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Abstract

The determination of ethnicity of an individual can be very useful in a face recognition and person
identification system in general. The face displays a complex range of information about identity,
age, sex, race as well as emotional and intentional state. It is commonly assumed that the biolog-
ical unit of human classification is the ethnic group, with hereditary physical features making up
the group classification, based on the qualities such as the skin colour, the build, the head shape,

the hair, the face shape, and the blood type.

In this thesis, the aim is to investigate methods and techniques to perform ethnicity classifi-
cation of face images. Automatic face-based ethnicity classification has various applications in
human computer interaction, surveillance, video and image retrieval, database indexing, and can
give helpful insight for face recognition and identification. Since biometric systems have to deal
with very large databases, it can be a good idea to partition the face database according to the
ethnicity of a person. In addition, this has the potential to significantly improve the search speed,

efficiency and accuracy of biometric systems.

Automatic face and landmark detection on images is very important for face recognition, face
identification and for ethnicity classification. This study presents an approach for detecting face
and facial features such as the eyes, the nose and the mouth in gray-scale images. In addition, the
study makes use of thresholding and connected component labelling algorithms in order to detect

a face and extract features that characterize this face.

This study investigates three different feature methods for the ethnicity classification of face
images. A new ethnicity classification based on skin colour is proposed. Skin colour is one of the
most important features in the human face. The skin colour differs from individual to individual

belonging to different ethnic groups and from people across different regions. For instance, the

XViil



skin colour of people belonging to White, Asian and Black groups is different from one another
and extended from white to yellow to dark brown. Based on this different colour spaces are used to
create a feature vector representing a given face image. A second feature model based on textures
is proposed. Gabor filters are used to extract texture features. Thirdly, a combination of colour and

texture features are used to further improve the ethnicity classification accuracy.

Four different classifiers, namely K-Means clustering, Naive Bayesian (NB), Multilayer Per-
ceptron (MLP) and Support Vector Machine (SVM), were used to test the effectiveness of the auto-
matic characterization of ethnicity by using the proposed features models. The ethnic groups con-
sidered were Asian, Indian, White and Black. Extensive experiments demonstrate that our models
achieve very good results, confirming the consistently overwhelming performance of Asian clas-
sification. The proposed models also achieve very good classification results for different ethnic

groups when compared with existing models.
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Chapter 1

Introduction

1.1 Background

Currently security is a priority for individual use, institutions, and organizations. Numerous gov-
ernment agencies are constantly improving their security frameworks as an after-effect of the ex-
pansion in terrorist assaults. The most important asset of the business is information, hence security
plays a vital part in maintaining the secrecy of important information. Traditionally, different au-
thorization techniques are used in the day-to-day life. For example, passwords are utilized in order
to gain access to the online banking, cell phone or office systems. Signatures are widely utilized
for personal authentication and electronic cards are used to gain access into buildings and systems.
However this kind of authentication technique has numerous constraints. Securing information
using a password has become less and less dependable on the grounds that they can be easily
cracked, especially when individuals use their birth date or nick-name as their password or even
forget their password. Electronic cards can be easily stolen, while signatures can also be imitated.

These constraints can make these techniques less dependable and inefficient [1-4].

Biometrics is rapidly turning into another option for passwords and cards. Iris, finger print,

face, and other biometric features are progressively being used for authentication, and are difficult



to be stolen, borrowed and practically impossible to forget. These advances in authentication use
the intrinsic aspects of a particular individual, and hence appear as a viable alternative to more
traditional approaches, such as Personal Identification Number (PIN) codes or passwords [2]. Bio-
metrics offers automated techniques of identity verification on the principle of measurable physio-
logical or behavioral characteristics such as fingerprint, face, iris, signature, palm, hand geometry,
or speech [3]. These technologies are being used in security banking systems, mobile phones, im-

migration, health, authentication systems, and many other applications [5].

A substantial amount of research on different biometric advancements has been presented
in literature. The human face has been a subject of interest to a growing number of research en-
deavours in recent times. The reason is that the face is the most natural and acceptable for identity
authentication [6]. Automatic identification of the human face is a very challenging research topic
and, has received increased consideration in recent years. However, human faces do not only pro-
vide the identities, but also the demographic information, such as gender, age and ethnicity, which
are also vital for human face perception. When we take a glimpse at an individual’s face, we not
only perceive who it is, but also process other information about the person, such as the expression,
ethnicity, shape of the eyes and nose, age, gender and charm [7]. In the course of recent decades,
a great deal of effort has been committed in the areas of the biological, psychological, and cogni-
tive sciences in order to discover how the human brain perceives, represents and remembers faces.
Similarly, it is hoped that the computer can automatically understand these messages from facial

images [8].

Among the demographic attributes, ethnicity generally remains invariant throughout an indi-
vidual’s life time and significantly supports face identification and recognition systems. Therefore,
automatic facial ethnicity classification has received increasing attention in recent years. Fur-
thermore, it has promising potential to be applied for improvement in amongst others, database

indexing, Human Computer Interaction (HCI), video/image retrieval, and surveillance.
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1.2 Motivation

The importance of face recognition is appealing on the grounds that the face recognition system
does not require the cooperation of the individual compared to many other systems. A face has
unique features for human identification. Even identical twin’s faces are somewhat not the same
[9]. The human face has the most common characteristic that is utilized by people in order to
distinguish or perceive other individuals. Face recognition has distinct advantages because of its
non-contact process. Face images can be captured from a distance without touching or interaction
with the person being identified [10]. In addition, face recognition serves crime deterrent purposes
because face images that have been recorded and archived can later help to identify a person. It has
become an important research area in many real-life machine vision applications which includes
amongst others, access control, bank card identification, mug shots searching, security monitoring,
surveillance systems, passports, suspect tracking and investigation, and human computer interac-

tion.

Human facial images provide the demographic information, such as the ethnicity, gender and
age of an individual. Ethnicity and gender additionally play an important role in face-related ap-
plications such as face recognition and identification [11, 12]. Humans without much of a stretch
see demographics through facial appearance such as skin colour, texture, contour information, lo-
cation and distance between facial features, and geometric features (such as eyes, nose, lips, face
shape and hair). They do not recollect all the features (all pixel values in face image) of the face
but only general features such as skin colour, texture, and contour information. Yet they are able
to identify demographic information efficiently and successfully. This influences the belief that
all image data is not necessary and that only a couple of selected features can prompt effective

ethnicity classification which can speed up face classification.

As known from anthropometric, physiological, and psychological studies, the human brain



stores a part-based representation of the face. These components play an important role not only
in detection and recognition but additionally in gender, age, and ethnicity classification [13, 14].
What makes face detection and identification a difficult task are different facial expressions, pose,
occlusion, vague and age. [10]. However, components usually vary less under pose changes
than the image pattern of the entire object. A component based approach may be more vigorous
against partial occlusions than a global approach [15]. Extending the concept of facial features to
ethnicity raises a number of fascinating issues, particularly concerning the characteristics of face
components, and its impact on the performance of the computer in recognizing and characterizing

ethnicity.

When there is an interaction with other individuals, visual information plays a critical part.
Humans can distinguish the ethnicity of a person by merely taking a glance at skin colour. Skin
colour is one of the most imperative element of the human face. It is not merely a shift from in-
dividual to individual belonging to different ethnic groups, it is also across different regions. For
instance, the skin colour of persons belonging to White, Asian and Black groups range from white
to yellow to dark brown. Motivated by this, we investigated ethnicity classification by utilizing
skin colour. Moreover, features such as the eyes, nose, mouth, hair and the face shape are distinct
for different ethnic groups. The details of the physical facial characteristics of the three major
ethnic groups namely Asian, White and Black are presented in [7]. These features can likewise

play an important role in the ethnicity classification.

A biometric system needs to manage a very large database for face recognition and iden-
tification. Therefore, it is a good idea to partition the database before performing recognition or
identification tasks. When a database that exceeds its size is considered, the performance of many
state-of-the-art face recognition methods deteriorates rapidly. A successful face classification al-
gorithm can significantly boost the performance of other applications for example face recognition

and identification. Face recognition process will be greatly enhanced if the database of face im-
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ages is separated according to ethnic groups. Thereafter instead of searching for the individual in
the entire single database a search can be carried out for the images in the appropriate ethnicity

database. It will likewise enhance the search speed and efficiency of the retrieval system [16].

1.3 Problem Statement

Numerous results on automatic face detection and face recognition have been published [9, 15, 17—
19]. However, very few attempts have been made to perform human ethnicity classification. Re-
trieval of images from the human face database based on demographic characteristics such as
gender and race can be very use-full in wide-ranging applications such as face detection and iden-
tification, but it remains poorly studied. The face shows a complex range of information about

identity, age, sex, race as well as emotional and attentional state.

In this thesis, the aim is to investigate methods and techniques to perform ethnicity classi-
fication based on face images by utilizing diverse facial features. Skin colour stands out among
the most important facial features in classifying images in different ethnic groups. People from
different ethnicity groups have distinct skin colour which serve as an essential feature in ethnicity

classification.

Facial components such as the eyes, nose and mouth are the most essential parts in a face
image, but there are difficulties in recognizing appropriate facial components. These parts have
the most imperative information about the person’s age, gender and ethnicity. They play a vital
role in face detection and recognition as well as in ethnicity classification. In spite of the fact that
there is public literature on face recognition that utilizes facial components [20-22], there is a need
to study these facial components and their impact on the performance of computer-based ethnicity
classification. People of different ethnic groups are unique in relation to one another by geographic

location and distance between facial features (face components) [23-25].
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While a single facial element can give promising results in ethnicity characterization, there
is still room for enhancing the accuracy rate by using different facial features. A combination of
features can significantly improve the ethnicity classification task when compared to a single facial
feature. For the most part in literature, face images are classified into two ethnic classes either

Asian and non-Asian or White and Black.

1.4 Thesis Objective

The main aim of this research work is to solve the difficult task of robust ethnicity classification in
a simple setup.

The specific objectives of this thesis are:

e To discuss how to detect face and facial components (the eyes, nose and mouth) from gray-
scale images in frontal, left and right face view and moreover, to extract facial components
from images with different facial expression such as smiling, sadness, when the eyes are

closed or when the mouth is open.
e To design and develop a robust ethnicity classification model using distinctive facial features.

e To compare and contrast the facial features (colour and texture) on the basis of performance
on ethnicity classification. To compare the fusion of facial features results with a single
facial feature. Furthermore, to compare the implemented technique with the techniques that

are available in public literature.

1.5 Contribution of Thesis

The major contributions of this thesis include the following:

A segmentation approach used to extract the face region from the image is introduced. After
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detecting the face in an image the following stage is to extract facial features such as the eyes,
the nose and the mouth from gray-scale images using binarization and a connected component
labelling algorithm in order to tackle distinctive face related issues. The proposed method detects
facial landmarks from a frontal, left and right face view. In addition, it detects facial landmarks in

the expressive images of a high complexity.

An exceptionally straightforward and efficient strategy is introduced for ethnicity classifica-
tion of face images using RGB, HSV and YCbCr colour space models. K-means and NB classifiers
are used to classify an image into proper ethnicity. The colour space component that produces the

best result is evaluated. The presented method is very simple yet offers promising results.

A Gabor filter based texture analysis of facial components for ethnicity classification is pre-
sented. In this approach, firstly the facial components for example the eyes, the nose and the mouth
are identified in the face image. A Gabor filter is then applied to each individual face component
in order to capture the texture information and a feature vector is created for all face components.
We study the contribution of various facial components in the context of ethnicity classification.
We additionally answer the question “is it conceivable to recognize the ethnicity of a person con-
sidering facial components? Four different machine learning techniques were used and compared

to evaluate results.

The fusion of facial features was also considered (this includes colour and texture features)
for ethnicity characterization. Colour and texture features are consolidated for ethnicity classifi-
cation in order to investigate whether combining more features would improve the precision of
an ethnicity classification task. A comparison of the colour, texture and combined features are

discussed in detail.



1.6

Limitations of Models Proposed

e Face detection methods using the connected components labelling algorithm presented in

1.7

this work have two limitations. One, is that the input image should have a dark background

and the other being that that it should have only one face in an image.

Facial components that were extracted have some limitations. For instance, incorrect com-
ponents are extracted for images containing beards and spectacles. The problem with such
categories of face images is that more than one connected component is merged into a single

component, which yields an automatic removal of one or more targeted facial components.

Thesis Outline

. Chapter 2 presents a detailed background and a review of related work on face landmark

detection and ethnicity classification.

. In Chapter 3 face detection and face feature extraction methods are discussed. Binarization

and connected component labelling algorithms used for face detection and feature extraction

are discussed in detail.

. Chapter 4 presents an ethnicity classification of face images using different colour space

components. K-means and Bayesian classification algorithms are utilized to classify images

into appropriate ethnicities.

Chapter 5 discusses the ethnicity classification of a face image using Gabor features of face
landmarks. The performance comparison of four machine learning techniques for the pro-
posed model is discussed. The level to which every facial component contributes to the

ethnicity classification problem is likewise examined.

In Chapter 6, a combination of colour features and Gabor features are used to increase the

performance of the ethnicity classification method. MLP is then used as a classifier.
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6. A summary of work done and result obtained, conclusions and possible future works are

presented in Chapter 7.



Chapter 2

Literature Review

2.1 Introduction

The term biometrics originates from the Greek words bios, which means life, and metrics,
which means measure [6]. Biometrics can be characterized as measurable physiological and/or
behavioural characteristics that can be used to check the identity of an individual. There are nu-
merous biometrics being used today and a scope of biometrics that are still in the early phases
of advancement [26]. In practice, the process of identification and authentication is the ability to
verify and confirm an identity. A biometrics system works by acquiring biometric information
from a person, extracting feature sets and comparing it with the template set in the database. De-
pending on the application context, the identity of a person can be determined in two ways namely
verification and identification [27]. In the former, the person to be recognized presents a claim;
which is either accepted or rejected. In the latter, a person is recognized without her/him claiming
to be identified. In the literature, however, verification and identification are used interchangeably
for biometrics recognition [27]. At present, biometric systems are used in ATMs, computers, cell

phones, security establishments, credit cards, health and social services.
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Figure 2.1: Example of different biometric technologies

2.2 Biometric Techniques

Currently, there are various biometric techniques that are either widely used or under intensive
investigation. The biometric techniques include, fingerprint, iris, hand geometry, signature, facial
geometry, voice, palm-print, retina, vein structure, ear form, DNA, odour, keyboard strokes, and
gait [28]. Examples of these biometric techniques are shown in Figure 2.1. Each of them has
different accuracy, and cost. Biometric technologies are separated into two classes: the first is

based on physiological traits and the second is based on behavioural traits.
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2.2.1 Physiological Biometric Technique

Characteristics, which can be measured passively on a part of the body at some point in time, are

referred to as physiological biometrics [5, 29]. They are as follows:

Fingerprint

The fingerprint is one of the oldest and popular biometric technology that is used in the identifi-
cation of an individual. It has been used in criminal investigations for more than 100 years. The
validity of fingerprints as a basis for personal identification is thus well-established. A fingerprint
is the pattern of ridges and valleys on the tip of a finger and is used for personal verification or for
the identification of people [30]. The fingerprint-based recognition method is the most widespread
and a dependable technique and is currently the most important biometric technology, due to its
outstanding features of universality, permanence, uniqueness, accuracy and low cost. It has been

empirically determined that the fingerprints of identical twins are distinctive [31].

Fingerprint identification has a number of advantages which makes it a popular method of
identification in settings ranging from police stations to secured facilities. One great advantage
of the fingerprint identification is that it is widely accepted in the legal community, among the
law enforcement, and the general public. In addition, fingerprint identification is widely perceived
as highly accurate and very reliable, since the statistical chance of two people on earth having
identical fingerprints is very low. Fingerprints also tend to remain consistent throughout life, unless
someone experiences an accident or works in an industry which has caustic or hot materials which
ultimately damage the fingerprints [32]. Although the fingerprint biometric technology has many
benefits, it also has some limitations. First, the device which captures the fingerprints also captures
a picture of the dirt, grease, and contamination that is found on the finger. Therefore, in some
areas, there are chances that the fingerprint identification can be rejected by the system. Firstly,

the rejection can take place if a worker has a mark or some other contaminants on his or her finger.

12



Secondly, today’s scanners still cannot recognize if the fingerprint is of a real finger or an artificial
one, therefore, it is possible to trick the scanner by using a gelating print mold over a real finger.
A third disadvantage of these devices is the extent of the damage when somebody does manage to
steal the identity information. Thus, if someone’s fingerprint data is compromised, it may not only

compromise network security but would also comprise their bank account and their car. [33].

Face

The human face is one of the most well-known biometrics utilized for person identification or
verification. It has a unique feature for human identification. Face recognition for its simple use
and non-intrusion has made it one of the most important biometric recognition techniques that can
be used [34]. Regardless of the fact that there are more reliable biometric recognition techniques,
for example the fingerprint and iris recognition, these techniques are intrusive and their success
depends exceptionally on user cooperation, since the user must position their eye in front of the
iris scanner or put their finger in the fingerprint device. On the contrary, the face recognition is
non-intrusive since it is based on images recorded by a distant camera, and can be extremely suc-
cessful regardless of the possibility that the user is not aware of the presence of the face recognition

system [35].

Personal identification based on facial images is considered the friendliest among all biomet-
rics [35]. A large number of algorithms have been presented for face recognition. Such algorithms
can be separated into two classes, namely geometric feature-based and appearance-based [36].
The geometry feature based methods include: Active Shape Model (ASM) [37, 38], Elastic Bunch
Graph Matching (EBGM) [39, 40] and Local Feature Analysis (LFA) [41, 42]. Appearance-based
methods include: Eigenfaces [43, 44], Fisherfaces [45, 46], Independent Component Analysis
(ICA) [47, 48], Kernel Principal Component Analysis (KPCA) [49, 50], Kernel Fisher Discrim-
inant Analysis (KFDA) [51], General Discriminant Analysis (GDA) [52, 53], Neural Networks

[54, 55], and SVM [50, 56].
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Challenges in Face Biometrics

The human face is an extremely difficult example to identify and perceive in that, although all faces
have a similar structure, at the same time numerous environmental and personal factors influence

the facial appearance.

The primary issue of face recognition is the enormous variability of the recorded images that
are due to illumination conditions, pose, facial expressions, different hairstyle, use of cosmetics,
presence of glasses, and beard [57]. Images of the same individual taken at various circumstances,
may sometimes exhibit more variability due to the previously mentioned factors (intra-personal
variability), than images of different individuals due to gender, race, age and individual variations
(extra-personal variability). Another significant parameter in face recognition is aging. A robust
recognition system should be able to recognize an individual even after many years, especially in

mug-shot matching forensic applications [35].

