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Abstract

This thesis explores feature extraction techniques based on Local Binary Patterns (LBP)
for Automatic Face Image Analysis (AFIA). Two tasks of AFIA were considered: Face
Recognition (FR) and Facial Expression Recognition (FER) for which a face representation
is derived which could be employed in both FR and FER systems. These tasks share
many common components and challenges and they need to be addressed for the better
performance of the system. Moreover, there exist limited number of LBP based operators
which can be deployed in both FR and FER systems. Existing LBP based operators are
not well studied for higher scales though scalable operators exist.

This thesis proposes two Asymmetric Region LBP (ARLBP) and Extended LBP
(EARLBP) operators, Modified Convolution (MC) operation and a heuristic localization
method. These operators along with other proposed techniques were experimented
considering different settings viz. with or without localization and registration errors,
person dependent or independent, operator scales, number of grids (hence the size) and
number of available LBP based codes. The FR system was configured in verification mode
using Eigen face approach derived on these LBP based histogram feature vectors. The FER
system was configured for multi-class facial expression classification mode using Support
Vector Machine (SVM). In FR the proposed techniques were used in person dependent,
with localization and registration error settings using the MC method.

Experiments were carried out to illustrate the importance of increase in the number of
LBP codes along with different scales and grid sizes and found that the MC increases the
available LBP codes enabling the chance of evaluating the operator properties at higher
scales. The FR system performance largely depends on the available LBP codes per
image rather than scale of the operator and the number of grids. The proposed ARLBP
operator is better when compared to EARLBP as it is sensitive to averaging effect of
boundary pixels of the operator’s sub-regions at larger scales. The performance on several
benchmark databases suggests that these operators could be used in FR. The FER system

was derived in person dependent and independent, with or without registration and with
Xi
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localization error settings using the MC method. Face image size and number of grids
(hence the size) are kept constant to explore the effect of the scale of the operator with
different conditions on the system recognition rate.

Experiments on facial expression databases reveals that maximum recognition rate
would be obtained for the scale in which width is larger than height of the operator. Both
proposed operators are sensitive to registration errors. However, these operators could be
applied in automatic FERS. Further observing the performance of these operators it could
be concluded that both operators along with the MC would be useful in deriving AFIA
which integrates FR and FER systems to negate the variations of individual systems and

enhance the overall integrated system performance.

xii
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Chapter 1

Introduction

1.1 Context

Today’s world is experiencing a digital revolution assisted by the rapid growth of
technology, computing power and availability of plethoric data. The conglomeration of
technology, processing power and data influence one another for their advancements. For
example, digital camera and low cost mobile phones are creating a myriad collection
of images and videos, converting text based information to multimedia. In the process
of this, multimedia data would need different technological solutions and processing
infrastructure to efficiently manage, access and process to provide various services to the
world. Processing the images automatically to extract semantic information has gained
great importance in research due to abundant multimedia data. There is a need of good
automatic image analysis and pattern recognition techniques which can organize, index,
annotate and retrieve images or videos to extract semantic information more intelligently
and efficiently. In particular, face images or videos contain a great deal of information when
compared to other multimedia images. For example, looking at the face image of a person,
if we know the identity, a lot more information can be retrieved about him. Further, using
face images we can determine age, gender, ethnicity and geographical location. In addition
to this, by using facial expressions we could approximate the emotion one feels.

Thus, automatic face image processing or analysis has greater importance due to its
applications in various domains of computer vision such as Human Computer Interaction
(HCI), Human Robot Interaction (HRI), visual video surveillance, biometric identification
and animation. Face image processing is a task of transforming the face image into
another image. This task could be used as preprocessing step for face image analysis

which involves transforming face image into high-level semantic reasoning. Face image
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1.1 Context

analysis may include face detection and facial feature localization, face tracking and pose
estimation, face and facial expression recognition, face modeling and animation. The
task of localization of face and its features is an important task since it is used as a
preprocessing step for remaining tasks of face image analysis. Deriving an automatic
image analysis system would require several tasks mentioned above and one must choose
tasks among these depending upon the application at hand. For instance, analysis of facial
expressions would require face and feature localization task for still image or face tracking

for a video sequence.

This thesis considers face recognition and facial expression recognition tasks of face
image analysis. Each task can be considered individually as face image analysis since
it involves transforming face image and interpreting with high level abstraction. In face
recognition, face is identified or verified whereas, in facial expression recognition, face
is interpreted and labeled with one emotion out of neutral, happy, sad, surprise, angry,
disqust and fear. Deriving face image analysis by integrating face and facial expression
tasks would assist schizophrenic [11] and patients with double dissociation patterns [12]
to recognize face with facial expression or vice versa. The integrated framework may have
a greater impact in application domain rather than considering as separate tasks. For
instance, in commercial face recognition, system performance would be reduced in the
presence of a smile. To overcome the shortcoming, external security protocol (ISO/IEC
19794) is enforced which specifies constraints on scene and photographic acquisition
process. The integrated face analysis system may be designed to render recognized facial
expression and transform expressed face to neutral face which in turn is identified or
verified by face recognition task. To corroborate the integration of two tasks of face
image analysis, Neuropsychology and Neuroimaging literatures suggest that there exists
an overlap of activation patterns of the brain parts to various face processing tasks [13,14].
Further, both face recognition and facial expression recognition tasks share common
challenges that are addressed by each such as, pose, illumination and scale. In addition
to this, face recognition task needs to address facial expressions also. Besides, there exists
an intersection between the subtasks of each task viz: face and facial feature localization,
normalization, feature extraction and classification.

In designing an automatic face image analysis system by integrating face recognition and
facial expression recognition, the first subtask is to detect face(s) in the given input
image and localize facial features (nose, eyes and mouth). The localized face or facial
features need to be normalized. The most typical normalizations are image alignment

and illumination normalization. Next subtask is to extract features from the normalized
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1.2 Challenges

faces. Feature extraction is the process of transforming high dimensional pixel data
to higher level abstracts. The high level abstracts include line, edges, shapes, texture,
color and geometric displacements. In this process, most discriminative features may be
selected without affecting the performance of the system. In addition to this, the extracted
feature may be subjected to dimensionality reduction to remove redundant information
using linear and non-linear projections. These features are fed as input to a classification
subtask. Classification is the process of making a decision to assign a label to the input
features. The labels may include age, gender, ethnicity, facial expression or identity of a
person. The subtasks of face recognition and facial expression may precede one another or
they can operate individually. Pipelining of the these tasks of face image analysis would
reduce the number of samples needed to be labeled which would increase the speed of
classification. For example, facial expression recognition could filter out images with all
emotion class except neutral faces to feed into the face recognition system. In the process
of integration, one must pay attention to individual task and its subtasks. Among all
the subtasks of face and facial expression recognition, feature extraction and classification
subtasks play an important role in determining the performance of the overall system. To
derive robust automatic face image analysis system, one must design feature extraction
techniques that are robust to pose, illumination, scale and occlusions and choose the best
classifier algorithm depending upon the application.

This thesis aims at deriving robust feature extraction techniques based on Local Binary
Pattern (LBP) [15] which extracts texture features from input images. These techniques
are employed to evaluate the performance of each face and facial expression recognition
tasks. Further, it is envisaged that features extracted by these techniques would be used
in automatic face image analysis which integrates face and facial expression recognition
tasks to enhance the performance and to address the difficulties faced by individual tasks.
The throughput of the system would be increased if we use the same feature extraction

techniques for both the tasks by employing different classifiers.

1.2 Challenges

There are some inherent difficulties that face image analysis needs to be addressed due to
the non-rigid property of the face and image acquisition process. These difficulties lead to
increase in intra-class variance when compared with inter-class variation which affects the
performance of the face and facial expression recognition tasks. One can think of many

ways to remove these difficulties, like imposing restrictions similar to (ISO/IEC 19794)
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protocol to design efficient face analysis system, designing feature extraction techniques
which are robust to these difficulties and combining individual robust systems to comple-
ment one another.

This thesis considers designing of robust feature extraction techniques sup-
ported with minimal normalization of face images.

Following Sections summarize the important challenges that influence the performance of

the face image analysis in the real world context.

1.2.1 TIllumination

Variations in strength and angle of the incident light on the face would induce significant
changes in the image as shown in the Figure 1.1. These changes are attributed to ambient
and point (focused) source of the light. Ambient light source would induce less intra-class
variations in the image that can be handled with ease when compared to pointed source
like mugshot images. Many approaches have been proposed by extracting illumination
variation features and some methods incorporate extra preprocessing such as normalization

to negate the effect before feature extraction and classification.

Figure 1.1: Face under fixed view with varying illumination (ambient) (adapted from [1])

1.2.2 Pose

The variance in head pose introduces another level of difficulty which impacts the
performance of the face image analysis. There are two types of head rotations i.e., in-
plane and out-of-plane. Many systems assume constrained frontal face images which
can be processed without normalizing the image. On contrary, out-of-plane rotations
would introduce additional computations for face alignment, pose estimation and face
registration. Further, some systems would be restricted to operate on a particular pose
or multi-view face image. Figure 1.2 shows an example of fixed illumination but pose

variation. It can be observed from the figure that, pose causes occlusions of some parts of
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the face image which make it harder to contain such variations as occluded parts cannot

be estimated or reconstructed.

8 B - 4
22?2 €€

Figure 1.2: Faces with constant illumination but varying poses (adapted from [1])

1.2.3 Facial Expressions

The face is a non-rigid object due to variations introduced by the deformations of the facial
features such as muscles, eyes, mouth, burrows and furrows. Figure 1.3 shows different
facial deformations which are percepted as facial expressions. We envisage that integration
of face and facial expression recognition tasks would handle these variations and enhance
the performance of face image analysis.

There are other variations such as age, ethnicity, make-up, skin color and facial hair
(mustache, beard) etc. The face and facial recognition task’s performance is affected by
these challenges. One must pay attention to minimize these effects. The intersection
of challenges and functionalities of face and facial expression recognition subtasks are
corroborating the integration of these tasks into a single face image analysis system.
This thesis considers exploring feature extraction techniques which could be
employed to each face and facial expression recognition task and evaluate
their efficacy in representing faces in the presence of the difficulties without

incurring additional computation costs.

Figure 1.3: Faces from JAFFE [2] with fixed pose and variations due to facial expressions.
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1.3 Automatic Face Image Analysis

Automatic Face Image Analysis (AFIA) or Automatic Face Analysis (AFA) is a wide topic
of research which includes different areas such as image processing, pattern recognition
and machine learning. AFA can be loosely defined as the process of transforming face
image into high level interpretation. It has great impact in computer vision applications
like biometrics, video surveillance human-machine interaction, video conferencing and face
image indexing and retrieval [16]. AFA may include face and facial expression recognition,
classification of age, gender and gaze, face detection and tracking facial features, pose
estimation, etc. AFA may contain only one task or several tasks integrated to handle a
particular application. For example, face recognition task alone may be regarded as FA
or in combination with age, gender,etc.

This thesis considers AFA which includes face recognition and facial expression
recognition using Asymmetric Region Local Binary Pattern for face represen-
tation. It assumes an AFA which contains only one task either face recogni-
tion or facial expression recognition. The reason is, the proposed Asymmetric
Region LBP needs to be employed to derive facial representations and study
individual task’s behavior and performance to integrate both tasks in one AFA
system in future.

Here onwards face recognition and facial expression recognition tasks are referred as sys-
tem for the sake of convenience. Subsequent sections describe the interactions between

different components of face recognition and facial expression recognition systems.

1.4 Face Recognition System (FRS)

Face is a source of variety of information and hosts many sensory (eyes, ears, tongue and
nose) organs of human beings. Face may be used to identify and categorize human beings
depending upon age, gender, gaze, color, ethnicity and geographical region. Further, it
reveals the details related to health and emotions. It is one of the important tools of human
communication apart from gestures. Identity of a person would enhance communication
further, as humans tend to personalize the content, behavior and the context of the
interaction. Automatic recognition of face has resulted in several applications such as
computer animation to render identity on avatar, surveillance and law enforcement, smart

cards, entertainment, etc. [17].
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Figure 1.4: Components of generic face recognition system.

1.4.1 Components of FRS

There are four main components of automatic FRS namely, face detection, face normaliza-
tion, feature representations and face recognition as shown Figure 1.4. There is no strict
demarcation between each component i.e., depending upon the application these compo-
nents may overlap. For instance, face normalization would overlap with face detection or
with feature extraction component. Face normalization might be named as preprocess-
ing process consisting of face alignment, illumination normalization, estimating pose, etc.
Face detection and face normalization steps could be ignored if FRS is assumed to be
non-automatic. In such case face localization normalization are done manually off-line to

create training data.

Face Detection

Face detection may be defined as the process of determining whether face is present or
not in a given image, if present, then the location of the face is notified. Face can be
detected in color or single intensity, single image or video sequence (single image/frame
taken at a time). Another term closely related to face detection is face localization. It
may be defined as determining position of single face in a given image. The difference is
that in face localization it is assumed that only one face is present in the input image.
But in the face detection, presence of face either one or many is not known prior. Facial
feature detection is to detect the presence and location of facial features like eyes, eyebrow,
nose, nostrils, mouth, lips and ears. Face detection is a visual task which human beings
do effortlessly in real time, regardless of illumination, orientation and camera distance,
but for a computer or machines this task is not easy. For machines face detection is
a challenging task due to variations [18] introduced by pose, facial expressions, scale,
occlusion, illumination and sensor settings. To automate face detection task two main
components; feature extraction method and Classifier have to be derived such that they

are robust to the variations. Face detection system may be categorized depending upon
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the type of features extracted from the face and they are explained below.

¢ Knowledge-based methods: In this method typical facial features (eyes, nose,
nose, mouth, etc) are localized and then rules which relate or group the features
by geometrical relationships are applied. For example, position of each feature may
be represented by relative distance between them or eyes will appear symmetric in
position compared to nose and mouth, etc. One thing to be noted in this method is
after localizing the features of the face by exploiting general basic-level features of
face like color of the skin, edges, contour, etc, then the rule that represents knowledge
about the face is used for verification to reduce false detection [18]. The difficulty
in this approach is to translate the human knowledge into rules. If rules are generic
false detection will increase, if rules are strict face may be missed in the frame.
Another challenge is, this approach requires all facial features or at least eyes, nose,

mouth, prior and hence this approach can be applied only to faces of frontal view.

e Feature invariant methods: The underlying assumption that humans detect face
effortlessly in variations in pose; illumination, etc. There may be some invariant
features or properties independent of all variabilities. Several methods have been
proposed, using edge maps [19], texture [20], skin color [21], shape information
or tracking heads and faces in image sequence are also developed [22-25]. These
methods suffer from the same challenges in terms of extraction of features from the

image, as these features vary with the illumination.

e Template Matching: A template (face pattern) is derived manually or parame-
terized using function. Then similarity or correlation is computed between image
and template to check the existence of face. Disadvantage of this method is that it
is not easy to design good generic template which can detect face in all poses and

scales.

e Appearance/Image based methods: In this method the template (generic
representation of face) is learned from the images supplied during off-line training
in contrast to template matching method. Therefore training is time consuming
but the detection speed is faster and even some time real-time detection may be
achieved [26]. These methods have some difficulties that they need a lot of face and
non-face images. As learned result is not easily interpreted it is hard to adjust to
other applications. In spite of these disadvantages appearance based methods are

mostly preferred state-of-the art Viola and Jones [27] method for face detection.
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In this thesis faces are detected and cropped automatically using an automated
tool [28].

Face Normalization

The challenges that a practical face recognition system needs to address include appearance
variations due to lighting, pose, scale, facial expression and occlusion. These variations
would increase the intra-class variations when compared to inter-class variations. These
variations affect the system performance such that it may not be appropriate in real world
applications. Face normalization is a generic process in which one or more methods like
illumination, face alignment, etc are used to remove or reduce these variations to increase
the system efficiency. By applying image processing techniques the input face image is
transformed into face image with less or no variations. Variations in illumination such
as shadows, underexposure and overexposure make face recognition intractable problem.
Various approaches have been proposed by several researchers [29-34]. A good review
of different approaches to handle the variations are illustrated in [35] and a comparative
study on these methods are described in [36]. Varying pose i.e., in-plane and out-of-
plane rotations of the subject’s face image would cause greater effect. These rotations
need to be negated in the real world application to exploit non-intrusive advantage of face
biometrics. Several works have been proposed to handle the pose variations [37-42]. Zhang
et.al [43] reviews pose invariant techniques used to derive face recognition system. Facial
expressions are variations caused by deformation of facial features and muscles. These
variations would make face non-rigid object that would harder to model the face in the
face recognition systems. Several attempts have been made [44-46] and face recognition
systems are derived invariant to facial expressions. In [47] authors have proposed a 3D
morphable model to fit facial expression which can be used to neutralize the expression
and render a neutral face to recognize.

This thesis does not consider any illumination equalization as proposed feature
extraction techniques are robust to monotonic illumination changes. The face
recognition system is constrained to frontal pose faces with facial expressions
inherent in most of the benchmark databases. The face images were cropped

using an automated tool [28] and aligned depending upon the eye coordinates.
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Face Representation or Feature Extraction

Feature extraction is a process of transforming the input data into reduced set of features
which represent the original data without any redundancy. The redundant information in
the input data affects the performance of the classification. The classification algorithm
would overfit the training samples poorly generalizing the new test data sample. This may
be due to larger dimension of the input data. Hence feature extraction techniques play an
important role in image analysis. These feature extraction techniques need to be robust to
difficulties/challenges that image analysis system would face in real world application. The
feature extraction techniques can be categorized into two categories viz: holistic (Global)
and Local (patch) based on the type of image considered to extract features. Holistic
feature extraction techniques would extract features from whole image considering each
pixel from the image. On the contrary, local feature extraction techniques use regions,
patches or neighborhood and landmarks or fiducial points to extract the representative
features from the image. For many years holistic approaches such of Principal Component
Analysis (PCA) [48], Linear Discriminant Analysis (LDA) [49] and variants of these
methods like Marginal Fisher Analysis (MFA) were introduced into face recognition due to
their fair performance. However, holistic methods are sensitive to variations of pose, facial
expression and scale [10]. These methods use training data to obtained subspace solution
which may be biased towards training data. The computation complexity increases as
the number of data samples increase. Many subspace learning methods used for face
recognition are presented [50] comprehensively. The local feature extraction methods are
not sensitive to noise and invariant to small variations in pose, scale, illumination and
facial expressions. These methods have an ability to perform better than the holistic
methods. Some of the representative local feature methods like Elastic Bunch Graph
Matching (EBGM) [51] and Gabor wavelets [52] are extensively used in face recognition
for better performance. These local descriptors get affected by the process of manual or
automatically annotated landmarks due to localization and alignment errors. However,
many texture descriptors have been applied successfully for face image analysis [15] using
alternative methods to negate these errors. Local Binary Pattern (LBP) is first texture
extraction technique used to derive face representations in face image analysis. LBP based
representations have grossed greater attention of researchers in pattern recognition due
to less computation cost and possibility of applying in real world applications and a brief
survey on the applications of LBP in face recognition can be found in [53].

