of the CNN and CapsNet respec-
tively. In this work, it will be considered the following feature vectors: Z13900x1 /
Z2384%1> Z11568x1 1 Z2400x1> £13200x1 1 Z2416x1 and Z13200x1 / Z2416x1 for the MNIST
ASL, Static Hand Gesture ASL, Massey University and Kaggle ASL Alphabet datasets,
respectively. The obtained vectors Z (Zsssax1 / Z196sx1 ! Z3s16x1 | Z3e16x1) Will be fi-

nally classified by a Support Vector Machine (SVM) classifer.

In order to reduce the dimensionality of Z, a subsequent PCA procedure is applied
and the first most relevant features are preserved. For the datasets considered here, the
best performances have been obtained with the 1,200/ 800/ 1,500 / 1,500 most relevant

features, i. e., with reduced feature vector Z1200x1 / Zsoox1 ! Z1500x1 ! Z1500x1-

5.6 Comparative performance

In order to obtain robust statistical conclusions, the testing performance values were

computed by averaging the results of a model after 20 training runs. Moreover, the best
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Table 5.4 Average and standard deviation accuracy for considered methods (CNN, Cap-
sNet, Proposed model) and different datasets. DA denotes Data Augmentation.

% Test Accuracy (Mean + std) CNN CapsNet Ensemble CNN DA CapsNet DA Ensemble DA

Massey University dataset 9148 £0.03 86.03 £0.19 91.214+0.26 98.05+0.01 98.524+0.01 99.18 £ 0.39
Static Hand Gesture ASL dataset 73.26 £0.25 67.70 £0.33 74.65+0.31 98.26 £0.26 95.71 £0.48 98.96 & 0.22
Kaggle ASL Alphabet dataset 88.20+£0.35 92.13+£0.13 96.67 £0.38 91.94+0.55 93.08 £021 99.13 +0.17
MNIST ASL dataset 9632+ 0.41 88.72+0.28 94.4240.05 98.11 £0.55 99.08 +0.38 99.69 + 0.17

average results are indicated in bold for each dataset. A method is considered better
than another when the difference between the means of the corresponding MSEs is at
least greater than the average of their standard deviations. This criterion has been ap-
plied in the results showed in Tables 5.4 and 5.5.

Table 5.4 collects obtained classification accuracy for every dataset. The results

are showed in terms of mean and standard deviation accuracy provided by the different
models.
As can be observed, CapsNet outperforms the CNN model when data augmentation is
applied, obtaining a poor result when it is not considered. This can be explained by
the presence of two major defects of CNN: their failure to look at the important spatial
hierarchy between features, and their lack of rotational stability.

Table 5.5 shows the obtained accuracy by proposed method compared with the re-
sults achieved in other works using similar and recent approaches, i.e. they make use
of some variant of convolutional networks and apply it over some of the same datasets
tested here. Taskiran et al. [218] achieved an accuracy of 98.05% with standard CNN’s
over Massey University dataset. Rastgoo et al. [219] proposed a deep-based model
using Restricted Boltzmann Machine attaining an accuracy of 99.31% over the same
dataset, and Verma et al. [220] capture effective features by employing attention mech-
anism and dilated convolution provides global features reaching an accuracy of 98.80%
for the best situation. Pinto et al. [197] recently achieved respectively 99.40% and
98.24% of classification accuracy over Massey University and Static Hand Gesture ASL
datasets. Over MNIST ASL Zhao et al. [221] used a basic optimized ConvNet to reach
a classification accuracy of 89.32%, and Bilgin et al. [217] introduced the CapsNets
to the recognition of ASL hand gestures and compared their performance with classic
LeNet CNNs. They accomplished a 95.08% of accuracy in the best case. In general
terms, it can be observed on Table 5.5 that the proposed ensemble provides state-of-
the-art results, improving the classification accuracy of hand gestures achieved by the
referenced works. Note that these works provide only average accuracy values, and the
standard deviation of their experiments were not available for comparison. It should be
pointed out that in the case of noisy dataset Kaggle ASL Alphabet the performance has

not deteriorated, achieving a remarkable accuracy greater than 99%.
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% Test Accuracy
MNIST ASL
89.32
95.08
99.69 + 0.17

% Test Accuracy
99.13 £+ 0.17

% Test Accuracy
98.24
98.96 + 0.22

99.31
98.05
99.40
98.80
99.18 + 0.39

% Test Accuracy
Massey University — Static Hand Gesture ASL.  Kaggle ASL Alphabet

[217] Bilgin and Mutludo”gan

Reference method
[219] Rastgoo et al. 2018
[218] Taskiran et al. 201
[221] 7hao and Wang 2018
[197] Pinto et al. 2019
[220] verma et al. 2021
Proposed ensemble

Table 5.5 Comparison with methods based on CNNs from other authors using the same

datasets.
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Fig. 5.16 Static Hand Gesture ASL dataset.
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Fig. 5.17 Kaggle ASL Alphabet dataset
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Table 5.6 Precision and recall values of proposed ensemble model for MNIST ASL and
Static Hand Gestures datasets using data augmentation.