Recent public facial recognition benchmarks have shown that in general, the identification
performance diminishes linearly in the logarithm of the quantity of individuals in the gallery
database. Likewise, from a demographic perspective, it was found that the recognition rates for
males were higher than that of females, and that the recognition rates for older people were higher
than that of younger people. These tests additionally uncovered that while the best recognition
techniques were fruitful on extensive face databases recorded in well-controlled situations, their
performance truly deteriorated in uncontrolled situations, which were mainly because of variations
in illumination and head rotations. Such variations have turned out to be one of the most serious

issues of face recognition systems [35].
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Iris

The iris is the coloured ring that surrounds the pupil and contains easily visible yet complex and
distinct combinations of corona, pits, filaments, crypts, striations, radial furrows and more [58].
The iris is a highly protected internal organ of the eye and iris patterns have a high level of irreg-
ularities. The iris is known as the “Living password” because of its unique and random features.
The iris is with the individual all the time and cannot be stolen or faked. In that capacity it makes

iris recognition a highly valuable biometric technique [59, 60].

In 1936, ophthalmologist Frank Burch developed the concept of using iris patterns as a tech-
nique to recognize an individual. In 1985 Drs. Leonard Flom and Aran Safir, ophthalmologists,
proposed the idea that no two irises are similar, and were granted a patent for the iris identification

concept in 1987 [61].

The complex iris texture carries very distinctive information that is valuable for personal
recognition. The precision and speed of currently deployed iris-based systems is promising and
supports the feasibility of large-scale identification systems [60]. In 1994, Dr Daugman introduced
his automated iris recognition algorithm. In 1995, this iris prototype became available as a com-
mercial product [62]. He utilized the two-dimensional (2D) Gabor wavelet to transform iris images
into iris codes. Thereafter a hamming distance is calculated for the purpose of iris identification.
This iris recognition method has turned out to be reliable and robust. A few different methods
have likewise been created for iris recognition. They include amongst others, the ICA approach by
Huang [63], texture analysis using multi-channel Gabor filtering and Wavelet Transform [64], and

partial iris for recognition that uses a one-dimensional approach [65].
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Hand Geometry

Hand geometry refers to the geometric structure of the hand that is composed of the lengths of the
fingers, the widths of the fingers, and the width of a palm[66]. One of the widely used applications
of the hand geometry technology in companies is its use for time and attendance purposes in
association with the time clocks [67]. The benefits of a hand geometry system are that it is a
relatively simple method that can utilize low resolution images and can provide high efficiency
with great user acceptance [68]. The main disadvantage of this technique is its low discriminative
capability - it is very difficult for a hand geometry-based biometric system to achieve a very high
identification accuracy, especially for a large population [33]. However, environmental factors such
as dry weather or dry skin do not appear to adversely affect the authentication accuracy of hand
geometry-based systems. On the other hand jewellery like rings may pose challenges in extracting

accurate hand geometry data [69].

Retina

The human retina is a thin tissue made out of neural cells that is situated in the posterior portion
of the eye. Due to the complex structure of the vessels that supply the retina with blood, each
person’s retina is unique [70]. The retina comprises of millions of photoreceptors whose function
is to gather the light rays that are sent to them, and transform that light into electrical pulses that
travel through the optic nerve into the brain, which then converts these pulses into images. The
two distinct types of photoreceptors that exist within the retina are called rods and cones [71]. The
idea for retinal identification was first conceived by Dr. Carleton Simon and Dr. Isodore Goldstein
and was published in the New York State Journal of Medicine in 1935. In 1950, Dr Paul Tower
discovered thateven among identical twins the blood vessel patterns of the retina are unique and
different [71]. The retina has certain advantages as it is highly reliable because of the fact that no
two individuals have a similar retinal pattern: an extremely low false positive and false negative

rate. The main disadvantages of retinal recognition are that the process is not user friendly, in that
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the subject being scanned must be near the camera optics, and that it has a high equipment cost

[72].

Ear

The significance of the ear in establishing identity was introduced by Imhofer (1906), an ear spe-
cialist from Prague. He found that in a set of 500 ears he only required four attributes to uniquely
distinguish them. Alfred Iannarelli (1989) has made a noteworthy contribution in this field. He has
made two large scale ear identification studies. The primary study compared 10,000 ears drawn
from an arbitrarily chosen test sample in California and the second study inspected identical twins
and trip-lets (who have identical genetic makeup). In both the studies, all inspected ears were found
to be unique, though identical multiple birth siblings had similar, but not identical, ear structures

[73].

The ear is made up of standard features including the helix and antihelix, the lobe and a
u shaped notch known as the intertragic notch between the ear hole and the lobe [74]. The ear
has the four properties for a potential biometric namely universality, uniqueness, permanence and
collectability. It may be added that, though use of the ear is still new in the perpetually growing
field of biometrics, it is already demonstrating its grit and is on the verge of emerging as a major
passive biometric tool [73]. The main advantage of ear biometrics is that it has a rich and stable

structure that is preserved from birth into old age [75].

Palmprint

The palmprint is the area between the wrist and the fingers. Palmprint features such as ridges,
principal lines, wrinkles, minutia points, singular points and texture can be used for personal iden-
tification or verification [27]. The palms of the human hands contain larger areas of patterns of

ridges and valleys than the fingerprints. As a result, palmprints are expected to be more distinctive
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than fingerprints[69].

The palmprint verification or identification systems employ either high resolution or low
resolution images. The high resolution system uses high resolution images and can be used in
forensic applications, for example, criminal detection. Singular points, minutia points and ridges
are used as features. While the low resolution system uses low resolution images, it is more
suitable for civil and business applications for example, access control. Wrinkles, texture and
principal lines are used as features [27]. Palmprint recognition has the potential of achieving a
high accuracy rate, especially when all the features of the hand such as geometry, principal lines,
ridge and valley features, and wrinkles are combined to build a system [76]. Palmprint verification
techniques can be fundamentally partitioned into four categories: (1) line based [77, 78], (2) texture

based [79], (3) orientation based [80] and (4) appearance based [81, 82].

Vascular Pattern

Vascular Pattern Recognition, is also commonly referred to as Vein Pattern Authentication. The
system uses near-infrared light to reflect or transmit images of the blood vessels of a hand or finger
[83]. Different vendors use different parts of the hand, palms, or fingers, but depend on a similar
technique. Researchers have confirmed that the vascular pattern of the human body is unique to
a specific individual and does not change as the individual ages. This technology is difficult to
forge, is contact-less, and is capable of one-to-one and one-to-many matching. Vascular patterns
are difficult to recreate since they are inside the hand and, for some methodologies, blood needs to

flow in order to enroll an image [83].

Fujitsu has developed palm vein pattern authentication technology that uses vascular patterns
as personal identification data [84]. In [85], they used a finger vein pattern for personal identifica-

tion. Kumar and Prathyusha used hand vein images and knuckle shape information for personal
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authentication [86]. Watanabe used a vascular pattern of the palm for personal identification [87].

DNA Sequence

The proposed biometric is Deoxyribo Nucleic Acid (DNA) which helps in the secure transmission
of enormous amounts of data. It has a structure capable of saving enormous amounts of data and
also is a unique feature among individuals. DNA provides high security level, long term stability,
user acceptance, is intrusive and has 0% Failure to Enroll Rate (FER) [88]. The advantage of
DNA as a biometric system is that it is highly accurate. The chance of two individuals sharing the
same DNA profile is less than one in a hundred billion. However DNA biometric systems have
some weaknesses in that it is easy to steal a piece of DNA from unsuspecting subjects that can be
subsequently abused for an ulterior purpose. In addition, DNA cannot be done in real time, and is
intrusive in that a physical sample must be taken, while other biometric systems only use an image

or a recording [4].

2.2.2 Behavioural Biometric

Behavioural traits, which are actively learned or acquired over time, are referred to as behavioural

biometrics. They are as follows.

Signature

Signature verification systems verify the identity of the user by using the distinctive behavioural
features of a signature (such as speed, pressure and stroke order), instead of a straightforward
crosscheck of one signature against another [27]. Signature verification can be classified into two
categories: off-line and online. An off-line signature verification system uses signatures that are
already written onto a template which is later captured by a CCD camera or a scanner. The signa-

tures are verified using image properties and geometric features of signatures. On-line signature
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verification involves the capturing of both geometric and dynamic features such as the pressure of
pen tips, the velocity along signature path, the time taken for signature, and the trajectory profiles
of the signatures [27, 60]. The advantage of this biometric is that it is already an acceptable form
of personal identification. It can therefore be easily incorporated into existing business processes,
such as credit card transactions. A signature is a behavioural biometrics trait that changes over the
course of time and is influenced by the physical and emotional conditions of the signatories [33].

Different types of signature verification methods and performance evaluation can be found in [89].

Voice/Speaker

Voice is a combination of physical and behavioural biometric characteristics. The vocal charac-
teristics of humans are totally determined by the vocal tract, mouth, nasal cavities, and the other
speech processing mechanisms of the human body [90]. There are two types of voice/speaker
recognition systems: text-dependent (fixed-text) and text-independent (free-text). The text-dependent
systems require a user to speak a particular predetermined phrase or sentences, that usually con-
tains the same text as the training data. The text-dependent systems for the most part perform
better than text-independent systems because the foresight of what is said can be exploited to
align speech signals into more discriminate classes [4]. These days, text-dependent systems based
on the Hidden Markov Model (HMM) using Gaussian or multi-Gaussian distributions, are more
prominent [91]. In text independent speaker verification, the users are not restricted to any fixed
or prompted phrases. They have the freedom to say whatever they want. To represent the ex-
pected freedom of utterances, diverse strategies have been proposed such as: long-term statistics

and multi-dimensional autoregressive [92], and vector quantization [93].

The main challenges with voice-based recognition are that the speech features may not be
sufficiently unique to permit an identification of an individual from a large population. In addition,
voice features are sensitive to a number of factors such as the emotional and the physical state of

the speaker as well as background noise. Moreover, some people seem to be extraordinarily skilled
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in mimicking an individual’s voice [90].

Gait

The way in which one walks has been shown to vary between individuals. This was first recorded
by Murray et al. in 1964, where it was found that amongst a small group of participants, each
exhibited their own unique movement pattern [94]. Gait recognition is an emerging biometric
technology which involves the process of identifying an individual purely through the analysis
of the way they walk. While research is still underway, it has attracted interest as a method of
identification because it is non-invasive and does not require the subject’s cooperation [95]. While
gait has several attractive properties as a biometric (it is unobtrusive and can be done with simple
instrumentation), there are several confounding factors such as variations due to footwear, terrain,

fatigue, injury, and the passage of time [96].

The first gait recognition approach into computer-vision started in the early nineties, with
Niyogi and Adelson [95]. Interest in gait as a biometric gradually increased over the years, with
Defense Advanced Research Projects Agency (DARPA) that established the human identification
at a distance programme in order to encourage and support research into gait and other non-contact
biometrics that could be observed from a distance [97]. The disadvantage of this biometric is that
it may not remain invariant, particularly over a long period of time, due to major injuries involving

joints or brain, changes in body weight, or due to inebriation [4].

Keystroke

It has been suggested that individuals have a characteristic way of typing on a keyboard [4].
Keystroke dynamics refers to the process of analyzing the way the user types on digital devices
(such as the computer keyboard, the mobile phone, or a touch screen panel). The main motivation

behind this is that keystroke dynamics biometrics is economical and can be easily integrated into
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the existing computer security systems with minimal alteration and user intervention [98].

The main advantage of this biometric is that unlike other biometric systems which may be
expensive to implement, keystroke dynamics is almost free and the only equipment required is the
keyboard. Furthermore, the recognition based on typing rhythm is not intrusive, which makes it

quite applicable to computer access security as users already use their keyboards to type [99].

2.2.3 Biometric Qualities

There are several biometric characteristics being used in various application systems. Each
biometric technology has its own advantages and disadvantages. Jain et al. recommend that a

useful biometric system will have seven qualities [4]. They are as follows:

e Universality: every potential user has the modality;

e Uniqueness: the modality satisfactorily differentiates between any two users;
e Permanence: the modality profile remains relatively consistent over time;

e Collectability: the modality samples are easy to detect and acquire;

e Performance: the modality is robust and functional within a range of operational and envi-

ronmental factors;
e Acceptability: the degree to which users are willing to accept and use the modality; and

e Circumvention: how susceptible the modality is to spoof attacks and identity fraud.

Of these seven fundamental characteristics, uniqueness and permanence are most integral to
biometric performance evaluations. A brief comparison of different biometrics techniques concur-

ring to seven parameters is shown in Table 3.1 [4, 100]. The biometrics technique that should be
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used for a given application relies on the requirements and characteristics of that application, and
the properties of the biometrics technology. Fingerprint and iris based techniques are more pre-
cise than the voice-based technique. Nevertheless, in a phone banking application, the voice-based
technique might be preferable as the bank can integrate it seamlessly into the existing telephone
system. Likewise, fingerprint and face-based techniques are more suitable in criminal investigation

than a signature or voice based technique [4].

Table 2.1: Comparison of biometric technologies (H=High, M=Medium, L=Low)
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2.3 Biometric Performance Metrics

Distinctive measurements (metrics) can be utilized to rate the performance of a biometric system.

The most common biometric performance metrics are [69, 101]:

1. False Positive Rate (FPR): usually refers to the probability (the percentage of times) at which
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the system incorrectly declares that a biometric sample belongs to the claimed identity when

the sample actually belongs to a different subject (impostor).

2. False Rejection Rate (FRR): also called a type I error, is an empirical estimate of the prob-
ability at which the system fails to recognize claimed identity when the sample actually

belongs to the genuine user.
3. True Positive Rate (TPR): It is defined as 1 — FRR.

4. Expected Error Rate (EER) : The EER refers to the point at which genuine and imposter
error rates are nearest to zero. The rate at which FPR is equivalent to FRR. The lower the

EER, the more accurate the system is considered to be.

Besides these errors, biometric systems can encounter another type of errors as well. Failure
to Capture (FTC) rate or Failure to Acquire Rate (FAR) denotes the probability that the system fails
to capture a biometric input when presented correctly. This type of error typically occurs when the
device is not able to locate a biometrics signal of sufficiently good quality [69]. Weighted Error
Rate (WER) is referred to as the weighted sum amongst FRR and FPR. FER is the proportion of
users that cannot be successfully enrolled in a biometrics system. This necessitates the design of

robust and efficient user interfaces that can assist users during enrollment [69].

The performance of a biometric system is also depicted visually using different charts [101].

e Receiver Operator Characteristics (ROC): This curve is a graphical plot that is created by
plotting the TPR and the FPR at various threshold values. This curve displays how the TPR
changes with respect to the FPR and vice-versa. Alternatively, the ROC curve also plots the

FRR versus FPR [102].

e Detection Error Trade-off (DET) Curve: A DET curve is similar to the ROC curve with

the exception that the axes are often scaled non-linearly in order to highlight the region of
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the error rates of interest. Commonly used scales include the normal deviate scale and the

logarithmic scale [101].

e Expected Performance Curve (EPC): While the ROC and the DET curves are a posteriori
assessment charts, an EPC is an a priori chart. It has three variations: (1) Using FPR as
a performance criterion and report performance in FRR; (2) Using FRR as a performance
criterion and report performance in FPR; (3) Using WER as a performance criterion and
report performance in Half Total Error Rate (HTER), where HTER is defined as the average
of FPR and FRR [101].

In many classification experiments, the overall accuracy is used to report the performance
[7, 12, 103-107]. The accuracy of the system measured was based on the percentage of correctly

classified images. The percentage is determined via the following equation

Number of correctly classified Images
Accuracy = - 2.1
Total Number of images

Another performance measure used in classification and machine learning provides a finer
level of detail. A confusion matrix, or matching matrix, looks at both the predicted class and given
class of an instance and places it into the correct position of the table. In our experiments, we used

accuracy and confusion matrix as performance measures.

2.4 Biometric Application

There are several biometric technologies that are in use in various applications. Wherever security
is involved, the use of biometric technologies can help make operations, transactions and everyday
life both safer and more convenient. Law enforcement and forensic departments have been using
biometric technology for many years already. It is used mainly for the identification of criminals,

surveillance, corpse identification, parenthood determination, missing children, terrorist identifi-
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cation. [4]. Automated fingerprint recognition systems are deployed around the world for criminal
identification. North America has also deployed facial recognition surveillance systems in casinos
for some time in order to spot known cheaters. More recently, the facial recognition surveillance
system have been used at major events such as the 2001 Super Bowl in Tampa, Florida, and in the

2002 Winter Olympics at Salt Lake City [108].

Banking and financial services represent enormous growth areas for biometric technology,
with many deployments currently functioning and with pilot projects announced frequently. Some
applications in this area are account access, ATM, online banking, credit card, physical access con-
trol, PC/network access, e-commerce, electronic data security, cellular phone, time and attendance
monitoring [4, 109]. Hand geometry, iris and facial recognition have been deployed at ATMs in
North America, Europe, and Asia. The JPMorgan Chase Bank allows some customers to access
accounts by speaker recognition [108]. Even firms that offer internet shopping are considering

biometric technologies to authorize various types of transactions.

A key area of application for biometric technology is travelling and immigration. The use of
biometrics to control the travellers crossing the national or state borders is increasing, especially
in regions with high volumes of travellers or illegal immigrants, in passport control, in air travel,

etc. [4, 109].

There are many applications of biometrics in the government sector, such as national ID
cards, voter ID cards, driver’s licenses, social security, employee authentication, and military pro-
grammes [4]. The Office of Legislative Counsel of the United States (U.S.) House of Representa-
tives is installing the iris recognition system to secure confidential files and documents. Likewise,
the Department of Defense (DOD), the Department of Energy, and the Department of Justice, are
also adopting similar technologies. More than half of the nuclear power plants in the U.S. employ

biometric hand geometry systems [108, 110].

26



Different countries are using biometrics in licensing and voting processes. For example,
Mexico uses the facial recognition technology to check voter rolls for duplicates in its national
elections. Costa Rica, Brazil, the Dominican Republic, Panama and Italy all use fingerprints to
verify voters at the polling stations [108]. Biometric technologies are being used in countries as
diverse as India, South Africa, Philippines and Spain as the basis for the national identification
system, eliminating the need for multiple identification mechanisms. In India, the implementation
of the biometrics-based Multipurpose National Identity Card will replace all other forms of identi-
fication and enable citizens to access public services and subsidies on food, energy and education

that now suffer from major pilferage [110, 111].

Although the public’s attention is primarily focused on the use of biometrics in critical infras-
tructure and security applications, biometric technologies such as iris recognition, the fingerprint,
and the hand geometry modalities have gained traction in health care applications. This includes
securing medical facilities and equipment, the protection and management of confidential medical

records and patient identification [4, 109].