This thesis proposes a novel LBP based Asymmetric Region based LBP for

face representation.
10
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Face Identification/Verification

Face recognition can be configured into two modes of operations: Verification and
Identification. Identification is the process of finding out a person’s identity/label /name by
matching a face pattern (probe/test image) with the person’s gallery/trained face features.
In the identification mode of operation, the system is trained with the face images obtained
during enrollment /registration process of several persons. For each of the persons, a face
template or model is learned in the training stage. A probe image is matched against
every known model, yielding either a score or a distance describing the similarity between
the probe image and the label of the person. A label is assigned by the system which
is most similar to the template. In the verification case, a person’s identity is claimed
apriori. The claim is verified by comparing with the person’s individual template. Similar
to identification, it is checked for similarity between probe image and the template.
Classification is the task of transforming the input face representation into high level
description. The description may be identity of the subject (identification) or it may
be affirmation of the subject identity (verification) . Depending upon the output of
classification the face recognition system is configured as identification or verification
system. For the task of classification of face, there are different approaches in which
holistic and local features are used as input for these classifiers. The holistic approach like
PCA, LDA, Fisher Discriminant Analysis (FDA) known as Fisherfaces [54], self organizing
map and convolution network [55] are used. Further, Probabilistic Decision Based Neural
Network (PDBNN) [56] are used as classifier in face recognition. These classification
methods can be configured to use local features such as Gabor wavelets and LBP based
face representations. Zhang et.al [43] have reviewed different face recognition methods
along with pros and cons across poses.

In this thesis FRS is configured in verification mode and PCA is used as base
line method and it is also used to reduce the high dimensionality of feature

histogram method.

1.5 Principal Component Analysis (PCA)

PCA is also called as Hotelling Transform [57]. It is linear projection which transforms
the input image space (training images) to orthogonal basis vectors and each basis vector
corresponds to the direction of greatest variance of the input image space. PCA is useful
to reduce the dimensionality and to contain the statistical covariance in the transformed

samples.
11
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The application of PCA in face recognition is called as Eigenspace projection. Eigenspace
are nothing but eigenvectors of the covariance matrix derived from the training set images
containing all subject images that have been enrolled in face verification system (FRS
configured in verification mode). The eigenvectors with non-zero eigenvalues form an
orthonormal basis in the image dimensional space. Each image of size N x M is stored in
a vector size NM as:

v

77— | }T
(N—-1,M-1)

o (1.1)

The images are subtracted by the mean image to center each image vector to mean of the

whole training or testing image.
T 7 _ - J
I' = I’ —m, where m = iz jE_l I (1.2)

These mean centered vectors are stacked side-by-side, to create the matrix of size NM x P

where P is number of images.
M:[Tlﬁzy...ﬁ” (1.3)
The matrix M is multiplied by its transpose to solve for eigenvalues and eigenvectors.
T =MM (1.4)

The covariance matrix I' can have P eigenvectors and corresponding non-zero
eigenvalues. The eigenvectors are sorted in ascending order of its eigenvalues. Depending
upon the amount of dimensionality reduction required the eigenvectors with larger
eigenvalues are selected to represent the variance space of the training image. Following

steps are followed to use PCA for face verification.

1. Create Eigenspace:

The following steps are followed to create eigenspace of the training images.

a. Center data: Each subject’s images are centered subtracting the mean image from

these images as in equation 1.2.
b. Create Matrix M: Each centered image is combined as in equation 1.3.

c. Calculate Covariance matrix: The matrix’s M transpose is multiplied by the

matrix M to calculate the covariance matrix.

I'=M M (1.5)
12
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d. Compute the eigenvalues and eigenvectors of I":
r'v=o'v’ (1.6)

¢’ is eigenvalues and V' is corresponding eigenvectors

e. Compute the eigenvectors of M M: Multiply the data matrix M by the
eigenvectors.

E=MV' (1.7)
Divide each eigenvector by its norm.

€

€= —-
C el

(1.8)
f. Order eigenvectors: Order the eigenvectors in ascending order and depending
upon their eigenvalues and select P — 1 eigenvectors and stacked side-by-side which

forms eigenspace E of the training images.
E=lei|e ... ep] (1.9)

2. Project training images: Each image of each person is centered and projected on
the eigenspace by taking dot product between transpose of eigenspace with centered
training image.

i~ ETF (1.10)

3. Project Test image: The test images of corresponding subject are centered and
projected as in equation 1.10. The projected test images are matched with projected
training image set (face template) of each subject using different similarity or distance
measures. A label of face template is assigned to the test image to which it is similar.
A detailed explanation of the PCA projection used in the face image domain is

illustrated with examples in [58].

This thesis considers Eigenspace method for feature histograms extracted for

FR in verification mode.

1.5.1 Similarity Measures

Face recognition system can be configured in two modes of operations viz. verification
and identification. Given the features the face recognition system needs to take decision

using similarity measures in order to either verify or identify. Similarity metrics would
13
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measure how a given new input features closely represent a learned or enrolled template in
the system. Formally decision procedure using similarity measures in verification mode is
as follows: given the new feature vector z with claimed identify I; of an enrolled subject-
template g;, where, 1 < ¢ < N and N is the number of enrolled subjects, determine the

correctness of the identity claim by making decision into one of two classes C or Co [59]:

(1.11)

(2, 1) € Cy, if s(x, ) > 0,i=1,2, ..., N,
' Cy otherwise,

where C] denotes the class of the genuine identity, Cs the class of illegitimate identity,
In case of identification the decision is taken to assign a class label for the new input
feature vector with best match class of enrolled subject templates. This can be formalized
as follows: given a new feature vector x and database of enrolled N subject templates
YLy Y2y nnees ,yn with identities (class) Iy, I, ...., In, then the decision is taken to find the

best match class for the new feature vector, that is,

P { L, if s(x,9:) =max s(z,7;) >0, 1<j <N, (1.12)

Iny1 otherwise,

In+1 stands for the case, where appropriate identity is not assigned for the new feature
vector x. The function s(.,.) is any distance metrics like Euclidean, City Block, Cosine
and Mahalanobis Cosine distance. The 6 represents the experimental threshold. Given
two vector x and y; where, x denotes face-feature vector, y; denotes the mean feature
vector of the system clients I;, (i = 1,2..., N), C~! is the inverse co-variance matrix and
T denote transpose of the vector, each distance can be formalized as similar to [59,60]
follows:

Euclidean distance D(z, ¥;):

Dz, i) = (1.13)
City Block distance CDB(x, 3;):
N
CDB(z,5:) = Y _ |zi — Uil (1.14)
i=1
Cosine distance CosDis(x, y;):
ol T.Yi
CosDis(x,y;) =1 — ——— (1.15)
Z [/l ]zl

14
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Il is norm of the vector which is equal to vazl()Z
Mahalanobis Cosine Distance M hCos(x,y;) is the cosine of the angle between the vectors.

Formally it can be expressed as:

2Tt Ui

MhCos(x,5i) = 1 = oramiy gl C=1gi

(1.16)

This thesis considers the above distance measures for face verification.

1.5.2 FR Performance Measures

The performance measures are metrics that measure different types of errors a system can
make. These errors are used to measure the performance of the FRS. Following types of

measure of errors are normally used in FR domain.

1. False Acceptance Rate(FAR): An empirical probability at which the system incor-
rectly accepts the claimed identity but the sample is that of a impostor (different
subject). Particularly, it is falsely accepted number of samples divided by total

impostor samples.

2. False Reject Rate (FRR): Estimate of the probability at which the system rejects the
claimed identity but the sample is of actual subject (genuine user). That is number

of rejected claim samples (from test set) divided by total number of client samples.

3. True Acceptance Rate (TAR): This metrics is also refers to Verification Rate (VR)
and it is defined as 1-FRR.

4. Equal Error Rate(EER): Point in which FAR and FRR is equal.

All these parameters may be used to determine FR system performance after testing is
performed. FAR and FRR are threshold dependent while EER is threshold independent.
If EER is lower then system’s performance is said to be better. The value of FAR and
FRR ranges from zero to one. But either FAR or FRR cannot be used to determine system
acceptance in real world deployment though FAR and FRR are minimum at zero.

In this thesis both FAR, FRR and VR are used to measure the system level

performance.
15
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1.6 Facial Expression Recognition System (FERS)

8" century, the work of Ekman

Though the study of facial expression is dated back to 1
suggesting universalism between emotions and facial expressions across different cultures of
human beings [61] gave a thrust to the research of facial expression analysis. The emotion
felt by the human beings are displayed using facial expression which is a result of spatial
deformation and movements of muscles under the facial skin. Facial expressions may or
may not communicate the internal emotions felt by the individual but they serve as non
verbal visual cue which regulate emotions of others in interaction. Several studies have
proposed to measure and understand the relation between emotion and facial expressions.
There are three methods used to measure the emotion of humans [62]. The first methods
is Neuro-physiological which measures body responses like brain activity, pulse rate, blood
pressure and skin conductance. These measures are analyzed and categorized into emotion
labels. Second is Observer method in which the visual appearances of the facial expressions
are percepted and labeled using classifiers. The third method is Self-report in which
emotion is labeled by analyzing the outcome of a questionnaire presented to the subject
who’s emotion to be measured. Deriving a robust FERS incorporating these methods
would be a challenging task. In the first method it is difficult to measure emotions
by implanting costly sensors on the body restricting mobility of the subject. It is also
difficult to handle the sensors without expertise and mapping data unambiguously to
a specific emotion label. In Observer method it is harder to make context dependent
interpretation of facial expressions from sensory data. The sensory data is highly subject
dependent and it is not unique across different subjects and the facial expression can be
faked i.e, posing complementary facial expression compared to actual emotion. In case of
Self-report method, the interpretation of emotions by one subject may be different from
the other subject interpretations, which makes it difficult to compare and comprehend.
Human beings interpret and label facial expressions effortlessly using Observer method.
It is relatively easy to automate Observer method when compared to other two methods.
Hence, many FERS have developed to automatically analyze facial expressions from static

images and video sequences when compared to other methods.

1.6.1 Types of Facial Expression

Facial expressions can be classified into posed and spontaneous depending upon the
amount of time the expressions are displayed [63]. Posed expressions are intensionally

elicited by the selected subject during image acquisition process. These subjects know the
16
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context and are instructed about the type of expression one needs to pose in controlled
environment. Spontaneous expression are elicited by external stimuli like screening of
drama, video, jokes and situations or context which subjects are not aware of or out of
their control. Posed expressions are mostly in frontal or profile, percepted easily and
compared to spontaneous expressions. Most of the time the real feeling or emotions are
reflected by spontaneous expression which lasts for only a few seconds making it hard to
percept and recognize automatically.

These facial expressions are categorized into three types like discrete, rule based action

Energized1

[

Arousal

Peacefull

Unpleasant <——Valence —— Pleasant1

Figure 1.5: Valance-Arousal dimensional space.

units (AUs) and dimensional space depending upon their representation (class/label).
AUs are labels for deformation of a particular muscle in the region of face. In discrete
representation each emotion is given a label such as neutral, happy, disgust, fear, sad,
surprise and anger which are considered as basic emotions. Each facial expression is
represented as combination of deformation of facial muscles termed as Action Units (AUs).

Ekman and Friesen coded all the facial muscle movements called FACS (Facial Action
17
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Figure 1.6: Common Action Units [3].
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Coding System) [3]. FACS consists of 44 AUs (Action Units) for description of facial
actions with regard to their location as well as their intensity. Facial expression can
be described as combinations of FAUs (Facial Action Units). Out of 44 AUs 17 AUs
(1, 2, 4, 5, 6, 7, 9, 10, 12, 15, 17, 20, 23, 24, 25 and 26) as shown in Figure 1.6 are
called primary AUs as their combinations can derive all basic emotions. Combination of
AUs 6, 12, 15, 17 Happy expression can be derived, Surprise expression is represented
using AUs 1, 2, 5, 25 and 27. Fear is formed by the combination of AUs 1, 4, 7 and
20 , AUs 4, 5, 15 and 17 make expression Anger, Sad is derived by the integration of
AUs 1, 2, 4, 15 and 17 and Disgust is derived by composition of 1, 4, 15 and 17. In
dimensional category, expressions are represented using 3 or 2 dimensional real valued
space like Valence-Arousal-Dominance (VAD) [64] and Valence-Arousal [65] respectively.
The valence represents either pleasantness (positive) or unpleasant (negative) and arousal
describes the level of activation of the emotion while Dominance illustrates the extent of
attention. Most of the researchers consider Valance and Arousal dimensions as shown in
Figure 1.5 as they can represent most of the emotions.

In this thesis FERS is designed to process posed near frontal facial expression

images and classify using discrete representation.

1.6.2 Components of FERS

A FERS consists of three important components viz: Face detection, Facial representation
or Feature Extraction methods and Classification as shown in the Figure 1.7. The last two
components largely determine the performance of the FERS, the first one is considered as
preprocessing step of FERS. But the quality of the result obtained in preprocessing step
can have ripple effects on other two components. Early works in FER is summarized by
Samal et.al [66], Pantic et.al [67], Fasel et.al [68] and recent advancements are surveyed
by Zeng et.al [69] and Huang et.al [70]. Next sections describe each component of FERS.

This thesis uses Observer method of measuring Facial expression.

; . Reature Extraction Facial Expression
Inputimage —> [ Face Detect % i % % P
P O e oo or Facial Representaton Classification

Figure 1.7: Components of Facial Expression Recognition System.
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1.6 Facial Expression Recognition System (FERS)

Face Detection

The work of Viola and Jones has made face detection practically feasible for real world
applications in camera, mobile phones and photo organizer Picasa. Zhang et.al [71] have
surveyed different boosting based face detection schemes which are de-facto standard of
face detection in real-world applications. The survey provides comprehensive details of
different feature types used for different boosting learning algorithms. The paper concludes
giving suggestions such as considering context, development of new adaptation in learning
algorithm and new feature types.

In this thesis the Viola and Jones face detector available in OpenCYV library [72]

is used for facial expression recognition system design.

Face Normalization

Face normalization is the process of removing inconsistency in the face image size,
illumination and position of face in the image. To analyze the facial expression input
image needs to align to similar size, refine all images to uniform illumination, correct pose
to frontal or near frontal to contain more face region and crop the face image at the same
position from all images since facial expressions are more spatial dependent. The localized
face of facial feature in the face detection component suffers from inconsistency in position
of localization inherent in the face detection component. It is observed that Viola and
Jones face localization method [72] produced different positions of face in input image if
the algorithm is repeatedly used to detect the face with same image. This inconsistency
is termed as localization error. Since facial expressions are spatially sensitive these errors
need to be negated before features are extracted or robust feature extraction method
should be used.

A heuristic localization method is proposed to negate the localization errors
and no illumination correction was done as LBP based representations are

robust to monotonic illumination.

Facial Expression Representation

Facial Expression Recognition (FER) deals with classification of movements and deforma-
tion of facial features in to abstract classes that are based on visual information. Emotion
Recognition deals with interpretation of facial expression with context, feeling of the sub-
ject and environment around. In 1971, Ekman and Friesen [61] postulated six universal

facial expressions such as Happy, Sad, Anger, Disgust, Surprise and Fear. These proto-
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typic displays are termed as basic emotions. The use of the term emotion recognition
refers to FER unless stated specifically here onwards. The FERS proposed in literatures
employ the Observer method in order to interpret the emotion. It is also evident from [62]
that most of the studies have considered the said method when compared to other two
methods of emotion measurement.

In this thesis Observer method is automated because of non-intrusiveness and

the image acquisition process is real time in nature.

Facial expressions are generated by deformation of facial muscles, which lead to
deformation of facial features such as eyebrow, nostrils, mouth, eyes, lips, and skin texture
revealed by wrinkles and bulges. These muscular activities can last for 5 seconds to
20 milli seconds. Each basic emotion can be expressed depending upon the location of
facial action, intensity and dynamics. Spatial information (location)is important since
facial expressions are results of contraction of facial muscles in specific regions of the
face. Each expression is expressed using particular muscles, at particular location of
face. The intensity of the facial expression is defined as the measure of the extent of
muscle contractions monitored in a particular location for a particular expression. It is
measured by determining the geometric deformation of facial features or the density of
wrinkles appearing in certain face region [68]. Measuring absolute intensity is difficult
since variation in inter-personality, across facial actions without referring to neutral face of
a given subject. Intensity measurement of spontaneous expression is difficult since it lasts
for a few seconds than posed facial expressions. The dynamics of facial expression could
be understood by using three temporal parameters namely, onset (attack), apex (sustain),
offset (relaxation) and its dynamics (temporal evolution) can be illustrated. There are two
main methodologies of measuring the dynamics, judgement-based method which directly
associates specific facial patterns with mental activities and sign vehicle-base method which
represents facial actions in a coded way, prior to eventual interpretation attempts. It is
evident from the above discussions that the feature representation (feature extraction)
methods have to address location, intensity and dynamics of the facial expressions. These
methods can be categorized according to whether they extract motion or deformation of
facial features, whether they act locally or holistically [68]. These methods try to extract
the prominent motion or deformation features from video sequences of facial expression
using difference image method, optical flow, etc. These methods can be applied considering
the whole input image or a patch/region wise. Some methods use predefined model to fit

on fiducial points around prominent deformation regions on the face and the displacement
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of these points are classified.
The thesis considers still Image/appearance based local feature extraction

methods LBP based ARLBP and ERLBP for analysis of facial expression

recognition.

Training _> MOd?l H ol
Data Learning ode

Data Samples
with Class
Labels
N4
Testing H Model Testing H Classification
Data &
Evaluation
Figure 1.8: Classifier Training and Testing phases.
Classifier

A Classifier is a model derived from input data or feature vector to assign class label for
each input feature vector. Formally, given a set of input items, X = {z;},1 <i < n and
a set of labels/classes, Y = {y;} and training data T" = {(z;,v;)|y; is the label/class for
x;}, Classifier maps X to Y, f(T,x) = y. Classification is a process of assigning a class
label to unseen input data items. There are two phases to derive a Classifier; training
and testing phases as shown in the Figure 1.8. Before training phase the input data items
with known label or class are divided into two or more sets, called training and test data
sets. In Training phase, a classifier model is first fed training data in which each item is
labeled with the correct class or label and learning algorithm is used to derive classifier
model. Once the model is derived for a particular input data the performance of the
model needs to be evaluated before it is used for classification. In testing phase the model

performance is evaluated to test how best it can classify the data item in test set with
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known labels. The classifier performance largely depends on the parameters of the model
and the characteristics of the input data. There is no generalized classifier that performs
best on all data sets. Empirical tests need to be performed to find the characteristics
of data that determine classifier performance and find the best classifier by comparing
performance of different classifiers. Several classifiers are used in FER domain such as,
Neural Networks [73,74], Bayesian Network [75], Dynamic Bayesian Networks [76], Hidden
Markov Models [75], Rule-based classifiers [77], Support Vector Machines (SVM) [9,78-81]
Instance-based classifier (KNN) [82] and Sparse Representation [83]. Among these SVM
is profusely used as classifier in image/appearance based FER in which LBP based feature
representation of facial expression is employed due to better performance in the domain.
In this thesis SVM with Radial Basis Function and Liner kernels are used for
FERS.

