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Abstract

Facial expressionra emotionrelated research has been a longstanding activity in
psychology while computerized/automatic facial expression recognition of emotion is
a relative recent and still emerging but active research area. Although many automatic
computer systems havieeen proposed to address facial expression recognition
problems, the majority of them fail to cope with the requirements of many practical
application scenarios arising froraither environmentalfactors or unexpected
behavioural bias introduced by the ssesuch as illumination conditions and large
head pose variation to the camera. In this thesis, two of the most influential and
common issues raised in practical application scenarios when applying automatic
facial expression recognition system are corensively explored and investigated.
Through a series of experiments carried out under a proposed {basge system
framework for multiview facial expression recognition, several novel texture feature
representations are introduced for implementing tinwigw facial expression
recognition systems in practical environments, for which the -efetee-art
performance is achieved. In addition, a variety of novel categorization schemes for the
configurations of an automatic multiew facial expression regaition system is
presented to address the impractical discrete categorization of facial expression of
emotions in realvorld scenarios. A significant improvement is observed when using
the proposed categorizations in the proposed system framework usiogeh

implementation of the block based local ternary pattern approach.
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BBLBP
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Affine Transformbased SIFT

Kullback Leibler Divergence

Dense Scale Invariant Feature Transform
Gaussian Mixture Model

Supervised Soft Vector Quantization
Spatial Pyramid

Local Ternary Pattern

Multi-scale Local Ternary Pattern

Block Based Local Ternary Pattern

Block Based Multiscale Local Ternary Pattern
DiscreteWavelet Transform

Ergodic Hidden Markov Model

Local Gabor Binary Pattern

Support Vector Machine

Gray Level Ceoccurrence Matrix

Block Based Local Binary Pattern

Block Based Multiscale Local Binary Pattern
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Chapter 1

Introduction

This chapter describes in detail the general research background of this thesis and
presents the key theories and developments in nasesinto facial expression and
emotion which it addresses, which have a profound implication and significant
influence on the development of automatic facial expressions recognition technology.
Also, this chapter reviews the statkthe-art in automaticrecognition systems of
facial expressions in the literature (although further, and more detailed topic reviews
will also be included in relevant chapters) and further explains the applications of
such a technology in practice along with its limitationgndfly, this chapter
summarize the objectives, key contributions, and organization of this thesis.

Section 1.1 briefly introduces the background of this research. Section 1.2 provides
an overall background of the development of research studies indéapiassion and
emotion and key theories and techniques which influence the development of
automatic facial expression recognition technology. Section 1.3 describes the general
structure and key components of an automatic facial expression recognitiemsyst
Also, a review of the statd-the-art in facial expression recognition systems is
included in this section. Section 1.4 describes the current and potential applications
of automatic facial expression recognition technology. Section 1.5 summarizes a
range of desirable features of an ideal facial expression recognition system and the
corresponding limitations that are addressed by these features. Section 1.6 explains
the objectives and key contributions of this thesis. Section 1.7 presents the

organizaton of this thesis.
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1.1 Introduction

Since the initial important studies of facial expression by B¢lIDuchennd?], and

Darwin [3], facial expressiomelated research has continued for over a century. In the
1960s, Izard4] and Tomking5] postulated the disete theory of emotions. In 1978,
Ekman and Friesen introduced the Facial Action Coding Syst&@9 [6], and the
emotional facial action coding systelaMFACS [7] in 1983 which attempted to
describe facial expression by analysing various facial actions, such as eyebrow raising,
and mouth opening. In 1980, Rusdéll postulated a circumplex model of emotion,
which arguedHat discrete states occur in emotions and systematically described two
prominent dimensions in the affective space. In 1993, EK8jafiL0], introduced six
prototypical facial expression families, which are considered universal across all
cultures and ethnic groups. With enormous effort, and contributions from emotional
theorsts and experimental psychologists, the science underlying the facial expressions
and emotions of humans is understood better than it ever has been, although a
consensus has not yet been reached on the fundamental theories of facial expression

and emotion.

More recently, research on automatic recognition of facial expression has become a
very active research area within the computer vision and pattern recognition
community, largely because of its wide range of potentially important applications in
many aeas, including affective human computer interaction, artificial intelligence and
the robotics industry, patient care monitoring, diagnosing psychiatric diseases, and so
on. However, some practical issues still greatly affect the application of facial
expression recognition technology in practical scenarios, including illumination
variations, head pose variations, accessory inclusions, discrete categorization of facial
expression, facial region occlusions, and so ¢hl]. Without considering and
resolving these issues, applications of automatic recognition of facial expression
technology in a practical environment aften impractical. In the study reported in

this thesis, a cohesive and comprehensive exploration of automatic facial expression

recognition is presented to resolve some of the aforementioned issues arising in
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practical application scenarioBesides seveal approaches are presented to resolve
the encountered impediments, reduce the general difficulty of application of such
technology in practice, and introduce some novel, continuous, and generic

categorizations of facial expressions for practical appdicat

The rest of this chapter will thoroughly review facial expression recognition
technology, the primary challengeend issues faced in the recent development of
facial expression recognition systems. Then, the main objectives and key contributions
of this study are discussed in detail, followed by a brief description of the organization

and content of this thesis.

1.2 A consideration of some applications

Practically, automatic facial expression recognition technology has a range of
potential or immeditely useful practical applications in various areas, some of which

can be listed as follows:

Repl acing manual reading and coding of
applications of automatic faci al expre
t hmea nu al reading and codi FACicch & acamdge e
psychol ogi cal studi es, which wil/l Si gt
analyzing facial actions and thus bene

studies in psychology.

Di agnosing psychiatric di seases: aut
technol ogy can al so be used to diagnos:¢
rel ated wi t h emotional experience, al
psychiatirild]pat i enagnd OpsrjesWant s a fr ame\
analyzing neuropsychsicahtirziocp hd iesno @ad earnsd,
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syndr ome.

Engineering socially affective robot s:
have made the robotic industry an inter
research area. Some inhedatoi eemmuohDbDCtalf
humans in helping to[ddd&dinpliiss hr aat iroannagl
these robots tlo srteaatde tohfe a mobsdronasi nce
faci al expression is not only the mos
during -tabh hmanmnanconversation, but faci al
the information whi ¢ho6a]di texethhtangeddi mg
expression, a robot S evidently bein
i nformation being conveyed iflrsom o hees thaubr
the fundamental emotional context of a
Designing affective human computer i nt

recognition technology can al so be dep
computeronnaadaatjust the system inter/f
in order to seek and i mpllQgrdhé@B] a bett e

| mpreofvace rexcywygtnems onan automatic faci a

system can also be used to analyze the

user of a face recognition system, i n
introduced dg dfheumexmpecteeand f aci al expr
Ot haeprpl i cati ons: an automatic facial ex
seen to have a range of commerci al app

monitor the drivers of wswskhitolasetd gen

ri sks, such as drowsiness and eye <clo
recognition system can be wutilized to
signify potenti al i ncidents tbateneed
be summoned urgently. Furthermore, a fe&
al so have applications i n mar kgt8i5nNg r e s
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and so on.