2.5 Related Work

2.5.1 Automatic Face and Facial Landmark Detection

In previous years, face recognition has attracted considerable attention from various disciplines
and has seen a tremendous growth in research. Face recognition has been widely applied in se-
curity systems, surveillance systems, credit card verification and other applications. Particularly,
face detection is an important part of face recognition and is the initial step of automatic face
recognition. However, face detection is not straightforward since it has numerous variations of

image appearance, such as occlusion, image orientation, pose (front, non-front), facial expression,
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and illuminating condition. Automatic face and facial features detection have become important

due to applications such as face identification, face recognition, and facial expression analysis [57].

Different methodologies have been published thus far for the detection of face and facial

features and are presented in [112, 113] as follows.

e Geometric Approach: The method is based on face geometrical configuration and encodes
human knowledge of what constitutes a typical face (usually, the relationships between fa-
cial features). The top-down knowledge-based approach assumes a different face model at
different coarse-to-fine scales. By using the facial components as well as positional relation-
ship between them one can locate the face with ease. Face detection can often be achieved by
detecting geometrical relationships among facial organs, because they are simple, straight-
forward and efficient. The strategy involves the computation of a set of geometrical features
such as the nose width and length, the position of the mouth, the chin shape from the face
image that need to be recognized. This set of features is then compared with the features of
known individuals. A suitable metric such as Euclidean distance (finding the closest vector)

can be used to find the closet match.

Jeng et al. [18] proposed a useful geometrical face model and an efficient facial fea-
ture detection approach, which depends on the fact that human faces are constructed in the
same geometrical configuration and could accurately detect facial features. This is more es-
pecially in the eyes, even when the images have complex backgrounds such as bad lighting
conditions, or have skewed face orientations, and facial expressions. Some of the work that
uses this approach was reported by Yang and Huang [114-117]. Majumder et al. [118] used
facial geometry to find the nose, the mouth and the eyes positions in an image. In [119],
facial features are extracted using the geometric relation between the face and the eyes. The

advantage of using geometrical features as a basis for face recognition is that recognition is
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possible even at low resolutions and with noisy images (images with many disorderly pixel
intensities). In spite of the fact that the face cannot be seen in detail its overall geometrical
configuration can be extracted for face recognition. The technique’s disadvantage is that the
automated extraction of the facial geometrical features is extremely difficult. Automated
geometrical feature extraction-based recognition is additionally very sensitive to the scaling

and rotation of a face in the image plane [120].

Feature Invariant Approaches: The bottom-up feature-based approach searches the image
for a set of facial features and groups them into face candidates based on their geometrical
relationship. Though this approach can be easily extended to multiple views, it is unable to
work well under different image conditions because the image structure of the facial features
varies too much to be robustly detected by the feature detectors. Leung et al. [121] reported
work using this approach. He used multi-orientation and multi-scale Gaussian derivative
channels to identify facial components. The vector of filter responses is learnt for 5 points
on the face, namely both pupils, both nostrils and the nose lip intersection. The bank of filter
channels is then applied to an image and the best matches (using a dot product metric) are
held as the candidate’s eyes, and both nostrils. The facial components are combined into
conceivable face candidates. This is accomplished by selecting all feature points over a spe-
cific threshold and pairing them up. Each pair is then used to characterize small elliptical
regions where the remaining 3 feature points are likely to occur. In the event that further

feature points are found inside the predicted regions, then a face candidate is formed.

Some of the work that used this method is reported by Yow and Cipola [112, 122].
A more recent feature based approach is introduced by Hamouz et al. [123], who utilize a
bank of Gabor channels to scan for 10 facial components (eye centers, eye corners, nostrils
and mouth corners). All features are modeled using a Gaussian Mixture Model (GMM) of

feature responses. Any triplet of feature detections, with an acceptable spatial orientation,
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produces a face location hypothesis. These face candidates are then normalized by using a

relative transformation and afterward tested by utilizing a SVM region classifier.

Template Matching Methods: In this approach, a template model of the entire face is con-
structed and used to search the image. Several standard patterns are stored to describe the
face as a whole or the facial elements independently. Typically, a template face model is
scanned across a target image at various scales and then requested to classify each sub-
region as face or non-face. In [124, 125] the template matching method is used for face
localization and detection by computing the correlation of an input image to a standard face

pattern.

Different researchers have attempted to solve this pattern recognition problem by mod-
elling the distribution of human faces or more commonly by applying well known machine
learning techniques to differentiate between face and non-face distributions, for example,
face detection with eigenface [19], neural network [126], and SVM [127]. An implemen-
tation of template matching called Correlation Templates utilizes an entire bank of fixed
sized templates to identify facial features in an image [120]. By using several templates of
different fixed sizes, faces of different scales are recognized. The other implementation of
template matching is to use a deformable template [128]. Instead of using several fixed size
templates, they used a deformable template (which is non-rigid), thereby changing the size

of the template hoping to detect a face in an image.

Colour-based or Texture Based Approach: Colour and texture are two essential modalities
in many image processing tasks, that range from remote sensing to medical imaging, robot
vision, face recognition, etc. Skin detection plays a vital role in face detection and identifi-

cation. Some research results show that human skin colours cluster in a small region only
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in the RGB colour space instead of the HIS colour space. Human skin colours differ more
in brightness than in colours; and every texture is distinctive and distinguishable from one
another. Therefore, the normalized RGB or texture models are considered to be capable of

characterizing the human face with less variance in colour or texture.

Recently, many intensive studies have been reported in literature [129-131]. A face
detection algorithm based on skin colour segmentation is proposed in [132] and [133]. In
[134] they used skin colour information to extract the face and facial features from an image.
Ben Jemaa and Khanfir [135] likewise used skin colour information for detecting faces in
images. They make use of chrominance components to detect the features in the image.
Mauricio et al. [136] presented a technique for face detection using region clustering, shape
analysis, and edge detection and landmark detection using depth relief curves and surface

curvature information.

2.5.2 Component Based Face and Facial Landmark Detection

Component based automatic face recognition has gained a lot of attention in the past fifteen years.
A component-based object detection system is one that searches for an object by looking for its
identifying components rather than the entire object. An example of such a system is a face de-
tection system that finds a face when it locates a nose, a pair of eyes and a mouth in the proper
configuration [137, 138]. Rakhmadi et al. [139] presented a connected component labelling algo-
rithm for detecting face in digital images. Huang et al. presented a SVM based face recognition
system which breaks down the face into a set of components that are interconnected by a flexible
geometrical model [140]. They used a 3D morphable model to generate 3D face models from
only two input images. Fonou Dombeu and Tapamo [141] proposed an algorithm, based on image
thresholding and connected component labelling, that extracts facial components from the gray-

scale images. They used a convex hull algorithm to validate the detected components. Poggio et

31



al. successfully used a component-based approach for person detection in a cluttered environment

[138].

In [20] Heisele et al. introduced a component-based face recognition method and compared
it with two global face methods, in regards to the robustness against the pose changes. Components
were initially extracted from the face, and then features were extracted from each component and
combined in one single features vector. Furthermore, SVM was used in the component-based and
global methods to classify faces. The component-based methods outperformed the global meth-
ods. However, the component-based classifier was still performing poorly with the pose changes.
Perona et al. detected 5 features on the face: the left eye, the right eye, the nose/lip junction, the
left nostril and the right nostril using random labelled graphs. They assumed that the feature detec-
tors are fallible [121]. In [21] they presented a component-based framework for face detection and
identification. They described an algorithm which automatically learns two separate sets of facial
components for the detection and identification tasks. In experiments they compared the detection
and identification systems to standard global approaches. They concluded from the experimen-
tal results that a component-based approach is better than the global approaches. Agushinta et
al. presented a face component extraction by using a segmentation method for a face recognition
system. From the experiment, they concluded that the determination of face components and face
component distances can be used to identify a face as a subsystem of a face recognition system

[22].

2.5.3 Ethnicity Classification

Ethnicity identification presents yet another challenge in face processing. The determination of
the ethnicity of an individual can be very useful in a face recognition and identification system.
Numerous pieces of research on automatic face detection and recognition have been presented in

the public literature. However, very few attempts have been made to perform human ethnicity clas-
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sification. The most common ethnic groups are shown in Figure 2.2. Table 2.2 gives the physical
facial characteristics of the three major ethnic groups in terms of the skin colour, the eyes, the nose,

the lip structure, the build, the head shape, the hair, and the face shape [7].

E thnic Group

1 1

Astan (Mongoload) Non Asian

\
1 | i

European (Caucasoid) African (Negroid)

Indian

Figure 2.2: Major ethnic groups.

Some effort has been made on the ethnicity categorization area over the last two decades. In
[103], the authors have classified images into Asian and non-Asian. They used Principal Compo-
nent Analysis (PCA) and ICA for feature generation and features extraction respectively. Then,
they used SVM for the training process and in combining different SVM classifiers to some new
classifiers, they called it ”Three to One” or 73217, which is explained in details in [103]. This im-
proved the classification rate. In [142], real time face detection, gender and ethnicity classification
were proposed. The authors used three types of rectangular filters to extract features. The images
are classified into two classes, Asian and non-Asian, using SVM and boosted classifiers. In [143],
a fusion of multi-view gait is used for the determination of ethnicity. Gait Energy Image (GEI) is

used to analyse the recognition power of gait for ethnicity. However the highest classification rate
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Table 2.2: The physical facial characteristics of the three major ethnic groups.

Ethnic Group Facial Characteristics
Eyes: narrow, epicanthic fold.
Nose: low, average width.
Lips: average fullness.
Face Shape: short with flat, projected cheekbones.
Hair: thick and straight or slightly wavy, thin facial hair.
Skin: yellowish.
Eyes: double eyelid, exposed tear trough, large.
Nose: prominent, high bridge, narrow.
Lips: thin, tight.
Face Shape: center of face juts outward, wedge shaped, long face.
Hair: wavy or curly, thick body and facial hair.
Skin: light or brown.
Eyes: large with exposed tear trough.
Nose: broad, low.
African (Negroid) Lips: thick, stretched mouth.
Face Shape: long head.
Hair: tight curls or heavy waves.
Skin: dark (high melanin quantity).

Asian (Mongoloid)

European (Caucasoid)

they achieved was 84%.

Gutta et al. [12] considered ethnicity categorization as a multi-class problem including Cau-
casian, African, Oriental and Asian origin categories. For the categorization, based on the intensity
faces, they adopted a hybrid classifier that consisted of two parts, namely an ensemble of Radial
Basis Function (RBF) and Inductive Decision Tree (IDT). The achieved accuracy rate was 94%.
Xiaoguang and Jain presented a Linear Discriminant Analysis (LDA) based scheme for two classes
(Asian and non-Asian) for the task of classifying ethnicity. They reported 96.3% accuracy in clas-

sifying 131 non-Asian faces and 132 Asian faces [11].

Manesh et al. proposed a two class ethnicity classification problem, namely Asian and non-
Asian by using an appearance-based technique to decide the confidence of various facial regions

using a SVM classifier. They reported a 0.0261% error rate with normalized faces which used the
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eye and the mouth positions [144]. Hosoi et al. used the Gabor Wavelet Transformation (GWT)
and retina sampling to extract key facial features, and then used SVM for ethnicity classification.
They reported an overall accuracy of 94% for ethnicity estimation. They classified images into
Asian, European and African [7]. Zhang and Wang investigated the ethnicity discriminality of
both 2D and 3D face features. They make use of the Multi-scale Multi-ratio Local Binary Pattern
(MM-LBP) method, which is a multimodal method for ethnicity classification. They claimed that
their system accuracy is 99%. However, their method has a poor performance for face expression

variation [107].

Lyle et al. [145] classified images into gender and ethnicity using gray-scale pixel intensi-
ties and periocular texture computed by Local Binary Patterns (LBP) as features. They used SVM
as a classifier. They reported 91% accuracy for the ethnicity classification. Ai et al. [105] used
LBP and Haar wavelets as features and the classifier they used was Adaboost. They had classified

images into Asian and non-Asian and reported an accuracy of 97%.

In [146], the authors classified images into three Chinese minority groups using two types of
features: LDA-based algebraic features and elastic model-based geometric features. They reported
an accuracy of 79% using algebraic features and a 90.95% accuracy with geometric features with
K-nearest neighbour (KNN) and C5.0 as classifiers. Guo et al. [104] used a Craniofacial Longi-
tudinal Morphological Face Database (MORPH) II database to detect how gender and age affect
the ethnicity classification. They used Biologically Inspired Features (BIF) based on Gabor filters.

SVM was used as a classifier.

Lin et al. presented a method for recognizing age, ethnicity and gender with facial images.
Gabor filter banks and Adaboost learning are consolidated to extract key facial features of each
pattern. Thereafter they used a Gabor + Adaboost features-based SVM classifier to recognize the

face image of each pattern. They classified images into Yellow vs White, Yellow vs Black and

35



White vs Black and achieved 89.05%, 91.48% and 90.55% accuracy respectively [116]. In [147],
Xie et al. presented a novel approach for ethnicity classification tasks on large scale databases.
They used Kernel Class-dependent Feature Analysis (KCFA) combined with facial colour as fea-
tures for ethnicity classification. A new design of multiple filtered responses of the Kernel Class-
dependent Feature Analysis was used for ethnicity classes. They classified images into Asian,
African American and Caucasian. Their method achieves an accuracy of 95% for Asian, and 97%

for African-American and Caucasian ethnic groups.

In [148], a fusion scheme that uses block-based uniform local binary patterns and Haar
wavelet transform to combine local and global features are used for ethnicity identification. The
images are classified into three ethnic groups namely European, Oriental and African. Accuracy
obtained for European is 96.92%, Oriental is 95.38% and for African is 96.61%. Zhong et al.
presented an efficient fuzzy 3D face ethnicity classification algorithm. The algorithm comprises
of two stages, namely, learning and mapping. In the learning stage, the Learned Visual Codebook
(LVC) technique is used to learn the visual codes for both the Eastern and Western individuals.
From these codes two distance measures are learned, namely, a merging distance and a mapping
distance. Using the merging distance, they learnt the Eastern and Western codes which are based
on the visual codes. In the mapping stage, they computed the probabilities for every 3D face
mapped to Eastern and Western individuals using the mapping distance. The membership degree
is determined by their defined membership function. Ratios of Eastern individuals categorized into
the Eastern area are 75.59%, 80.16% and 74.85% respectively in the three circumstances (neutral,
small and large). The ratios of Western individuals categorized into the Western area are 89.65%,

79.05% and 77.20% respectively in the three circumstances (neutral, small and large) [106].

In [149], the authors proposed ethnicity and gender identification from silhouetted face pro-
files using a computer vision technique for ethnicity identification. Shape context-based matching

was employed for classification. The images are classified into Black (B), East and Southeast
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Asian (ESEA), South Asian (SA) and White (W). They achieved an average accuracy of 71.66%
for ethnicity classification. Toderici et al. classified face images into Asian and non-Asian us-
ing 3-D face recognition techniques. The average accuracy they achieved is 99.1% for Asian and
98.4% for non-Asian [150]. Husain and Enas used two types of features namely the cranio-facial
features (the eyes, the nose and the mouth) of the faces and the variance of the skin colour together,
to further improve the accuracy of ethnicity classification. For classification, five ratios have been
calculated as a mathematical relation between features using four ethnic groups selected from FG-
NET, the CPIR database and the database that was collected by the user. The system achieves an

accuracy of 82% [151].

Tofig and Shafagat introduced a race and ethnicity recognition method using portrait pho-
tographs. The reference image is formed based on selected geometric points of the face and a spe-
cial algorithm for calculating the characteristic parameters of the images available in the database.
Furthermore, the original image is compared with the reference image and thus, the ethnic group
of the original image is determined [23]. Huang et al. presented an approach of ethnicity classifi-
cation from 3D face models by combining both boosted local texture and shape features. A novel
local descriptor, namely Local Circular Patterns (LCP) is presented. They reported an accuracy of
95.50% for gender classification and 99.60% for the ethnicity classification task using the FRGC
v2.0 dataset; and 95.60% for gender and 97.42% for ethnicity classification task using the BU-
3DFE dataset [152].

In [153], the authors developed a framework to classify race from facial images into three
categories namely Arabic, Asian, and Caucasian. This was done by transforming the face im-
ages to a lower dimension using PCA forwarded to a classifier constructer using feed foreword
neural network with different parameters such as different inputs (PCA components 40, 50, and
60), layers, neurons and training algorithms. The accuracy they achieved for race classification

was 83.5%. Demirkus et al. proposed algorithms for face and session soft biometric feature ex-
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traction from surveillance videos with low resolution and uncontrolled illumination, in order to
achieve gender and ethnicity classification. They used pixel intensity values and Biologically In-
spired Model (BIM) features for soft biometry computation and the SVM as a classifier. For ethnic
classes, they achieved an accuracy of 85% for Asian vs. others, 86.5% for African vs. others and
78.5% for Caucasian vs. others [154]. Hadid and Pietikdinen presented the ethnicity classification
task into Asian and non-Asian from face videos using manifold learning. They used four differ-
ent methods for ethnicity classification namely, in the use of pixels +SVM-+fusion an accuracy of
96.6% accuracy was achieved; the use of LBP+SVM-+fusion achieved a 97% accuracy; the use
of spatiotemporal achieved 99.2% accuracy; and finally, the use of manifold learning achieved an

accuracy of 100% [155].

Ding et al. presented a method for ethnicity classification into Asian and non-Asian faces
using the fusion of boosted local texture and shape features extracted from 3D face models. The
proposed methods make use of the Oriented Gradient Maps (OGMs) to highlight local geometry
and texture variations of human faces, and then adopts Adaboost to learn a compact set of dis-
criminative features highly related to the ethnicity properties for classification. The performance
achieved is 98.3% in separating Asians from non-Asians [156]. In [157], the authors used mixtures
of experts on the ethnic classification of human faces. The mixture of experts consists of ensem-
bles of RBF, IDT and SVM. By using the ERBF/DT approach, their experimental results yield an

average accuracy rate of 92% on the ethnicity classification task.

In [158], two different modalities of human faces namely range and intensity are used for
ethnicity classification using the SVM. They utilized range information, containing a 3D shape
of the face object, for ethnicity identification. A fusion scheme is also developed by integrating
the range and intensity to identify the ethnicity from facial scans. Buchala et al. used PCA to
analyze different properties of faces, such as gender, age, ethnicity, and identity. Using LDA they

estimated the encoding powers, with respect to different properties, of the components obtained by

38



PCA. Images were classified into three categories namely Caucasian, African and East Asian and
an accuracy of 81.67% was obtained [159]. Han et al. presents a generic framework for automatic
demographic race estimation from a given face image. They extracted demographic informative
features from the commonly used BIF, and then employed a hierarchical approach consisting of
between-group classification, and within-group regression [160]. In [161], the authors proposed
an approach for race estimation from real-life face images acquired in unconstrained conditions.
BIF are extracted from the normalized face image, including both the central face region and the

surrounding context region. SVM classifiers are then used to predict the race of a subject.