Support Vector Machines

Support Vector Machine (SVM) [84] are binary supervised classifiers in which they use pre
labeled training data to derive a learning model and are used to classify the unseen data
items. For concrete comprehension of SVM, the discussion is divided into four parts [85]
viz: (i) Separating hyperplanes (ii) The maximum-margin hyperplane (iii) The soft-margin
(iv) The kernel function. Given training data set D = {(x;,%:)}* i = 1, k is the number of
data samples z; € R” is data item and y; € {—1,+1} is class label of z; data item. SVM
finds an hyperplane to separate these data samples into respective classes -1 and +1. The
hyperplane in the form of @ & + b = 0 where, @ is weights to be learned over data items,
Z is data item and b is bias. There can be many hyperplanes exists to classify the data
items but the best classifier is one which chooses the best hyperplane that generalizes over
unseen data. The selection of best hyperplane is to maximizes the margin of separation
between two data classes -1 and +1. Maximizing the margin is a problem of constrained

optimization that can be solved by Lagrange method. Thus w can be solved as [84]:

k
w = Zaiyixi, (1.17)
i=1

where the coefficients «; is a Lagrange multiplier. A non-zero «; indicates that z;
associated with «; is a support vector. An unseen data item Zynseen can be classified by

the decision function:

k
f (Zunseen) = sign (Z @i Yi(Tiy Tunseen) + b) , (1.18)

i=1
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where positive output means the Zy;seen belongs to positive or negative class. There
may be several instances that SVM cannot classify the data samples. Introduction of
soft-margin to the SVM allows it to handle misclassification errors i.e, outliers or noisy
measurements or the data slightly non-linear which are near or within the margin of
the hyperplane. By introducing soft-margin parameters user can control a number of
misclassification and these parameters specify a trade-off between hyperplane violation
and the size of the margin. In real world data samples are not linearly separable, therefore
SVM uses kernel functions to project the data samples from lower dimensions to higher
dimension and finds the hyperplane that can separate the data samples in two classes. In
the experiments of FERS two kernels are used viz: Radial Basis Function (RBF) shown
in the Equation 1.19 and Equation 1.20.

k(z,y) = exp(—vllz — y|*), (1.19)

k(z,y) = 2Ty, (1.20)

And the decision function in Equation 1.18 can be rewritten as:

k
f(Zunseen) = Sign (Z Yk (i, Tunseen) + b> , (1.21)
i=1
The intuition behind the kernel functions is if the data samples are transformed from non-
separable lower dimensions into higher dimensions such that data samples are linearly
separable. This intuition does not always hold due to increase in dimensions of data
samples and it is difficult to select best separating hyperplane from myriad hyperplanes
making difficult for learning algorithms to converge and generalize. One must choose the
best kernel function and soft-margin parameters to suit the data samples. It is difficult
and time consuming to tune these parameters. Nevertheless, there is a technique to tune
SVM parameters available in the literature Cross-Validation. This technique is a statistical

method to evaluate the learning algorithms and tune the parameters of learning algorithm.

Cross-Validation

Cross-Validation (CV) is a statistical technique used to evaluate the performance and tune
the parameters of a learning algorithm. The data samples are divided in to training and
testing sets and these sets have to cross-over in successive rounds such that each data

point is used as testing sample. In each CV round Recognition Rate (RR) is used measure
24

TH-1304_09610110



1.6 Facial Expression Recognition System (FERS)

the performance. The RR is defined as total number of testing samples correctly classified
divided by the total number of the testing samples.

Though, CV is used to estimate performance however, main goal of CV is to validate
or check generalizing ability of the learning model. The learning model should not over-
fit the data i.e., the model performs best on the training and testing data but performs
worst for unseen data. There are three types of CV such as, Hold out method, k-fold
cross-validation and Leave-One-Out CV (LOOCV). Hold out method is simplest of CV in
which the data set is randomly sampled into two sets training and testing sets. A model
is derived using training set and the performance is validated using the test set. k-fold
cross-validation is common type of CV type used in machine learning domain. In k-fold
CV data is segmented into k equal size and k iterations of training using £ — 1 segments
as training set and one segment as testing set. LOOCYV is special type of k-fold CV in
which k is equal to n the number of data samples. The performance is measured using
common metrics such as precision, recall, F-score and accuracy. Accuracy is commonly
used as a measure of performance in classification task. CV can be used to tune the pa-
rameters using grid search as in OpenCV library [72]. With respective to SVM kernels
there are two parameters that one needs to pay attention i.e, Cost parameter C' and (v)
gamma parameter. The parameter C' relates to the cost function which gives weight to
the misclassified data samples and gamma to the kernel. If C' is large, learning model will
choose a smaller-margin hyperplane so as to enable it to classify every data sample cor-
rectly. Conversely, a very small value of C' causes the learning model have larger-margin

separating hyperplane, which may lead to more misclassification.

In this thesis grid search method from OpenCYV library is used to tune
the parameters of the kernels and SVM.

Multi-class Classification

SVM is a binary classifier which classifies only two valued label data samples restricting
the use of SVM for classifying data samples with many class labels. For example, numeral
classification has 10 labels and facial expression data sets may have 7 or more class labels.
Multi-class classification problem is to predict a label from n labels for each data instance.
The multi-class classification problem is reduced to binary classification problem. The
main idea is to reduce the multi-class classification problem into multiple binary classifi-
cation problem and using of majority voting principle to predict the label of unseen data

sample. There are two basic reduction methods, one-against-rest (one-against-all) and
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one-against-one (all-against-all) by which a multi-class classification is realized using bi-
nary classification. In one-against-rest strategy, single classifier is trained to separate one
class from the rest. To predict the class of the new unseen data sample, the class label is
assigned where classifier decision function is largest. Another approach is one-against-one
builds k(k — 1)/2 binary classifiers, trained to separate each pair of classes against each
other, and uses a majority voting scheme (max-win strategy) to determine the class label

of the new unseen data sample.

In this thesis a multi-class SVM with RBF and Linear kernels is used for

classification of Facial expressions.

Person Dependent and Independent FER

Emotion theories can be categorized in two types viz: cognitive appraisal and somatic
factors [62]. The cognitive theory says that the emotion is regulated by external stimuli
evaluation in a particular context. The second theory says that the bodily response causes
emotional reactions but not to the external stimuli. Emotion can be represented by using
two approaches; discrete and continuous. There are six basic emotions (happiness, sadness,
anger, fear, disqust and surprise) that are universal across cross-culture [61]. Different
emotions would be derived as a combination of these basic emotions. FERS must be
derived in person independent settings to recognize these universal facial expressions.
Such an FERS would recognize facial expressions irrespective of subjects age, gender,
culture, race, etc. To incorporate this requirement in FERS the classifier is derived by
training features extracted from face images from training samples which does not contain
any overlap in testing samples with respect to a subject (person). In person dependent
setting overlap exists in training and testing samples. For instance Figure 1.9 shows how
the face database is divided to get training and test sets so that person independent or
person dependent classifier would be trained.

It can be observed that in case of person independent there is no data sample of one
person in both the sets. However, there are data samples of one or more persons (P1, P2,
P3) facial expression is present in both the sets. A multi-class classifier could be derived
using these training sets which may classify the facial expressions. The obtained classifier
is evaluated using unseen testing set. The implication of the setting is the classifier
obtained in person independent is not biased towards recognizing person but person’s
facial expressions. This setting would test the ability of the feature extraction method

(face representation) representing features which are relevant to the recognition of facial
26

TH-1304_09610110



1.7 Intersections of the Framework

Selected Data Samples

Person ID_Facial Expression Image Person Independent Person dependent
P1 Neutral P1 Neutral P1 Neutral
P1 Happy P1 Happy P1 Happy
P1 Fear Pl Fear P1 Fear

P1 Anger P1 Anger
P1 Anger P1 Sad P2 Anger
P1 Sad P1 Surprise P2 Sad
P1 Surprise Training P1 Disgust P2 Surprise
P1 Disgust set P2 Neutral P2 Disgust
P2 Nedirdi P2 Happy P3 Neutral
&5 Heu ra P2 Fear P3 Happy
a
PPY . Anger P3 Fear
P2 Fear P2 Sad
P2 Anger P2 Surprise
P2 sad P2 Disgust
P2 Surprise d
. P3 Neutral e %2 -
P2 Disgust P3 Happy P1 Surprise
P3 Neutral Testing P1 Disgust
p3 . P3 Fear P2 Neutral
- set P3 Anger P2 Happy
P3 Fear P2 Fear
P3 Anger P2 Anger
P3 Anger

Figure 1.9: Image database is divided into training and testing sets to derive person

independent and person dependent classifier.

expressions independent of person’s face. In case of the person dependent setting the
obtained classifier would be biased as it had seen the face related features while training.
A universal generic recognition of facial expression system that is independent of person
age, gender, cultural appearance etc, which represents real world scenario could be derived

in person independent setting.
In this thesis classifier is trained in person dependent and independent

scenarios.

1.7 Intersections of the Framework

There are many commonalities between the components of the face recognition and facial
expression recognition system and both the systems suffer from common challenges. The
Figure 1.10 (a) shows the intersection in difficulties needs to be addressed by each system
while Figure 1.10 (b) shows the intersection of the components of the both systems. In
FR and FER literature systems are derived addressing the issues like pose, illumination,
occlusion and facial expression separately with different feature extraction techniques and
classifiers. This thesis ideate to propose common feature extraction techniques that would

be applied in both FR and FER so as to integrate these systems together to enhance
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FRS FERS FRS FERS

llumination
Pose
Occlusions

Face detection
Face normalization

Feature extraction

(b)

Figure 1.10: Intersection between challenges and components of FR and FER systems.

the performance of resultant system. However, before integrating FR and FER, both
the systems need to throughly experimented to understand the behavior and measure
individual performance of feature extraction techniques applied to each system. This
thesis uses a convention to mention the size of an image, scale of an LBP

based operators and grids in terms of width x height

1.8 Contributions

The goals pursued in this work prominently consider deriving novel feature extraction
techniques that could be used for face representations and evaluate in the context of face
recognition and facial expression recognition in the presence of localization and registration

errors. The thesis focuses on these following objectives:

e Proposing an heuristic based localization method to remove the inconsistency of the

face detection subtask.

e Proposing novel Asymmetric Region based LBPs to extract texture features from

the face images.

e Proposing and using a Modified Convolution method to derive a face representation

which enhances the available labeled image codes to derive a concatenated histogram.

e Evaluating the proposed feature extraction techniques in the context of face

recognition.

e Using feature extraction methods for evaluating the performance of facial expression

recognition in the presence of localization and registration errors.
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1.9 Overview of the Thesis

The rest of the thesis is organized as follows:

Chapter 2 outlines the survey of various Local Binary Pattern based features used
to derive facial representation in the context of face and facial expression recognition.

Chapter 3 introduces different basic LBP based features along with the proposed
novel Asymmetric Region LBP features. Modified convolution technique is described to
obtain enhanced facial representation.

Chapter 4 and 5 describe face and facial expression recognition experiments and
databases that are used for the same with different experiment settings. Finally, Chapter

6 summarizes the work and findings along with suggestions for future research.

1.10 Chapter Summary

This Chapter discuss various aspects, challenges and components of Face Image Analysis
along with the description about face and facial expression recognition components and
interaction between the components. Further, the Chapter outlines the commonality
between the challenges and components of face image analysis that can be integrated.
Successful integration of FR and FER systems to design a face image analysis would
serve in various real world applications. Different researchers have designed FR and
FER systems using different approaches to handle pose, illumination, facial expression
and occlusions with different feature extraction techniques to derive face representations.
These works do not exploit the commonalities prevailing among challenges and components
of these systems. Thus there is a need to pay attention developing new feature extraction
techniques which are robust and can be applied in both FR and FER systems as they form
important components capable of influencing the performance.In addition, the knowledge
of prevalent feature extraction techniques would enhance the possibilities of proposing
new techniques. Besides, it outlines the contributions of the thesis and organization the
thesis. A literature survey of different feature extraction methods used in face and facial

expression recognition systems follows in the next chapter.
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Chapter 2
Literature Survey

This chapter illustrates different feature extraction methods used in FRS and FERS. It is
well known that FR and FER systems can be categorized into two types depending upon
the type of input image processed by the feature extraction methods. The system is said
to be global if feature extraction method processes whole (global/holistic) input image
or it is said as local if it processes input image part wise (local/region). Moreover, it is
also known that systems which incorporate local feature extraction techniques would give
better performance than holistic ones. The survey illustrates both local and global feature
extraction methods used to derive FR and FER systems. The survey pays more attention
to local texture based feature extraction techniques as they are well established due to

their better performance compared to their counter parts in both FR and FER domains.

2.1 Face Recognition

Global feature extraction methods have made considerable contributions in FR and have
established a favorable position. Though, PCA, LDA artificial neural networks [55]
and ICA [86] are used extensively, often they are criticized for their inability to handle
variations in pose, illumination and occlusion. They suffer from the challenges of handling
large amounts of training data due to the need of high computations. Further, to exploit
the dimension reduction capabilities and reduce the affects of variation, some researchers
have employed these global methods to extract features from patches (local) of the input
image i.e., modular PCA [87]. These methods require more preprocessing techniques to
make them robust against variations. Recently local appearance based texture extraction
techniques LBP and its variants have attained a lot of attention of researchers in face

image analysis due to their ability to represent face efficiently, robust to variations and
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less computation cost. These methods enable to obtain a global spatially enhanced face

representation processing at pixel level using local patches for each pixel.

2.1.1 Survey on LBP based Operators in FR

The work of Ahonen et.al [15] introduced a texture based feature extraction technique in
face image analysis. The authors ideated the application of LBP and its derivatives such
as LBPp gy a circular LBP and Uniform LBP LBP"? [88] with the idea that the face is
made of micro structures like, spot, line, edges, etc. Since its inception a number of LBP
operators are proposed and used in different application areas such as face image analysis,
image and video retrieval, visual inspection, motion analysis, biomedical and aerial image
analysis and remote sensing [70]. In [89] an Improved LBP (ILBP) is used to detect the
face under Bayesian framework with multivariable Gaussian model of face and non-face.
A Multi-scale Block LBP (MBLBP) [7,90] is used for face detection and face recognition.
The authors have used Adaboost learning algorithm to select the most effective uniform
features to construct the classifier. The authors claim several advantages like robustness,
encoding of micro and macro patterns of the face and computationally efficient by the use
of integral image to calculate average. Tan et.al [91] have proposed Local Ternary Pattern
(LTP) to derive face representation for face recognition under difficult lighting conditions.
A face verification framework is experimented combining Gabor wavelets features with
LTP using score level fusion. In [92] the authors have used Differential LTP (DLTP)
for face recognition which is robust to noise and illumination. They have conducted
experiments with linear and nonlinear dimensionality reduction and subspace learning
techniques for multispectral face recognition.

Wolfet.al [93] have used Three Patch (TPLBP) and Four Patch LBP (FPLBP) for face
identification and verification. The authors have evaluated similarity learning method
performance in comparison with descriptor based methods and found that descriptor
methods would out perform similarity based methods if appropriate learning method
is chosen. Center-Symmetric LBP (CS-LBP) is proposed in [94] and the authors have
illustrated experimentally that CS-LBP is better than other region based descriptors.
Although variants of LBP operators are proposed, many works have proposed to use Gabor
filtered images to derive LBP histograms to enhance the performance of FRS. Volume
based Gabor Binary Patterns (V-LGBP) is presented in [95]. This operator encodes index
of the Gabor filter together with spatial dimensions. Another operator which encodes
three dimensions is proposed in [96]. This operator is further extended and called Three

Orthogonal Planes LBP (LBP-TOP) to represent dynamic texture considering 2D image
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Figure 2.1: Taxonomy of local descriptors [4] used in face recognition.

with temporal dimension. This method may be useful for FR using video sequences.
Many Gabor based operator in combination with LBP operator which exploit Gabor phase
apart from magnitude have shown greater potential in FR. Multi-resolution Histograms of
Local Variation Patterns (MHLVP) [97] is one among such operators and another operator
Local Gabor Binary Pattern Histogram Sequence (LGBPHS) [98] has shown good results
in FR. Multi-resolution Uniform Local Gabor Binary Pattern (MULGBP) operator is
proposed in [99]. It produces long feature vectors and empirical test is not conducted
for multi-resolution analysis on Gabor filtered images. Gabor Volume Three Orthogonal
Planes LBP (GV-LBPTOP) [100] considers to code scale or orientation of the Gabor
filter as third dimension apart from 2D image. An operator Effective GV-LBP (EGV-
LBP) [100] was proposed to reduce the computational complexity. In [101] Multi-brand
Gradient Component Pattern (MGCP) is proposed which exploits the multi-frequency
bands of Gabor filter response of the face image to encode energy variations of Gabor
magnitude. Local Derivative Pattern (LDP) is proposed in [102] which encodes directional
patterns on variations of local derivatives. LDP is capable of extracting higher order
spatial information within the local regions when compared with LBP. Enhanced LGBP
(ELGBP) is proposed in [103] which combines Gabor phase and magnitude together for

face description. This framework proved that Gabor phase information is also important
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in face recognition. Histogram of Gabor Phase Pattern (HGPP) [104] proposed for
FR which is a combination of Local Gabor Phase Pattern (LGPP) and Global Gabor
Phase Pattern (GGPP). HGPP is a combination of spatial histogram derived from LGPP
and GGPP. Local Gabor Phase Difference pattern (LGPDP) [105] takes into account
the relationships of difference of Gabor phase information in local region pixels. Those
features encode the difference between Gabor phase rather than phase information making
it robust to local variations in Gabor phase information in the local region. Local Gabor
XOR Pattern(LGXP) is proposed in [106]. It encodes Gabor phase information using
XOR pattern operator. The LXGP is the fusion of LXP and Gabor phase information.
Experiments using block-based Fisher linear discriminant has established the efficiency
of the LXGP operator. A Monogenic Binary Pattern is proposed in [107] which encodes
monogenic magnitude using uniform LBP and orientations are encoded as quadrant bits.
Bereta et.al [4] have described various LBP based operators applied in face recognition
and a comparative analysis of these operators with their respective advantages and
disadvantages are tabulated. A taxonomy of the operators is derived as shown in the

Figure 2.1.

2.2 Facial Expression Recognition

Facial expressions are highly spatially dependent as each facial expression is a result of
deformation of muscles in a particular region of the face and also facial features like mouth,
eyes and nose. FER system should have the ability to extract these deformations from still
images or video sequences. Depending upon the type of input image considered for feature
extraction FER system can be divided into holistic method which considers whole image
at once and local method which considers regions/patches that the image is divided into.
FER system can also be categorized depending upon the type of information extracted
like motion, deformation of facial feature and displacement of fiducial points from full or
regions of the still or video sequence images. Motion extraction methods focus to extract
the facial changes from the video sequence of facial expression. These methods could be
applied holistically i.e., whole facial expression or locally considering regions that divide
the facial expression images. There are three prominent methods of motion extraction viz:
difference-image, feature point tracking and dense optical flow. In difference image method
features are extracted by taking difference of intensities of each pixel in each frame from
the intensities in the neutral frame video sequence of particular subject’s facial expres-

sion. To increase robustness with regard to variations, frame normalization is necessary
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to align the reference frame with the test faces. In [108] B. Faselet.al have used holistic
image difference to extract the motion of facial changes. Choudhury and Pentland [109]
have used Motion field histograms derived from the difference of image from consecutive
image frames. The motion features are extracted in terms of displacement of points placed
manually in the first frame on facial features likely to produce maximum deformations for
example, eyebrow, lips, chin and cheeks in feature point tracking method. A feature point
may be a window of size w x h where, w is width and h is height of the window. Feature
points are placed in high contrast areas on the facial features so that it is easy to approx-
imate its probable position in the next frame of facial expression sequence. Though this
method performs better in terms of computation cost when compared to the other meth-
ods but it ignores other activities of facial features except tracking of the feature points.
Tian et.al [110] have proposed a multistate parametric templates for facial features such
as mouth, eyes, eyebrows, cheeks and furrows. These models are placed on the first frame
of the facial expression and displacement of the parameters are tracked using color and
shape distributions. The classification of AUs is performed by using rule base depending
upon the parameters of the templates. The dense optical flow estimates the amount of
velocity that each pixel in the first frame will attain in the next incoming frame. There
are many variations in which holistic and local feature extraction methods are applied to
extract directions of the gradients and magnitude. All the methods of motion extraction
are sensitive to motion discontinuities.