1.3 Facial expression of emotion and th&ACS

There has been a longstanding debate on the perception of facial expressions to convey
emotion[12. Wi t h over a centuryodés exploration
reacheda consensus on how facial expression is perceived and what an emotion
actually is, and even the terms used in describing emotion are offes@dio a large
degredq13]. However, research relating to the analysis of facial expression has made
significant advances following the introduction of objective measurement tools for
facid movementg$6], [14], [15]. Among those facial measurement systems, the Facial
Action Coding Systenfi6] proposed by Ekmaet al.is one of the most influential

events in research relating to the automatic recognition of fqoséssion.

Based on the anatomy of the face, as shown in Figure 1.1, the Facial Action Coding
System[6] suggests a set of 44 basic single facial action units and various types of
movements of eye and head, and designates each action unit with a specific numeric
code for encoding the facial motions read on anesgive face. Additionally, this
research also introduced emotion dictionarle8GSEMFACSdictionary and~ACS

Affect Interpretation Database), which is based on their research findings about the
categories of facial expressions, to use withRAESto interpret facial expressions
categorically[16]. With the support oFACS over 7,000 combinations of facial
actions have been observed by researghi@fsTables 1.1 and 1.2 provide a list of 46
action units (i.e. consisting of the 44 basic facial actions units and 2 further action units
for the eyes) and their numeric codes, and Table 1.3 presemsis@ages of single

and combinations of facial action units.
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Figurel1:An il lustration of faci al m@i8]c | es fr
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AU number

Descriptor

Muscular Basis

=

© oW

1.
12.
13.
14.
15.
16.
17.
18.

20.
22,
23.
24,
25.

26.

27.
28.

Inner Brow Raiser
Quter Brow Raiser
Brow Lowerer

Upper Lid Raiser
Cheek Raiser
Lid Tightener
Nose Wrinkler

Upper Lip Raiser

Nasolabial Fold Deepener
Lip Corner Puller

Cheek Puffer

Dimpler

Lip Corner Depressor
Lower Lip Depressor
Chin Raiser

Lip Puckerer

Lip Stretcher
Lip Funneler
Lip Tightener
Lip Pressor
Lips Part

Jaw Drop

Mouth Stretch
Lip Suck

Frontalis, Pars Medialis

Frontalis, Pars Lateralis

Depressor Glabellae, Depressor
Supercilli; Corrugator

Levator Palpebrae Superioris

Orbicularis Oculi, Pars Orbitalis

Orbicularis Oculi, Pars Palebralis

Levator Labii Superioris,
Alaeque Nasi

Levator Labii Superioris, Caput
Infraorbitalis

Zygomatic Minor

Zygomatic Major

Caninus

Buccinator

Triangularis

Depressor Labii

Mentalis

[ncisivii Labit Superions;
Incisivil Labi Inferioris

Risorius

Orbicularis Oris

Orbicularis Oris

Orbicularis Oris

Depressor Labii, or Relaxation
of Mentalis or Orbicularis Oris

Masetter; Temporal and Internal
Pterygoid Relaxed

Pterygoids; Digastric

Orbicularis Oris

Tablel.1: Action units in the Facial Action Coding System (taken f{@8i).
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AU number FACS name
8. Lips Toward Each Other
19. Tongue Out
21. Neck Tightener
29, Jaw Thrust
30. Jaw Sideways
31. Jaw Clencher
32. Lip Bite
33. Blow
34, Puff
35. Cheek Suck
36. Tongue Bulge
37. Lip Wipe
38. Nostril Dilator
39, Nostril Compressor
43. Eyes Closure
45, Blink
46. Wink

Tablel.2: : Grossly defined action units FACS(Taken from[16]).

AU 7

AU 1+2

——

AU 1+4

5

NEUTRAL AU 1 AU 2 AU 5
Eyes, brow, and Inner portion of | Outer portion of Brows lowered Upper eyelids
cheek are the brows is the brows is and drawn are raised.
relaxed. raised. raised. together
AU 6 AU 4+5

E -!‘\V

Cheeks are Lower eyelids Inner and outer Medial portion Brows lowered
raised. are raised. portions of the of the brows is and drawn
brows are raised. | raised and pulled together and
together. upper eyelids
are raised.
AU 1+2+4 AU 14245 AU 6+7 AU 142+5+6+7

Brows are pulled | Brows and upper | Inner portion of Lower eyelids Brows, eyelids,
together and eyelids are raised. | brows and cheeks cheeks are and cheeks
upward. are raised. raised. are raised.

Tablel.3: Images of facial action units (taken fr¢gh®]).
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In contrast tothe FACS which serves as a measurement tool for encoding facial
expressions, another notion has also been widely acknowledged and has significantly
influenced the research of auatatic facial expression recognition. That is the notion
that facial expressions can be recognized categorically, and that there are six
prototypic families of facial expressions, consistingmder, disgust fear, happiness
sadness and surprise [9], [20]. Influenced by this finding, a large proportion of
researchrs consider the problem of automatic recognition of facial expressions as
distinguishing facial expressions among these six prototypic facial expression
groupings, although the categorical perception of emotion theory contradicts other
postulated theorie®f emotion [8], [21], which suggest that emotion space is
continuous, with some prominent dimensions. In our study, the problem of automatic
facial expression recognition is @pached from both perspectives. Both categorical
and dimensional recognition of faciakpression and emotion are explored in this

thesis.

1.4 Automatic facial expression recognitions

Following Suweet ald R2] early attempt to recognize facial expressions by amajysi
regions of interest in an image sequence, the research relating to automatic facial
expression recognition has made enormous advances in the past decades. Influenced
by two important theories in facial expression, as described in Section 1.2, generally
computerbased systems addressing the automatic recognition of facial expressions
fall into one of two categories. One category describes systems which attempt to
recognize facial expressions as belonging to one of the specified prototypic facial
expressias[23], [24], [25]. The othercategoriesapplies the component analysis of
facial expressions of emotion using R&CS[16], [26], [27], [28], [29], [30], which

first atempts to recognize facial action units, and then relies on the interpretation
dictionary (which is explained in Section 1.2) associated witHFhESto classify

facial expressions into either emotional or fgnotional categories. Although these

two apppoaches differ significantly in addressing the problem, the fundamental
methodology is based on the same assertion that facial expressions of emotion are
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visually distinguishable and different emotional states are associated with different

facial expressiaosn

1.4.1General structure of an automatic facial expression

recognition system

In general, an automatic facial expression recognition system consists of three
important stages one after another: the data acquisition stage, the feature extraction
stage, andhe classification stage. Figure 1.2 illustrates the general structure of an
automatic facial expression recognition system. At each of the stages of the system, a

specific range of tasks is executed, involving different functional modules.