In [162], Muhammad et al. explored and compared the performance of local descriptors
for ethnicity classification from face images. They used two types of local descriptors in their
study: LBP and Weber Local Descriptors (WLD). For the Asian group, they reported an accuracy
0f 99.47 %, for the African 98.99%, for the Hispanic 96.83%, for the Middle Eastern 100% and for
the European 100%. In our study we used only four facial components for ethnicity classification.
The features that we have used are much fever compared to the features used in literature. Hence
the speed of the algorithm will be better. A very good accuracy was achieved with the limited
features: for Asian it is 99.49%, for Indian 82.69%, for White 92.3% and for Black 72.3%. We
also summarize the previous works on ethnicity classification in terms of the database used, fea-
ture extraction methods, race groups, and classifier. The results that were achieved are presented
in Table 2.3. Different features used for this purpose includes gray-scale pixel intensities (used
directly or represented in terms of PCA eigenvectors), Gabor wavelets, LBP, LDA, geometric fea-
tures and Haar wavelets among others. The classifiers of choice are Adaboost (along with variants
of boosting), Neural Networks, LDA, SVM, MLP and KNN. While each of the classifiers has its
own advantages and limitations, SVM appears to be the most popular choice for gender and eth-

nicity classification due to its relatively high accuracy and generalizing ability.
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Table 2.3: Summary of research done in ethnicity classification.

Reference Features Classifier | Race Groups Database Recognition
[142] Rectangular Boosted Asian, non-Asian | Faces from | 22.6%  error
Features Classifier WwWw rate

and SVM
[11] Range and | SVM Asian, non- | Asian PFO1, | 98%
Pixel Intensity Asian, NLPR, Yale,
AR
[12] Gray-scale Neural Caucasian, South | FERET 92%
Pixel Intensi- | networks Asian, East Asian
ties using SVM | , African
and DT’s
[107] MM-LBP AdaBoost Asian, White FRGC v2.0 99.5%
[103] PCA SVM Asian, non-Asian | FERET 82.5%
[143] MPCA Weighted Asian, American | Database col- | 84%
sum rule lected by au-
and  ma- thor
jority vote
rule
[144] Gabor SVM Asian, non-Asian | CAS-PEAL, 96%
FERET
[7] Gabor wavelet | SVM Asian, European, | HOIP dataset | Asian-96%
transform African European -
with retina 93% African-
sampling 94%
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[145] LBP SVM Asian , non- | FRGC Face | 91%
Asian dataset
[105] LBP,Haar like | Adaboost Asian, non-Asian | FERET,PIE 97%
features
[146] LDA, PCA, | KNN, C5.0 | Minority ethnic | Database col- | 79% with
Geometric group in Chinese | lected by user | algebric fea-
feature race: Tibetan, tures and
Uighur, Zhuang 90.95% with
geometric
features
[104] Biologically SVM Black and White | MORPH II Black-98.3%
inspired White-97.1%,
features Hispanic-
74.2%,
Asian-59.5%,
Indian-6.90%
[162] LBP, WLD minimum Asian, Black | FERET 96.84% for
distance Hispanic, Middle LBP and
classifier Eastern, White 95.85% for
(City- WLD,
block,
Euclidean,
and  Chi-
square.)
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[116] Gabor filter | SVM Yellow, White | FERET Yellow Vs
banks and and Black White-89%,
Adaboost Yellow \&
Black-
91.48%,
White Vs
Black-90.55%
[147] KCFAwith fa- | KNN and | Asian, African | MBGC 96%
cial colour SVM American, Cau- | Database
casian and database
collected by
user
[148] Block-based KNN European, Orien- | GUFD, PUT, | European-
uniform LBP tal and African PDA, Fanar, | 96.92%,
and Haar CUHK, HKU, | Oriental-
wavelet MUCT 95.38%  and
African-
96.61%
[106] LVC method Merging Eastern, Middle | FRGC2.0 3D | 74%
and map- | Eastern, Western | Face Database
ping
distance
[149] Shape context | KNN Black, East and | FCollected by | 71.66%

Southeast Asian,
South Asian,
White

user
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[150] Facial- KNN, Asian, White FRGC2.0 99%
structure- MDS,
based distance | Waveletes
function
[151] Cranio-facial Ratios African, Asian, | FG-NET, 82%
and skin White, Middle | CPIR database
colour fea- Eastern and database
tures collected by
user
[152] Boosted local | Local Asian, White FRGC v2.0 | 99.60% on
texture  and | circular and BU-3DFE | FRGC v2.0
shape features | pattern database and
97.42% on
BU-3DFE
database
[153] PCA Feed for- | Arabic, Asian, | FERET, 83.5%
ward neural | and Caucasian Database
network collected by
author
[154] Pixel SVM Asian, African | Database col- | Asian VS
intensity- and Caucasian lected by au- | others-85%,

based features,

BIM features

thor

African 'S
others-86.5%
and Cau-

casian 'S

others-78.5%
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[156] Boosted local | Adaboost Asian and non- | FRGC v2.0 | 98.3% on
texture  and Asian and BU-3DFE | FRGC v2.0
shape features database and

97.88% on
BU-3DFE
database

[157] RBF, IDT SVM Caucasian, FERET 92%

South Asian,
East Asian, and
African
[158] Range and in- | SVM Asian, non-Asian | Database from | 2.0% error rate
tensity University of
Notre Dame
and  Michi-
gan State
University
[159] PCA Euclidean Caucasian, East | FERET 81.67%
measure Asian, and
African
[160] BIF Euclidean Caucasian, East | FERET 81.67%
measure Asian, and
African
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[161] BIF Binary de- | White and Black | MORPH II | 99.1% on
cision tree and PCSO | MORPH 1I
database and 98.7%
on PCSO
database

2.6 Machine Learning Techniques

Machine Learning (ML) is about learning to make predictions from examples of desired behaviour
or past observations. Learning methods have found numerous applications in performance mod-
elling and evaluation (for example [163-167]). ML is constructing computer programmes that
develop solutions and improve with experience. ML techniques are preferred in situations where
engineering approaches like hand-crafted models simply cannot cope with the complexity of the
problem. ML techniques assist to solve problems which cannot be solved by enumerative methods
or calculus-based techniques. It has applications in an incredibly wide variety of application areas,
from medicine to advertising, from military to pedestrian. The ML system effectively “learns” how
to estimate from a training set of completed projects [168, 169]. The basic ML system is presented

in Figure 2.3.

ML techniques are broadly classified into three categories [169, 170]. These are:

e Supervised Learning: A training set of examples with the correct labels is provided and,
based on this training set, the algorithm generalizes to respond correctly to all possible in-

puts. This is called learning from exemplars.

e Unsupervised Learning: No labels are provided. Instead, the algorithm tries to identify

similarities between inputs so that inputs that have something in common are categorized
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Figure 2.3: Basic machine learning system.

together.

e Reinforcement Learning: This is between supervised and unsupervised learning. The algo-
rithms gets told when the answer is wrong, but does not get told how to correct it. It has to

explore and try out different possibilities until it works out how to get the correct answer.

ML techniques used in this study are discussed below.

2.6.1 K-means Clustering

K-means is the clustering algorithm used to determine the natural spectral groupings present in a
data set [171]. It [172, 173] 1s a non-hierarchical unsupervised clustering algorithm that classifies
input data points in multi-dimensional space into multiple classes based on the distance from each

other (typically the Euclidian distance between the cluster centers and the candidate vector). In

other words, given xi,...,xy € R¢ and k € {1,2,...,N}, the objective is to minimize the following
function
. 2
W(wlaa)bvwknul?vuk)zz Hx]_,ul” (22)
i=1x;€;
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where the clustering {®;, @, ..., ®} is a partition of {x;,...,xy} and ..., L are the rep-
resentatives of the clusters y, ..., @. The K-means algorithm finds locally optimal solutions with
respect to the clustering error. It is a fast iterative algorithm that has been used in many cluster-
ing applications. It is a point-based clustering method that starts with the cluster centers that are
initially placed at arbitrary positions and then proceeds by moving each step at the cluster centers
in order to minimize the clustering error. K stands for the number of clusters. Distance measures
that can be used are : euclidean, city-block, cosine, correlation and hamming. K-means computes

centroid clusters differently for the different supported distance measures [174].

This clustering algorithm, in its standard formulation consists mainly of four steps that are

briefly described below [175]:
1. Choose the number of clusters (k) and randomly select the initial cluster centers.
2. Generate a new partition by assigning each data point to the nearest cluster center.
3. Re-compute the cluster centers by using the current cluster memberships.
4. Repeat steps 2 and 3 until a distance convergence criterion is met.

The K-means clustering algorithm is used by Chitade and Katiyar [171] to classify satellite
images into five classes. Zhuolin et al. used the K-means clustering algorithm for face and action
recognition [176]. In [177], the authors used the K-means clustering algorithm for face recognition.
At each clustering step, the test and training faces are projected to a discriminant space and the
projected training data are partitioned into clusters. Gutta et al. also used the K-means clustering

algorithm for the ethnicity classification of face images [12].

2.6.2 Naive Bayesian

Bayesian probability, is one of the major theoretical and practical frameworks for reasoning and de-

cision making under uncertainty. NB Classifier is a simple probabilistic classifier based on Bayes
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theorem. It builds a probability model on the category description for all feature vectors in the
training set. During the testing, it computes the posterior probability of a feature vector belonging

to a particular class [178].

The problem of classification of face images can be solved by using a Bayesian classifier.
If C; represents the i'" ethnic class; we can then have 7 ethnic classes C 1,Ca...,C,. Suppose there
are 3 ethnic groups namely Asian, White and Black, then n = 3. Each face image is represented
by a feature vector X = [Xj,...,X;]. If the class of a face with a feature X has been found, then
the probability that an image belongs to that particular class C; is given by the posterior probability
P(C;|X) of that class C; given the feature vector X. One can write Bayes theorem in the form

[179, 180]:
P(X|C;)P(C;)

(2.3)

where P(C;|X) is the posterior probability of the feature vector P(X|C;) is a likelihood Probability
Density Function (PDF) for feature vector X given that the image belongs to class C; and P(C;) is

a prior probability of the class C;. The P(X) is given by:

PX) = Z P(C)P(X|C)) 2.4)
i=1

which ensures the sum of predicted occurrence probabilities:

M=

P(ClX)=1 (2.5)
1

~.

The prior probability P(C;) is simply taken as
N
Ri/ Y R; (2.6)
j=1
Where R; is the number of images of a ethnic race type C;. To implement Equations 2.3 and 2.4,
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we need PDF’s p(X|C;) for all race types C;. The most common types of distributions are Gamma,

Exponential, Lognormal, Poisson, Weibull, Chi-Square and Beta [181, 182]:

e Gamma Distribution: The gamma probability density function with parameters o > 0 and

A>0is

flxa,d)= %x“’le’“

The quantity I'( ) is called Gamma function and is given by: I'(&) = [ e *x*~'dx
0

e Exponential Distribution: The exponential distribution is given by:

f(x;l):ke_lx;x20;1>0

e Lognormal Distribution : The lognormal distribution is a probability density function of a

random variable whose logarithm is normally distributed and is given by:

X . 1 _ (lnxf,u)2
f(x’nu'?G) - xo 277:6 2(52

e Poisson Distribution: The Poisson distribution is given by:

fld) =

x!

e Weibull Distribution: The Weibull density for & > 0 and 8 > 0 is given by:

f(x;oc,ﬁ) — aﬁ—ocxoc—le[*(%)a]
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Detailed information about different distributions can be found in [181, 182]. In our method,
however, we assume that each class C; has a Gaussian distribution with a mean of L, and a standard

deviation of o¢, which is defined as

p(X|Ci) = [T Px,IC)p(Ci) 2.7)
j=1
Where X = (x1,...,x,) and
(xj—tc,)?
1 - 120‘ .
p(xj|C) = ——=e % (2.8)

\/2mog,

After getting the PDF for all race types, one can use Equation 2.3 to calculate the occurrence
probability of any race type at known indicator variables. If the posterior occurrence probability is

highest for vector X into a race type C; then vector X belongs to C; race.

mode = median = mean = 1

[x=2)

2¢*  =gaussian

1
fl:.l.':l - EE
g = standard deviation
68%0 of area withint ] g

Pix)

Figure 2.4: Gaussian Probability Distribution.

Figure 2.4 presents Gaussian probability distribution. It is also called a bell shaped curve or
normal distribution. The total area under the curve is normalized to one. Note the bell shape of the

curve and that its end/tail does not touch the horizontal axis below [183, 184].
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Chengjun Liu used the Bayesian Discriminating Feature method for face detection. They
have then used Bayes classifier to classify the images into two classes namely face class and non-
face class where the face class contains only faces and the non-face class contains all other objects
[165]. Khlifia and Mohamed proposed an approach to combining distance tangent, K-means al-
gorithm and Bayesian network for image classification. First, they used the technique of tangent
distance to calculate several tangent spaces representing the same image. Second, they cut the
image into different blocks. For each block, they computed a vector of descriptors. They then used
K-means to cluster the low-level features including colour and texture information to build a vector
of labels for each image. They then finally applied five variants of Bayesian networks classifiers to

classify the image of faces by using the vector of labels [180].

Hamid et al. [179] have used Bayesian classification theorem for the colour image segmen-
tation. Their experiment result demonstrated that the Bayesian classifier is ideal as far as classifier
accuracy is concerned when compared to the other two methods namely SVM and KNN classifica-
tion methods. This was demonstrated by classifying images into foreground and background using
colour features. When the image is exposed to uneven lighting conditions the result demonstrated
that the Bayes classifier classify images better when compared to SVM and KNN classification
methods. Kim et al. presented a gender classification task of discriminating between images of
the faces of men and women. They used Gaussian process classifiers (GPCs) which are Bayesian
kernel classifiers for the gender classification of face images [185]. In [166], the authors proposed
a technique for direct visual matching of images for the purpose of face recognition and image re-
trieval, using a probabilistic measure of similarity, based primarily on a Bayesian analysis of image
differences. Huang et al. proposed Bayesian estimation framework to deal with the patch similar-
ity for predicting the gender from the facial images. They used a hybrid Bayesian framework to

marginalize over the feature patches to determine the classification decision [167].
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2.6.3 Multilayer Perceptron

A MLP is a feed forward Artificial Neural Networks (ANN) model that maps sets of input data
onto a set of appropriate output. A MLP consists of multiple layers of simple, two state, sigmoid
processing elements (nodes) or neurons that interact by using weighted connections. The MLP
network has the lowest layer consist of an input layer, any number of intermediate layers or hidden
layers and an output layer [186, 187]. Figure 2.5 presents a perceptron network model which con-
tains three layers. This network has an input layer (on the left), one hidden layer (in the middle)
and an output layer (on the right). The input layer has three neurons, middle layer has four neuron
and output layer has two neurons. There is one neuron in the input layer for each predictor variable

[187].

Hidden Layer

Input Layer Oatput Layer

Figure 2.5: A Multilayer Perceptron Neural Network Model.

All neurons in each layer are fully connected to the neurons in an adjacent layer while there
is no interconnection within a layer. In MLP, all nodes and layers are arranged in a feed-forward
manner. Weights measure the degree of correlation between the activity levels of the neurons that

they connect [186].
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Let w;; be the connection between a node i in the input layer and a node j in the hidden
layer. The output y, of the j** node in the hidden layer corresponding to the input vector X,, is

given by:

d
yiu=28(Y wijxui); j=1,....h (2.9)
i=1

where x,; is the i component of the input vector X, and g(x) is the sigmoid function defined as

1
= . 2.10
8(x) =7 g (2.10)
Similarly , the k¥ output y,; of the output layer is
h
Vi =8(Y, wixju); k=1,....m 2.11)
j=1

There are a few issues involved in designing and training an MLP network such as [187]:

Selecting the number of hidden layers to use in the network;

Deciding how many neurons to use in each hidden layer;

Finding a globally optimal solution that avoids local minima;

Converging to an optimal solution in a reasonable period of time; and

Validating the neural network to test for over-fitting.

One or two hidden layers are adequate to tackle any nonlinear complex problem. For almost
all problems, one hidden layer is sufficient. Two hidden layers are required for modeling data with
discontinuities such as a saw tooth wave pattern. Using two hidden layers hardly improves the
model, and it might present a greater risk of converging to a local minima. There is no hypotheti-

cal explanation behind utilizing more than two hidden layers. Three layer models with one hidden
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layer are suggested. The unnecessary increasing of a hidden layer may cause an increase in the

complexity of the network [187-189].

One of the most important characteristics of a perceptron network is the number of neurons

in the hidden layer(s). The nodes in the hidden layer are calculated as [188, 189]:

a = (attributes + classes) /2 (2.12)

Tamura et al. [190] used a neural network model based on the MLP, and used a back-
propagation algorithm to classify gender from face images. They used multiple resolutions face
images (from 32-by-32 to 16-by-16 and 8-by-8 pixels). They conducted an experiment on 30 test
images which shows that their network is able to determine gender from face images of 8-by-8
pixels. They reported an average error rate of 7%. In [191], the problem of face recognition using
the MLP and the fuzzy MLP is addressed. In both cases, the Gabor wavelet transforms of the input
face images are taken for four scales and six orientations. This feature vector is used as input to
the MLP for classification. Sankar et al. presented a neural network model based on the MLP, and
used the back-propagation algorithm, which is capable of the fuzzy classification of patterns. The
model converts numerical and linguistic inputs to linguistic terms, and provides output decisions

in terms of class membership values [186].

2.6.4 Support Vector Machine (SVM)

The SVM is a relatively new ML method originally used for binary classification [192, 193]. It has
also been used for multi-class classification [194, 195]. It is one of the most used nonparametric
supervised classifiers available today. It provides a novel means of classification using the principle

of structural risk minimization. The decision surface is a weighted combination of elements of the
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training set. These elements are called support vector and characterize the boundary between the
two classes. The goal of the SVM is to create a model which predicts the target estimation of data

instances in the test set which are only given the attributes [7, 196]

Classification is done using training and testing data which consist of some data instances.
The input to the SVM algorithm is a set (x;,y;) of labeled training data , where x; is the data and y;
=-1 or 1 is the label.