The deformation of facial features is the result of the changes in shapes and texture of
the facial features. The deformation extraction methods would extract these changes in
order to represent the deformations. These methods can be categorized into two parts viz:
Image/ appearance based and Model-based [68]. Before extracting the features, feature
points are placed on the deformation features such as lips, eyebrows, etc. manually and
a model is derived. Active Appearance Model (AAM) proposed by Cootes et.al [111] is
a statistical model of gray-level appearance and shape of the deformable object with the
ability to generalize to any object. This model has two stages: training and tracking.
While training, 122 feature landmarks are manually placed on training database then the
model parameters are estimated. Using this model the deformation of facial feature can
be obtained and classified. Lanitis et.al [112] have proposed a method of interpreting
facial image using AAM. In [75] Cohen et.al have proposed a wire frame model to extract
motion features by placing 16 surface patches on face region manually where deformation
is likely in the first frame of the facial expression sequence to extract the displacements of

these patches in the video. The wire frame model is based on piece wise Bézier volume.
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Further, these wire frame displacements are classified to specific facial expressions using
Gaussian Tree-Augmented Naive Bayes as a classifier. Kostia et.al have derived a model
to extract texture features using a subspace method based on Discriminant Non-negative
Matrix Factorization (DNMF'). The motion information is extracted by Candide model
and the fusion of both texture and motion features of facial expression are classified using
SVM (Support Vector Machine) [113]. These methods are not employed in automatic
FERS since they result in prodigious computational cost and localization errors intro-
duced by manual annotations of the feature points to extract the motion and deformation
features.

Image/appearance based methods processing locally have attracted many researchers due
to their ability to perform better in automatic real time applications with less com-
putation complexity. Though many local feature extraction techniques such as, Gabor
wavelets [80, 114, 115], Curvelets [116] and subspace learning methods [117-120] are used
in analyzing facial expressions applied for static images locally and holistically they incur
high computational cost. Gu et.al have proposed a framework in which local multiscale
Gabor wavelets features of facial images were extracted from different regions across the
face image and radial grid which imitates Human Visual Cortex is used to represent the
features. Local Binary Patterns (LBP) [5] and Haar features [121] are also used in facial
expression representation. Though the LBP operator was originally proposed for analysis
of texture [5], it has been used in different applications. An overview of LBP methodolo-
gies applied to different applications are available online [122]. LBP based operators are
applied in static images and video sequences of facial expressions. It is used in real time
applications due to its low computation cost in deriving features from the facial expression

images [123].

2.2.1 Survey on LBP based Operators in FER

Much progress has been made in the research of LBP operators and its application to var-
ious domains such as face detection, face recognition, demographic classification and other
related applications. A good review of existing work on LBP based operators applied to
different domains can be found in [70]. Some of the studies in which LBP based operators

are applied for facial expression recognition are briefly reviewed below.

Table 2.1 depicts the studies made in facial expression recognition using LBP based

operators arranged in chronological order of year of publication with different parameters
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used for feature representation and classification. We can categorize different works listed
in Table 2.1 into three groups depending upon the type of features used as input to the
classifier.

(a) LBP based Features : In this group the LBP based operators and their variants
are used to derive feature histogram for facial representation and these features are
used to train the classifier without processing further. Feng [124] have proposed a two-
stage classification method. In the first stage LBP based operator is used to classify
the expressions by Chi- Square Statistics dissimilarity measure is used to match the
test samples and averaged templates derived from LBP feature vector for each class of
expressions. Then, multi-templates are derived in a similar way which are used to classify
the expressions from the first stage using the same dissimilarity measure. Shan et al. [79]
has used LBP features to analyze low resolution images and the trained model was tested
on smart meeting database. Local Ternary Patterns (LTP) [135] and Multi-scale LBP
feature histograms [126]are extracted by scaling the rectangular regions over the facial
expression images to train a SVM classifier. The input histogram is selected by using the
Adaboost learning algorithm [136]. Gritti et al. [128] describe facial expression recognition
system using LBP and LTP by extracting feature histogram from overlapped rectangular
grids from the input image. Further the authors studied the LBP-Overlap and LTP-
Overlap in the presence of registration errors which are simulated by adding perturbations
using Gaussian noise to the eye distance. Experiments were carried out for different
perturbations for eye distance. It was concluded that LBP-Overlap perform better than
LBP. Shoyaib et al. [129] have proposed weighted LBP histogram and derived features
from the image using overlapped rectangular blocks and Adaboost learning algorithm. A
multi-class SVM was used to train and classify the input facial expression respectively.
Kabir et al. [131] have derived input features using Local Directional Pattern Variance
(LDPv) which encodes the contrast information of an image. These features are used to
classify facial expressions by SVM and Template matching methods. In [74] the authors
have proposed a method for recognizing facial expressions by Centroid Neural Network as
classifier which is trained using LBP feature histograms. Moore et al. [80] have used two
sequential stages to study the effect of pose of the face in different range of views of the face
to classify the facial expressions. They have used LBP based operators like LGBP (Local
Gabor Binary Patterns), Multi-scale LBP and gradient magnitude LBP to derive features
to train a multi-class SVM. Ahmed et al. [133] have proposed CLBP (Compound-LBP)

features for recognizing facial expressions by training a SVM classifier.
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2.2 Facial Expression Recognition

In [81] authors have proposed a framework which may be deployed in real time appli-
cation and Pyramid LBP (PLBP) for facial expression recognition. They have extracted
feature histograms from salient regions of the face and used a classifier to divide the fa-
cial expression into two groups depending on their salient facial regions. The other two
classifiers are used to classify the features from respective groups. For example, feature
histograms extracted from the mouth region is used to classify Happy, Surprise and Sad
while to classify Anger, Disgust and Fear the feature histograms were extracted from
mouth and the eye regions.

(b) LBP with other Features: Facial expression classification is challenging because of
intra class variability i.e., Happy expression image of the same person will be different due
to influence of different artifacts such as illumination, pose, scale and noise. To address
these variabilities different features need to be extracted from the images like texture,
geometric shapes, edges and their orientations to represent facial expressions. The LBP
based features represent local texture of the image ignoring other structural information.
In order to derive robust FERs many studies have considered to fuse global and local
features. Liao et al. [125] have proposed fusion of the texture features and global appear-
ance features that could increase the performance of FERs. The first set is obtained by
using extended local binary patterns (ELBP) in both intensity and gradient maps and
computing the Tsallis entropy of the Gabor filtered responses. The global features are
obtained by performing nullspace based linear discriminant analysis on the training face
images. Fu et al. [127] have embedded IMage Euclidean Distance (IMED) with Central-
ized Binary Pattern (CBP). The facial expression images are transformed using IMED,
then CBP features are extracted by dividing the transformed images into grids of different
sizes. Saha et al. [116] have used digital curvelets transforms to the face image at a spe-
cific scale and orientations. Local binary patterns are extracted from the selected curvelet
sub-bands to form the descriptive feature set of expressions. Bafandehkar et al. [114] have
used Successive Mean Quantization Transform (SMQT) features to detect facial salient
regions of the face like two eyes and the mouth. They have obtained Gabor features at
different scales and orientations. The final LBP histogram was derived by encoding the
Gabor images. Moore et al. [80] have derived several feature sets which are combinations
of LBP, variations of LBPs and Gabor features to study the effect of intrinsic pose in
facial expressions at different views and resolutions. Guo et al. [134] have derived two sets
of feature combination from two layers of images. The first set of features of the image
is derived from salient regions by LBP and DCT (Discrete Cosine Transform) coefficients

and the other set is derived by down sampling the salient regions of the images. Ji et
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al. [123] have proposed two features viz. Vertical Time-Backward (VIB) and moments
which extracts general shape changes and motion texture details. These features repre-
sent spatiotemporal behavior of the facial expression or the dynamic deformation of facial
features. Feng et al. [78] have used LBP features along with the Linear programming
technique to classify facial expressions.

(c) LBP with Sub-space Learning: High dimensionality and redundancy in input
data may reduce the classifier performance due to the curse of dimensionality. Sub-space
learning is a method of transforming input features of high dimensionality into low di-
mensionality feature subspace such that the ratio of the between-class distance to the
within-class distance is maximized in order to reduce the effect of the curse of dimension-
ality. In this group, the authors have considered to reduce redundancy and dimensionality
of the input feature space to increase the facial expression recognition rate. First, the
LBP based feature histograms are extracted from input images and maps the data set in
the high dimensional space is mapped to the lower dimensional space such that certain
properties like, global geometric shapes and neighborhood are preserved. Shan et al. [82]
have investigated linear subspace methods such as Locality Preserving Projections (LPP),
Orthogonal Neighborhood Preserving Projections (ONPP) and Supervised LPP (SLPP)
for facial expression analysis. The authors have experimented using Boosted LBP (BLBP)
features which are LBP based histograms selected by Adaboost algorithms and found that
Supervised LPP (SLPP) is superior in supervised methods, while ONPP performs best
in unsupervised methods. Ying et al. [117] have used LBP histogram features mapped
into manifold space using locally linear embedding (LLE) and Supervised LLE (SLLE)
method to train a SVM classifier. Zhao et al. [118] have proposed a non-linear kernel dis-
criminant isometric mapping (KDIsomap). It is used to perform non-linear dimensionality
reduction on the extracted local binary patterns (LBP) facial features and produce low-
dimensional discriminant data representations and classify the facial expressions. Zhang
et al. [83] have used Compressive Sensing (CS) theory to construct a Sparse Represen-
tation Classifier (SRC) which is trained with LBP feature histogram. The authors have
concluded that SRC performs better when compared to other classifiers. Luo et al. [119]
have investigated dimensionality reduction using principle component analysis on LBP
feature histogram from whole face and from mouth region and have inferred that this
would give better performance using SVM as classifier. Zhao et al. [120] have proposed
discriminant kernel locally linear embedding (DKLLE) for facial expression recognition
using LBP feature histogram. Further, the authors have compared the results obtained

with other subspace learning methods to conclude that DKLLE performs better than other
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learning methods.

It is apparent from Table 2.1 that most of the studies used CK and JAFFE databases
while a few other used BU3DFE [137], FGNET [138] and Multi-PIE [139]. Some of the re-
searchers have concentrated on recognizing person independent facial expressions in which
the input database is divided into training and testing sets such that there is no overlap
of facial images in both sets. The image and grid size having width less than height are
considered by most of the works with a few exceptions of square image and grid sizes. The
length of the feature vector depends on the number of grids and number of bins in the
histograms of each grid. Prior to recognition of facial expression, face has to be localized
in the input image. Face localization methods has to be consistent because LBP based
operator feature extractions are sensitive to face localization errors discussed in Chap-
ter 5. Majority of the work has localized the face manually, which puts restrictions on
automatic FERS. Support Vector Machine (SVM) is deployed as a classifier in LBP based
FERS, as it is suitable for real time applications, curse of dimensionality and the skewness
in the number of available facial expressions per class in the database do not affect the
performance adversely. Many research groups have considered subspace learning for facial
expression recognition. Many of these subspace studies have not specified explicitly about
person independent recognition which is one of the important criteria for ideal FERS.

It can be observed from Table 2.1 that FERS performance is higher on CK, CK+ and
JAFFE databases with person dependent and manually localized expression faces. The
work [123] satisfies most of the criteria of ideal FERS except person independent criterion.
Many of the FERS described in the literature does not possess the ideal functionalities
except [80] and [81]. These systems can be used in real time applications by automatic
localization of face and feature extraction for person independent facial expression recog-

nition with a reduced feature vector length.

2.3 Intersection of Feature Extraction methods

The texture feature extraction based on LBP to derive face representation for FR and FER
system is shown in Figure 2.2. There are more operators proposed for FR when compared
to FER. Moreover, Gabor based operators are considered to be better in FR but it seems
these operators are not good at representing facial expressions and to our best knowledge
none of these operators are used in FERS. However, there exists a group of operators

which can be used in both the systems. One could derive a face image analysis system
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FRS FERS

ILBP, MBLBP, GRAB,
DLTP, TPLBP, FPLBP,
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LDP, ELGBP, HGPP,
LGPDP, LGXP, V-LGBP

LBP, LBPY2
LBP @ r)

LTP, LBP-TOP,
LGBP

CBP, LDP,
CLBP, VTB,
PLBP

) (0)

Figure 2.2: Intersection of LBP based operators for face image analysis.

by integrating FE and FER using any single operator to obtain single face representation
instead of separate representations. This idea would reduce computation cost and time to
respond to the input image by the integrated system.

The existing common operators do have disadvantages apart from the advantage
of less computation cost except LGBP that would encourage to deploy in real world
applications [4]. The LBP based operators in the intersection are not flexible to represent
macro patterns of the face as they increases the length of the feature vector which reduces
the performance to the system due to the curse of dimensionality. LGBP and LBP-TOP
are computationally more demanding though it is flexible to contain macro patterns and
they also increase the length of the resultant feature vector. Hence there is a scope to

develop new operators which will be useful for both FR and FER systems.

2.4 Chapter Summary

As discussed in this Chapter several FR and FER systems employ different feature ex-
traction techniques. However, a few studies have considered deriving face representations
that can be used in both systems. There are many parameters that affect the performance
such as, input image size, grid size, poses of the face images, type of matching metrics
used to take a decision, type of classifier used, etc. However, robust feature representation
methods need to be derived to minimize these variations which could cater to a single face
representation for both FR and FER systems. The following Chapter addresses different

local feature extraction and representations.
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Chapter 3

Feature Extraction and

Representations

3.1 Introduction

Feature extraction or feature representation is a special form of dimensionality reduction
method. Human beings tend to store only prominent distinguishable (without redun-
dancy) features of objects which are used to detect, describe and retrieve that object in
later stage instead of storing full object in the memory. With minimal information humans
are able to process complex operations with respect to the object. Similarly an image con-
tains redundant data in it and it is rational to remove redundant data in order to reduce
the storage and processing cost. The process of extracting prominent discriminative fea-
tures from an image is called feature extraction or feature representation. The prominent
features could be color, texture, edges, corners, blobs, shapes and motion. The features
extracted must be good enough to produce the result similar to the result when full input
data is processed. The performance of a system depends largely on feature extraction
techniques as decide what and how discriminating information is extracted from the im-
age. In face image analysis tasks FR and FER need to address common challenges and
contain common components deriving a robust feature extraction technique that could be
important to increase the performance when both the tasks are integrated. The feature
extraction techniques are categorized as holistic and local depending upon whether the
methods operate on whole image or in parts to extract the features. Recently local feature
extraction methods have proved to be efficient in FR and FER systems. LBP based texture

extraction methods have gained much attention and established a firm position in the face
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image analysis domain due to less computational cost and the ability of their use in real
time applications. LBP operators are applied in different domains such as face detection,
face recognition, demographic classification and other related applications. In [70] authors
provide a review of recent works of LBP based operators applied to different domains.

LBP based operators are applied in static images and video sequences of facial expres-
sions. They are used in real time applications due to their low computation cost in deriving
features from the facial expression images [123]. Further, very few LBP methods are ap-
plicable both in FR and FER systems but these methods have shortcomings which could
motivate to propose new methods that would be used in FR and FER systems. However,
these proposed methods must be evaluated in independent FR and FER system to un-
derstand the behavior and ability so as to apply in the integrated face image analysis to

handle common challenges of individual system.

3.2 Local Binary Pattern based Operators

The LBP based operators are computationally efficient and can be applied in real time
applications. However, they have a few drawbacks. For example, the basic LBP [5] shown
in Figure 3.1. The LBP resultant code can be expressed for a pixel (z., y.), of the face

image in decimal form as follows:

7
LBP(xc,ye) = »_ S(pi — pc)2' (3.1)
=0

where, p; and p. are pixel gray values of surrounding (i = 0...7) and central pixel value

respectively and the function S(x) is defined as:

s = {550

The LBP is not scalable and hence cannot represent macro patterns of the face efficiently.
Moreover it is not robust to noise. To mitigate the shortcomings of LBP, Extended-LBP
(ELBP) [6] was proposed which has good discriminative ability when compared to the
basic LBP operator.

Figure 3.2 shows an example of ELBP operators which label the pixels of the image
by considering center pixel intensity and thresholding from its circular neighborhood pixel
intensities. The circular neighborhood of the operator is defined by two parameters (P, R)

where P is number of pixels to be considered on the circle of radius R around the central
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LSB

54| ¢ o |o]1
mresholding
816 3 711 0
10 9 | 7 1111 |¥
Binary: 11110100
Decimal: 244

Figure 3.1: Example of 3 x 3 sized basic LBP operator [5]

pixel to be labeled. As R increases P also increases. As a result the range of the value
of the code for pixel (2F) also increases. It has been shown that a subset of 27 binary
patterns can be used to represent texture of images which are called uniform patterns
and denoted as LBP(IIJD?R). A wuniform pattern is a LBP code in which it contains two
bitwise transitions from 0 to 1 or 1 to 0 when circularly shifted. For example, 00000100,
00000000 are uniform patterns since they contain 2 and 0 transitions, whereas 00101101
and 00101011 contain 5 transitions respectively and they are called non-uniform patterns.
Ahonen et.al divided 2 patterns into two types uniform and non-uniform patterns. The
non-uniform patterns can be collected in one bin and uniform patterns would be assigned

one separate bin for each type of uniform patterns (58 types) that would result in 59 bins.

iliul e
i

Figure 3.2: Example of ELBP operator [6] The circular neighborhood (P, R) of the size
(8, 1), (16, 2) and (24, 3).

If we consider a grid of the image labeled with ELBP, it can contain pixel values in
the range 0... (2" — 1). The histogram derived on this grid will contain 2 number of
bins. Thus the feature dimensionality of the concatenated histogram is dependent on the
number of grids that the image is divided and P. The length of the feature vector will
increase if the number of grids or P increases. Hence the idea of uniform patterns is used

to reduce the histogram length.
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Figure 3.3: Example of MBLBP [7] with 3 x 3 sub-regions of the size 3 x 2.

Zhang et al. [7] proposed Multi-Block LBP (MBLBP) for face detection applications.
This operator has discriminative property and it is robust to noise as it considers average
values of surrounding pixels. Figure 3.3 illustrates labeling of pixel of the image using
3 x 3 sub-regions of size 3 x 2. MBLBP operator labels pixel of the image by considering
average value of intensities from neighboring sub-regions and thresholding with average in-
tensity of central sub-region. It is scalable and the dimensionality of the feature histogram
is constant as the size of subregions increase. MBLBP is computationally efficient since
the average gray-pixel value of a region is computed using integral image or summed-area
tables [140].

3.2.1 Convolution Method

Convolution is a local operation where a window of some size would be used in order to
perform some operation and assign a resultant to the central pixel considering the pixel’s
neighborhood. Figure 3.4 (a) shows the process of convolution in which 3 x 3 LBP operator
is scanned row wise on an image of size 13 x 14. Figure 3.4 (b) shows the resultant 12 x 13
labeled pixel image.