Dat a aicmui:stidlyge first stage prepares t

extraction. For a static system (i .e.
from a single frame of the i mage seq
appliedetohéotaeei mageoonHoOwetdgnami c s
(i . e. one which analyzes the tempor al

recodmiezespeci fic hacfateekpression)]|y

face detection algorithm oe, taedfihehn

face regi oni sort rfaacckee dnotdherlough@8a{Fdrhe r
an actbaonedinststem, it is the fiancg al a
to facial action units that are | ocat
regi on. Il n addition, some i ssues i nc
normali zationat ihem,d @Pprodbdearcsdsgnory inc
normally <carried out at this stage,

reqguirements of a particular system.
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Figurel.2: General structure of an automatacial expression recognition system.



Feature extraction stage: various tyrg

applied t o extracwctoarepresenyt of acfieaal

Depending on the design of t hehd ac

i a

extracted feature representation can \

parameterized facial model . Il n gener
applied at this stage can be catdegori z
geometedc ®dppearance based, and hybr
algorithms, for exampl e.

, Classification stage: at the | ast st
representation of an i mage or video s
by the tsoysdareem dafn t he prototypic facial

t heACISasadt omati c faci al expression

r e

presented facial actions FAC&nd ecbgnj z

according to the emotednfadcidalctexpmrae ¥

interpreted. A single, or a sets of

mu

stage depending on the specific desi gt

1.4.2 Face acquisition

To carry outfacial expressiomecognition, the first step is tocate the face region in
the source data (e.g. an i mage or a v
detection algorithnfi32], [33] is one of the most efficient and fast face detectors which

is widely adopted for use in face recognition and facial expression recognition systems.
It utilizes Harrlike features, which can be fast computedhgsihe precomputed
integral image, to characterise the face andfaoe region and a cascade of boosted
weak classifiers to |earn the classifi
algorithm can locate the face image in real time but it B#&ssome disadvantages.

For example, training the cascade of classifiers is-tomsuming. To further improve
the performance of the original Viol a
extensions and improveants have been suggested. Walef34] and Phanet al.

[35] significantly improve the training efficiencyd reduce the required training time
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of the Viola and Jon e kiétsal [B6h gresentdarotherc t i o n
extension, adoptin§URF featureq437] to charactere the face and neflace regions.

In addition, Moghaddam and Pentlaj88] devised a visual learning algorithm for
face detection basecdhaensity estimation. Rowley at. [39] utilize a set of neural
networks to detect a face in small windows, and thecorsstruct a completed face
from the deteted small windows thaontain face regions. Rothadt[40] constructed

a face detection algahm that can cope with various head pose and illumination

conditions based on a Sparse Network of Winnows (SNoW).

lllumination
Accessory

Head pose . .
inclusion

Occlusion

Face
Detector

Figurel.3: Factors that affect the performance of a face detector.

The performance ofate detection algorithms in practical scenarios is generally
affected by the variations that are caused by illumination variability, largume

and outof-plane rotations, occlusions, accessory inclusions, and so on, as illustrated
in Figure 1.3. Anyof these issues can cause the aforementioned algorithms to fail or
detect a false face regioho address these problenkgraud etal. [41] propose the
Constrained Generative Model (CGM) for face detection at frontal view and side

1wl ane rotation meandi menstahabngkhimeanaeacwot ahiao
i nvoldviense n3si onal rotation.
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views based oneaural networks. Schneiderman &t [42] address the head pose
variation issue with a statistical appearance model which can be trained to detect a
face at fromtal and profile views. Huang at. [43] propose face detection algorithms
which can detect face withqolane and oubf-plane rotations. Parupdti4] employs

a wireless camera network to cope with issues raigdead pose variations. Liao et

al. [45] introduce an unconstrained face detection algorithm employing normalized
pixel difference (NPD) and a deep quadratic tree that enables efficient and fast learning
of classification rules. Forba et g46] propose an illuminaticimvariant local
structure feature obtained using the modified Census Transform for face detection

under various illuminatin conditions.

In a dynamic facial expression recognition system, after the face region is successfully
detected in the first frame of the video sequence, a tracking algorithm is usually
applied to track the established face location or face modelsuceréite computation
requirement and improve the overall performance of the syjgtél{48], [49], [50].

1.4.3Representations of facial expression

Featre extraction is the second stage in an automatic facial expression recognition
system, which examines and extracts the detected regions of integestéoating an
informative and discriminative representation for the facial expression to be classified.
The literature shows that, generally, there are three types of feature representations
that are commonly adopted: geometric features, appearanceesgatund hybrid
features, which possesses properties of both geometric and appearance features.
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1.4.3.1Geometric features

The geometricfeature category utilizes the geometric shape information of the facial
expression to encode the differences between vdiaoied expressions, for example,

the contours of the eyebrows and the inner and outer contours of the mouth. To extract
the geometric shape information of a facial expression, a facial landmark localization
algorithm is applied to detect fiducial points arface (e.g. inner corners of eyes,
corners of mouth, and nostril) in the detected facial regions. Once the coordinates of
these fiducial points are successfully located, a normalization process is usually
applied to normalize the size and rotation ofdb&ained face model. This process is
also referred to as the face registration process. It can be achieved by defining a
reference face, and then applying a Procrustes anfdggisf all the located fiducial

points or part of the set fiducial points which are less variant across all categories of
facial expressions, for example, the inner corners of the eyes and the tip of the nose.
However, this rgistration method is not reliable for dealing with -of{plane head

pose.

A face geometric model is crucial for extracting geometric features, which consists of
a set of fiducial points that are defined by an automatic facial expression recognition
systan. A variety of face geometric models has been propasedtie literature.
Raouzaiou eal. [52] present an MPE& compatible framework for analysing and
synthesizing of facial expression for human computer interaction, adopting facial
animation parameters to model various facial expressions. An illustration of the
MPEG4 facial expression model is presented in Figure 1.4. This sophisticated
framework can encode both the previously specified prototypic facial expressions and
a variety of facial actions. Ahlbel$3], [54] presents an alternative parameterised
face model nameddndide3 which is also compatible with the MPEstandard.
Later, Dornaika and Davoir[&5] proposed a particle filtdvased tracking algorithm

for the 3D Candide Model.
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Figurel.4: A face model of the neutral face using the face model based on MPEG
(taken from[52]).