MNIST ASL dataset Static Hand Gesture ASL dataset
Sign Samples Precision  Recall = Samples Precision Recall

A 331 0.94 1.00 12 1.00 1.00
B 432 1.00 1.00 12 1.00 1.00
C 310 1.00 1.00 12 1.00 1.00
D 245 1.00 1.00 12 0.92 1.00
E 498 1.00 1.00 12 1.00 1.00
F 247 1.00 1.00 12 1.00 1.00
G 348 1.00 1.00 12 1.00 1.00
H 436 1.00 1.00 12 1.00 1.00
I 288 1.00 1.00 12 1.00 1.00
K 331 1.00 1.00 12 1.00 1.00
L 209 1.00 1.00 12 1.00 1.00
M 394 1.00 1.00 12 0.92 1.00
N 291 1.00 1.00 12 1.00 1.00
O 246 1.00 1.00 12 1.00 0.92
P 347 1.00 1.00 12 1.00 1.00
Q 164 1.00 1.00 12 1.00 1.00
R 144 1.00 1.00 12 1.00 0.92
S 246 1.00 1.00 12 1.00 0.92
T 248 1.00 0.92 12 0.92 1.00
U 266 1.00 1.00 12 1.00 1.00
v 346 1.00 1.00 12 1.00 1.00
\ 206 1.00 1.00 12 1.00 1.00
X 267 0.93 1.00 12 1.00 1.00
Y 332 1.00 1.00 12 1.00 1.00
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Table 5.7 Precision and recall values of proposed ensemble model for Kaggle ASL
Alphabet and Massey University datasets using data augmentation.

Kaggle ASL Alphabet Dataset Massey University Dataset
Sign Samples Precision Recall Samples Precision Recall
A 668 1.00 1.00 14 1.00 1.00
B 668 1.00 1.00 14 1.00 1.00
C 668 1.00 1.00 14 1.00 1.00
D 668 1.00 1.00 14 1.00 1.00
E 668 1.00 1.00 14 1.00 1.00
F 668 1.00 1.00 14 1.00 1.00
G 668 1.00 1.00 14 1.00 1.00
H 668 1.00 1.00 14 1.00 1.00
I 668 1.00 1.00 14 1.00 1.00
J 668 1.00 1.00 14 1.00 1.00
K 668 1.00 1.00 14 1.00 1.00
L 668 1.00 1.00 14 1.00 1.00
M 668 0.98 0.99 14 1.00 1.00
N 668 0.99 0.99 14 1.00 0.79
0) 668 1.00 1.00 14 1.00 1.00
P 668 1.00 1.00 14 1.00 1.00
Q 668 1.00 1.00 14 1.00 1.00
R 668 0.95 0.94 14 1.00 1.00
S 668 0.98 0.97 14 1.00 1.00
T 668 0.98 0.99 14 0.82 1.00
8] 668 0.93 0.95 14 1.00 1.00
v 668 0.99 0.99 14 1.00 1.00
W 668 1.00 0.99 14 1.00 1.00
X 668 0.98 0.98 14 1.00 1.00
Y 668 1.00 1.00 14 1.00 1.00
Z 668 1.00 1.00 14 1.00 1.00
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Fig. 5.18 Massey University dataset.

Finally, to better analyze the proposed method, the metrics of Precision, Recall and
Confusion Matrices are presented in Tables 5.6 and 5.7 and Figure 5.15, 5.16, 5.17 and
5.18 respectively.