The well known convolution method in LBP based feature extraction has a constraint
that the operator boundary should not cross the image boundary. Ahonen et al. [15] had
suggested that the constraint would decrease the influence of boundary pixels which would
enhance the discriminative ability of the operator. However, there is a loss in the number

of available codes which are used in deriving a histogram from each grid. The statistical
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= ¢

Operator boundary

Center pixel

Image boundary (a) (b)

Figure 3.4: Convolution method using LBP based operators.

nature of the histogram is dependent on the number of bins and frequency of the occurrence
of the bin values. The decrease in the number of LBP codes would affect the histogram

and inturn the performance of the face image analysis system.

3.2.2 Traditional Face Representation

The well known LBP based face representation is illustrated in the Figure 3.5. LBP
histogram could be derived from whole face image by convolving with LBP based
operators. However, such histogram would encode only the texture patterns without
spatial information. This is due to the fact that histogram does not preserve the spatial
information but frequency of occurrence of LBP codes. To incorporate spatial information
the face image is divided into fixed size grid of subregions and from each subregion a
histogram is derived after convolution with a LBP based operator. For whole image a
face representation is obtained by concatenating each region histogram to get feature
concatenated histogram vector.

This is a popularly known and widely used face representation or feature extraction
method for face image analysis. The face representation is a very important component
of any face image analysis task as it largely determines system performance. It is widely
known that the property of face representation is dependent on convolution method, type
of mask or operator used and number of grids that the face image is divided. The fea-
ture extraction using LBP based operators are not convolved from boundary pixels of the
image to reduce the influence of boundary pixels on the feature histogram. For example,

convolution of ELBP operator starts at pixel (R, R) of the image where R is the radius
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AR/EAR-1.BP

Histogram of Region, Histogram of Region,s
A

|AR/EAR—LBP (Feature Histogram)

Figure 3.5: LBP based face representation [6].

of the operator. As the radius R increases, the number of ELBP codes decreases which
may affect the number of available labeled codes. The available labeled code per image
can be approximated as (n — R) X (m — R) X (number of grids), where n and m are width
and height of the grid respectively and R < n,m. As the radius R increases, the fea-
ture histogram may contain bins with less frequency of gray level values which may affect
the statistical property of the histogram which in turn reduces the performance of face
image analysis system. In case of MBLBP, the number of local binary codes per grid is
approximated as (o — (3s —1)) x (8 — (3s — 1) where, a and 8 are width and height of the
grid, s is a variable used to represent the condition m = n = s where, m and n is width
and height of single region of the operator respectively then operator’s size is 3s x 3s. As
s increases the number of local binary codes decrease. Moreover, for a particular scale,
if the operator contains similar sized regions as the scale of MBLBP operator increases
the number of labeled codes per grid decrease. The size of the operator when n # m
is (2n 4+ 1) x (2m + 1) where, n and m are width and height of the grid, which limit
the analysis for odd numbered scales. Further, not all cropped image size and grid size
combinations are possible in the case of non-overlapped grid, because the cropped image
size should be divisible by the grid size. Hence, the size of the operator also influences the
number of labeled codes per image, size of cropped image and the grid size.

There is a well known proposition in the literature of LBP based face analysis “The perfor-
mance of the FR or FER systems would increase, as the number of grids increases” [15,88].
However, choice of the number of grids (and thus size) would depend on application and
also the type of normalization applied on the image. It is evident that the size of the
grids should not be too small as the histogram does not represent spatial information
properly [4]. It is possible that the proposition might have been derived by experimenting

with small scale LBP based operators. Although many researchers have proposed scalable
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3.2 Local Binary Pattern based Operators

Table 3.1: Comparison of LBP based operators.

Operators | Advantages Disadvantages
LBP e Tolerance to monotonic gray-scale illu- | e Cannot capture macro-patterns effi-
mination changes. ciently.
e Computationally efficient. e Sensitive to noise.
e Good descriptor of micro-patterns such | e Operator is not scalable.
as spot, line end, edges and corners.
ELBP e Captures micro-patterns at higher | e As neighborhood size increases the size
scales. of feature histogram and computation cost
e Tolerance to monotonic gray-scale illu- | increase [80].
mination changes. e Number of local binary codes per image
e Operator is scalable. is (@ — R) X (8 — R), as R increases
e Rotation invariant. number of local binary code will decrease.
Where R is radius of the operator, «
and 8 are width and height of the image
respectively.
MBLBP | e Captures micro and macro patterns. e As the neighborhood increases, texture
e Operator is scalable without increasing | gets averaged and discriminative informa-
the feature histogram. tion is lost [80].
e Robust to noise as it considers average | ¢ As the scale of the operator increases
of the region to encode the patterns. number of available code decreases.
e Not used for facial expression recogni-
tion.

LBP based operators to the best of investigator’s knowledge none of the studies in FR or
FER consider experimenting with large scales of the operator. This may be due to the fact
that larger scales of (for example, ELBP) would produce feature histograms with larger
lengths which would affect the performance due to the curse of dimensionality. This would
be motivation to investigate whether the proposition holds for face representations derived
using larger scales of the operators. To study the effect one must propose new LBP based
operators such that the scale of the operator is independent of feature length to negate the
effect of curse of dimensionality. MBLBP is one such operator which produces constant
feature length histograms with increased scale of the operator. Further, it could be argued
why smaller grids lead to statistically unreliable histograms [4]. A comparison of different
LBP based operators which are within the scope of this research would corroborate the
motivation to propose new convolution method and LBP based operators which are used
in both FR and FER systems.

It is evident from the Table 3.1 that basic LBP operators have a few drawbacks.
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3.3 Proposed Face Representation

Moreover, a single operator is not capable of describing images with respect to different
scales of the operator, reduction in length of the feature vector, its discriminative ability
and robustness. Thus, before applying LBP features in an application, it requires to choose
an operator by evaluating its properties. Further, LBP features lack generalization across
databases. Its performance depends on different factors as listed in the first row except
the last two columns of the Table 2.1. These shortcoming need to be addressed and some

advantages need to be exploited.

3.3 Proposed Face Representation

To investigate the proposition discussed above, it seems it is not possible with the
traditional face representation and present LBP based operators as they are less explored.
A Modified convolution technique and two Asymmetric Region based operators which
incorporate advantages of the above discussed LBP variants operators are proposed. If
a face representation would be derived using the proposed Modified convolution instead
of traditional convolution method with any LBP variants to increase the available codes.
From here onwards the term code(s) refers to the decimal code that is derived using LBP
based operator by convolving face images. Experiments with larger scales of LBP operator
would be possible to derive face representation like in Figure 3.5. Further, it is possible

to explore whether the proposition holds for larger scales.

3.3.1 Modified Convolution (MC) Method

The traditional convolution method labels the pixels of a face image using LBP based
operators ignoring the boundary pixels. However, the scale of the operator and the size
of the grid that an image is divided may increase the number of pixels that are ignored.
The scale of operator and smaller grids reduces the available codes to derive the feature
histogram for the face image as the grids and scales are varied. The histogram statistical
property is largely determined by the number of bins and frequency of the occurrence of
values of the bins. The decrease in available codes would greatly influence the statistical
property. Hence, the idea is to increase the available LBP codes to derive the histogram
and to study the effect of the idea on the number of grids, size of the grids and size of
the operators. Further, it may facilitate to verify the proposition for larger scales of the
operators.

Modified convolution technique is proposed to code every pixel without ignoring the

boundary pixels in the face image and also grids to derive the face representation for face
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Figure 3.6: Modified convolution method [8]: (a) 5 x 5 ARLBP thresholding when region
of the operator is out of bound with the image boundary. (b) 5 x 5 ARLBP thresholding

when region of the operator partially overlaps with the image boundary.

image analysis. This technique increases the available labeled codes per image and the
size of the operator does not influence the size of the cropped image and the grid size since
the boundary constraint is relaxed. Figure 3.6 shows the modified convolution method.
In Figure 3.6 (a) a 5 x 5 ARLBP operator is placed at pixel (0, 0) of the image. It can be
observed that top three and left two regions are out of bound with the image boundary.
The average of gray pixel values for these sub-regions is considered as zero and pixel is (0,
0) coded as decimal 56. In Figure 3.6 (b) a 5 x 5 ARLBP operator is placed at pixel (1, 1)
of the image. In this case, the average for these sub-regions of the operator is calculated
considering only the overlapped pixels of that region with image grid and pixel (1, 1)
coded as decimal 254. The bold numerals represent average values of the respective image

pixels overlapped with operator sub-regions.
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Figure 3.7: Example of 5 x 5 sized, Asymmetric Region-LBP [§]

3.3.2 Asymmetric Region LBP (ARLBP)

Among the operators discussed earlier, a single operator alone does not address the issues of
discriminative ability, dimensionality of the feature histogram and scalability. To address
these issues using a single operator, ARLBP was proposed. The operator is motivated from
MBLBP. The ARLBP operator considers average intensities of sub-regions of different sizes
around a pixel to be labeled. ARLBP is scalable which can capture dominant feature at
larger scales. The length of feature histogram obtained is constant and it is equal to
the number of grids the image is divided multiplied by 2F where, P is the number of
neighborhood regions of the operator. ARLBP consists of different sized regions which
reduce the loss of texture information since average of pixel intensities are calculated
for different sizes. The average gray-pixel value of ARLBP regions is calculated using

summed-area tables, making it computationally efficient.

Rounded Avg: 4+6+6/3 Pixel excluded in avg

=5 calculation
1 0 1
Thresholding
S 1 1
1 0 1
! \%
Rs Binary code: 11011101

Decimal : 221

Figure 3.8: Example of 5 x 5 sized EARLBP [9]

Figure 3.7 shows ARLBP operator consisting of nine regions, R; (i=0...7) and central
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3.3 Proposed Face Representation

region (not labeled). The size of the regions Ry, Ro, R4 and Rg varies in both horizontal
and vertical directions. Whereas, the sizes of the region R; and Ry vary in vertical and
R3, R7 in horizontal directions. The size of the central region is invariant to changes to
the sizes of the sub-region and size of the operator. It consists of 4-n x m (Ry, Rz, R4 and
Rg), 2- 1 xm (Ry and Rs), 2-n x 1 (R3 and R7) and 1- 1 x 1 (central) rectangular sized
regions and their size variations are not similar as MBLBP, hence the name Asymmetric
Region, where n and m are width and height of the sub-regions. The size of the operator
can be generalized to (2n+ 1) x (2m +1). With n = 1 and m = 1 ARLBP will be a 3 x 3
basic LBP operator. Figure 3.7 shows how a pixel of an image is coded using ARLBP of
size b x 5, as decimal 221. Each region’s average is calculated as shown in the region with
bold numerals except for central region for illustration.
Formally, ARLBP resultant code can be expressed for a pixel (z., y.), of the face
image in decimal form as follows:
7
ARLBP(xc,y.) = Z S(avg; — avge)2" (3.3)
i=0
Where, avg; and avg. are average gray values of surrounding region i, (¢ = 0...7) and

central region respectively and the function S(x) is defined as:

S(z) = { 0 2<0; (3.4)

1 z>1,

The ARLBP is coding micro patterns at smaller scales as it is similar to LBP operator
at the size of 3 x 3, it also codes macro patterns at larger scales as it is scalable without
increasing the feature histogram. Robust to noise as it considers averaging of pixel

intensities to label and threshold the pixel values.

3.3.3 Extended Asymmetric Region-LBP (EARLBP)

ARLBP has the disadvantage that averaging of sub-region pixels intensity value reduces
its discriminative ability as neighborhood sub-region sizes increase. In order to preserve
the discriminative ability of the operator the effect of averaging needs to be reduced. The
effect of averaging can be reduced by considering the boundary pixels of each sub-regions.
With this idea the EARLBP was proposed which inherits the properties of ARLBP and
enhances the discriminative ability by considering the outer boundary pixels of the sub-
regions. EARLBP is computationally efficient since the average of outer boundary gray-

pixel value of a region is computed using the integral image as in [8]. EARLBP operator
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consists nine sub-regions as shown in the Figure 3.8, R; (i = 0...7) and central region (not
labeled). These sub-regions have the properties of ARLBP [8] except that the boundary
pixels of each region is considered in order to calculate average of each region. Figure 3.8
also shows how a pixel of an image is coded using EARLBP of size 5 x 5, as decimal 221.
The rounded average of each region is shown within the region with bold numerals except
for the central region for illustration. The non boundary pixels are in white color (example
pixel value 3 in region Ry).

Given a center pixel (x., y.) of the face image, the resultant EARLBP code can be formally

expressed in decimal form as:

7
EARLBP(xc,y.) = Z s(bavg; — bavg.)2’ (3.5)
i=0
Where, bavg; and bavg. are rounded (to higher value) average gray values of the outer
boundary pixels of surrounding region i, (i = 0...7) and the central region respectively.
The function S(z) is similar to Equation 3.4. EARLBP is similar to the ARLBP and it is

also scalable and capable of representing macro and micro patterns.

3.4 Chapter Summary

This Chapter illustrated the importance of feature extraction and representation methods.
Further, it describes LBP based operators and the traditional face representation methods
and their shortcomings. It may be noted that larger size operators and their effects on
the performance of FR and FER system have not been explored well. The same is also
true regarding the effect of grid size, number of grids and number of LBP codes. To
cater to the study, new operators along with a Modified Convolution method has been
illustrated. In the subsequent Chapters these techniques are explored in FR and FER
system individually to test their efficacy.
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Chapter 4

Face Verification

4.1 Introduction

Face recognition is one of the challenging areas of research to the difficulties that need to
be addressed by a system to produce reasonable performance. A successful system would
find useful in applications like security, surveillance, authentication, etc. The FRS may be
configured in two modes viz: face verification and face identification. The configuration
would depend on the application that the system is deployed. To derive a good system
one needs to pay attention to the design of the components such as feature extraction
and classifier which would be invariants to variation. Although myriad global and local
feature extraction techniques are proposed, the local methods have established a noticeable
position in the domain. It seems texture based LBP operators have been used by the
researchers due to their computational simplicity and their ability to be applied in various
domains. In fact these features could be applied in both FR and FER systems. These
LBP based face representations are sensitive to different parameters like size of the image,
size and number of the girds that a face image is divided, size of the operators, type
of classifier, etc. Experiments were conducted to illustrate the need for the Modified
Convolution (MC) and proposed face representation to derive an FR system configured in
face verification mode. PCA is used to reduce the dimensionality of face representation and
face templates of individual subject during the training and Mahalanobis Cosine distance

is used as matching measure for verification.
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4.2 Why Face Verification?

The configuration of FRS depends on the application that it is designed for and deployed.
These configurations may be interpreted with a different perspective. Face Verification
is process of confirming or rejecting the claimed identity of the face image. Whereas,
face identification is processing of retrieval of identity of given face image. It is hard to
tell which task is superior as it depends on the application. For instance, if two persons
are about to start a conversation they perform face identification using the descriptions
they have about each other and retrieve labels/names. If both the parties successfully
retrieve the names of each other then they feel comfortable and the interaction would be
interesting and personalized. On the contrary, if both the parties conduct face verification
of a common friend the conversation would be same as before. In fact, face verification
would be used to extend the knowledge base of known persons i.e., enrollment in FRS.
Face verification is more important when providing access based services, for example
accessing of the airport, banking, biometrics, etc. The face authentication system puts
constraints on the image acquisition process and environment (i.e,ISO/IEC 1979}) to
enhance the performance as it is unable to handle the variations (see Section 1.2). It is
apparent that FRS in verification configuration would need to address the facial expression
difficulty which is complementary to FERS (See Figure 1.10). This thesis envisages an
integrated AFA system in which FER linearly precedes FR. This could be achieved if a
common feature extraction method is proposed which can be applied to derive FR and
FER systems. The FR configured to verify the neutral face which is rendered to remove
facial expressions by the FERS could be use successfully to authenticate face with facial
expressions. FERS should be carefully designed by deriving and evaluating a feature
extraction technique robust to variations like pose, illuminations and occlusion. This
would warrant deriving an FR which is configured in verification mode. Hence, evaluating

the proposed face representation in face verification mode is considered.

4.3 Description of the Databases used

One needs to be aware of the nature of the data samples for better understanding of
variations like pose, illumination, occlusion, etc. that it contains. New methods may be
derived to deal with these variations. Three databases are used to conduct face verification
experiments. The description of the databases used in these experiments is as follows:

The JAFFE database [2] consists of 213 TIFF images sized 256 x 256 posed by 10 Japanese
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models. Each subject has posed 7 facial expressions (6 basic expressions and 1 neutral)
photographed with constant illumination and uniform background. An example set of
images is shown in Figure 4.1. The database is used to check the ability of FRS invariance

to facial expression inherent in the database. The Olivetti Research Laboratory (ORL)

Figure 4.1: Sample images from the JAFFE database.

database [141] contains 40 distinct subjects. Each subject has 10 images in different poses.
The images are taken by introducing some variation like time, varying the lighting, facial
expressions (open/closed eyes, smiling/not smiling) and facial details (glasses/no glasses)
but with constant background. The faces are mostly frontal position with tolerance for
some side movement. Moreover, there is also some variation in the scale upto about 10
percent. The images are gray scale and with a resolution of 92 x 112 pixels. This database
is very challenging as it contains all the variations that an FRS has to address.

The INDIAN face database [142] consists of 40 subject images with different poses.
These poses are looking front, looking left, looking right, looking up, looking up towards
left, looking up towards right and looking down. The images are blended with four facial
expressions - neutral, smile, laughter and sad /disgust. These images were taken at constant

laboratory conditions with uniform lighting and background condition. The database does
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F & F

Figure 4.2: Examples of face images from the ORL database.

Figure 4.3: Examples of face images from the INDIAN database.
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4.4 Experimental Process

not introduce variations with respect to scale. The files are in JPEG format. The size of
each image is 480 x 640 pixels, with 256 gray levels per pixel.

These databases have different variations such as pose, illumination, occlusion and facial
expressions. The INDIAN database contains facial expression with large variations in
pose. The JAFFE has variations in facial expressions with frontal pose. ORL database
contains all the variations and it is very challenging database when compared to other two
databases. The use of these three image databases for FR would help us substantiate the

generalizing ability of the proposed operators across databases.

4.4 Experimental Process

The experimental process is divided into two phases: training and testing phases.
Figure 4.4 shows the different component for testing mode after deriving face templates
for every subject for face verification. The training and testing phases are illustrated in
the following steps:

i. Data Preparation: In this step face images are selected manually from the benchmark
database to construct training and testing data samples from which face templates are
derived. In FR domain the label/ID of the image is important as it serve as class label
in verification and identification modes. For each subject some of the images would be
included into training set and the remaining in the testing set. The face sampling is called
person dependent since both training and test data sets include images from a particular
subject(person).

ii. Training: In this step a face template per subject using training data set may be
derived by extracting features from these images. For each image of each subject face is
localized using FaceTool [28]. The localized face may be normalized to remove the effect
of illumination. The face is resized and divided into number of grids of different sizes to
construct a histogram from each grid on the pixels labeled using the proposed operator and
modified convolution or traditional convolution methods. A feature histogram is obtained
for each image by concatenating each grid histograms as shown in the Figure 3.5. All
feature histograms of training set are projected using PCA linear subspace method to
reduce the dimensionality as discussed in Chapter 1. The face template is derived by
projecting each person’s images on to covariance matrix of reduced PCA projection.

iii. Testing: This step is called verification or matching. For each test set, image face may
be localized and normalized. Features are extracted and a concatenated feature histogram

is derived. The feature histogram is projected on covariance matrix of reduced PCA
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Figure 4.4: Face recognition process.

projection and matching is performed using different distance or similarity measures and
the test image is assigned a label same as the label of the closest matched face template.
The detailed description of FR with PCA subspace learning is illustrated with examples
in [58].