Cootes etal. introduced one of the most dominant and commonly employed
algorithms for facial landmark localization, tAetive ShapeModel (ASM) [56], and

later the Active Appearance Mod&AM) [57], [58]. For the active shape model, they
devised a Point Distribution ModdPDM) for a geometric shape of a face, which is
characterised using a set of landmark points, as shown in Figure 1.5. Then, the
Principal Component Analysis is applied on the normalizactcfa points, which are
manually labelled, to model the variation of #8M across all training samples of an
object and derive a statistical model for the object. A&®lalgorithm addresses the
landmark localization problem as a constrained interactwdelfitting process. At

each interaction, after the mean model is initialized on the image, each fiducial point
in the face model shifts towards the local edge, and then the new model is constrained

using the generalized statistical model. The shifta@mtrain process continues until
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either a specified number of interactions or a convergence is reachedlAVh&7]

is an extension of thaSMalgorithm which statistically encodes both the shape and
appearaece of all training samples to construct the active appearance model for the
facial expression image under query. With the deployment of these fundamental

techniques, a researcher can generate, locate, and track a face model of their own

preference.
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Figure 1.5: Some examples of geometric shape of the face with connected landmark
points (taken fronf59]).

The original version of thé&SM and AAM algorithms gearally find difficulty in
handling issues such as slow convergence with poor initialization, poor model fitting
under large head pose variations, and failure under pactalsion of the face. Xiao
etal. [60] present a combined 2D and 2(M, which is constrained by a 3D model,
for locating and tracking fiducial points in 3D. Lee and Kigd] present a tenser

basedAAM algorithm to overcome the variations raised by subjects, large head pose,
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facial expressions, and illumination in localization of fiducial points. Deilal.[62]

present a three view face tracking algorithm based oAAMwhich can fit and track
the face model in an unconstrained environment, such aslisuree videos, as shown
in Figure 1.6. Grosst al.[63] extended thé&AM algorithm further to handle partial

occlusions.

Figurel.6: Top row: images captured in three different \8emiddle row: the located
face models; bottom row: the expanded face models with interpolated fiducial points
(taken from[62]).

Besides thdAMandASMbased methods, other facial models are also used to encode
the displacement of a geometric face model of various facial expressions, including
multistate face component modglS], pointbase face model of frontal and side view
[64], and other facial landmarks based face mo@&lf [66], [67].
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1.4.3.2 Appearance features

Appearance features are generated based on the appearance difference of various types
of facial expressions, wti utilize a range of texture descriptors to model the
appearance of a facial image for a feature representation, such as Gabor \\G8B}elets
[69], Principal Component Analysi®CA) [70], [71], Linear Discriminant Analysis

(LDA) [72], Local Binary Pattern.BP) [73], Speed Up Robust Featuf¥ YY) [37],
Gradient Location and Orientation Histograi®{ 0)"{@4], Histogram of Oriented
Gradient (OO0 Q75], Discrete Cosine Transforn®(© )YY76], and so on. In contrast

to the case when using geometric features, a minimal feature registration process is
applied to normalize the size andglane orientation of the face. For example, the
certre of the eyes and mouth can be used to align the face image in the query image

to the predefined reference fadé1].

Thelocal binarypattern [BP) [73] and extensions diBP [77] operator have been
intensively utilized for the analysis of facial expressions in the past decade®tShan
al. [78] adopts the local binary patteapproach for the representation of different
facial expressions, and applied template matching and the support vector machine to
classify facial expressions. Nareti al.[79] utilize a combined texture of Elongated
Ternary PatternELTP) and Elongat Binary PatternELBP) for recognizing pain.

Liao et al.[80] present another appearance representation using the extended local

binary patten and Tsallis entropj81] calculated from 16 Gabor filtered images.

Besides the local binary patterieng et al. [82] present a facial expression
recognition system based on appearance features generatgdcabor filters for

feature generation arféiCA for feature selection and reduction. And, ¥ual.[83]

present a system using appearance features based on the Weber Local Descriptor and
histogram contextualization, anested on a set of facial expression images generated
from a search engine (specifically, Google). FurthermoregtVil. [84] utilize the

2D-DCT algorithm, which was originally introduced specifically for image

compression, for implementing a facial expression recognition system.
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1.4.3.3 Hybrid features

Both geometric features and appearance features have their own advantages and
disadvantages. Thgeometric feature approach is straightforward to understand and
can be computationally efficient in some application scenarios. The registration
process can help remove the bias introduced by subject difference and improve the
ability to discriminate amanfacial expressions. However, processes for establishing
and tracking the face model generally need to be well designed to cope with
challenging issues typically introduced by the application environment and the subject,
including changes in illuminatiolcclusions of face, accessories inclusion, and large
variations of head pose. Additionally, the geometric feature approach cannot encode
subtle facial expression and some facial actions that are not visually distinguishable in
2D geometric space, such@aweek raising, mouth corner dimpling, and sq&%j. In

contrast to the geometric feature approach, the registration methods applied before the
extraction of appearance features cannot fully register the face to a reference fac
properly, and this thus restricts the ability to discriminate among the appearance
features. Also, the appearance of a subject is affected by ageumakelied to the

face and ethic group, and thus an appearance feature can be sensitive to variations
i ntroduced by subjectsdé differences note
geometric methods also influence the discrimination potential of appearance features,

including noAuniform illumination and partial occlusions.

With that being saidt is therefore reasonable and necessary to consider constructing

a hybrid feature representation which can embody the inherent strengths of both
geometric features and appearance features, so that a superior representation is thereby
devised. The resultingybrid feature approach utilizes both the geometric shape and

the appearance of a face to encode the difference among various facial expressions. A
hybrid feature representation can be constructed with various types of fusion. For
example, it can be an pgarance feature extracted at the located landmark [p&&jts

or a more sophisticated representation, which utilizes a geometric face model to
normalize the appearance of the face and then applying aittaigtw extract holistic

or local appearance featui&$], [87], [88], [89].
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Kotsiaet al.[30] utilize the idea of discriminant nemegative matrix factorization to
extract texture information and th€andide grid node information extraction
algorithm to extract the shape information of an expressive face. Wang af@DYin
propose the topographic contddsed feature for facial expression recognition, which
IS extractedat certain regions of the face, as shown in Figure 1.7, after the fiducial

points are successfully established.

@

Figurel.7: (a) Face models of 64 fiducial points; (b) facial expressive regions for
extraction of topographic context based features; (c) an example of the terrain map of

a face image (taken frof@0]).