Each column of the matrix represents the instances in a predicted gesture, instead each
row represents the instances in a current gesture. The main diagonal of the matrix repre-
sents the instances correctly classified by the proposed model. The gestures incorrectly
classified as not belonging to a class of interest, while the off-diagonal values show the
mistakes made. As can be observed, the proposed method does not suffer of ambiguity
issues. The misclassifications are concentrated in a few letters, and these letters differ
from one data set to another: 3 for entry N predicted as S in the Massey University
dataset and this is confirmed by the ratio of the letter N in Recall (0.79 ) (see Table
5.7). 1 for entries O, R, S predicted as M, D, T respectively, in the Static Hand Gesture
dataset which are confirmed by the ratio of this letters in Recall (see Table 5.6). In the
ASL Kaggle Alphabet data set, there are a larger amount of errors. The most relevant
are 35, 28, 14 for the letters R, U, S predicted as U, R, X. This misclassifications are
obvious and identical to the proportions of each letter in the corresponding recall values
in Table 5.7. Finally, in the MNIST ASL dataset, there are 21 and 1 error for input T,
M respectively predicted as X, S. Again, this misclassifications are confirmed by the

proportions of each letter in Recall shown in Table 5.6. This result is not surprising

97



due to the distinction of some gestures is very hard, since they are very similar to other

gestures in the dataset as shown in Figure 5.15, 5.16, 5.17 and 5.18 respectively.

5.7 Conclusions

In this work, we address the problem of hand gestures recognition using software-based
deep learning techniques. More specifically, the problem to be solved is the sign clas-
sification on the American Sign Languages (ASL). To tackle it, standard CNNs, the
most used networks in image recognition problems, and capsule networks (CapsNets)
have been used. Both networks can be considered complementary because CapsNets
were designed to improve the performance of the CNN. In particular, they satisfy the
equivariance property, which means they allow maintaining the information of spatial

relationships between the object components.

Looking for the best possible solution, a new model is proposed that combines the
networks by joining the feature spaces of both. This ensemble model reduces the di-
mension of the resulting feature space by means of a PCA, and classifies that represen-
tation of the input data by an SVM classifier. Experiments show that with this idea and
a proper and simple data augmentation process, it is possible to achieve an excellent
performance with most errors concentrated in some particular and difficult hand ges-
tures. This fact suggests the possibility of increasing the accuracy by means of voting,
bagging or boosting schemes. The method is based on increasing diversity in both the
model by means of the ensemble mechanism and the dataset by means of data augmen-

tation process.
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Conclusion

In this thesis, we have proposed a method for hand gestures recognition, which in the
operational environment will have a direct impact on the performance of human op-
erators through a qualified and acceptable HCI interface, will push the limits of HCI,
especially in the event of infectious epidemics such as the outbreak of the coronavirus
COVID 19.

The aim of this research is to propose an approach applying artificial vision methods to
American sign language (ASL) images by comparing our work with different computer
vision strategies proposed in recent years. A list of the tasks we performed is shown

below:

* Diversity: Here, we proposed an ensemble method that combines the feature
space of a CNN network with the feature space of CapsNets in order to improve

the accuracy of HGR problems.

* We have suggested the use of capsule networks to avoid the shortcomings of con-
volutional neural networks, because it can be seen that the internal representation
of a CNN does not take into account the spatial relationships between objects,
nor the existing hierarchy between simple objects and the composite objects of

which they are a part.

* The proposal shows four essential experiments with four different datasets in the

field of hand gesture.

* Reducing the dimensionality of the final vector of features by using the Principal
Component Analysis (PCA)

* Classification of objects, mimicking the process of human thought, which allows

complex judgments to be made with precision, speed and consistency.

Improving of a hand gesture recognition without going through segmentation using
deep learning approaches. We have proposed a new approach using a collection of two
CNNe .

First, for the improvement of capacity of generalization, the results show that our pro-
posed method is the best technique compared to the other literature methods. Sec-
ondly, Massey University datasets, Static Hand Gesture ASL datasets, Kaggle ASL
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Alphabet datasets, MNIST ASL datasets, with CapsNet or CNN model presents a good
performance by a test accuracy equal to 98.52%, 98.26%, 93.08% and 99.08%, re-
spectively. Furthermore, our proposed model provided better results than others tested
algorithms showing the efficiency of the system. In particular, the system achieved
99.18%, 98.96%, 99.13% and 99.69%, for the datasets mentioned earlier in succession.
On the other hand, for object detection by machine learning, we noted that the results
obtained are very satisfactory with a very small number of false detections.

Although the results obtained in this thesis are more than satisfactory and promising,
nevertheless, there are some limitations to this research. First, it is difficult to obtain
complete information on existing commercial systems, or even on the data obtained
from these systems, for reasons of ownership (whether the systems are certified or not).
Also, the data used for our research its public data, the limitation is that all the data
collected was limited to the small set of hand gestures.

As pointed out in the introduction section, a complete sign language recognition system
requires the integration of different and usually separable modules. The authors in-
tend to develop a DL-based segmentation algorithm that can be integrated with current
work, so that the hand gesture images that feed the classification module can be located
and extracted directly from image frames captured by a simple image device such as
a webcam. Pretrained networks or transfer learning also need to be experimented for

comparison or optimization purposes.
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