NER yie{-1,1}(i=1,...,1) (2.13)

When we assume that a definite and separable hyperplane exists, this hyperplane can be expressed

as

(wx)+b=0 (2.14)

By applying to the Quadratic Programming Problem and solving, the decision function can be

stated as:

l
f(x) =Y oK (x,x;)+b (2.15)
i=1

Here, K(x,x;) is a kernel function, and it is used to determine to which class the input
data x belongs through f(x). There are several kernel functions that have been used in the literature
such as
Polynomial kernel: K (x,x;) = (x7.x; +1)¢
2

Guassian kernel: K(x,x;) = exp(—x—x;)/0

RBF kernel: K(x,x;) = exp — 7||x — x;||¢,7> 0
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Pearson VII function based universal kernel:
K(x,x) =1/[1+2(x—x)1/20/0) —1/0)*]® (2.16)

Hosoi et al. used the SVM for ethnicity classification of face images. In [103], the authors
used a SVM for classifying a frontal face into Asian or non-Asian. They used the SVM for a train-
ing process and combined different SVM classifiers to some new classifiers, which improved the
classification rate to a new level. Shrawan and Shubhamoy proposed the effect of various kernels
and feature selection methods on the SVM performance for detecting email spams. The interaction
of four Kernel functions of SVM i.e. “Normalised Polynomial Kernel (NP)”, “Polynomial Kernel
(PK)”, “Radial Basis Function Kernel (RBF)”, and “Pearson VII Function-Based Universal Ker-
nel (PUK)” with three feature selection techniques i.e. “Gain Ratio (GR)”, “Chi-Squared”, and
“Latent Semantic Indexing (LSI)” have been tested on the “Enroll Email Data Set” [196]. Saeed
and Ehsan used the SVM method for sea target detection using HSV colour space. The SVM is

utilized for classification and colour features are applied to train the SVM [197].

2.7 Experimental Environment

2.7.1 Data Set

The images used in this research project are taken from five databases, the ORL face database
[198], the Asian face image database PFO1 [199], the MORPH database [200], MUCT face database
[199] and the Indian face database [201]. The ORL and the Asian face image database were cho-
sen for component detection experiments for several reasons. These databases contain images
with different scales, orientations and facial expressions. These databases were used to conduct
the experiment with different orientations (left and right profile) and facial expressions (neutral,

sad, happy, mouth open, surprised and eyes closed).

56



MORPH database is a collection of facial images taken from public records. The images
were taken under real-world conditions and not by researchers under controlled conditions. The
MORPH public release used for this research work is from Album 2. MORPH Album 2 for eth-
nicity estimation on faces has been used in previous works [104]. The data was captured under
real-world conditions and not in a research environment. Results from the MORPH should provide
a more accurate measure of performance of the proposed methods in real-world applications. Most
of the images in the MORPH face database are from the ethnic group of White and Black. There
are very less Asian face images in the MORPH database hence the Asian and Indian face database
was used in combination with the MORPH face database. Additionally the MUCT face database
was used to check the performance of the proposed method. The MUCT database consists of face
images with different lighting conditions, ages, facial expressions, and ethnicities. Most of the

images in the database are from the White and Black ethnic groups.

2.7.2 Software Development Environment

The proposed method is experimented in the working platform of MATLAB R2010a with the
system configuration, Intel(R) Core 13-4005U CPU @ 1.70 GHz with 4GB RAM. The tool box
used in MATLAB were image processing toolbox, Statistics and Machine Learning Toolbox and
various other functions that are used in the software. The Weka 3.6.11 data mining software was

used for ethnicity classification.

2.8 Conclusion

Biometrics has a long history and is widely used in our day-to-day life. Among the main ad-
vantages of biometrics is security, which shows how accurately and attentively people treat their

private information. There are many applications and solutions of biometrics technology that are
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utilized as part of security systems. Despite the fact that the biometrics security system still has
many concerns, for example physical privacy, information privacy and religious objections; users

cannot deny the fact that this new technology will improve our lives.

We have presented an extensive survey of ethnicity classification algorithms using face im-
ages which uses different facial features. Some of the best algorithms are still too computationally
expensive to be applicable for real-time processing, but this is likely to change with the up-coming
improvements in computer hardware. Also, most of the literature addresses the problem of ethnic-
ity classification into two classes namely Asian and non-Asian and some addresses the problem

into three classes namely Asian, White and Black.

In this research work, ethnicity classification is done by using the colour and texture of facial
features. The fusion of colour and texture features is also considered for accuracy improvement.
The study of how different facial components (the eyes, the nose and the mouth) contribute to
the ethnicity classification task is also discussed in detail. The methods used are very simple and

efficient.
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Chapter 3

Automatic Detection of Face and Facial

Landmarks

3.1 Introduction

Face and facial landmark detection has been a topic of extensive research for several decades due
to the important role in a number of applications such as face detection, face recognition and facial
expression analysis. Face detection in an image is the first and key step in face recognition. Dif-
ferent face detection algorithms have been proposed in the literature. More information about the
subject could be found in [15, 17, 142, 202]. Detailed literature of face detection and facial feature

extraction is discussed in sections 2.5.1 and 2.5.2.

Face detection using a colour-based approach is important due to its invariance to face scal-
ing, poses and facial expression. A face detection algorithm based on complexional segmentation
and eyes location is presented in [203]. The algorithm establishes a proper colour model in the
concrete colour space. In [203], the authors distinguish the facial regions and the non-facial re-

gions using the facial complexion segmentation approach. Once a face is detected in an image, the
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next step is to extract facial features from the image. These features generally include eyes, mouth,

nose and chin.

Terrilon et al. used a skin colour model based on the Mahalanobis metric and a shape anal-
ysis based on invariant moments to automatically detect human faces in two-dimensional natural
scene images. First, they performed the colour segmentation of an input image by thresholding in
a perceptually plausible hue-saturation colour space where the effects of the variability of human
skin colour and the dependency of chrominance on changes in illumination are reduced. They they
grouped regions of the resulting binary image which had been classified as face candidates into
clusters of connected pixels [130]. In [204], the authors proposed an algorithm that creates a skin

colour model for the face region detection from colour images.

In this research work, face detection and facial features extraction from gray-scale images
using a connected component labelling algorithm is proposed. Section 3.2 gives a detailed descrip-
tion of the proposed face detection model. Section 3.3 gives a detailed description of the process of
a face landmark localization. Section 5.5 presents experimental results followed by a conclusion

in section 3.5.

3.2 Face Detection Process

In this section, face region extraction process is discussed using the segmentation approach from
an input face image. The two constraints imposed on the input image are presented. The image

considered should:

e Have a dark background; and

e Not have more than one face.
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Figure 3.1 presents a flow diagram of the face detection process. The segmentation algorithm
that has been presented can be divided into two main modules. The first module will convert the
gray-scale input image into a binary image. The second module locates the face in the binary

image and then inserts a bounding box around that face.

/ Inputimage /
!

Binarnzation

!

Connected
Component
Labelling

!

Hole Filling

[

Face Detection

1

Bounding Box
Around the Face

Figure 3.1: Face detection process.

3.2.1 Binarization and Connected Component Labelling

Numerous binarization algorithms have been presented in the literature. The binarization algorithm

based on the standard deviation and the mean of the input image as described in [141, 205] is used
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in this study. An input image / with m rows and n columns is defined as:

I = {(i,j,xij)|0§i§n—l,

0<j<m—1,0<x;<g—1} (3.1)

where n, m and g are positive integers. The threshold 7 for an input image can be computed as

follows:

t=kio+ku (3.2)

The value of k; and k; should be chosen from O to 2 depending on the resolution quality [141, 205].
In our work, we have established that k; = 0.65 and k, = 0.9 give the optimal solution. y and o are
the mean and the standard deviation respectively. Formally, binarization transforms a gray level

image [ into a binary image Ip defined as:

1 ifIGj) >T
Ig(i, j) = (3.3)

0 otherwise
The face will appear on the foreground of the binary image as shown in Figure 3.2(b) after the
binarization process. Connected component labelling algorithm using 8-connectivity will then be
applied on the resulting image in order to single out the main face components. Given the binary

image, Ip, connected component labelling consists of partitioning /g as follows:

Ig =BU (U |F) (3.4)

Where B is the background and F;, fori = 1,2,...,n, are the connected components belong-
ing to the foreground. All pixels in each component have the same label. Different algorithms

for connected component labelling have been presented in the literature [206, 207]. Figure 3.4(a)
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(d)

Figure 3.2: Different phases of face detection. (a) Original image (b) Binarized image (c) Resulting
image after the hole filling process. (d) Detected face with rectangular boundaries.

and 3.4 (b) show some examples of connected components of binary images. A post-processing,
consisting of hole-filling inside the faces, is then performed as shown in Figure 3.2(c). After ap-
plying the hole filling algorithm there may be more than one blob in an image. A blob with the
greatest surface area is then chosen. The final outcome comprises of a bounding box put around
the largest blob, which is most likely the face detected as shown in Figure 3.2(d). Figure 3.2 shows

step-by-step the results of face detection when using the proposed method.

3.3 Face Landmark Localization

After detecting a face in an image, the next phase will involve finding the landmarks for solving
face related problems. Most common landmarks in a face are the eyes, the nose and the mouth.
To extract these landmarks, the face image is first divided into two parts namely the upper and the
lower part with the help of masking. From the upper part, the eyes are extracted and from the lower

part the nose and the mouth are extracted.
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3.3.1 Concept of Masking

A basic concept in image processing is that of applying a mask to an image. The concept comes
from the image processing operation of convolution, but is used in a general sense in image anal-
ysis as a whole. A mask is a small matrix whose values are called weights. The application of a

mask to an input image yields an output image of the same size as the input [208, 209].

A binary mask exclusively has pixel intensity values of “0” (background) or “1” (object).
Masking images allows the image processor to discriminate a Region of Interest (ROI); these may
also be referred to as areas of interest or objects. A second reason to mask images is to remove
noise from the images. In our face landmark detection process, the face is first divided into two
parts: the upper and lower parts as shown in Figure 3.3(e) and (f). This is done by the use of a
binary mask. The mask used is shown in Figure 3.3(c) and (d) for the eyes, the nose, and the mouth
respectively. The result of the application of those masks on the original image is shown in Figure
3.3(e) to (f). A square mask was used for the eyes and an oval mask was used for the nose and
the mouth. The square mask used for the upper part in order to obtain a specific area of interest
1.e. the eyes, and an oval mask was used for the lower part in order to remove the unwanted noise
from the chin area. Dividing images into two parts helps in locating facial parts from face images

as compared to the whole image.

The proposed algorithm firstly searches and eliminates all the components with pixels touch-
ing the outer border of the image. Then, the components that remain in the inner face space are
most likely face components. Thereafter, the size of each remaining component is computed as its
total number of pixels. Based on the fact that, in the inner face space, the biggest components are
most probably the eyes, the mouth, and the nose the remaining components are tested. The two
biggest components from each masked image are then selected. As shown in Figures 3.4(a) and

3.4(b) the biggest components will be the eyes, the mouth, and the nose. Bounding boxes are then
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(d)

Figure 3.3: ROI detection. (a) Detected face in input image (b) cropped face region (c) mask for
upper part (eyes) (d) mask for lower part (nose and mouth) (e) masked image for upper part of
image (f) masked image for lower part of image.

placed around the eyes, the mouth, and the nose on the original image as shown in Figure 3.4(e).

(d) (e)

Figure 3.4: (a) and (b) labelled image (c) and (d) detected bounding box for the component (e)
detected components on single image.

3.3.2 Proposed Algorithm

Given an image I, the ROI containing the face previously detected, and the proposed method to

detect the landmarks are summarised in Algortithm].

In Algorithm 1 ExtractBoundingBox(CC) extracts the bounding box around the connected

component CC. The output of the proposed algorithm is a bounding box around each of the fol-
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Algorithm 1 Automatic Detection of Face Components

Require: / > Image Region of Interest containing

the face

Ensure: LEye, REye, Nose, Mouth, C;,,Cy.,Cy,Cp, > Bounding boxes represent-

ing the left eye, the right
eye, the nose and the

o : mouth and their centroids.
: Split / into two regions, upper (Part;) and lower(Part;) parts.

2: Binarize Part; and Part, using suitable threshold values of k| and k,. > We have used
ki = 0.65 and
k> = 0.9 for both
Part; and Part,

3: Calculate, using 8-connectivity, the connected components, remove the components which
are touching the outer border of the image, to obtain CPart; = (CPart;)i=12...., pand CParty =
(CParIZi)i:1727,.,7q of relevant connected components of Part| and Part, respectively

4: Sort CParty and CPart, in increasing order of sizes of components.

5: if p < 2 then > The two eyes have not
been detected which may
be due to the hairs that are
covering the eye, or that
the eye got connected to
the border during the bina-
rization process.

Extract the second eye component based on human facial geometry.

6: else LEye = ExtractBoundingBox(CPart ,_1), REye = ExtractBoundingBox(CPart; p)

7: end if

8: if ¢ < 2 then If only one component is detected, the second one is computed depending on
the component already detected and if we don’t find any valid component in this part then we
can extract the mouth and the nose of the person depending on the component detected in the
upper part of the face. > In most cases it is due to the

9: else Nose = ExtractBoundingBox(CParty 4_1), Mouth = %?c?}fc(ljctBound ingBox(CPart; 4)

10: end if

11: Cj, = Centroid(CPart; ;1) > Left eye centroid
12: Cyo = Centroid(CParty p) > Right eye centroid
13: C, = Centroid(CPart 4_1), > Nose centroid

14: Gy, = Centroid(CParty ) > Mouth centroid
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lowing face components: the two eyes, the nose, the mouth and centroids of face components.

Figure 3.5 (d) show an example of detected face components.

3.4 Experimental Results

The proposed method was tested on images from the ORL face database [198]. The ORL database
contains 400 images of 40 different subjects and has 10 images per person in different orientations,
scales and facial expressions. The images are gray-scale images of size 112 x 90. The detection
rate of face components in a frontal, a left, and a right view is presented in Table 3.1. In the frontal
view, the detection rates of the left eye and the right eye are nearly 96%, the nose 92%, and the
mouth over 88%. In the left view, the ratio of detection of the nose, the mouth, and the right eye is
over 90% and the left eye is over 75%. In the right view, the ratio of detection of the left eye and the
nose is over 90 % and for the right eye and the mouth is over 80%. Figure 3.6 shows some results
of detected components of faces in different orientations. The detection rate of face components
in different facial expressions are presented in Table 3.2. The detection rate of the left eye and the
right eye for a smiling facial expression is 95%, and the nose and the mouth is 75%. The detection
rate for a sad facial expression is 90% for the left and the right eye, 80% for the mouth and 75%
for the nose. The detection rate for the closed eyes has no effect on the detection rate that is used
by our method. Therefore, even if the eyes are closed, it will still be detected. The detection rate
for the open mouth is 92% for the left and the right eye, 85% for the nose and 80% for the mouth.

Examples of detected facial components in different facial expressions are shown in Figure 3.7.

Moreover, the proposed method was tested on the Asian face image database PFO1 [199].
The PFO1 database contains the true-colour face images of 103 people having 17 images per in-
dividual. Images in this database are normal images and images of systematic variations for illu-

mination, pose and expression. The detection rates of face components in a frontal, left, and right
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view is presented in Table 3.1. The detection rates for the left and the right eye, the nose and the
mouth are 98%, 96%, 87%, and, 92% respectively. In the left view, the detection rate for the left
eye and the mouth are 95%, for the right eye it is 96% and for the nose it is 89%. In the right view,
the detection rate for the left eye is 94%, for the right eye it is 95%, for the nose it is 90% and
for the mouth it is 96%. The detection rates of face components in different facial expressions are
presented in Table 3.2. The different facial expressions in the PFO1 database are happy, surprised,
irritated and the closed eye. The detection rate for a happy facial expression is above 94% for the
left and right eyes, 71% for the nose and 89% for the mouth. The detection rate for a surprised
facial expression is, above 94% for the left eye, the right eye, and the mouth, and 89% for the nose.
The detection rate for an irritated facial expression is, 94% for the left eye, 96% for the right eye,
86% for the nose and 98% for the mouth. The detection rate for a closed eye is 95% for the left

eye, 96% for the right eye, 94% for the nose and 98% for the mouth.

Figure 3.5: (a) input image (b) connected component in upper half part (c) connected component
in lower half part (d) detected component with bounding box.
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Figure 3.7: Faces with different facial expressions and bounding boxes around the detected com-
ponents.
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Table 3.1: Detection rate (%) of facial component in the frontal, left, right view.

Face Orientation ORL face database PFO1 database
Left Eye Right Eye Nose Mouth | Left Eye Right Eye Nose Mouth
Front View 96 96 92 88 98 96 87 92
Left View 75 96 90 93 95 96 89 95
Right View 92 82 93 87 94 95 90 96
Table 3.2: Detection rate (%) of facial component for different facial expression.
ORL face database PFO1 database
Facial Expres- Left Right Nose Mouth| Facial Expres- Left Right Nose Mouth
sion Eye Eye sion Eye  Eye
Smiling 95 95 75 75 Happy 95 94 71 89
Sad 90 90 75 80 Surprised 96 95 89 94
Closed eyes 96 96 87 85 Irritated 94 96 86 98
Mouth Open 92 92 85 80 Closed eyes 95 96 94 98
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3.5 Conclusion

A fully automatic method was designed. The proposed method detects a face and facial landmarks
in a frontal, a left and a right face view. In addition, it detects the expressive images of high
complexity. The complexity of the expression was presented by closed/semi-closed eyes, smiling,
sad, a variety of mouth appearances including an open and tight mouth. The proposed segmenta-
tion approach extracts the entire face region by combining thresholding and connected component
labelling. The system locates facial features, which are the eyes, the mouth, and the nose in an
image. Additionally, it also does not require any manual intervention by users, such as manually

creating a feature location model.

Extensive experiments demonstrate that the proposed model has achieved very good results
with face images from frontal, right and left view and with changes in facial expressions whereas
in [141] they did not use images with different facial expressions. They reported 89.1% overall
accuracy where as we achieved 90% accuracy for ORL face database and 93.58% for PFO1 face
database. The number of images they used for their experiments were much fewer. In [210],
the authors reported an accuracy of 91% for the facial component extraction using rectangular
measure. In [211], the authors reported an accuracy of 89.25% for facial component extraction. In
our case we achieved 90.70% accuracy. The presented approach is simple and fast for detecting
facial components. However, there are some challenging cases, such as faces with beard and specs,
for which it has a poor performance. In future, the method can be extended in order to handle faces

which have those challenges.
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Chapter 4

A Comparative Study of Face-Based Ethnic

Classification using Colour Space Models

4.1 Introduction

The human face conveys a large amount of visual information. By looking at someone’s face,
information processes about that person includes age, gender, ethnicity and emotions. During the
past decade, research involving face-based ethnicity classification has emerged, and grown rapidly.