1.4.43-dimensionatbased facial expression recognition

As mentioned in Section 1.3.3.3, geometric features camuaide som subtle facial
expression®r facial actions that are reflected in changes of defithexample, the

facial action of cheek raising and mouth corner deepening. Compared with a 2D
based system, a 3based system can better interpret the de#&bion of facial
expression in 3D, and with the assistance of a 3D facial acquisition facility, the
difficulty encountered when adopting the 2D face model, such as issues introduced by

large variation of head pose, can be resolved efficiently. As a réBtbiased systems
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for automatic facial expression recognition have also been an active research area
within the scope of general automatic facial expression recogmiiwariety of 3D

facial expression recognition systems have been proposed, includirgergic

elastic models basd@1], 3D deformable model bas¢aP], 3D local shape analysis
based[93], histogram of surface differential quantities bag@d], local principal
curvature analysis bas§ab] facial expression recognition systems, and others.

1.4.5Recognition of facial expression in video sequence

In contrast to a static system whicleognizes a facial expression in a single frame of

a facial image, a dynamic facial expression recognition system can model the dynamic
deformation of a facial expression in the dimension of time in order to analyse facial
expressions. It has been stressbdt the dynamic aspect and timing of facial
expressions is important for recognizing spontaneous smiles and can enhance the
human perception of subtle facial expresqib8l, [96], [97]. Therefore, it is worth
considering encoding the characteristics of the dynamics of facial expressions for

automatic analysis of facial expressions.

Cohenet al.[98] preseha dynamic facial expression recognition system based on the
Piecewise Bezier Volume DeformatioRRVD) tracker, as shown in Figure 1.8, to
track the 3D wireframe model of the face in a video in order to model the temporal
deformation of various facial pressions, and applied the muével Hidden Markov

Model for classification of facial expressions.
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Figure 1.8: (a) The 3D wireframe model used by tR8VD tracker; (b) facial

deformation encodeaf feature representation (taken fr{®g]).

Li et al. [99] utilize the Candide3 face model to model the temporal and geometric
differences of various facial expressions. Almaev and VdEd8y] introduce the local
Gabor binary pattern from the three orthogonal plab&8pP-TOP) for modelling the
temporal dynamic of facial expressions and employ the support vector machine for
classification of facibexpressions. Tairgt al.[101] extend the use of th&5BP-TOP
feature for recognition of facial expressions in Ae&ared videos, while Zhao and
Pietikainen[24] introduce the volume local binary patteMLBP) based system to
recognize a facial expression, and a comparable performanceGBR TOP based
system is reported. Other dynamic systems, including the appedrased tracker

and the casbased reasoning approach based sys{8ifis 3D gradient descript
based systen{402], multistate face component models and Bayesian networks based
systemg19], [103], have also been presented for recognizing facial expressions in

video sequences.
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1.5 Ideal features of an automatic facial expression

recognition system

Ideally, the design of an automatic facial expression recogrstistem should meet

a range of requirements that enable and ensure the robustness, efficiency, accuracy,

usability, and automaticity of a proposed system as summarized in Table 1.4 (taken

from [11]).

Robustness

Rbl

Deal with subjects of different age. gender. ethnicity

Rb2

Handle lighting changes

Rb3

Handle large head motion

Rb4

Handle occlusion

Rb5

Handle different image resolution

Rb6

Recognize all possible expressions

Rb7

Recognize expressions with different intensity

Rb8

Recognize asymmetrical expressions

Rb9

Recognize spontaneous expressions

Automatic process

Aml

Automatic face acquisition

Am?2

Automatic facial feature extraction

Am3

Automatic expression recognition

Real-time process

Ril

Real-time face acquisition

Ri2

Real-time facial feature extraction

Ri13

Real-time expression recognition

Auntonomic Process

Anl

Output recognition with confidence

An?2

Adaptive to different level outputs based on input images

Table1.4: Ideal features of an automatic facial expression recognition system (taken

from [11]).
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An automatic facial expression recognition system should model the facial expressions

in a way that is independent of the variation moduced by subject
differences. For example, age, skin color, and magkéhat is worn on the face can
influence the performance of an automatic facial expression recognition system which
adopts the appearance feattetated algorithm for leating and tracking of fiducial

points or generating feature representations.

Similarly, an ideal system should be able to handle the variation of illumination
conditions that is common in both practical indoor and outdoor environments, as
illumination cwnditions can significantly affect the quality of the image that is acquired,
and thus influence the performance of a system to a large extent, especially in outdoor
application scenarios where illumination control is generally very much more difficult

to achieve.

In addition, an ideal facial expression recognition system should also be able to cope
with various occlusions of the face and accessory inclusion, because these conditions
can cause many components of an automatic facial expression recogystiom to

fail to function normally. For example, an occlusion of the face can cause the face
detector to fail to detect a face in an image, the landmark localization algorithm to fall
to locate the fiducial points, an appearabesed feature extractiorigarithm to

extract a false feature representation that contains the occluded face region, and
eventually disable the entire facial expression recognition system. Typical examples
of partial occlusion and accessory inclusions include the wearing of a searf

wearing of glasses, and the wearing of a hat, and so on.

Another desirable feature for an automatic facial expression recognition system is the
ability to cope with large uplane and oubf-plane head pose variations. It is
acknowledged that sparteous facial expression usually occurs along with head
motions, especially in outdoor environmefit9]. Also, a large variation of head

pose alters both the geometric characteristics and appearance of the presented facial
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expressiopnwhich can eventually significantly influence the performance of a facial
expression recognition system. Furthermore, coping with large head pose variation is
also an important aspect for improving both the usability and the robustness of a
system, partiglarly for applications in unconstrained environments where effective
head pose control measures are not generally applicable. Therefore, it is crucial to take
these issues into account when designing and implementing an automatic recognition

solution forfacial expression analysis.

An ideal system should also be able to recognize all or, at least, a specified range of
spontaneous facial expressions that are required by a particular application scenario,
even at low intensities. Distinct from a deliberédeial expression which is posed
intentionally to show that an emotion is being experienced, a spontaneous facial
expression is usually more subtle (i.e. less pronounced) and tends to happen more
quickly in a consistent period of tifig6]. The majority of automati@acial expression
recognition systems which have been proposed devised based on specifically
posed and fulipronouncedi.e. clearly articulatedpcial expressions, an issue which
brings about a critical problem. This is that the automatic recogrstdution is, in

fact, constructed based on biased data, and thus restricts the performance of a
laboratoryproven automatic recognition system of facial expression when transferred
to practical application environments. With that being said, it is easemtonsider

the bias introduced by the posed data and to recognize less pronounced facial
expression in order to improve the usability and robustness of a devised system in
order to achieve higher recognition accuracy when operating subsequentiticepra

application scenarios.