4.4.1 Experimental Design

The following experiment cases are designed to investigate the effect of ignoring boundary
pixels by traditional convolution technique and suitability of proposed operators in FR

domain.

1. Case 1: Effect of Modified Convolution(MC)
This case is designed to study the effect of different parameters like operator scale,
number of grids an image is divided into and the number of available labeled codes.
Further, MBLBP is used in experiment to verify the effect of MC on number of

available codes.

2. Case 2: Face Verification
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In this case the ability of the proposed operators ARLBP and EARLBP using the
proposed MC are evaluated in the face verification mode of FRS. MBLBP with MC
is experimented to justify that increase in available code increases the performance
of the FRS. The experiments were conducted in the presence of localization errors

and person dependent settings.

4.5 Experiments and Results

The experiments were conducted using the FRS in which different components are inte-
grated as shown in the Figure 4.4. Two stages are followed to construct the FRS configured
in face verification mode. In first stage, the face template is derived following the steps
illustrated in Section 1.5. Prior to the training steps the training image and testing image
sets must be constructed i.e, data preparation. Face templates are obtained in training
step then the testing is performed using Mahalanobis Cosine Distance (MahCos) and Ver-
ification Rate (VR) is determined. Though the experiments were conducted for different
similarity measures like Euclidean, City Block and Cosine distances, VR with MahCos was
better when compared to other distance measures in [143] and hence MahCos is considered

for experiments.

4.5.1 Case 1: Effect of Modified Convolution (MC)

It is well known in the LBP based AFA that the performance of FR and FER systems
would get influenced by a number of different parameters. Specifically, the performance
depends on the number of grids, scales of the operator and the resolution (size) of the
image. A proposition exists in LBP based FR and FER that “the performance of FR or
FER system would increase when number of grids increase”. However, the survey sug-
gests that this proposition might have drawn by experimenting with limited combination
of parameters. These experiments does not consider to study the effect of number of grids
and scale of the operators as experiments were not conducted with larger scale operators.
It is evident that due to smaller grid size (hence large number of grids) it would produce
unreliable histogram [4]. On the contrary, less number of grids (hence larger grid size)
would lead to histograms without proper spatial information embedded in it. Hence, there
exists a crux point (threshold) between number of grids and grid size that would optimize
performance of the FR or FER systems. The scale of the operator would also influence the

performance along with grid size or number of grids. It is difficult to assess the influence
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Figure 4.5: Number of available codes for different operators with varying (a) scales of the

operator (b) number of grids .

of these parameters on the performance of the systems as they are inter-dependent. How-
ever, one parameter stands out i. e., number of available codes which are used to derive
feature histograms. The scale of the operator, size of the grid or number of grids and
convolution method affect the available codes which in turn affect the statistical property
of the histogram features. It is obvious that the statistical property could be affected by
either changing the number of bins or width of the bins or the frequency of occurrence of
the bin values.

An investigation to study the effect of available codes would help to understand the
proposition for larger scales of the operator and the inter dependence between different
parameters. To corroborate the effect of other parameters on available codes an experi-
ments was conducted in which available codes are counted and plotted. In the experiment
an ORL image of size 92 x 112 was considered having 10304 pixels. Different types of
operators are used to convolve with traditional and MC methods on the ORL image with
varying grids and scales of the operators. The scale of the operator was fixed at 9 x 9 and
the number of grids are varied as 1 (92 x 112), 2 (92 x 56), 4 (46 x 56), 8 (46 x 28) and 16
(23 x 28). The size of each grid is mentioned within bracket in respective places. Available
codes for different types of operators e.g, MBLBP with traditional convolution are counted
and a barchart is plotted as shown in Figure 4.5 (a). Next, the number of grids were set
at 4 each with size 46 x 56 and the scale of the operator is varied as 3 x 3, 9x 9, 15 x 15
and 21 x 21. The available codes were counted for different types of operators as before
and a barchart is plotted as shown in Figure 4.5 (b). It is observed from Figures 4.5 (a)
and (b) that for MBLBP operator with traditional convolution method the available codes

would rapidly decrease as the number of grids and the scale of the operator increase. This
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decrease in the available codes is attributed to the pixels that are ignored when traditional
convolution method is used. The rate at which the number of pixels are ignored are higher
in case of scale variation than in the number of grids. Girish et al. [143] conducted the
experiment using MBLBP with traditional face representation and have concluded that
increase in the scale of the operator and number of grids upto certain extent would increase
the Verification Rate (VR). But further increase in the same would decrease the VR. This
may be due to the fact that the available codes would decrease rapidly with increase in
the scale of the operator and the number of grids. The preposition could be re-framed as
“the performance of FR or FER system would increase when the available codes increase”.
The proposition would fail for larger scales and more number of grids. There is a trade-off
exists between available number of codes and number of grids. The available codes per
grid would affect the statistical property of the histogram and the number of grid would
affect the spatial information embedded in to the concatenated histogram feature vector.
It would be interesting to study the effect of spatial information i.e., number of grids and
scale of the operator with constant available codes per image. To achieve the constant
available codes or coding every pixel of the whole image, the MC is proposed as illustrated
in Section 3.3.1. In Figure 4.5 (a) and (b) for MBLBP operator with MC method it is
observed that the available codes are decreasing but the rate at which it decreases is less
when compared to the MBLBP without MC. However, for ARLBP and EARLBP with
MC the available codes are constant per image as the scale of the operator or size of the
grid changes. The decrease in the codes with respect to MBLBP with MC is due to the
effect of the size of the central region of the MBLBP. As the size of the central region
increases the number of available codes decrease. This is due to the fact that the available
codes are still dependent on the scale of the central region. On the contrary, ARLBP
and EARLBP central region scale is constant though the scale of operator is dynamic.
This property of asymmetric region based operator with MC produces constant number
of codes per image without ignoring the boundary pixels. When the available codes are
constant per image, the effect of number of grids and scale of the operator on FR or FER

could be explored.

4.5.2 Case 2: Face Verification.

There are two possibilities to study the effect of the grid and scale: Increase the number
of available codes by reducing the ignored boundary pixels or code every pixel using MC

so as to achieve constant codes per image irrespective of scale and number of the grids.
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MBLBP, ARLBP and EARLBP with MC are experimented to explore the implication of
the two possibilities.

Data samples must be prepared before conducting experiments. The training and testing
set needs to prepared a priori. For each database image samples were selected to build
the respective training and testing sets as follows:

In case of ORL database, for each of the 40 subjects 3 images were selected randomly and
included into the training set and the remaining 7 images were included in the testing
set. From JAFFE, 3 images were selected with Sad, Angry and Fear facial expression
and 7 containing 6 basic expressions (Happy, Sad, Anger, Disqust, Surprise and Fear) are
added to the training and testing set for all 10 subjects respectively. The training data
set of INDIAN database was built by adding 3 face images of front pose and around 45°C
right and left pose respectively for each of the 30 subjects out of 40 subjects. In testing
set 8 images of different poses of the same 30 persons were included. The second stage of
FRS consists training and testing processes. The training process precedes with feature
extraction and deriving face representation as discussed in Section 3.3. For each image
included in training set of the respective databases, the face is localized automatically using
FaceTool [28]. The localization errors are not removed but all images are normalized to
common eye co-ordinates using this tool. Illumination normalization was not applied on
any database. It was assumed that Asymmetric Region operators are robust to monotonic
increasing illumination. To extract the features and to derive face representation, each
pre-processed image from INDIAN database training set is resized to 270 x 200 and divided
into 15 grids with size of 90 x 40 and 25 grids sized 54 x 40. The JAFFE database testing
set localized face images resized to 150 x 110 and 15 grids of size 50 x 22 and 25 grids of
size 30 x 22 are divided. In case of ORL localized and pre-processed training images were
resized to 112 x 92 and 4 grids with size 56 x 46 and 16 grids each sized 28 x 23 was divided
respectively. For all the grid faces of training images in respective databases MBLBP,
ARLBP and EARLBP operators were used to convolve each grid and for each scale using
MC to obtain concatenated histograms. The face templates were obtained using the
method illustrated in Section 1.5. for the test image database to derive feature histogram
(i.e., face representation). For each database test feature histograms were matched and
verification results for different number of scales of the respective operator are obtained.
For each grid size, different scales of operators like 3 x 3, 6 x 6, 9 x 9, 12 x 12, 15 x 15,
18 x 18, 21 x 21, 24 x 24, 27 x 27 and 30 x 30 are experimented. The VR at 1% FAR is

plotted in respective figures.

The MBLBP with MC is considered here to compare the effect of increasing the
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Figure 4.6: VR for 1% FAR with MBLBP for INDIAN database.
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Figure 4.7: VR for 1% FAR with MBLBP for JAFFE database.
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Figure 4.8: VR for 1% FAR with MBLBP for ORL database.
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available codes with MBLBP with the traditional convolution method. Moreover, it can
also be used to compare with ARLBP and EARLBP operators which code all the image
pixels irrespective of scales of the operator and grids. The Figures 4.6, 4.7 and 4.8
show the VR at 1% FAR for different scales of the MBLBP operator for two cases of grid
variations for the three databases. It can be observed that in case of 15 grids in INDIAN
and JAFFE databases, VR increases with an increase in scale of the MBLBP operator
to some extent, and further increase in the scale of the operator leads to decrease in VR.
This may be due to two factors like viz: decrease in the available codes as the scale of the
operator increases. Another could be the decrease in discriminative ability of the operator
due to texture averaging. If the number of grids is increased to 25 (hence decrease in grid
size) the VR increases for smaller scales of the operators, as the operator scale increases
further the VR decreases. This is due to the fact that the averaging texture property
and the number of available codes per grid affect the VR though the available codes per
image or across the concatenated histogram is constant. In ORL database similar trend

is observed in the case of 4 grid and 16 grids.

The Figures 4.9, 4.10 and 4.11 show the VR at 1% FAR for ARLBP on INDIAN,
JAFFE and ORL databases respectively with different operator scales and grid sizes. In
15 grids case, the VR on INDIAN and JAFFE databases increase as the scale of the
operator increases but gets saturated when the scale of the operator is increased further.
For 25 grids, the VR increases with the enhancement of number of grids but saturates as
the scale of the operator increases. In case of the ORL database for 4 grids, VR increases
as the scale of the operator increases and then saturates. When 16 grids are considered,
the VR is high and as the scale of the operator increases there is no further improvement.
The trend “increase in scale increases the VR and increase in number of grids increases

VR is largely visible for three databases.

Figure 4.12, 4.13 and 4.14 show the VR with 1% FAR for different database with
different scales and grids for EARLBP operator. For 15 grids, the VR increases with
increase in the scale of the operator on INDIAN database. But the VR decreases as
increase in the scale of the operator further (observed from the scale 13 x 13 onwards).
Similarly, when the number of grids was increased to 25, the VR followed the same trend
for smaller scales of the operator. But further increase in the operator scales decreased
the VR. It may be observed that increase in scales would decrease the VR (see from scale
15 x 15 onwards) which is contrary to ARLBP operator. This may be caused due to the
averaging of boundary pixel values of sub-regions of the operator without considering the

average of all pixels’ gray values in sub-region. In case of JAFFE and ORL database
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similar trend was observed. However, with respect to JAFFE database (observed scales
from (15 x 15) onwards) the VR in the case 25 grids was higher when compared to the
VR in case of 15 grids. This trend was not observed in other two databases. This may
be the fact that the EARLBP is sensitive to poses and occlusions present in the ORL and
INDIAN databases. On the contrary, the ARLBP is able to perform better than EARLBP
at higher scales of the operator. In all the three databases the global PCA representation
VR is less than the proposed local texture based operators.

It is possible to analyze the VR of the FR system with respect to the parameters like
number of grids (and hence size of the grid) and the scale of the operator. It is difficult to
correlate the performance with respect to these parameters as they are inter-related. The
variations in the number of grids (and size) affect the available number of codes in the
grid and in turn the total number of codes in the whole face representation. The number
of available codes per grid changes as the number of grids (hence the size of the grid)
changes. The only parameter that gets affected is available codes. Hence this parameter

was chosen for the study.

Table 4.1: Maximum Verification Rate for different Operators.

Type of | Database Number | Scale of | Maximum
the Op- | used of the Op- | VR in
erator Grids erator (%) at 1%
FAR
MBLBP JAFFE | 15, 25 6 x6 100
ARLBP JAFFE | 15,25 TxT7 100
EARLBP | JAFFE | 25 5X5 100
MBLBP ORL 16 12 x 12 97.14
ARLBP ORL 16 19x19 |97.14
EARLBP | ORL 16 3x3 96.43
MBLBP INDIAN | 15 12 x 12 | 85.83
ARLBP INDIAN | 15 15x15 | 875
EARLBP | INDIAN | 15 9x9 89.58

Table 4.1 shows the maximum VR at 1% FAR for different operators. It is observed
that performance of all three operators was best on JAFFE followed by ORL and INDIAN

databases with different scales and grids. MBLBP with MC performs better when
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4.6 Chapter Summary

compared to Grishet al. [143] as the authors have reported the VR of 79.23%, 98.57% and
93.21% on INDIAN, JAFFE and ORL database respectively. It is evident that increase in
the available codes would increase system VR. Asymmetric Region operator perform better
on INDIAN database when compared with MBLBP. The INDIAN database is difficult due
to its nature of variations in pose and facial expressions. From the table it is observed
that for an application one must choose type of operator, number of grids and scale of the
operator for a particular database as the results are different for various settings across
the databases. However, if the average of maximum VR over three database is considered,
the Asymmetric Region operators performs better than MBLBP which suggests that the
boundary pixels would contribute to the performance of the system. The experiments
considered only scales with equal width and height of the operators. Experiments with

different width and height could also be considered.

4.6 Chapter Summary

This chapter illustrates the importance, experimental design and procedure of deriving
an FR system in verification mode. It also describes the need of an MC and its effect on
different parameters such as grids and scale of the operator. It details the experiments
along with results using different settings. It also presents the maximum VRs for each
database using different operators. In the next Chapter these proposed techniques are

evaluated in the FER domain and their performance is discussed.
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Chapter 5

Facial Expression Recognition

5.1 Introduction

There are two components of FERS that influence its performance i, e., feature extraction
technique and classifier. It is difficult to derive a generic feature extraction technique
which extracts the features from images of different domains. Nonetheless, proposing a
generic feature extraction technique for overlapping domains could be tried with regard
to FR and FER. The FR and FER would take similar input images and they have com-
mon challenges, components and hence they are overlapped domains. It is observed that
the proposed face representation performance is better and comparable with state-of-art
FR system. These representations should be explored in case of FERS as well. The face
representation would be applied in FERS in different conditions to test the ability of the
proposed operators. The conditions are person dependent or independent settings and
presence or absence of registration and localization errors. Moreover, the experiments
consider to explore only the effect of size (scale) of the operator but not the size of the
grid and the number of grids as in the case of FRS discussed in previous chapter. Al-
though, many LBP based scalable operators were proposed, studies have experimented
more with varying scales which is revealed in related FER literature. With respect to the
classifier, Support Vector Machine (SVM) [113] is used for facial expression recognition
since it can be applied in real time applications. It is not affected by the skewness of
the class labels and its training time depends on the number of samples rather than the
number of features. Training of SVM classifier usually gives a global solution if the opti-
mal parameters are known [144]. Moreover, it is widely used in the LBP literature for its

decent classification performance.
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5.1 Introduction

5.1.1 Localization and Registration Errors

Facial expressions are the result of deformation of muscles in a particular region of the
face. Facial expressions are spatially dependent with respect to the face. Position of the
prominent facial regions like face, eyes, mouth, nose and eyebrows must be known prior to
extraction of features. Further, the positional information of facial features can be used
by the preprocessing algorithms such as normalization process in which the alignment
of face images with respect to eye coordinates [80,145] can be done. Prior to localizing
(knowing) the positions of facial feature, the face has to be localized in the given image
automatically and that would lead to designing of robust real time FERS without any
preprocessing step of face alignment. Face can be localized manually or automatically
in the given input static image or video sequence. It is rather easy to localize the face
manually but it is more challenging to automate this process. Automatic face detection
problem may be addressed easily assuming deterministically single face with constrained
background in the given image. In constant background low level features like color of
the skin [146], edges and motion [147] can be used to localize the face. In unconstrained
background Viola and Jones methods is used to locate face automatically in static images
or video sequences. It is one of the best and extensively used face localization method
available in the face detection literature. OpenCV library contains the implementations
of several automatic localization which can be used to localize face, eyes and mouth. But
these methods suffer from inconsistency of localization i.e., for the same input face image,
the detecting algorithm gives different locations for each iteration. For example, Figure 5.1
(a) shows that inconsistency of localization leading to different representations (b) in the
face feature space. To decrease the effect of localization error on facial expression feature
extraction methods a heuristic localization method is used. Registration error is defined as
the inconsistency (image of same person looks different in various conditions) in pose, scale
and illumination of the images of the localized face. For example, the Figure 5.2 shows
before and after pose alignment. As the thesis considers databases with frontal facial
expressions, alignment of pose across facial expression is not considered. The alignment
process may increase the computation cost and it may also reduce the real time ability
of FERS. There exists a trade off between pre-processing or post-processing operations
and real time efficiency of FERS. Introduction of more pre/post-processing computations
FERS would take more time for recognition and give better recognition with reduction in
real time ability. It would be feasible to derive FERS with reasonably good performance
without compromising with its real time ability. The idea is to derive feature extraction

methods which are robust to these errors. LBP based operators represent textures effi-
72

TH-1304_09610110



5.1 Introduction

Figure 5.1: Localization Error: (a) Face Localization using Viola & Jones method for 3

iterations, (b) Different Face representations.

ciently, they are robust to monotonic illumination, less computation cost and they can be
deployed in real time face analysis applications. The survey has revealed that there are
less number of studies in which LBP based operators are applied in presence of registration
errors in automatic real time FERS.

To study the suitability of a LBP operator in the presence of face registration errors,
Gritte et al. [128] have simulated the error by adding Gaussian noise in the range of
0-7% to the distance between eyes. Testing and training sets are derived from the CK
database and it was found that the performance using LBP is 77% while in the case of
LBP-Overlap the performance was increased by 3-6%. Khan et. al [81] have proposed
a framework for real time facial expression recognition using Pyramid of LBP (PLBP).
The feature histogram vector is a concatenated histogram created by extracting a uniform
pattern histogram dividing the stimuli into finer spatial sub-regions by iteratively doubling
the number of divisions in each dimension of the stimuli. The framework uses multiple
classifiers and maximum recognition rate of 96.7% is reported using 2-Nearest Neighbor
(2NN) on CK+ database. Further the framework was tested for generalization to other
databases. A maximum recognition rate of 81.9% was obtained when CK+ database was
used as training set and FGNET FEED [138] database is considered as testing sample. To
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5.1 Introduction

Figure 5.2: Registration Error: (a) Frontal face with inconsistency in pose. (b) After

correction of pose [10]

the best of our knowledge most of the existing works on facial expression analysis using
LBP based operators except [81] are not able to achieve the ideal characteristics of au-
tomatic facial feature extraction and recognition system due to manual face localization
(localization errors) and facial expression image alignment (registration) errors. To miti-
gate these errors most of the LBP based works follow one of the following techniques: (i)
the face cropped manually and geometric transforms are applied to align the images with
respect to the position of the eyes to reduce the registration errors [80,145] which restricts
the automatic feature extraction. (ii) Overlapping grids [145] are used to derive the fa-
cial expression representation which in-turn increase the feature histogram length. (iii)
Multi-scale [80] and multi-level operators are used which increase the feature histogram
length as well. For automatic facial feature extraction there is a need to derive good face
localization methods or derive new LBP based operators which are intrinsically robust to

registration errors and achieve good generalization capabilities across databases.