A detailed review on some progress made can be seen in section 2.5.3.

Skin colour is one of the significant features of the human face. It not only varies from in-
dividual to individual belonging to different ethnic groups but also across different regions. For
example, the skin colour of people belonging to European, Asian and African groups range be-
tween white, yellow and dark. There are several colour spaces that have been used in in early work
of skin detection, such as RGB, normalized RGB, HSV, YIQ, YCbCr, HSI and CIELAB [212]. A

wide variety of studies and different approaches regarding the skin colour modelling, segmentation
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and recognition have been proposed. In [132], an algorithm is used to segment skin colour regions
using a combination of colour and edge information in colour images. They used a skin colour
model based on the Bayesian decision rule for minimum cost and non-parametric density estima-
tion to detect the presence of skin colour in an input image. The detected skin-coloured regions

are then refined by using the homogeneity property of the human skin.

Hashem used a technique which combines two methods for face detection in order to achieve
good detection rates. The two methods are the face skin detection using HSV colour space and the
back propagation neural networks [133]. Yoo et al. used hue and Cr colour information to find the
skin colour pixels in an image. They also used a range of thresholds acquired from red and blue
components in normalized RGB colour space to eliminate non-skin colour pixels. Post-processing
is used to eliminate such noises by a morphological operator. Moreover, the algorithm performs
temporal filtering to remove skin-colour pixels that immediately appear from frame to frame. This
is done by using an object tracking process to act as a memory for collecting skin-colour objects
obtained from the previous frame to guide the next frame [213]. Hasan and Misra established a
system which can identify specific hand gestures. They used local brightness of each block of
the hand gesture image and calculated the local brightness of each divided block after applying

coloured segmentation operation by using the HSV colour model [214].

To our knowledge, no work on ethnicity classification with colour spaces has been intro-
duced in public literature. In this chapter, ethnic classification of the human face is proposed by
using different colour spaces. First, images are classified into two ethnic groups being Asian and
non-Asian and then into three ethnic groups being Asian, White and Black. The aim is to deter-
mine which ethnicity group an individual is likely to belong to. The classification of the images is
done by using the HSV, RGB and YCbCr colour space. The mean values are calculated for the hue,
saturation, value, red, green, blue, Y, Cb and Cr colour components. A feature vector is created

for each face image. The K-means classification algorithm and NB algorithm are then used for
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classification of face images into proper ethnic groups.

During this study, a comparative investigation of ethnicity classification by using RGB, HSV
and YCbCr colour spaces are presented. Section 4.2 describes tools and methods used for ethnic
classification. The techniques used for the segmentation of the images are discussed in section 4.3.

Section 4.4 presents the experimental results and is followed by a conclusion in section 4.5.

4.2 Features Extraction

4.2.1 Colour Models

Colour adds very meaningful information for vision. Humans use colour to differentiate and sep-
arate an object. It is hence an interesting approach to perform segmentation using colour informa-
tion. Based on the fact that the colour is the feature that is used for ethnicity classification, three

colour models are discussed in the sections that follow.

RGB Colour Space

RGB is the most commonly used colour space for storing and representing digital images, because
images captured by a camera are normally provided as RGB. This is an additive colour system
based on the trichromatic theory. It is a hardware-oriented model and is well known for its colour-
monitor CRT display purposes. RGB colour space represents three primary colours: red, green and
blue, respectively. To decrease the dependence on lighting, RGB colour components are normal-
ized so that the sum of the normalized components is united (r + g + b= 1). RGB is very common,
and is being used in virtually every computer system as well as television, video. The bottom

corner, when red = green = blue = 0 is black, while the opposite top corner, where red = green
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= blue = 255 (for an 8 bit per channel display system), is white. RGB is frequently used in most
computer applications since no transform is required to display information on the screen. RGB
has been a most popular and common choice for skin-detection and has been used by[215-217].
In our experiment different combinations of red, green and blue components of input images are

used for ethnicity estimation.

HSYV Colour Space

HSYV colour space is represented by three components namely Hue (H), Saturation (S) and Value
(V). The HSV space describes colour as Hue which is the property of a colour that varies in pass-
ing from red to green; Saturation being the property of a colour that varies in passing from red to
pink and Value (also called intensity or lightness or brightness) which is the property that varies in
passing from black to white. Hue varies from O to 1 on a circular scale i.e. the colours represented
by H=0 and H=1 are the same. Saturation varies from O to 1, 1 representing 100 percent purity of
the colour. H and S scales are partitioned into 100 levels and the colour histogram is formed by
using H and S. The hue component describes the colour itself and is depicted in the form of an
angle between [0,360] degrees. 0 degrees means red, 120 green 240 blue, 60 degrees is yellow and
300 degrees is magenta. The saturation component signals how much the colour is polluted with
the colour white. The HSV colour space has been used by Brown et al. [216], Garcia and Tziritas
[218]

The RGB image can be converted into an HSV image by using

1/2(R—G)+ (R—B)

V(R=G)’+(R—B)(G—B) 4.1)

H = arccos

Saturation is

75



min(R,G,B)

S=1-3
R+B+G

(4.2)

and Value is

V=1/3(R+G+B) 4.3)

YCbCr Colour Space

This is yet another hardware-oriented model. However, unlike the RGB space, here the luminance
is separated from the chrominance data. This colour space consists of brightness (Y) and two
colour difference components (Cb and Cr). The Y value represents the luminance (or brightness)
component which is calculated as a weighted sum of RGB values, where as the chrominance (Cr
and Cb) component is calculated by subtracting the luminance component from R and B values.
The YCbCr colour space is one of the most popular choice for skin detection and has been used by

Hsu et al. [195], Chai and Bouzerdoum [219], and Chai and Ngan [220].

The RGB image can be converted into YCrCb colour space as follows

Y =0.299R+0.587G +0.114B 4.4)
Cr=R-Y 4.5)
Cbh=B-Y (4.6)

Figure 4.1 presents an example of an RGB image converted into red, green, blue, HSV, hue,
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saturation, value, YCbCr, Y, Cb, and Cr colour components using equations [4.1-4.6] for the three

different ethnic groups of White, Black and Asian.

{a} (b) (1) (k) (1)

(h)
B LT EE
:{-_ =] & & |
()
Eiﬁiéil EEEEEE

(i)
Figure 4.1: (a) RGB Image (b) Red colour component image (c) Green colour component image

(iii)
(d) Blue colour component image (e) HSV image (f) Hue colour component image (g) Saturation
colour component image (h) Value colour component image (i) YCbCr Image (j) Yellow colour
component image (k) Cb colour component image (1) Cr colour component image for (i) White (ii)
Black and (iii) Asian.

4.2.2 Features Computation and Combination

Given a set of n face images. Each image is cropped and resized to 75 x 70. The RGB colour
space is considered first. For each image, the mean value for the red, green and blue components
are calculated, and stored in U, Ug, and (1, using:

XX

i

5 4.7)

The RGB image model can be converted into an HSV image model. It is then possible to cal-
culate the mean of hue, saturation and the value of each cropped image, which is subsequently

stored in uy, W, and w,. The RGB image model can be converted into the YCbCr image model. It
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is then possible to calculate the mean of Y, Cb and Cr for each cropped image which is then, stored
in Uy, Uep, and Uer. The result is nine different mean colour components of each face image which

is represented in the following vector

M = (U, Up, Hg, Uy Hy Hyy Ky, Hepy Her)-

Different combinations of these components of this vector will be extracted to probe the combina-

tion that gives the optimal ethnic classification.

4.3 Ethnicity Classification

This section presents a method for identifying the ethnicity of a person from an input face image
that uses different colour spaces. Two machine learning algorithms K-means clustering and NB are
used for ethnic classification of face images as explained in section 2.6.1. The K-means clustering
algorithm with k=2, is used for classifying face images into the two groups Asian and non-Asian;
and k=3 to classify images into Asian, White and Black. Euclidian distance is used as similarity

measure. A pseudo-code of K-means clustering is shown in Algorithm 2.

Algorithm 2 K-means Clustering Algorithm

Require: A set, X C RY, of faces features (X = {x1,x2,...,x,}); an integer k
Ensure: A partition of points into clusters @y, @, ... ®, along with a center u; for each cluster,
so as to minimize function W defined in equation 2.2

1: Choose randomly k prototypes {ul, 9, ..., ud}
2:n+0

3:n+n+1

4: for j=1to k) do

50 o' {xeX|Vk#j flul ) < fluu )
6: compute i from @7

7: end for

8: if 0 # @} and n <ng then

9: goto 3
10: end if
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4.4 Experimental Results

The data-set used for experimentation is a combination of three different face data-sets. Together
there are a total of 1013 images with different facial expressions, illumination and orientations that
are used. They are first separated into two ethnic groups, Asian and non-Asian. The Asian group is
composed of images from an Asian face database [199] and an Indian face database [201]. Most of
the Asian faces are of Chinese, Korean and Indian origin whereas the Indian face database contains
only Indian faces. The non-Asian group is composed of images from the MORPH database [200].
Most of the non-Asian faces are of White and Black ethnic groups. Table 4.1 gives a detailed
description of the images that have been used. The non-Asian group is further separated into
White and Black subgroups in order to help classify images into an additional three ethnic groups

being Asian, White and Black. Sample images from the three databases are shown in Figure 4.2.

Table 4.1: Database description.

Face Database(Total Images = 1013) Number of | Size of face | Variations Included
Images Area

Asian (401 Images) | Asian PFO1 317 75X70 Normal, Illum, Expr
Indian Face | 93 75X70 Pose, Illum, Expr
Database

non-Asian (612 | MORPH Database | 305 75X70 Age, [llum, Expr

Images) (White)
MORPH Database | 307 75X70 Age, [llum, Expr
(Black)

Figure 4.3 shows a sample of a K-means plot for ethnicity classification into Asian and non-
Asian ethnic groups. Images are separated into two clusters. Figure 4.4 exhibits a sample of a
K-means plot for ethnicity classification of images into Asian, White and Black ethnic groups.
Furthermore, the NB algorithm is used to classify the images into appropriate ethnic groups. A
Gaussian distribution is used to calculate a pdf for all race types. Figure 4.5 depicts a Gaussian
distribution for two ethnic groups being Asian and non-Asian, by using a blue colour component.
Figure 4.6 presents a Gaussian distribution for three ethnic groups being Asian, White and Black,

through the use of a green colour component.
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Figure 4.3: K-means classification output for two ethnic groups Asian and non-Asian.

Tables 4.2 to 4.4 show the ethnicity classification which uses the K-means clustering algo-
rithm and NB algorithm for Asian and non-Asian ethnic groups. This is done by using the RGB,

the HSV and the YCbCr colour components features computed in section 4.2.2. Tables 4.6 to 4.8
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Figure 4.4: K-means classification output for three ethnic groups Asian, White and Black.
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Figure 4.5: Guassian distribution for two ethnic groups using Blue colour component.

portray the ethnicity classification for the three ethnic groups of Asian, White and Black and via
the K-means clustering and NB algorithm. This is done through the use of the RGB, the HSV and

the YCbCr colour components features computed in section 4.2.2.

The K-means clustering and NB classification algorithms are then used to classify images
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Figure 4.6: Guassian distribution for three ethnic groups using green colour component.

into Asian and non-Asian and subsequently into Asian, White and Black. 10-Fold cross validation
is then carried out to evaluate the performance of the proposed algorithm. Tables 4.2 shows the
classification rate of face images into Asian and non-Asian ethnic groups by using the RGB colour
space through the application of K-means clustering and NB algorithms. Table 4.6 shows the clas-
sification into the Asian, White and Black ethnic groups. The blue colour component in the RGB
colour space provides the best results when compared to the red and green colour components.
When the RGB colour space is compared with other two colour spaces, it is evident that the RGB

colour space gives the most reliable results.

Tables 4.3 and 4.7 show the ethnic classification that uses the HSV colour space. It can be
seen that the value colour component delivers good results when compared to hue and saturation.
Conversely, when hue, saturation and value colour components are combined, the results are even
better. Tables 4.4 and 4.8 show the ethnicity classification rate using the YCbCr colour space. The

colour component Cb and Cr does not contribute to the ethnicity classification but the Y colour
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component gives a promising result. Therefore, it can be concluded that blue, value and Y colour
components consistently give very good results. The NB algorithm shows good results when com-
pared to the K-means clustering algorithm. To improve the accuracy further, these colour com-
ponents were combined and then classified using NB algorithm. The results of this classification
are shown in Tables 4.5 and 4.9. It is found that combined colour components improves the accu-
racy of ethnicity classification. The accuracy for the RGB colour space colour outperforms that of
HSV and YCbCr. YCbCr shows the poorest performance among the three colour spaces consid-

ered. Figure 4.7 shows a comparison graph of ethnicity classification using the three colour spaces.

The ROC curve is a graphical plot that is created by plotting TPR and FPR at various thresh-
old values. The performance of a biometric system is also depicted visually on the curves. The
ROC curves display the way in which the TPR varies with respect to the FPR and vice-versa [102].
Figure 4.8 shows the resulting ROC curves for the three colour space components of RGB, HSV
and YCbCr respectively. From the curve, it is clear that in the RGB colour space, the blue compo-

nent gives the best results. The value and yellow colour components give promising results in the

HSV and YCbCr colour spaces.

Table 4.2: Ethnicity classification rate (%) into two ethnic groups using RGB colour space.

Colour Component \ K-means \ Naive Bayesian

‘ Asian non-Asian ‘ Asian non-Asian
Red Colour Component 100 75 94 94.3
Green Colour Component 100 85.42 99.50 97.71
Blue Colour Component 100 90.35 99.71 98.52
RGB Colour Component 100 85.62 99.50 96.89
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Table 4.3: Ethnicity classification rate (%) into two ethnic groups using HSV colour space.

Colour Component ‘ K-means ‘ Naive Bayesian

‘ Asian non-Asian ‘ Asian non-Asian
Hue Colour Component 88.02 74.34 87.03 78.26
Saturation Colour Component 91.77 93.62 90.77 94.28
Value Colour Component 100 75.65 94.26 94.44
HSV Colour Component 100 92.48 98 95.42

Table 4.4: Ethnicity classification rate (%) into two ethnic groups using YCbCr colour space.

Colour Component \ K-means \ Naive Bayesian

‘ Asian non-Asian ‘ Asian non-Asian
Yellow Colour Component 100 83.33 98.50 97.38
Cb Colour Component 63.84 81.37 50.37 91.10
Cr Colour Component 63.84 81.37 50.37 91.10
YCbCr Colour Component 100 87.58 98.25 98.85

Table 4.5: Ethnicity classification rate (%) into two ethnic groups using a combination of three
colour spaces.

Colour Component Naive Bayesian
Asian non-Asian
BVY Colour Component 99.50 97
RGBHSVY Colour Component 100 97.22
RGBHSVYCbCr Colour Component 100 97.22

Table 4.6: Ethnicity classification rate (%) into three ethnic groups using RGB colour space.

Colour Component ‘ K-means ‘ Naive Bayesian

‘ Asian White Black ‘ Asian White Black
Red Colour Component 93.01 94.42 78.50 97.51 94.28 80.78
Green Colour Component | 100 90.49 89.25 99.50 92.13 86.97
Blue Colour Component | 100 87.21 92.83 99.75 90.49 89.25
RGB Colour Component | 100 90.81 88.59 99.50 92.78 86.97
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Table 4.7: Ethnicity classification rate (%) into three ethnic groups using HSV colour space.

Colour Component ‘ K-means ‘ Naive Bayesian

‘ Asian White Black ‘ Asian White Black
Hue Colour Component 85.03 61.31 37.13 89.3 54.1 30.6
Saturation Colour Component 69.82 87.21 25.73 91.5 74.4 51.5
Value Colour Component 93.51 94.42 78.17 93.26 93.11 79.80
HSV Colour Component 100 91.47 90.55 97 92.78 87.94

Table 4.8: Ethnicity classification rate (%) into three ethnic groups using YCbCr colour space.

Colour Component ‘ K-means ‘ Naive Bayesian

‘ Asian White Black ‘ Asian White Black
Yellow Colour Component 99.75 90.81 87.94 98.50 92.78 87.62
YCbCr Colour Component 100 91.7 90.5 99.50 92.13 91.20

Table 4.9: Ethnicity classification rate (%) into three ethnic groups using a combination of colour
spaces.

Colour Component Naive Bayesian
Asian White Black
BVY Colour Component 99.25 92.78 86.97
RGBHSVY Colour Component 100 92.78 88.27
RGBHSVYCbCr Colour Component 100 92.78 89.25
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Figure 4.7: Graph of ethnicity classification using 3 colour spaces and a combination of 3 colour
spaces.
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Figure 4.8: ROC curve for RGB, HSV and YCbCr colour components.
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4.5 Conclusion

A simple and efficient method of ethnicity classification which is based on face images with high
complexity has been presented in this study. The complexity of these images used has various
characteristics namely: illumination condition, facial expressions, different orientations, and the
presence or absence of facial hair and spectacles. Experiments were carried out using 1013 images.
The presented method classifies face images into two ethnic groups, namely Asian and non-Asian,
and with accuracies of 99.75% and 98.52% respectively. It then classifies face images further into
three ethnic groups namely Asian, White and Black and produced accuracies of 99.50%, 92.13%

and 91.20% respectively.

It is evident that the RGB colour space gives better results when compared to the HSV and the
YCDbCr colour space. Another important finding is that hue, saturation, Cb and Cr do not contribute
significantly to the ethnicity classification. The blue colour component of the RGB colour space,
the value component of the HSV colour space and the yellow component of the YCbCr colour
space are more effective in ethnicity classification. For future work we aim to combine geometric,

texture and colour features to further improve the accuracy of ethnicity classification.
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Chapter 5

Gabor Filter-Based Texture Analysis of
Facial Components for Ethnicity

Classification

5.1 Introduction

Component-based face recognition and identification has been extensively studied over the past
two decades. Human face components such as the eyes, the mouth and the nose are the most
significant features of the face and are therefore said to be the most important characteristics in
deciding the ethnicity [7]. Face processing is a difficult task, primarily because of the inherent
variability of the image formation process in terms of photometry, image quality, geometry, dis-

guise, change, and occlusion. These challenges are discussed in detail in [34, 221].

Ethnicity classification algorithms based on facial components such as the eyes, the nose and
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the mouth and the Gabor filter are introduced in this chapter. Four machine learning techniques are
used for comparing the results. The following three combinations of ethnic groups are considered

in the classification:

1. Two ethnic groups: Asian and non-Asian;
2. Three ethnic groups: Asian, White and Black; and

3. Four ethnic groups: Asian, Indian, White and Black.

The rest of the chapter is organized as follows. In section 2.5.3, previous studies related
to ethnicity classification are presented. Section 5.2 discusses materials and methods employed
in ethnic classification. Section 5.3 describes feature vectors computation of facial components
using the Gabor Filter Transformation (GWT). Section discusses the classifiers used to explore
the effectiveness of the proposed model. Experimental results are presented in section 5.5 and a

conclusion is presented in section 5.6.