Another desirable feature of an automatic system is the capability to work in a
responsive manner in real time, which suggests that an optimal facial expression
recognition system should be able to recognize, atleastuongse ct 6 s f aci al

in a fairly short time, for example, being capable of processing 30 frames of facial
expressions within 1 second. Recogni zing

another challenge for designing a real time facial expmes®cognition system,
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which reveals an increase in recognition time, which is linear with respect to the total
number of subjects that a system is capable of dealing with. As an example, one typical
application scenario of a multiple facial expressiarognition system is monitoring

psychiatric patients in a communal lounge.

In addition to the factors summarized in Table 1.4, an ideal system should require
minimal or no cooperation from the subject and should be capable of recognizing a
facial expressin without raising concerns on the part of the subject, which means that
the system should be able to recognize facial expressions unobtrusively and from a
distance.

Also, an automatic facial expression recognition system should be able to interpret
facial expressions in a broad and cohesive manner that enables the output emotional
label to be appropriately interpreted in a particular context. Currently, the majority of
proposed systems have focused on recognizing facial expressions in a discrete way,
which categorizes a particular facial expression into one of the prototypic facial
expression categories or recognizes the facial expression by coding facial action units
in the presented facial expression. This categorization may lead to suboptimal
solutionsfor some practical application when some broader categorization is preferred,
and thus a broader and more cohesive categorization can in many cases lead to a better

recognition accuracy.

To apply automatic facial expression recognition technology effdgtin practice,

these aforementioned factors should be carefully considered when devising a practical
system for application in a particular scenadthough features such as these
generally result in a better automatic facial expression recognitsd@mnsyin practice,

to design an automatic system that meets all these requirements is infeasible and
uneconomic since the requirement of a system is influenced by the particular

application scenarios and laid down by applicatielated system requirements
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Hence, an optimal system in practice is one that fulfils all system requirements with

the least resource requirement, taking into account all relevant aspects.

1.6 Objective and key contributions of this research

1.6.1Aim of this research

Section 1.5 has desioed a range of limitations and desirable features of an optimal
facial expression recognition system, which address the corresponding limitations. In
the research to be reported in this thesis, from a broader perspective, the objective of
this research igo investigate and resolve the issues relating tcalfaexpression
recognition in less constrained anconstrained environmentind make facial

expression more interpretable for practical application scenarios.

First, an automatic facial expressiorcognition system is devised to recognize facial
expressions in less constrained or unconstrained environments, under a variety of large
head pose variations and a range of expression intensities (this is further explained in
Section 2.1.3).

Secongda compehensive investigation of the application of currently available texture
features in multview facial expression recognition is carried out to find a novel
texture feature or fused texture feature for constructing a better feature representation

for multi-view facial expression recognition.

Third, novel categorizations of facial expressi@mesummarized, which enable the
facial expression to be interpreted in a manner that facilitates better and more effective

practical application of such a technology
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Fourth a multiview facial expression database is designed and constructed initially,
which makes the proposed research relating to facial expression recognition in
unconstrained environment feasible by making available appropriate data for

experimention and investigation.

1.6.2Key contributions

Although automatic facial expression recognition has been studied intensively, some
questions still have not yet been full addressed by the techniques and systems
principally proposed to date. The key contribag of this thesis can therefore be listed

as follows:

A novel automatic recognition system f.
iI's capabl e of handling f aochp lad nee xrpa teastsii
rangi ngt vfdmemPgan head r ootrdtoicaitisl tantdead
rotations. This system also recognizes
|l east faci al expression intensity with

measured on 4 dsifdrrecattabasea) exmpparsed

ot haer t f aci al expression recognition sy
., A novel | ocal descriptor is introduced
staoftedraert texture descriptors, which <co
t hecadl textures. By fusing the novel t
St oteraert texture features, we aroen abl e
for -wmuéwifacial expression recognition

feat urceonmbhiemned wi th a particul ar range
i mproves t he overall perfor mance and

recognition accuracy compared with a si

A novel categori zatidamr e€shtt feagtroerg ¥ iinsg atlhsec
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possible facial expressions, whi ch I n
prominent di mensions of the affective
a continuous, cohesive, aandl beapdesswa

benefits in many practical application

1.7 Thesis organization

The thesis is organized as follows:

Chapt-eol Re-bhaedei haci al expression da
r this study alongl wekhpr edgsiean pdatl a

o -+
c O o @® O S

pl oyed in this t hesi s are compreher
chniques, including face detection
ol boxes adopted in this st ucdcye sasrieb ]| per
mmary of the project infrastructure

5

Chapter 3, a-vhewelf acnaVvVersplr emsl Din
using | ocal ternary pvaitetwe rino caanld ttehren aerx
presented, t ogetihwe iwn u és tai gcaotmporne hoefn st
head pose variation and intensity | ev

proposed facial expression recognition

Chapter 4 presents a novel texture des
(LOP sdceri ptor), which statistically de
nei ghborhood, t-oftaet wi ¢ht ot bedesd¢ it pt c
a preliminary study of fusion -loofc atle xt
ternary palte-ecamurgengesmatri x, |l ocal b
of oriented gradient, and | evel of di

uni versal faci al expression recogniti ol
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Chapter 5 reviews fheitaheexprefsse mot am
affective models and key di mensions 1in
novel st ratteegy rfizratrieon of facial expre
scenari os. A preliminarewg D hvessutcihgada i o
categorization scheme is cowmdawtdachbast

expression recognition system that i s |

Chapter 6 briefly summarizes the conte
observatiods n@asnddifscovered and report
emphasi zes the key contributions of th

research directions.
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Chapter 2

Experimental infrastructure

This chapter will describe the public facial expressiatabases utilized in this study,

and present a new multiew facial expression database in detail, which is designed
and collected for devising and evaluating a novel facial expression recognition system.
Furthermore, this chapter also explains somesp8al techniques and toolboxes that

are utilized in this study, including the face detection algorithm and the classifier.

Section 2.1 explains thaublic facial expression database that is employed in this

study. Section 2.2 present and thoroughly déses our novel irhouse multview

facial expression database. In Section 2.3, the face detection algorithm and toolbox

that is used in this study are described thoroughly. Section 2.4 explains the classifier

that is deployed for classification of faciakpressions and how the classification
accuracy 1is reported in this study. Sec

content.
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2.1 Facial expression databases

This section explains, summarizes, and discusses the facial expression databases that
were used in the research study reported, including the ExtendedK@ohde
Database@K+), the Binghamton University 3D facial expression database, and the
Japanese female facial expression database. All of them are available publicly to the
academic resarch community and employed popularly in devising and testing many
stateof-the-art facial expression recognition systems. Additionally, a novel facial
expression database, ourhinuse multiview facial expression database, is designed

and collected spély for this study, which is particularly aimed at mutew facial
expression recognition research. The detailed design, data collection setup, and

procedures are also presented.