5.1.2 Face Localization Method

Facial expression is the outcome of deformation of several facial muscles at a particular por-
tion of a face. For example, lower part of the face muscles will be predominately involved
in producing Happy and the mouth and eye brows are used to express Surprise facial
expressions respectively. Hence, feature extraction methods have to extract deformations

to recognize the facial expressions from salient regions of the face. Prior to the recognition
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of facial expressions face should be localized in the given input image. In the context of
automatic feature extraction, the face localization and registration of the images should
be consistent in order to derive the features of the facial expression. For this purpose Viola
and Jones face and eye detectors available in OpenCV 2.3 [72] library are used to localize
the face as it is the most cited, considered to be the fastest and most accurate pattern
recognition method for face detection [148]. It was observed that face and eye detectors
produce false positives. The eye detectors (left and right) are used to reduce false positives
of the face detector. The combination of face and eye detector can reduce false positives
effectively but they can introduce localization errors in facial features detection i.e. if the
same image is given as input to localization of the face region, detector gives different
locations for each detection iteration. Localization errors of the face are critical for the
performance of the FERS using features based on LBP operators which are sensitive to
face localization errors and also registration errors [80]. Hence, most of the studies in the
literature (see Table 2.1) pre-process the input images manually to remove localization
errors and image normalization to remove registration errors [79,124,126,129,133]. This
inhibits to derive automatic FERS. ARLBP and EARLBP features are extracted auto-
matically by localizing the face using Viola and Jones detectors. The localization errors
are mitigated using a proposed heuristic localization method to enable automatic feature

extraction.

d = [zre + (are/2)] — [Te + (Ls/2)] (5.1)

TLE, if yre = Y

Iy = (52)
Ty — d, otherwise

Ye — d/2, if yrs =
g =3 § (5.3)
Yre — d/2, otherwise

Brr = Yre — Yr + (2 * d) —k, if yre = yre (5'5)
Ye —yr + (2xd) — k, otherwise

Figure 5.3 (a) shows three rectangles as output of the Viola and Jones face detector.
Out of the three rectangles one is face rectangle I'(xr, yr, ar, fr) and two are eyes
rectangles, LE (xpg, yig, aue, Bue) for left eye (LE) and RE(zrg, Yre, Ore, Ore) for

right eye (RE). IV is a face rectangle whose parameters can be obtained using equations
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cropped image

Figure 5.3: (a) Facial features localization using Viola and Jones method for a JAFFE [2]

input face image, (b) The cropped image using Face localization method.

5.1, 5.2, 5.3 , 5.4 and 5.5. The z and y are co-ordinates measured from top left corner
of the input image and d is the approximate distance between two eyes. Left and Right
directions are with respective to the observer point of view, k is an empirical constant. «,
B and I' represent width, height and Face rectangle of the image respectively. Figure 5.3

(b) shows the localized face image obtained using I"” rectangle.

5.1.3 Description of the Databases used

To derive feature extraction or face representation techniques it is important to understand
the properties of the database and the protocol followed during the image acquisition
process. Moreover, it will enable to judge feature extraction method’s robustness to
different types of variations present in the database. For facial expression recognition
three databases were used and their description is as follows:

The CK+ database consists of facial sequences of 123 adults aged in the range of 18-
50 years of which 69% are females, 81% Euro-American, 13% African-American and 6%
other groups. The subjects were instructed to display the prototypic facial expression

from neutral to the target expression. These image sequences are digitized to 640 x 490
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pixels with 8-bit representation. The database consists of 593 sequences with peak frame
FACS (Facial Action Coding System) coded and 327 sequences out of 593 peak frames
are emotion coded (Neutral, Happy, Sad, Surprise, Fear, Disgqust, Angry and Contempt)
using Active Appearance Model and Support Vector Machine. A sample images from this

database is shown in Figure 5.4.

Figure 5.4: Data samples from CK+ database.

The FGNET [138] is more challenging facial expression database since it captures
facial expression as natural as possible when people react to a movie being played. Some
samples are shown in the Figure 5.5. The database has a video sequence of 18 individuals
(male and female) performing each facial expression three times. Altogether, it consists
of 399 sequences of seven basic facial expressions (Happiness, Anger, Surprise, Disgust,
Fear, Sadness and Neutral). These sequences are converted to a size of 320 x 240 8-bit
JPEG static images.

The JAFFE database is described in the Section 4.3 as it is used in FR for experimenta-

tions.
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Figure 5.5: Data samples from FGNET database.

5.2 Facial Expression Recognition using Asymmetric Re-
gion based LBPs

FERS which incorporates LBP based facial representations is constrained by registration
errors introduced by the methods used for localization of face and its salient regions.
Though the LBP operators have the advantage of lower computation cost, but the
performance of the systems that use them depends on many parameters as listed in
Table 2.1 from column 2 to 12 and also parameters such as database used (as it may
contain frontal or non-frontal faces) different illumination, classifier and face localization
methods employed. The following Sections describe the use of proposed ARLBP and
EARLBP operators for facial expression recognition in the presence of face localization

and registration errors to study the effect of size (scale) of the operator.

5.2.1 Experimental Process

In order to train the classifier, data samples from databases of facial expressions need to
be selected to create a training set and testing set following a sampling protocol. The

first two/three images per person per expression are selected and included in training set
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and the remaining images of the same person’s expressions were included in testing set.
There were 143 images in training set and 70 in the testing set for the JAFFE database.
From the FGNET database, six frames from two sequences for each expression per subject
are selected and included in training set. In addition, three frames from the remaining
sequence per expression per subject form the testing set are also included. Altogether the
training and test sets consisted of 684 and 325 images respectively. No particular selection
criteria was applied while selecting the images. The training and the test sets of both
databases are person-dependent for case 1 which means that there exists an overlap be-
tween the training and the testing sets with respect to the person and the facial expression
as illustrated in Section 1.6.2.

For Cases 2 and 3, 213 images (30 neutral, 31 happy, 31 sad, 30 surprise, 30 angry, 32
fear and 29 disgust) from the JAFFE database were selected. No particular selection
criteria was applied while selecting the images. From CK+ database 309 emotion coded
and labeled sequences were considered excluding Contempt. A total of 1236 images (309
neutral, 210 happy, 84 sad, 249 surprise, 138 angry, 75 fear and 171 disgust) from each
sequence (maximum of three peak frames and minimum one peak frame) were considered
such that each frame can be categorized into one of the seven prototypical expressions.
These selected facial image samples are used to build or train the classifier using the train-
ing set in person independent or person dependent configuration (see Figure 1.9). There
are two stages to derive a classifier; one is training and the other is testing phase. The aim
of training stage is to derive a classifier employing a learning algorithm to generate a model
on training data samples. The learned or trained classifier model is evaluated using the
testing samples to test how well it represents the data samples. Figure 5.6 illustrates the
FERS with its different components interacting to recognize the facial expression. Given
a face image, the facial features are localized automatically using Viola and Jones face and
eye detectors. Since these detectors are inconsistent in localizing the facial features the
proposed heuristic localization method is used to re-localize the face. The localized face
might be processed if necessary to enhance particular features like illumination correction
and face alignment. Asymmetric Regions LBP patterns are obtained by convoluting using
modified convolution technique for each grid. A histogram is obtained for each grid which
is concatenated with other grids histograms to get the image face representation (feature)
as shown in Figure 3.5. These features are then fed to the classifier model to classify as

one of the six basic emotion labels including neutral expressions.

For each scale (size) of the ARLBP operator the face in images were localized using
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Figure 5.6: Facial Expression Recognition process.

Viola and Jones face and eye detectors [72] in each case illustrated below. First, the face
detector was used and further eye detectors (both left and the right eye) were used as
verifiers. Face is localized using proposed heuristic method to remove inconsistencies of
localization method. The localized face image is cropped and the face image is resized
to 64 x 64. Illumination correction or face alignment process was not considered as LBP
based operators robust to monotonic illumination. The cropped 64 x 64-pixel face image
is divided into 16 grids (sub-regions) of size 16 x 16 pixels. From each grid, ARLBP is
convoluted using modified convolution to label each pixel and a 256 bin-length histogram
is derived and a concatenated histogram of length 4096 (16+256) was obtained as the facial
expression image representation. This representation is obtained for each sample image
for the training set and a SVM multi-classifier is derived. The parameter during training
is set using grid search method available in OpenCV [72]. The above process is followed
for image samples in testing set to get facial representation to test the SVM classifier.
This process is followed in all the cases considered for experiments. The experiments were
conducted for different sizes of the operator. The size of the proposed operators does not
affect the histogram length as in other LBP based operators except MBLBP operator.

Moreover, the size of the operator does not affect or influence the number of the grid
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(hence size of the grid) and the available codes per image. This is due to fact that MC
technique labels all the image pixels without ignoring the boundary pixels. A heuristic
rule used is that the scale of the operator should be less than the grid size in varying the
size of the operator in different cases. There are some cases in which different process was

followed that will be discussed in the respective cases explicitly.

5.2.2 Experimental Design

Experiments are designed to study the ability of the proposed face representation tech-
niques with different settings. The settings like person dependent or person independent,

with or without registration errors. The following cases can be designed and experimented.

e Case 1: Person dependent FER with registration errors:
In this case the FER is configured as person dependent and features are extracted
from the face images without any normalization and alignment process . This will
test the robustness of the operators to registration errors inherent in databases.
This setting is similar to FR which is person dependent recognition with manual
face alignments. This case study will also test whether the proposed Asymmetric

Region based operator (ARLBP) can be applied in person dependent FER.

e Case 2: Person independent FER with registration errors:
It is well known that LBP based operators are sensitive to registration errors
which influence the performance of FER. The person independent setting would
test whether, the face representation is robust to variations due to subjects age,
gender, culture, etc. in the presence of registration errors without incurring extra

processing cost to remove registration errors.

e Case 3: Person independent FER without registration errors: This case is
designed to compare the performance of the proposed operators obtained in Case 2

so as to judge the performance of these operators.

5.3 Facial Expression Recognition using ARLBP

It is well known that FERS consists of two phases of which one is training and another
is testing. In this process it is necessary to build a classifier model before testing stage.

ARLBP operator is used to derive face representation using modified convolution and
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Table 5.1: Facial expression recognition rates (%) for SVM 7-class Facial expression on
JAFFE database with RBF kernel for different ARLBP operator sizes in person dependent
condition.
Height
3 5 7 9 11 13 15

84.29 88.57 91.43 88.57  85.71 85.71 88.57
91.43 91.43 95.71 9286 9143 91.43 91.43

Width

3

5

7 90 92.86 91.43 91.43 9286 90 90
9 8857 9429 92.86 92.86 92.86 90  88.57
11 94.29 94.29 92.86 92.86  92.86 91.43 91.43
13 95.71 9286 94.29 95.71 91.43 92.86 92.86
15 95.71 9286 94.29 95.71 92.86 92.86 92.86

classifier is built using the protocol as discussed above. The trained model is used to test
using the illustrated experimental process. Different cases are considered to study the

behavior and ability of operator in different conditions.

5.3.1 Case 1: Person dependent with registration errors

In this case size of the operator is varied but size of the image, number of grids and size
of the grids an image is divided are treated as constant. A multi-class SVM is trained
(as discussed above) using facial representation and the parameters! of SVM for RBF
kernel are set using OpenCV 2.1 grid search method. A 10-fold CV was performed with
the SVM multi-class classifier (7-class) and the average recognition rate of 10-fold CV is
tabulated in Table 5.1 and Table 5.2. Table 5.1 shows SVM facial expression recognition
rate for each scale of the ARLBP operator. For example using 3 x 3 (width x height) scale
operator recognition rate is 84.29%.

From the table it is observed that the recognition rate attains increasing trend when
the width is greater than the height of the operator and attains a maximum of 95.71%

for 13 x 3 and 15 x 3 sizes with an exception for 5 x 7 size. It is hard to find the reason

IFor all sizes of the operator, RBF’s C=62.5, v= 0.00001 for JAFFE database and C=20, v= 0.000003
for FGNET database
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5.3 Facial Expression Recognition using ARLBP

Table 5.2: Facial expression recognition rates (%) for SVM T7-class Facial expression on
FGNET database with RBF kernel for different ARLBP operator sizes in person dependent
condition.
Height
3 5 7 9 11 13 15

71.6 7221 7432 7432 7553 7523 74.62
74.32 7553 7855 76.13 77.64 76.74 77.95

Width

3

5

7 69.79 74.02 7734 76.74 7734 76.13 76.13
9 7251 76.13 76.74 7644 7583 77.04 75.53
11 719 7492 7855 7825 7644 7492 74.32
13 7402 75.23 76.13 77.04 7795 75.23 73.41
15 7341 7281 75.53 79.46 78.25 75.23 74.02

for this exception since the face alignment and variation of texture and misalignments are
not controlled. When the width and height of the operator is equal (observed diagonally
from top left to right bottom) the recognition rate does not increase. This may be due
to averaging of the texture. This suggests that varying in width and height one at a time
would increase the performance. However, when the height decreases and as the width
increases (observed diagonally from top right to bottom left), the recognition rate exhibits
an increasing trend with the exception of 11 x 5 size.

In Table 5.2 the observations inferred with the JAFFE database were not observed in
recognition rates with the FGNET database. This may be because the ARLBP operator
is database dependent as two different databases were considered. However, the maximum
recognition rate of 79.46% was obtained when the width is greater than the height using
the FGNET database for the operator size 15 x 7. It is unfair to compare with similar
work performed using LBP as the recognition rate is dependent on several parameters
such as image size, image sub-region size, databases used and classifier parameters. The
work reported by Liao et.al [90] can however be compared with this work. The authors
experimented with 64 x 64 image size for person dependent facial expression recognition
and have been reported a recognition rate of about 94.59% on the JAFFE database using
Advanced-LBP with Null space Linear Discriminant Analysis together with Tsallis. The

proposed ARLBP operator with Modified convolution technique provides a recognition
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5.3 Facial Expression Recognition using ARLBP

rate of 95.71% on the same JAFFE database and can be considered a degree better than
that reported by Liao.

5.3.2 Case 2: Person independent with registration errors

For all sizes of ARLBP operator, the length of feature histogram was kept constant at
4096 and facial representations are obtained as illustrated above. For each size of the
ARLBP operator, the CK+ and JAFFE database images were divided into 10 random
parts without overlap of a person’s facial expression between parts making the training
and testing set person-independent. A multi-class SVM using Linear and Radial Basis
Functions (RBF) with different parameters? was trained using 9 parts and remaining one
part was used as the test set. The training and testing experiment was repeated 10 times
to get a 10-fold cross validation recognition rate. For different sizes of the ARLBP opera-

tor, average facial recognition rate is tabulated in respective tables.

Experiments conducted varying the size of the operator but not the number of grid
and size of the grids. It can be observed from the Table 5.3 and Table 5.4 that there
is not much difference in performance for SVM Linear and RBF kernels. The maximum
recognition rate of 58.95% was obtained for JAFFE database when the ARLBP operator
width is greater than the height. This is evident as the face contains more horizontal
features than vertical features and ARLBP represents these to quite some extent. It is
difficult to compare to the results obtained with other similar studies as the performance
depends on various parameters discussed in Chapter 2. Nevertheless, the work in [117]
can be compared and a recognition rate of 71.5% is reported by using sub-space learning
technique. The recognition rate of ARLBP is low when compared to these studies because
the features are extracted in the presence of localization errors and ARLBP operator
averages the texture as the size of the operator increases due to which the performance of
the operator decreases. It is inferred from Table 5.3 and 5.4 that as width and height of

2For JAFFE database SVM with Linear kernel C=12.5 for all sizes of the ARLBP. For RBF kernel
C=312.5 and v=0.033750 for 3 x 9, 5 x 5,5 x 13, 7 x 15,9 x 9, 11 x 13 and 11 x 15 sizes of the ARLBP.
For remaining size of the operator C=12.5 and v=0.506250 was set. In the case of CK+ database SVM
with Linear kernel C=62.5 for 3 x 7 and for other sizes C=12.5 was set. For SVM with RBF kernel for
the size of operator C=312.5 was set for sizes 3 x 7, 7 x 9, 11 x 9, C=62.5 for sizes 3 x 13, 5 x 3, 5 x 11,
7x5,7Tx11,9x 15,11 x 15, 13 x 15, 15 x 9, C=2.5 was set for sizes 11 x 11, 11 x 13, 13 x 5 and for rest
of the sizes C=12.5 was set. y=0.0375 for 3 x 7,3 x 13, 5x 3,5 x 11, 7x 5, 7x 9, 7 x 11, 9 x 15, 11 x 9,
11 x 15, 13 x 15 was set and for the rest of the sizes of the operator y=0.0506 was set.
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5.3 Facial Expression Recognition using ARLBP

Table 5.3: Average SVM T7-class Facial expression recognition rates (%) with Linear kernel
on JAFFE database and ARLBP in person independent settings.

Height
3 5 7 9 11 13 15

3 5473 52 52.12 50.11  50.59 54.40 51.95
5 5525 56.24 50.63 53.97  56.28 53.81 55.26
7 5437 5434 56.21 52.36  53.47 55.79 58.14
9

Width

95.16 55.79 58.95 55.09 55.53 54.68 51.04
11 53.72 56.00 55.23 51.52 55,53 53.15 51.01
13 56.49 5420 52.79 50.44  53.92 5291 51.01
15 5283 53.24 54.23 52.71  50.04 50.54 49.07

Table 5.4: Average SVM T7-class Facial expression recognition rates (%) with RBF kernel
on JAFFE database and ARLBP in person independent settings.

Height
3 5 7 9 11 13 15

54.65 50.52 48.13  49.20 47.36 47.25 49.10
56.65 56.18 53.38 49.70  53.25 50.06 50.04

Width

3

5

7 5525 56.21 54.64 49.54  49.05 50.02 51.41
9 58.52 57.63 58.00 55.09 51.28 51.37 50.58
11 5381 56.14 54.25 53.45 56.05 50.37 47.77
13 5381 55.65 53.84 55.68 50.58 53.30 47.29
15 5099 52.85 54.70 54.66 5245 50.02 47.62
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5.3 Facial Expression Recognition using ARLBP

Table 5.5: Average SVM T7-class Facial expression recognition rates (%) with Linear kernel

on CK+ database and ARLBP in person independent settings.