5.2 Materials and Methods

5.2.1 Gabor Filters

Over the past two decades Gabor filters have been receiving significant interest. Gabor filters have
been successfully used in various computer vision applications. It has been specially used for
texture segmentation due to its appealing simplicity and ability to localize joint spatial frequency.
A number of authors have applied Gabor filters to various image analysis applications, such as
texture analysis [222], face recognition [223], vehicle detection [224], iris recognition [225], and

handwritten number recognition [226].
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The 2D Gabor filter can be represented as a complex sinusoidal signal modulated by a Gaus-

sian kernel function [227] defined as

g(x,y) = s(x,y)wr(x,y) (5.1)

where s(x,y) is a complex sinusoidal, known as the carrier and defined as:

s(x,y) = e/ HoxHVoy+p) (5.2)

with parameters Ly and v, defining the spatial frequency of the sinusoidal, in cartesian coordinates.

This spatial frequency can also be presented in polar coordinates with magnitude Fy and direction

Fo=\/u3+v§ (5.3)

0y as

6y =tan 1 Ho 5.4)
Vo

we then have the complex sinusoid rewritten as

s(x,y) _ ej(ZnFo((xcos Bp+ysin6y)+p)) (5.5)

The function w,(x,y) is a 2-D Gaussian shaped function, known as the envelope which is
defined as

wr(x,y) = K@ (x=x0)74+5% (v=y0)7) (5.6)

where (xo,yo) is the peak function, a, b are scaling parameters of the Guassian, and the , represents

a rotation operation.
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(x—x5)r = (x—x0)cosO + (y—yp)sinO (5.7)

and

(y =Yo)r = (x—x0)sin€ + (y — yo) cos (5.8)
Considering xg =y, = 0 and a = b = o then, 2-D Fourier transform of the Gabor function will be

g(x,y) = Ko~ (x=x0)7)+(y=30)7) . (27Fy (xcos Bg-+ysin b)) +P) (5.9)

where K is the magnitude of the Gaussian envelope.

0 is the Rotation angle of the Gaussian envelope.

F is Spatial frequencies of the sinusoidal carrier in polar coordinates or inversely, the wavelength.
It can also be expressed in cartesian coordinates as (L, Vo).

P is the Phase of the sinusoidal carrier.

o represents the standard deviation of the Gaussian envelope.

Wavelets with a large wavelength will react to gradual changes in image intensity. Those
with short wavelengths will react to sharp edges and bars. As per the Nyquist sampling theory, a
signal containing frequencies higher than half of the sampling frequency cannot be reconstructed
totally. Thus, the upper limit frequency for a 2D image is 0.5 cycles/pixel, whereas the low limit is
0. However, a valuable frequency band of face images is much smaller. It is observed that useful
information is mainly contained in the low frequency domain when tested on sample face images

in the frequency domain [228]. Hence, F,,, = 0.49 is selected for feature extraction.

In our experiments five different frequencies and eight orientations were employed to extract

the texture feature from facial components. Filter’s parameter selected are , 0 = 1, P=0, K=I,
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F €4{0.13,0.22,0.31,0.40,0.49 } and 6 € {0, /8,27 /8,3n/8,4n/8,57/8, 67 /8, T /8 }. The
Gabor filter bank composed of 40 channels was then created. The created filter set is then applied
to the input facial image, by convolving the face image with each Gabor filter from this set. The
resulting Gabor responses were then combined into a feature vector. The process is described in

the subsequent section.

Figure 5.1: Face Landmarks Detection Process: letters (a-h) represent transformations of face
region, and numbers (1-9) represent the results of the transformations. 1 is the region of interest of
the face extracted; 4 and 5 are the upper and the lower part of the face which was extracted using
masks 2 and 3 respectively; 6 and 7 are the binarized version of 4 and 5 using processes d and e
respectively; f and g extract the eyes, the mouth and the nose from 6 and 7 and produce 8 and 9; h
merges the results from 8 and 9 which represents a face with all landmarks detected.

5.3 Feature Computation of Facial Components using GWT

This section describes how features were extracted from the face image. The face feature extrac-
tion is initialized by the detection of components (eye, mouth, nose) using the algorithm described
in Chapter 3. Figure 5.1 summarizes the process of landmark detection. Gabor features used
for classification are extracted using GWT on each facial component. Gabor filter with five dif-

ferent frequencies and eight orientations are used in our experiments. For each component, the
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mean value for five frequencies and eight orientations were computed and stored in feature vectors

(U1 Le-- - Mao_re) for the left eye, (U1 ge. - - Uao ge) for the right eye, (L) no - - - Hao_no) for the nose,
and (U1 a0 - - - H40_Mmo) for the mouth. Similarly, for each component, the standard deviation is com-
puted with five different frequencies and eight orientations and stored in different feature vectors,
(O1_e--- 040 L) for the left eye, (07 ge - .- Oa0_re) for the right eye, (07 o - - . G40_n0) for the nose,
and (07 w0 - - - O40_Mmo) for the mouth. In total, there will be 160 means and 160 standard deviations,
since there are 4 facial components and each has 40 channels. For each face image, the means

vector is then represented as

Hface = (M1 Le - - - M40 Les M1 Re - - - M40 Res M1 No - - - M40 Nos M1 Mo - - - M40 Mo)- (5.10)

Similarly, the standard deviations vector is represented as

Oftace = (Ol Le - - - O40_Les Ol Re - - - O40_Res O1_No - - - O40_No» O1 Mo - - - O40_Mo) - (5.11)

A face was then represented by a feature vector of 320 components as

Vface = (,ufacea Gface) (5.12)

It 1s also important to note that, each face component was characterized by a vector of 80

features (40 means and 40 standard deviations) as

VieftEye = (W1 Le - - - M40 Les Ol Le - - - O40 Le)- (5.13)

VrightEye = (M1 Re - - - H40_Re> O1 Re - - - O40 Re)- (5.14)
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VNose = (.UIJVO ... H40_Nos O1 No - - - G4OJV0)-

Vtourh = (U1 Mo - - - M40 Mo, O1_Mo - - - O40_Mo)-

Figure 5.2 shows the framework of the Gabor Feature extraction process.

Original Face Face with landmarks
detected
| am]
Left Eye Right Eye Nose Mouth
o1 79 4 79 @ 1 79 a 4 79
v =
g 1 319

Feature vector of face

Figure 5.2: Framework of Gabor Feature extraction process
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5.4 Ethnicity Classification

Four classifiers, namely K-means, NB, MLP and SVM were used to classify features extracted

from the faces.

K-means Clustering

The K-means clustering algorithm is explained in detail in section 2.6.1. It classifies input data
points into multiple classes based on their inherent distance from each other (typically the Euclid-
ian distance between the cluster centres and the candidate vector). In our experiment, a K-means
algorithm with k = 2 for classifying face images into either Asian or non-Asian ethnic group was
used. A further k value of 3 was used for Asian, White and Black groups classification, and k = 4

for Asian, Indian, White and Black ethnic groups.

Naive Bayesian

The NB algorithm was used to classify the images as explained in section 2.6.2. Gaussian distribu-
tion is used to calculate a pdf for all race types. Once the pdf is calculated the images are classified

into different ethnic groups.

Multilayer Perceptron (MLP)

Once the feature vector is created using Gabor wavelet transformation, these vectors then act as
input nodes to MLP. In our method, MLP model (a) for two ethnic groups Asian and non-Asian,
has a feature vector with an input layer consisting of 320 attributes (nodes), a hidden layer with
161 nodes, and an output layer with two nodes (Asian and non-Asian). For a single component the

MLP contained an input layer with 80 nodes, a hidden layer with 41 nodes and an output layer with
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two nodes. (b) For three ethnic groups the input and hidden layer will be identical to those used
for two ethnic groups and the output layer contains three nodes (Asian, White and Black). (c) For
four ethnic groups the MLP has a hidden layer with 162 nodes, an input layer with 320 nodes, and
the output layer will have four nodes (Asian, Indian, White and Black). For a single component
the MLP contained an input layer with 80 nodes, a hidden layer with 42 nodes and an output layer

with four nodes.

Support Vector Machine

The SVM algorithm is used to classify images into appropriate ethnic groups. It is widely ac-
knowledged that a key factor in a SVM’s performance is the choice of the kernel. Therefore,
experiments are performed with various kernels (polynomial, Gaussian, RBF and PUK) in order
to compare their performance. In our case, PUK provides good results when compared to other
kernels. Therefore, we used a Pearson VII function based universal kernel which is defined in
section 2.16. The parameters used in the experiments for SVM include the complexity parameter
C which is taken as 1 (C=1) which controls the trade-off between margin maximization and error
minimization. A PUK kernel with parameters ® = 1 and ¢ = 1 is used for ethnicity classification.

The results of the techniques used for ethnicity classification are presented in Tables 5.1 to 5.3.

5.5 Experimental Results

The data-set used for experimentation is the combination of 3 different face databases. A
total of 511 images with different facial expressions, illumination and orientations were incorpo-
rated into the study. The Asian group comprises of images from an Asian face database [199] and
an Indian face database [201]. A total of 52 images from an Indian face database and 199 images

from an Asian face database were used for experimentation. The non-Asian group is composed of

97



images from the MORPH database [200]. A total of 260 images were used from this database.

The entire available data-set is randomly partitioned into a training set (in-sample) and a test
set (out-of-sample). Cross-validation is utilized to precisely depict the predictive performance of
the machine learning techniques. Cross-validation is a re-sampling technique which makes use of
multiple random training and test sub-samples. A well accepted method is N-fold cross validation,
in which you randomize the data-set and create N equal size partitions. In our study, 10-fold cross
validation is used to assess or compare the performance of the proposed models. The available
sample is randomly divided into 10 sub-samples of size n/10. For testing the model, a single sub-
sample is held as the validation data out of the 10 sub-samples and rest of the nine sub-samples
are used as training data. The cross-validation process is repeated 10 times (the folds), with each
of the sub-samples used exactly once as the validation data. The outcomes from the folds then can
be averaged to deliver a single estimate. The advantage of cross-validation is that all observations
have been used for training and validation. Each observation is used exactly once for validation.
The cross-validation analysis will yield valuable insights on the reliability of the machine learning

technique with respect to sampling variation.

Machine learning algorithms such as the K-means clustering algorithm, NB, MLP and SVM
are used in our experiments. The feature vector that is created using Gabor filters are fed into each
of the chosen classifiers. Images are classified into the two ethnic groups of Asian and non-Asian.
The images are further classified into the three ethnic groups of Asian, Black and White and then

into the four ethnic groups of Asian, Black, Indian, and White, using different facial components.

In our study, four facial components (the left eye, the right eye, the nose and the mouth)
were used for ethnicity classification. Table 5.1 shows ethnicity classification results for each of
the separate facial component and for each classifier. All four classifiers presented similar results.

Facial components as the nose and the mouth shows better results when compared to the left and
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the right eye. Table 5.2 shows the ethnicity classification for three different ethnic groups. In this
case, a MLP algorithm delivered best results when compared with three other classifiers and the
SVM showed the poorest results. In this classification, again the nose and the mouth gave the best
results when compared to the left and the right eye. A combination of all four components gave
better results as opposed to single components. Images are further classified into the four ethnic
groups of Asian, Indian, White and Black. In this case as well, MLP gave the best results when
compared to the other three classifiers. The SVM delivered the poorest results. In this classification
the nose and the mouth produced better results as opposed to the left and the right eye. All four
components were combined to improve the performance. The results are presented in Table 5.3.
Figure 5.3 shows a graph of ethnicity classification using different facial components and different

ML techniques.
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Table 5.1: Ethnicity Classification rate (%) using different classifiers for Asian and non-Asian

Classification rate

Face Component Asian non-Asian Combined
K-means Clustering
Left Eye 98.8 95.76 97.26
Right Eye 100 97.69 98.82
Nose 99.6 97.69 98.63
Mouth 99.6 97.69 98.63
All Components 99.6 99.23 99.41
Naive Bayesian Classifier
Left Eye 96.01 95.76 95.89
Right Eye 97.21 97.3 97.26
Nose 98 98.46 98.23
Mouth 99.6 98.46 99.02
All Components 99.6 99.23 99.41
Multilayer Perceptron Classifier
Left Eye 96.81 95.53 96.67
Right Eye 99.2 97.69 98.43
Nose 98.4 97.69 98.04
Mouth 99.2 98.46 98.82
All Components 99.6 99.23 99.41
SVM Classifier
Left Eye 98.4 97.69 96.28
Right Eye 99.6 97.3 98.43
Nose 98.4 97.69 98.04
Mouth 99.6 97.69 98.63
All Components 99.6 98.46 99.02
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Table 5.2: Ethnicity Classification rate (%) using different classifiers for Asian, White and Black

Classification rate

Face Component Asian White Black Combined
K-means Clustering
Left Eye 98 80.76 46.92 80.62
Right Eye 100 80 55.38 83.56
Nose 99.6 83.84 83.07 91.38
Mouth 99.6 76.92 63.84 84.73
All Components 99.6 80.76 80 89.82
Naive Bayesian Classifier
Left Eye 96.42 82.3 40.76 78.86
Right Eye 98.82 83.07 46.92 79.84
Nose 96.82 76.92 83.07 88.54
Mouth 99.6 73.84 63.84 83.95
All Components 99.6 80 75.38 88.45
Multilayer Perceptron Classifier
Left Eye 97.21 83.07 48.46 81.21
Right Eye 99.2 86.92 50.76 83.75
Nose 98.4 85.38 76.92 89.62
Mouth 99.2 88.46 60 86.49
All Components 99.6 81.53 80.76 90.21
SVM Classifier
Left Eye 98.4 87.69 34.61 79.45
Right Eye 99.6 89.23 41.53 82.19
Nose 98.4 92.3 72.3 90.21
Mouth 99.6 77.69 60.76 84.14
All Components 99.6 90.76 54.61 85.91
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Table 5.3: Ethnicity Classification rate (%) using different classifiers for Asian, Indian, White and
Black

Classification n rate

Face Component Asian Indian White Black Combined
K-means Clustering
Left Eye 100 48.07 80 44.61 75.53
Right Eye 100 80.76 80 56.15 81.8
Nose 99.49 423 85.38 83.84 86.1
Mouth 98.99 50 75.38 64.61 79.25
All Components 99.49 73.07 82.3 80.76 87.67
Naive Bayesian Classifier
Left Eye 95.97 63.46 83.07 43.07 75.92
Right Eye 97.98 86.53 84.61 48.46 80.82
Nose 91.95 63.46 77.69 84.61 83.56
Mouth 96.98 69.23 74.61 63.07 79.84
All Components 95.97 78.84 81.53 73.84 84.93
Multilayer Perceptron Classifier
Left Eye 98.99 63.46 89.23 36.92 77.1
Right Eye 98.49 92.3 90.76 38.46 80.62
Nose 96.48 50 86.15 86.41 86.1
Mouth 97.48 65.38 89.23 58.46 82.19
All Components 98.99 86.53 79.23 79.23 87.67
SVM Classifier

Left Eye 99.44 50 88.46 39.23 76.32
Right Eye 99.49 82.69 90 41.53 80.62
Nose 98.49 0.038 92.3 72.3 80.62
Mouth 99.49 21.15 80.76 60 76.71
All Components 99.49 69.23 92.3 55.38 83.36
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Figure 5.3: Graph of ethnicity classification using different facial components and different ma-

chine learning algorithms for different ethnic groups.
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5.6 Conclusion

A method for automatic ethnicity classification based on the texture analysis of facial components
is presented. The face images are considered in a complex context. The complexity of the images
is presented in terms of different illumination conditions, facial expressions and orientations. The
method has been tested by using three configurations of classes: (1) two different ethnic groups:
Asian and non-Asian, (2) three ethnic groups: Asian, White and Black, and (3) four ethnic groups:
Asian, Indian, White and Black. This was done by using different facial components such as the
left and the right eye, the nose and the mouth and by combining all these components. The texture
information of facial components is captured using a bank of multi-channel 2D Gabor filters. The
K-means clustering algorithm, NB, MLP and SVM are used to classify images into the correct

ethnic classes.

From the experiments it is clear that the single facial component contributes greatly in
ethnicity classification. Instead of the whole face image, important facial components are used for
the classification. The proposed method has achieved a high degree of accuracy, that is for Asian
and non-Asian being 99.60%, for Asian, White and Black being 90.21%, and for Asian, Indian,
White and Black being 87.67%. From our experiments, we observed that mostly the nose and the
mouth gave superior results as compared to the left and the right eye. This prompted a hypothesis
that “the mouth and the nose” could be a strong element that characterizes the face among various
races. However, when all four facial components are considered in combination, better results
are attained as opposed to a single component. The MLP delivers good results as compared to
other ML algorithms used whereas the SVM offers the poorest results when compared to the other
three classifiers. In future, we would like to extend our work by including additional features
such as colour or geometric features with the intention of further improving the accuracy of ethnic

classification.
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Chapter 6

Ethnicity Classification using fusion of

Colour and Texture Features

6.1 Introduction

The determination of ethnicity of an individual can be very useful in face recognition and
identification systems. Many research results on automatic face detection and face recognition
have been published. Very few attempts however have been made to perform human ethnicity
classification. Research in identifying human characteristics for example ethnicity, age and gender

through visual cues is progressing at a very quick pace.

There are three levels of fusion in biometrics. Ross and Jain in [100] described the three

possible levels of fusion. These levels include:

1. Fusion at the Feature Extraction Level: Here, different features are extracted from the data

acquired from each sensor. The features computed from different biometric indicators are
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then combined into a single vector.

2. Fusion at the Matching Score Level: At that level, each system provides a similarity score in-
dicating the distance between the input feature vector and the template vector. The similarity

scores are combined to ascertain the accuracy of the claimed identity.

3. Fusion at the Decision Level: Here, each system provides a similarity score per biometrics
trait indicating the distance between the input feature vector and the template vector, which
is individually classified into the two classes: accept or reject. A majority vote scheme is

used to make the final decision.

In this chapter, fusion at feature extraction level is employed. Two types of features are ex-
tracted from the face images in order to identify the ethnicity of a person and to improve the
accuracy. The fusions of these features are used for ethnicity classification. Since colour and
texture features have shown to provide good results, these features are combined to improve the

accuracy of ethnic classification.

The colour and texture features are combined and a single feature vector is created for the
face image. After a fusion of feature vectors, a decision mechanism is employed to classify the
image into an ethnic group. The MLP classification algorithm is then used to classify images into

proper ethnic groups.