2.1.1Japanese female facial expression databasikAFFE)

Figure2.1: Some examples of facial expression images of two subjects JARE
database, from left to right demonstrate neutral, happiness, sadness, surprise, anger,
disgust, and fear respectively (taken frf@€]).

The Japanese female facial expressidhFFE) database is a static and grayscale
facial expression database which collects six basic facial expressions and the neutral
facial expressn from 10 female Japanese modéB]. Each subject was requested to

pose 3 or 4 times for each of the prototypic facial expressions and once for the neutral
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expression. As a reliuthe JAFFE database contains a total of 213 posed facial
expression images. The image spatial resolution used for each incagegs; v.4n
regard to head pose, minor-ptane rotation is often observed while -@itplane

rotation is observed to be minm none.

_ Semi-Reflective
Light Mirror

ILLUSTRATION: André Plante

Figure 2.2: An illustration of the environmental setup for data collection for the

Japanese female facial expression database (takefg@m

The data collection process was carried out in a special conditioned room. The source
of illumination was placed above and in front of the subject to ensure the illumination

is roughly even across the entire face region. Tlhgestitakes a picture of herself

while looking at a reflective sheet, which offers the subject the opportunity to judge
the quality and the accuracy of the expression executed based on her knowledge of the
expression seen in the reflection, to decide wisdhe best frame that describes the
requested expression. It is worth pointing out that a data collection without self
verification is different from one with selferification because the outlined procedure

of the data collection process has enabledsthigiect to adjust her performance
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according to her knowledge of the requested expression. Consequently, the collected
images of facial expression in the database will eventually be shifted toward their
understanding of the imagery display of the requefsteid] expression rather than a
spontaneous expression they give in-tlagay living. Figure 2.2 briefly illustrates

the environmental setup of data collection stage.

Furthermore, the database adopted a semantic rating scheme on the collected samples.
A total of 92 Japanese female subjects were requested to inspect and rate samples in
the database towards six affective words within a range of 1 to 5, with 1 indicating
perceived low similarity and 5 indicating high perceived similarity. Individuals
involved in the rating procedure were divided into two groups. One group rated the
entire set of database samples and the other group rated all facial expressions in the
database except those of the facial expressiéeaaf The reason for this rating setup

is that they observed that participants have difficulty in poag The final rating

score for each image is an average of the rating scores from the two groups, which
serves as an indication of the validity and accuracy of the posed expressions. This
rating is utilized to label the expression in each image. An imdgkeedaccording

to the expression with the highest similarity rating.

The &Apanese female facial expression database has been used by many researchers in
many publications to evaluatfacial expression recognition systef@40], [111],
[112],[83], [113].

2.1.2The extended CohrKanade Database

The extendd CohrnKanade CK+) databasd114] is an extended version of the
original CohnKanade database with validated emotional labels and facial action
coding for automatic facial expression recognition resedktter extension, th€K+

database records facial actions from a total of 210 adults, who are aged between 18
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and 50 years, and with a distribution of 69% female and 31% mal€Rhelatabase
consists of 81% EurAmerican subjects, 13% Africadimerican,and 6% other
groups (not specified ifi114]). Participants are instructed to pose facial actions (AUS)
that are described in facial actioading systemKACS [6], including single facial

action and coiined facial actions. A detailed list of AUs coded in @€+ database

is tabulated in Table 2.2. A total of 593 video sequences of posed prototypical facial
expressions are collected excluding sequences of facial actions from 123 subjects
coded in variousumbers of frames (specifically, from 10 to 60 frames). The first and
last frames are the onset (neutral) and apex (peak frame) of an expression respectively.
309 in 593 video sequences are validatedamnelledas prototypic facial expressions,
excludirg contemptvhich is not a prototypic facial expressions defined by Eki®gn

The complete statistics of the collected &ixklledexpressions are tabulated in Table

2.1. TheCK+ database includes both grayscale aotbur facial images of two
different resolutionsg T 11T w for grayscale imagesand @ T 1tT Y for color

images.

Emoti Ange Disg Fea HappirnSadn Supr
N o 4 5 59 25 69 28 83

Table2.1: Statistics oflabelledprototypic facial expressions contained in Qi€+

facial expression database.

Figure 2.3: Examples of facial expression images containe@K+ images (taken
from [115]).
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AU | Name \ N H AU | Name | N H AU | Name N

1 | Inner Brow Raiser 173 13 | Cheek Puller 2 25 | Lips Part 287
2 Outer Brow Raiser 116 14 | Dimpler 29 26 | Jaw Drop 48
4 | Brow Lowerer 191 15 | Lip Corner Depressor | 89 27 | Mouth Stretch 81
S Upper Lip Raiser 102 16 | Lower Lip Depressor 24 28 | Lip Suck 1
6 | Cheek Raiser 122 17 | Chin Raiser 196 || 29 | Jaw Thrust 1
7 | Lid Tightener 119 || 18 | Lip Puckerer 9 31 | Jaw Clencher 3
9 | Nose Wrinkler T4 20 | Lip Stretcher 71 34 | Cheek Puff 1
10 | Upper Lip Raiser 21 21 | Neck Tightener 3 38 | Nosiril Dilator 29
11 | Nasolabial Deepener | 33 23 | Lip Tightener 59 39 | Nostril Compressor | 16
12 | Lip Corner Puller 111 24 | Lip Pressor 57 43 | Eyes Closed 9

Table2.2: The total number of action units (AUlat is presented on the peak frames
in CK+ database (taken frofi14]). N represent the number of times the AU is coded.

(a) (b)
Figure2.4: Examples of expressive images of the same subject captured at two views,
frontal (a) ando 1t(b) (taken from115]).

The data collection of theéK+ database is set up in an observation room. Two digital
cameras are equipped to collect video sequences of facial expressiorss fiantal

view and atottbt he subj ect 6s r.iTgdhaexamplés oftfdtial s a me
expression images captured at these two cawiews are shown in Figure 2.Bhe

subject is seated while the data collection is carried out. Regarding illumioatitol,
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two different setups are used: either an ambient room light with arttighsity lamp

or two highintensity lamps with reflective umbrellas. It is worth mentioning that,
despite measures being applied to assure a uniform illumination conditiorg
images in th&CK+ database are overexposed to a minor extent. Regarding head pose

variation, inplane and oubf-plane motion is minor to none.

To validatethe emotion labels of the collected facial expression data, interpreted
criteria of prototypt facial expressions provided BACS[6] as shown in Table 2.3

are measured on the peak frames of all 593 video sequences. In the end, through a
threestep validation process, 309 video sequences havddissiedas representing

one of the six prototypic expressions excludingtempt

Emotion | Criteria

Angry AU23 and AU24 must be present in the AU combination
Disgust | Either AU9 or AUT0 must be present

Fear AU combination of AU1+2+4 must be present, unless AUS is of intensity E then AU4 can be absent
Happy AU12 must be present

Sadness | Either AUI+4+15 or 11 must be present. An exception is AU6+13

Surprise | Either AU1+2 or 5 must be present and the intensity of AUS must not be stronger than B

Contempt | AU14 must be present (either unilateral or bilateral)

Table2.3: The criteria for interpretation of emotion in terms of facial AUs. The AU

identifier number useddrne is described in Table 2.2.