Height
3 5 7 9 11 13 15

79.89 80.00 79.61 79.41 7830 77.24 76.55
81.40 80.36 80.01 81.14 79.31 76.80 75.81

80.93 82.43 81.02 81.54 79.14 78.47 77.38

Width
© N oow

80.60 80.95 80.43 81.67 79.98 79.70 78.74
11 80.18 81.95 81.58 81.59 80.48 79.76 79.17
13 79.77 81.71 8236 8120 79.98 7852 78.96
15 80.74 80.40 8145 8096 79.83 79.20 79.37

Table 5.6: Average SVM T7-class Facial expression recognition rates (%) with RBF kernel
on CK+ database and ARLBP in person independent settings.

Height
3 5 7 9 11 13 15

79.39 80.59 80.71  77.30  76.17 79.52 74.85
82.94 81.59 80.07 78.68 81.20 76.54 75.92
80.24 83.19 8097 81.62 81.06 7872 7T7.77
80.77 81.21 79.92 79.51 79.88 78.94 82.31
11 80.60 80.58 80.05 82.61 78.63 78.95 82.34
13 80.38 80.52 80.29 7876  78.63 7833 81.47
15 7996 79.90 80.69 82.07 7818 7794 78.73

Width
© N o ow
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5.3 Facial Expression Recognition using ARLBP

the operator increases, recognition rate attains decreasing trend. In case of CK+ database
it is apparent from Table 5.5 and Table 5.6 that the maximum recognition rate is 83.19%
and performance decreases as the size of the operator increases due to texture averaging
effect of ARLBP operator and localization errors. The performance is superior for sizes

where width is greater than height of the operator.

5.3.3 Case 3: Person independent without registration errors

A face image preprocessing tool [149] is used to crop the faces manually. This tool has
different features like detection of face, normalization, histogram equalization, cropping
frontal face images and saving the cropped images in XML format. In order to remove
registration errors this tool was used to crop the face images and manually change the
co-ordinates of face such that all salient regions of face are included in the cropped image.
Then the cropped faces were normalized depending on the eye distance similar to [145]
and the images were resized to 64 x 64 pixels. ARLBP histogram features were derived as
described in Figure 3.5. The parameters® were set using grid search method available in
OpenCV 2.3 for the SVM classifier.

Experiments are carried out on CK+ database and JAFFE, but the recognition rate
for JAFFE database is not reported as the performance was below 40%. This may be
due to the fact that image normalization process would normalize the texture in low
resolution images while pre-processing. None of the works have reported performance
on low resolution JAFFE images. It is evident from the Table 2.1 that the recognition
rate on JAFFE database is better when either image size is greater than 64 x 64 or
person dependent settings [74,78,114,118,125,127,131]. Nevertheless, few studies report
a recognition rate of more than 50% with image size 64 x 64 and person independent case
without considering all images of the database.

Table 5.7 and Table 5.8 shows the performance of SVM with Linear and RBF kernels on
the CK+ database. Since maximum results were obtained in the case with registration
errors when width is greater than height of the operator. The experiments were conducted
considering the size of the operator in which width is more than the height of the operator.
The maximum recognition rate of 88.02% was obtained in case of SVM with Linear kernel,

which is comparable to recognition rate of 89.9% reported in [145] for an image resolution

3For CK+ database and SVM with Linear kernel C=0.05 for 3 x 3, 5x 3, 5 x 5 and 0.01 was set for rest
of the operator sizes. In case of RBF kernel C=12.5 was set for operator sizes 7 X 7, 9 x 3, 9 x 5, 11 x 3,
11 x 5, 13 x 5, 15 x 5, 15 x 7 and for rest of the sizes 62.5 was set. The value of v=0.00001 was set for all

the corresponding operator size
87

TH-1304_09610110



5.4 Facial Expression Recognition using EARLBP

Table 5.7: Average SVM T7-class Facial expression recognition rates (%) with Linear kernel

on CK+ database and ARLBP in person independent and without registration errors

settings.
Height
3 5 7
3 85.05  85.33 85.51
P 5 87.27  86.30 85.42
)
.E 7 87.24  86.72 85.62
9 87.93  87.07 85.87
11 87.05 86.14 86.21
13 88.02 86.34 86.57
15 8773 86.91 87.33
of 55 x 75.

From above tables and discussions in Sections 5.3.2 and 5.3.3, it may be noted
that performance of ARLBP operator get affected by registration errors. The maximum
recognition rate was obtained in the case where SVM was trained using Linear Kernel.
This may be due to the fact that Linear kernel’s performance is better than RBF kernel as
feature dimension (4096) is more than the number of samples used to train the SVM [150].
Further, ARLBP is sensitive to registration errors just like any other LBP based operators
as performance is higher in the case of without registration errors when compared to images

with registration errors.

5.4 Facial Expression Recognition using EARLBP

EARLBP operator is an extended version of ARLBP. It is proposed to reduce the averaging
effect on texture which in turn tries to increase the recognition rate of FERS. The
averaging effect is reduced by considering the boundary pixels of the regions as described
in Section 3.3.3. Experiments were conducted to verify sensitivity to registration errors by
reducing the averaging effect which may lead to higher performance and be less sensitive
to registration errors. The operator is not experimented with Case 1 setup assuming that

the operator would work better in person dependent settings. The settings of Case 2 and
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5.4 Facial Expression Recognition using EARLBP

Table 5.8: Average SVM T7-class Facial expression recognition rates (%) with RBF kernel
on CK+ database and ARLBP in person independent and without registration errors
settings.
Height
3 5 7

84.07  85.67 84.77
85.06  86.41 85.27

Width

3

5

7 86.24  86.30 85.94
9 86.92 86.18 84.98
11  86.40 86.14 85.45
13 86.57 86.60 85.90
15 86.60 86.58 86.89

3 are more challenging than Case 1 and hence the experiments were not conducted using
Case 1 for EARLBP. The experimental process similar to ARLBP is followed in order to

build the training and testing sets to derive the classifier.

5.4.1 Case 2: Person independent with registration errors

ARLBP Case 2 experimental process was used for all sizes of EARLBP operator.
Experiments were conducted as described and average facial recognition rate from 10-
fold cross validation are tabulated in respective tables. The parameters? of SVM for RBF
and Linear kernels were set using OpenCV 2.3 grid search method for all sizes of the

EARLBP operator for both databases.
Table 5.9 and Table 5.10 show the average recognition rate of SVM facial expression

4For JAFFE database SVM with Linear kernel C=12.5 for all sizes of the EARLBP, for RBF kernel
C=312.5 and y=0.033750 for 3 x 9, 5 x 5, 5 x 13, 7 x 15,9 x 9, 11 x 13 and 11 x 15 sizes of the EARLBP.
For remaining sizes of the operator C=12.5 and v=0.506250 was set. In the case of CK+ database SVM
with Linear kernel C=2.5 for 7 x 9, 7 x 11, 11 x 11, 11 x 13 and for other sizes C=12.5 was set. For SVM
with RBF kernel for the sizes of operator 3 x 7, 5x 3,5 x5, 5x 11, 7x 3,11 x 3,11 x 13,13 x 3, 13 x 7,
13 x 11, 15 x 11, 15 x 15, C=312.5 v=0.033750 and for sizes 5 x 13, 7x 9,9 x 5, 9 x 7, 9 x 13, 9 x 15,
13 x 13, 13 x 15 C=62.5, v=0.033750. For 9 x 9 C=2.5, y=0.506250 and for other sizes of the operator
C=12.5 v=0.506250 was set.
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5.4 Facial Expression Recognition using EARLBP

Table 5.9: Average SVM T7-class Facial expression recognition rates (%) with Linear kernel
on JAFFE database and EARLBP in person independent settings.

Height
3 5 7 9 11 13 15

3 56.68 5255 56.43 48.83 47.65 50.28 49.80
5 5770 55.77 5595 4985 52.15 56.78 56.70
7 56.31 51.53 55.27 5593 4985 51.53 56.27
9

Width

55.81 52.60 ©51.96 51.57 51.75 52.05 ©54.26
11 54.02 51.98 49.75 51.19  51.27 49.89 50.42
13 56.84 54.37 4760 5538 52,59 50.70 53.87
15 58.74 53.96 4760 54.38 53.61 57.13 53.88

Table 5.10: Average SVM 7-class Facial expression recognition rates (%) with RBF kernel
on JAFFE database and EARLBP in person independent settings.

Height
3 5 7 9 11 13 15

55.38  51.13 53.66  48.18  47.23 48.46 4891
60.35 55.06 54.89 49.89 4997 54.74 51.95

55.32  52.28 56.67 55.54  50.80 49.36 54.95

Width
© N o ow

92.77 54.28 51.30 50.52  49.23 50.69 51.19
11 5275 55.07 52.06 5229 5224 49.51 50.62
13 5599 5488 4994 5451  53.67 52.60 49.24
15 58.02 53.13 54.34 53.58  51.77 52.93 48.21
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5.4 Facial Expression Recognition using EARLBP

Table 5.11: Average SVM 7-class Facial expression recognition rates (%) with Linear

kernel on CK+ database and EARLBP in person independent settings.

Height

3 5 7 9 11 13 15

80.07 79.03 79.23 7879 7852 7T77.34 77.20
81.30 82.17 80.91 80.60  77.55 78.49 79.00

Width

3

5

7 8189 8249 80.61 79.16 79.29 7874 79.81
9 8117 8142 80.52 7937 7949 7870 80.70
11 80.18 82.24 7932 79.61 8223 80.49 81.30
13 8230 83.09 79.66 79.30 80.52 81.01 81.12
15 80.61 8220 79.19 79.30 79.38 79.98 80.17

for each size of the EARLBP operator with linear and RBF kernels on the JAFFE
database. For example using 3 x 3 size, average recognition rate was 56.68% and 55.38%
for Linear and RBF kernel respectively. One can observe that the recognition rate is
considerably higher for size when width is more than the height of the operator. A
maximum of 58.74% and 60.35% recognition rate was obtained with Linear and RBF
kernels respectively.

From Table 5.11 and Table 5.12, similar observations on CK+ database can be made
as obtained in the case of the JAFFE database. Maximum recognition performance of
83.09% and 82.21% were obtained with Linear and RBF kernel respectively. Further,
when width and height of the operator is greater than 9, the recognition rate was less
compared to the lesser sizes of the operator (observed 4" to 7" columns of all tables). On
the contrary, better performance was obtained when the width and height of the operator

was less than 9 (observed 1! to 3" columns of all tables) for both databases.

5.4.2 Case 3: Person independent without registration errors

In order to remove registration errors we used a tool as described in Case 2 of ARLBP
earlier to crop the face and each face was normalized depending on the eye distance similar
to [145] and resized the resulting images to 64 x 64. Next the EARLBP histogram feature
is derived. The experiments were carried out on CK+ and JAFFE database, but the
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5.4 Facial Expression Recognition using EARLBP

Table 5.12: Average SVM 7-class Facial expression recognition rates (%) with RBF kernel
on CK+ database and EARLBP in person independent settings.

Height

3 5 7 9 11 13 15

78.24 79.31 7813 7532 T76.35 75.56 74.75
81.68 81.02 77.93 77.06 7831 78.46 75.50

Width

3

5

7 80.02 7983 7897 7941 Tr7.2T 76.72 76.37
9 7824 8221 80.44 7835 77.78 7845 79.81
11 80.42 79.92 7887 7826 7825 80.60 77.04
13 80.85 79.36 7993 7788  79.73 80.35 81.40
15 76.43 7944 7794 7756 < 79.49 7825 79.80

recognition rate for JAFFE database is not reported as the performance was below 40%
but the maximum results obtained are mentioned for comparison purpose in Table 5.15.
The lower recognition rate may be due to pre-processing of texture similar to Case 3 of
ARLBP. The parameters® were set using grid search method available in OpenCV 2.3.

Table 5.13 and Table 5.14 show the performance on CK+ database with SVM Linear and
RBF kernel respectively. It is evident that the maximum recognition rate was obtained
in the case where width of the operator is greater than its height. SVM with Linear
kernel yielded higher recognition rate of 87.62% when compared to the performance of
86.76% in case of RBF kernel. Table 5.15 consolidates the maximum recognition rates of
ARLBP and EARLBP operators with and without registration errors for image resolution
of 64 x64. These operators perform better on CK+ database in case of without registration
errors when compared to with registration errors. With registration errors, the operators’
performances are difficult to correlate for CK+ and JAFFE databases. In case of ARLBP
on CK+ database, recognition rate of 83.19% was obtained with RBF kernel which is
higher than the performance with Linear kernel but with EARLBP operator on the same
database, a recognition rate of 83.09% with Linear kernel was obtained when compared
to the result with RBF kernel. On JAFFE database, we obtained a contradicting trend

compared to the results obtained using CK+ database in case of both the operators. In

5For CK+ database and SVM with Linear kernel, C=0.05 for all operator sizes. In case of RBF kernel
C=62.5 and y=0.00001 was set for all operator sizes.
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Table 5.13: Average SVM T7-class Facial expression recognition rates (%) with Linear
kernel on CK+ database and ARLBP in person independent and without registration
errors settings.
Height
3 5 7

3 85.04  84.77 83.04
5 86.68  85.64 84.05
7 87.40  86.16 83.89
9 87.62 86.62 84.31

Width

11 86.04 85.04 84.89
13 8598 8544 84.19
15 85.06 85.66 83.29

Table 5.14: Average SVM T7-class Facial expression recognition rates (%) with RBF kernel
on CK+ database and EARLBP in person independent and without registration errors
settings.
Height
3 5 7

84.40  84.89 83.83
85.29  85.62 84.03

Width

3

5

7 86.76 86.02 84.17
9 85.92  85.46 84.39
11 85.10 85.38 84.91
13 84.03 85.11 84.61
15 84.36 84.55 82.81
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5.5 Chapter Summary

Table 5.15: Maximum Recognition Rates (%) of ARLBP and EARLBP with and without

registration errors for image size 64 x 64.

Type of Operator

ARLBP EARLBP
Database | With Registra- | Without With Registra- | Without
tion Errors Registration tion Errors Registration
Errors Errors

Type of Kernel | Type of Kernel | Type of Kernel | Type of Kernel

Linear | RBF | Linear | RBF | Linear | RBF | Linear | RBF

CK+ 82.43 | 83.19 | 88.02 | 86.92 | 83.09 | 82.21 | 87.62 | 86.76

JAFFE 58.95 | 58.52 | 30.01 | 28.02 | 58.74 | 60.35 | 29.13 | 27.90

case of ARLBP, recognition rate of 58.95% was obtained with Linear kernel which is higher
than the result obtained with RBF kernel while for EARLBP operator, recognition rate
of 60.35% was obtained with RBF kernel when compared to Linear kernel performance.
This may be due to fact that both operators are sensitive to registration errors and they
are specific to the databases. Further, it is observed that maximum recognition rate is
obtained for ARLBP operator with the size of 9 x 3 which is higher than the EARLBP
operator of the 13 x 5 size. One common behavior of these operators was that irrespective
of the settings, maximum recognition rate is obtained when width of the operator is greater

or equal to the height of the operator.

5.5 Chapter Summary

This chapter illustrates the process and protocols followed to conduct the experiments
to study the behavior of the proposed Asymmetric Region based LBP operators on
FERS. Experiments were conducted considering different cases with different scales of
the operators. The number of grids (hence their sizes) and size of the images were kept
constant. It was found that the performance of the system is affected by the size of the
operator when grids and image sizes are kept constant. Further, it may inferred that the
proposed operators could be applied to derive automatic FERS which are invariant to

localization and registration errors inherent in image databases.
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Chapter 6

Conclusions and Scope for Future
Work

This thesis proposes LBP based operators along with convolution and a heuristic
localization method to derive a facial representation for FR and FER sub-tasks of AFIA
system. These face representations were investigated considering different parameters like
scale of the operator, number of grids and number of available LBP codes. This chapter
summarizes the major contributions of this thesis. It also elucidates the scope for future

research works in the concerned field.

6.1 Summary of Contributions

Deriving a generic feature representation (feature extraction) method which would be
applied in FR and FER is challenging due to variations that both the systems need to
be addressed. Hence in this thesis, focus was to propose novel local based texture face
representation and evaluate them against different parameters like scale of the operator,
the number of grids, person independent or dependent, with localization and with or
without registration errors and available codes for FRS and FERS domains. The main

contributions are elucidated as follows:

e Facial Verification: In Chapter 4 two novel Asymmetric Region based texture
operator were experimented with different parameters. A MC method which is used
to convolve the face image is also used to obtain a constant available codes per face
image. The experiments were designed into two cases. The important observations

that are made in FR configured in verification mode for person dependent settings
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are as follows in respective cases:

- Case 1: It was observed that the total available codes per image when a face
image is convoluted using MC and Asymmetric Region based operators was
constant. The MC and the property of the operators enabled to experiment
with larger scales in FR. The increase in available codes does increase the

performance of the system.

- Case 2: The MBLBP operator with MC increases the available codes
which increases the performance of the system when compared to traditional
convolution method. The performance of the system is reduced due to the
decrease in available codes affected by increase in the number of grids and scale
of the operator. The number of grids would affect the histogram of each grid.
The discriminative ability decreases due to averaging of texture as scale of the
operator increases. With respect to ARLBP with MC for three databases, it
is found that increase in the scale of the operator and the number of grids
do not affect the performance of the system. This is due to the fact that the
number of available codes were constant in the histogram. The performance
of the system would be maintained as long as the number of available codes
do not get affected. The performance of the system is highly dependent on
the available codes rather than the scale of the operator and the number of
grids. EARLBP is sensitive to boundary pixel averaging of the sub-region at
larger scales. Hence, for larger scales of the operator the VR decreases as the
scale and number of grids increase although the available number of codes are
constant. EARLBP is not robust to the variations like pose, facial expression
and occlusions which are inherent in the database. The proposed operators
along with MC can be applied to derive FRS with minimum normalization. As
the proposed operators are robust to localization and registration errors which
are inherent in the databases. It is difficult to select a perfect combination of
the parameters to deploy in an application without analyzing the behavior of

the operator.

e Facial Expression Recognition: In Chapter 5, experiments were conducted in
the presence of localization and registration errors and empirically evaluated the
suitability of the proposed operators in FER domain. A heuristic localization method
was proposed to negate face localization errors so as to facilitate these operators to

be applied in automatic FERS. The size of the image and number of grids were
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considered as constants but the scale of the operators were varied. The following

conclusions were drawn:

- ARLBP and EARLBP operator performances depend on the scale of the
operator. To get maximum performance the width of the operator should be

more than the height.

- ARLBP and EARLBP are sensitive to registration errors. Maximum recogni-

tion rate was obtained without registration errors.

- the proposed operators could be applied to derive automatic FERS which are
invariant to localization and registration errors inherent in the databases as
there is little difference in recognition rates with and without registration er-

rors.

The proposed operators are capable of deriving face representation in both FRS and FERS
domains. Hence these operators would be used in AFIA in which FR and FER system
would be integrated linearly to neutralize the effect of facial expressions to enhance the

FRS performance.

6.2 Scope for Future Work

Facial Expression Recognition in Video sequence could be considered using the proposed
MC, ARLBP and EARLBP to understand the dynamics of the facial expressions. Such
systems can be used to enhance the interactions in animations, robotic facial expression
rendering, pedagogical systems, etc. Rather than using a few images under a controlled
environment, if FR were to use video sequences this could lead to systems which would be
useful in analyzing CCTV (Closed-Circuit TeleVision) footages. Integration of both FRS
and FERS which could use the same feature extraction techniques would complement each

other’s challenges and enhance the overall system performance.
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