The rest of the chapter is organized as follows. Section 6.2 explains the methodology used
for ethnicity classification. Section 6.3 describes the ethnicity classification process. Section 6.4
provides the experimental results and is followed by section 6.5 which provides concluding re-

marks.
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6.2 Methodology

The proposed methodology describes a method of classifying the images into their ethnic groups.
Figure 6.1 presents a flow diagram of the methodology used in ethnicity classification. For eth-
nicity classification two different features (colour and Gabor features) are used and their fusion is
used for ethnicity classification. First, images are classified using colour features and then using
Gabor features. Second is the fusion of the two features which is followed by a comparison of the

results. The feature extraction process is explained in detail in the subsection below.

First colour features are extracted for input face images as explained in section 4.2, then
texture features are extracted from the input face image as explained in section 5.3. Figure 6.2
shows the feature extraction process using (a) Gabor filters, (b) colour features and (c) a combined

feature vector.

6.3 Ethnicity Classification

In this section, a method for identifying the ethnicity of a person from an input face image is
presented. The MLP algorithm is used for ethnicity classification. The ethnicity classification is

carried out as follows:

1. Using the Colour Feature
2. Using the Gabor Feature

3. Using the Fusion of Colour and Gabor Features
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Figure 6.1: Flow diagram of ethnicity classification.

Multilayer Perceptron

Multilayer perceptron neural networks are trained to classify the input images according to their

ethnicity. Once the feature vectors are created using a combination of colour features and the Ga-
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Figure 6.2: Feature fusion.

bor features, they will be employed for ethnicity classification. The MLP is then used to classify

the images into proper ethnic groups.

We consider ethnicity classification into three classes:

e Asian-non-Asian
e Asian-White-Black

e Asian-Indian-White-Black
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Figure 6.3 shows the MLP model (a) for two ethnic groups, Asian and non-Asian. This model
contains an input layer with 11 attributes, a hidden layer with six nodes, and an output layer with
two nodes. The nodes in the hidden layer are calculated using equation 2.12. The 11 attributes
comprise nine colour components being red, green, blue, hue, saturation, value, yellow, Cb, Cr,
and texture features mean and standard deviations. The output layer with two nodes is Asian and
non-Asian. Figure 6.3 (b) shows the MLP architecture for three ethnic groups namely, Asian,
White and Black. This model contains an input layer with 11 attributes, a hidden layer with seven
nodes, and an output layer with three nodes, for Asian, White and Black. Figure 6.3 (c) shows the
MLP architecture of four ethnic groups, Asian, Indian, White, and Black. This model contains an
input layer with 11 attributes, a hidden layer with seven nodes, and an output layer with four nodes

for Asian, Indian, White and Black groups.

6.4 Experimental Results

We used two different data-sets for the evaluation of our method. The first data-set is a combination
of the Asian face database [199], the Indian face database [201] and the MORPH database [200].
The second data-set is a combination of the MUCT face database [229], an Asian face database and
an Indian face database. In the first data-set a total of 52 images from an Indian face database, a
total 199 images from an Asian face database and a total of 260 images from the MORPH database
was used. A combined total of 511 images from these databases were used. In the second data-set
a total of 150 images of the black ethnic group and 150 of the white ethnic group were used from
the MUCT face database. A total of 300 images were used from the MUCT face database, 175
from an Asian face database and 52 images from an Indian face database. A combined total of 512

images were used from these databases.

The images are first classified into Asian and non-Asian groups using colour features, Ga-
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Figure 6.3: Multilayer perceptron architecture for (a) Asian and non-Asian (b) Asian, White and
Black (c) Asian, Indian, White and Black.

bor features and then the fusion of both the features. The results of the classification are shown
in Table 6.1 for two different data-sets. From Table 6.1 it is clear that the colour and combined
features provide almost the same classification results whereas the Gabor features provide a little
less classification rate. Secondly, images are classified into Asian, White and Black ethnic groups.
The experimental results are shown in Table 6.2. In this case, the colour feature outperforms that

of the combined features for the first data-set but the combined features reveal the highest results
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for the second data-set. Finally, the images are classified into the four ethnic groups of Asian,
Indian, White and Black. The results of the classification are shown in Table 6.3. This case as well
the combined features gave better results when compared to the use of a single colour or Gabor

features.

Based on the results of experiments that took place using two different data-sets, the per-
centage of Asian and non-Asian ethnic classification using colour features is 99.60%, and 99.78%;
using Gabor features is 99.41%, and 97.26%; and using the fusion of both is 99.60%, and 99.78%
for each data-set respectively. For three classes namely Asian, White and Black, the percentage
outcomes were 96.86% , 90.21%, and 93.58% respectively using colour, Gabor and feature fusion
for the first data-set and 97.05%, 91.78%, and 98.31% respectively using colour, Gabor and feature
fusion for the second data-set. Lastly, for four classes namely Asian, Indian, White and Black the
percentage outcomes were 94.91% , 87.61%, and 95.49% respectively, using colour, Gabor and
feature fusion for the first data-set; and 95.06%, 81.4%, and 97.15% respectively using colour,
Gabor and feature fusion for the second data-set. This method achieved a high degree of accuracy
for Asian, 98.49%, for Indian, 91.53%, for White 98.07% and for Black 93.84% using the first
data-set; and 98.28% for Asian, 98.66% for Indian, 94.66% for White, and 94.23% for Black us-

ing the second data-set.

Figure 6.4 (a) shows a comparison graph of different features (colour, Gabor, and combined)
for the two race classifications of Asian and non-Asian; Figure 6.4 (b) shows a comparison graph
for Asian, White and Black; Figure 6.4 (c) shows a comparison graph for Asian, Indian, White, and
Black. From these graphs, it is evident that colour features provide better results when compared
to Gabor filter features. The combination of these features provides better results as opposed to

single features.

We have classified our first data-set into five subsets to assess how the classification rate
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varies according to the number of images. Table 6.4, Table 6.5 and Table 6.6 show different data-
sets and their results for Asian, non-Asian; for Asian, White and Black; and for Asian, Indian,
White and Black. Figure 6.5 shows a graphical representation of how ethnicity classification varies

when the size of the dataset is altered.

Table 6.1: Ethnicity classification rate (%) into two classes using different features.

Features MORPH+Asian+Indian face database | MUCT+Asian+Indian face database
Asian non-Asian Combined Asian non-Asian Combined
Colour Features 100 99.23 99.60 99.42 100 99.78
Gabor Features 99.6 99.23 99.41 08.28 96.66 97.26
Combined Features 100 99.23 99.60 99.42 100 99.78

Table 6.2: Ethnicity classification rate (%) into three classes using different features.

Features MORPH+Asian+Indian face database | MUCT+Asian+Indian face database
Asian White Black Combined | Asian White Black Combined
Colour Features 100 94.61 93.07 96.86 98.28 98 94 97.05
Gabor Features 99.6 81.53 80.76 90.21 97.14 88 89.33 91.78
Combined Features 100 89.23 91.53 95.10 98.28 97.33 98.66 98.31

Table 6.3: Ethnicity classification rate (%) into four classes using different features.

Features

MORPH+Asian+Indian face database

MUCT+Asian+Indian face database

Asian White Black Indian Combined

Asian White Black Indian Combined

Colour Features
Gabor Features

96.48 93.84 96.09 92.30 94.91
86.53 79.23 79.23 86.53 87.67

98.28 98 91.33 84.61 95.06
97.14 86.66 79.33 19.23 81.4

Combined Features | 98.49 98.07 93.84 91.53 95.49 98.28 98.66 94.66 94.23 97.15

Table 6.4: Ethnicity classification rate (%) into two classes using combined features and different
dataset sizes.

Dataset size Classification Rate(%)

Asian non-Asian Combined
100 100 100 100
200 100 100 100
300 100 100 100
400 100 99.5 99.75
511 100 99.23 99.60
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Figure 6.4: Graph of ethnicity classification using different features (a) Asian and non-Asian, (b)
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Table 6.5: Ethnicity classification rate (%) into three classes using combined features and different

dataset sizes.

Dataset size

Classification Rate (%)

Asian White Black Combined
100 100 100 100 100
200 100 96.66  96.66 98
300 99.16 97.77 93.33 97
400 99 94 94 96.5
511 100 89.23 91.53 95.10
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Table 6.6: Ethnicity classification rate (%) into four classes using combined features and different
dataset sizes.

Dataset size Classification Rate (%)
Asian White Black Indian Combined
100 100 100 96.66 100 99
200 100 96.36  96.36 100 98
300 100 94.11 97.64 100 97.66
400 99.28 90 96.36 97.5 95.75
511 98.49 91.53 93.84 98.07 95.49
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Figure 6.5: Graph of ethnicity classification using different dataset sizes for (a) Asian and non-
Asian, (b) Asian, White and Black (c) Asian, Indian, White and Black.
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6.5 Conclusion

Ethnicity classification of face images using colour, Gabor and a fusion of colour and Gabor fea-
tures are presented in this chapter. Experiments were carried out on two different data-sets. The
proposed method classifies the images into four different ethnic groups namely Asian, Indian,
White and Black by using colour features, Gabor features and then using a combination of both.
Interestingly, the proposed method of classifying the images by using Gabor wavelets, which were
expected to outperform colour features, performed poorly on the ethnic classification task. Colour

features provided better results as compared to Gabor features when compared individually.

This research shows that a combination of features provides better results when compared
to the singular colour or Gabor features when classified into three and four ethnic groups. The
feature fusion provides the same result as colour features when classified into two ethnic groups
but provides better results when compared to the Gabor filter. To further improve accuracy, more

features can be used for the ethnicity estimation.
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Chapter 7

Conclusion and Future work

7.1 Summary of Work

In this thesis, a framework for face detection, component-based face features extraction and eth-
nicity classification using colour features, Gabor features and geometric features are presented.
Firstly, a comprehensive literature survey of state-of-the-art of face detection methods, feature
extraction methods, and different methods used for ethnicity classification was carried out. The

challenges addressed, and the novel techniques designed and investigated include:

e An algorithm was presented using a segmentation approach which extracts the face region
by using thresholding and connected component labelling. The segmentation algorithm first
converts the gray-scale input image into a binary image, then locates the face in the binary
image and puts a bounding box around that face. This algorithm is very useful for different

face related applications like face feature extraction and face recognition.

e A simple image processing operation on facial images was applied to automatically and more
accurately detect facial components. Segmentation and a connected component labelling

algorithm were used to extract key facial components: the eyes, the mouth, and the nose.
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The presented approach automatically detects facial components at a high accuracy since
the face image was divided into two parts which simplifies the landmark detection process.

The components are detected in different orientations and different facial expressions.

e Three different types of features were used and compared for ethnicity classification. The
first features used were based on different colour spaces. The RGB, the HSV and the YcbCr
colour space were used to classify the input face images into the different ethnic groups of
Asian, White and Black by using a K-Means clustering algorithm and an NB algorithm. The
best colour space for feature extraction was the RGB colour space. This algorithm is very

simple yet provides promising results.

o Texture features were used for ethnic classification of input face images using Gabor filters.
The face images were classified into four different ethnic groups, namely Asian, Indian,
White and Black. The question considered in this work was which parts of the face hold reli-
able ethnicity information for machine-based classification. Texture features were computed
for different facial components such as the left eye, the right eye, the nose and the mouth.
Extensive experiments demonstrated that mostly the nose and the mouth provide good clas-
sification results when compared to the left and the right eyes. Different ML techniques,
K-Means Clustering, NB classifier, MLP and SVM were used for ethnicity classification

and the results were compared.

e A fusion of texture and colour features was used for ethnicity classification. Extensive ex-
periments demonstrated that the fusion of features provides better results when compared to

the single colour or Gabor features.

7.2 Comparative Study

A comparative study of the above proposed approaches is presented below. Table 7.1 shows a

comparison of ethnicity classification into two race groups namely, Asian and non-Asian. In [11],
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they presented a LDA based scheme for two classes (Asian and non-Asian) for the task of ethnicity
classification. They classified 132 Asian faces and 131 non-Asian faces and reported an accuracy
of 96.3% . In [142] real time face detection and classification into gender and ethnicity was pro-
posed. They extracted features using three types of rectangular filters. The images are classified
into two classes being Asian and non-Asian using SVM and boosted classifier. Ou et al. used PCA
for feature generation and ICAfor feature extraction and classified a frontal face image into Asian
and non-Asian. They reported an accuracy rate of 82.5% [103]. Lyle et al. used periocular region
images using gray-scale pixel intensities and periocular texture computed by LBP as features for
gender and ethnicity classification and SVM as classifier [145] . They achieved a 91% accuracy for
the ethnicity classification. Our method however achieved a very good accuracy rate of 99.60%,

99.41% and 99.60% using colour, Gabor and combined features respectively.

Table 7.2 shows a comparison of ethnicity classification into the three race groups of Asian,
White and Black. Gutta et al. reported an accuracy rate of 92% for an ethnicity classification task
into Caucasian, Asian, Oriental and African origins categories [12]. Xie et al. classified images
into Asian, African-American and Caucasian ethnic groups. Their method achieves an accuracy of
95% for Asian, 97% for Caucasian and 97% for African-American [147]. Hosoi et al. used GWT
and retina sampling to extract key facial features, and then used SVM for ethnicity classification.
They classified the images into Asian, European and African and reported an overall accuracy of
94% [7]. The highest accuracy achieved in the literature for the three race groups are 96%. How-
ever, our method achieves an accuracy rate of 98.31%. We achieved 97.05% using colour features,

91.78% using Gabor features and 98.31% using combined features.

Table 7.3 shows a comparison of ethnicity classification into four race groups, namely Asian,
White, Black and Indian. To our knowledge less literature is available for ethnicity classification
into four groups. The one that is reported in the literature has limited classification results for

Asian and Indian. Our method however achieves a 95.06% accuracy rate using colour features,
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81.4% using Gabor features and 97.15% using combined features. The proposed approach based

on colour, texture and combined features achieved better results for ethnicity classification.

Table 7.1: Ethnicity comparison in two groups Asian and non-Asian from literature.

| Reference | Features | Classification Rate

[11] range and pixel intensity 96.3%

[142] Rectangular Features 22.6% error rate

[103] PCA 82.5%

[144] Gabor 96%

[145] LBP 91%

[146] LDA, PCA, Geometric fea- | 79% with algebraic features and
ture 90.95% with geometric features
Colour Features 99.60%

Our Method | Gabor Features 99.41%
Combined Features 99.60%

Table 7.2: Ethnicity comparison in three groups Asian, White and Black from literature.

| Reference | Features | Classification Rate |

[12] Grayscale Pixel intensities 92%

[7] Gabor wavelet transform with | Asian-96% European-93%
retina sampling African-94%

[147] KCFA with facial colour 96%

[106] LVC method 74%

[154] Pixel intensity-based fea- | 85% for Asian vs. others, 86.5% for
tures, BIM features African vs. others and 78.5% for

Caucasian vs. others

[159] PCA 81.67%
Colour Features 97.05%

Our Method | Gabor Features 91.78%
Combined Features 98.31%

7.3 Future Work

The face detection method presented in this work has two limitations, one being that the input

image should have a dark background and second that it should have only one face in an image.

120



Table 7.3: Ethnicity comparison in four groups Asian, Indian, White and Black from literature.

| Reference | Features | Classification Rate |

[104] Biologically inspired features | Black-98.3% White-97.1%,
Hispanic-74.2%, Asian-59.5%,
Indian-6.90%

Colour Features 95.06%
Our Method | Gabor Features 81.4%
Combined Features 97.15%

In future, these problems can be solved by combining a connected components labelling algo-
rithm and face skin colour from images to detect a face in an image. Facial components that were
extracted have some limitations. For instance, incorrect components are extracted for images con-
taining beards and spectacles. The problem with such categories of face images is that more than
one connected component are merged into a single component, which yields an automatic removal
of one or more targeted facial components. In future, this particular problem could be solved by

using geometric approaches.

Features used for classification were confined to local-appearance based texture features and
colour features. Key point features as well as shape features might encode more reliable informa-
tion for classification. Geometric features such as the height and width of each facial component
along with distances, can also be used for better ethnicity classification. Classification methods
used in this work are machine-learning based, and therefore more insight into the problem may be

provided by attempting a statistical classification method.

7.4 Conclusion

A facial based ethnicity classification system was presented. The face and facial components were
first extracted from the face image using a connected component labelling algorithm. The pre-

sented method achieves better results when compared to the methods reported in the literature.
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The reason is that the images are divided into two parts namely the upper and the lower part.
Searching for two facial components in each part is simple when compared to searching for all
parts together. For ethnicity classification, colour features, texture features, geometric features and
a combination of colour and texture features were used. The classification was done using four dif-
ferent machine learning techniques namely K-Means clustering, Naive Bayesian classifier, MLP

and SVM.

Of the three colour spaces (RGB, HSV and YCbCr) that were used for ethnicity classifi-
cation, the RGB colour space provides better results when compared to HSV and YCbCr colour
space. Another important finding is that hue, saturation, Cb and Cr channels do not contribute sig-
nificantly to the classification of ethnicity. The blue colour component of the RGB colour space,
the value component of HSV colour space and yellow component of the YCbCr colour space are
more effective in ethnicity classification. Colour features provided more promising results which
may be due to the fact that skin colour is one of the most important features of the human face for
ethnicity identification. The skin colour differs from one ethnic group to another. One can identify

the ethnicity of a person just by looking at the skin colour.

The performance of the ethnicity classification approach on facial texture images was evalu-
ated. From the experiments, it is clear that a single facial component contributes greatly in ethnic-
ity classification which is due to the fact that different ethnic groups have different physical facial
characteristics. It is observed that among the four selected areas (the left eye, the right eye, the
nose and the mouth), mostly the nose and the mouth gave superior results when compared to the
left and the right eye. The nose and mouth component provided better results as it is seen in face
components that the nose and the mouth region is very different for different ethnic groups when
compared to the eyes which look similar. For example, the nose of the Black ethnic group is broad,
for the Asian group it has an average width and for the White ethnic group it is narrow. The mouth

for the Black ethnic group is stretched (with thick lips), for the Asian group it has average lips and
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for the White ethnic group it has thin lips. When combining the four facial regions, performance

is improved, suggesting that each area has its own impact.

From our experiments, it is observed that colour features perform better classification when
compared to texture features. Fusion of colour and texture features for ethnicity classification was
also considered. This research shows that a combination of features provides better results when
compared to the single colour or texture features. Within these experiments, a conclusion could
be drawn with regard to the best classification method. MLP provided the best results as opposed
to SVM which appears to be the weakest. In terms of application, the proposed system will be
very helpful in video and image retrieval, database indexing, and can provide useful clues for face

recognition and identification.
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