The tended CohtKanade facial expression database is one of the most popular
facialexpre si on databases used in facial expre
performance on this database will allow our proposed system easily to be compared to

many other statef-the-art facial expression recognition systems in the field.
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2.1.3Binghamton University 3D facial expression BU-
3DFE) Database

The Binghamton University 3D Facial Expressi®@U(3DFE) databas¢l16]is a 3
dimensional facial expression recognition database, which contains six prototypic
facial expressions from 100 subjects who are undergraduate and graduate students at
the Sate University of New York at Binghamton. Each subject was instructed to pose
prototypic facial expressions includirgnger, disgust fear, happinesssadnessand

surprise All six basic facial expressions are recorded in four different intensity levels
except neutral, as illustrated in Figure 2.5. As a result, the database consists of 2,500
geometric models and 2500 texture pictures taken from the left and right point of view
of the subject. The proportion of male to female subjects in the datalmgge e

subjects in the database are drawn from various ethnic groups, including white, black,

EastAsian, Middleeast Asian, Hispanic Latino, and others.

Neutral 1

(]
(V8]
SN

Figure2.5: Examples of neutral and anger of tlaene subject iBU-3DFE database.

Images from left to right are the neutral face, anderin intensity levels of 1 to 4.

To extractthe 3D facial expression, the 3dMD digitizer is employdd.7]. The
detailed setup of the data collection enviremnis illustrated in Figure 2.65ix
synchronizedcameras andwo flashing systemare deployed to build the system
which are configure@s seen in Figure 2[@16], [117]. The system generates two
texture images irthe resolution ofp o 1 Tw T pixels and apolygon face modeh

resolution between 20,000 and 35,000 polygons.
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)
T O A

Figure2.6: Environment setup for the data collectignocess (taken frofi16]).

00

Figure 2.7. Examples of 3D shape models and texture images iBthWdDFE
database: (a) raw 3D models; (b) processed 3D models with only face regions; (c)

texture images of two views; (d) annotated facial feature p@iaken fron{116]).
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The system automaadly processes the captured data and produces a 3D geometric
shape of the face along with texture images, which describe the appearance of the
surface of the face. After the 3D facial expression data is collected, a processing step
is carried out to removaonface regions contained in the original 3D model and
generate a frontal texture image, as demonstrated in Figure 2.7. In addition, a set of
marked facial feature points is also pamal as illustrated in Figure 2(d).

During a data collectiosessin, the subjeg, sitting frontal to the 3D face system, is
instructed to perform six facial expressions at four different intensity levels based on
their own understanding of intensity levels of facial expressions. The intensity levels
are described by thénstructor as low, middle, high, and highest intensity.
Consequently, each subject poses 25 samples of facial expressions, four for each basic

facial expressions and 1 foeutral

The validaion of the collected data is performed in three steps: fiysthé subject
him/herself, second, by an observer who is expert in reading facial expression; finally,

by a faci al expression analysis system.
expression shown is the requested expression is considered as the grbuwicttie

expression.

2.1.4 Simulation of facial images fromBU-3DFE database

Since theaim of our research is to devise a 2 dimensional raigdtv facial expression
recognition system, a large numbers of raulktiw facial expression images are
required. TheBU-3DFE database has enabled us to reconstruct the 3D facial
expression data from the 3D geometric shape and texture images provided in the
database and simulate the required 2D nwidtiv facial images for our study.o
reconstruct the 3D facial expressgrithe Simulink 3D Animation Toolbopd 18] is

utilized throughout the entire simulation process. The simulation process consists of

the following steps:
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1) First, the 3D face uwtded by tlloea dwidr tanal
Then a set of 35 viewpoints are createdc
and saved.

2) After that, the simulated 2®cguagEi al i mi

3) Finally, the iIimage iscabavembagdsframdR

experi ments.

Figure 2.8: An example of the simulation process. From left to right we see the
simulated raw image at viewpoint of pan angle of tandtilt angle o 1, Xhe

cropped image, and the archived final image.

2.2 In-house multiview facial expression database

A suitable f&dal expression database is an essential tool for researching and
developing facial expression recognition systems.ltih many facial expression
databases has been introduced over the last def&8degl14], [116], [119], [120],

[121], none of them can allow researchés thoroughly investigate the influence of

different views on the recognition of all prototypic facial expressions. Therefore, it

60



was considered necessary to create a real -wmalti databasdor more detailed

exploration of facial expressiaecognitionfrom various poses

2.2.1 General information

Express Si x prototypic faci
Pan vi e wnJemJomA Jowd mdrJ
11 umin One ambient room
Sti mul Or al i nstructio
Vi deos 252i deo sequence:
Subj ec 6

Age 285

Et his East Asi an, Eur o
Accessc Gl asses and scar
Resol ut PCYTK ¢TI
Fame/ se 29 ps

Table2.4: General information and statistics of thehouse database

Our inrthouse multiview facial expressin database was designed ®xploring,
devising and evaluating the preliminary design of our proposed facial expression
recognition system. This database contains six prototypic facial expressions from 6
participants who are postgraduate students at tinetsity of Kent. For each subject,

six basic facial expressions, includiagger, disgust fear, happinesssadnessand

surprise are collected at 7 different pan views. Consequently, a to?&l2yaw video
sequences of facial expressions are coltefitam all subjects in two sessions with an
interval of 1 week between sessions. Each sequence starts from a neutral face to apex
of the expression, and then back to neutral face again. The ethnic groups in the

database are Ea8tian and European, and paipants are aged between 25 and 35.
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Table 2.4 summarizes the general information of thouse multiview facial

expression database.

2.2.2Environmental setup

The data collection took place in a small laboratory room equipped with a Nikon
D7000 camera. Tendigital camera is set up in front of the subject at a fixed distance
of 1.2 meters. An office chair is placed in the middle of the scene for the subject. At
the beginning of each data collection session, the height of the camera is adjusted to
keep theitt angles to the minimal degree. To acquire mulkiw facial expressions, a
single camera sequential acquisition scheme is utilized to acquire facial expression
from each of the pan views respectively. Six points are marked down on the wall for
every parview except the frontal view, for the subject to look at while posing their
facial expressions. Regarding illumination, one ambient room light is used, which is
mounted in the ceiling above the camera and in front of the suBjeleimonstration

of the ewironmental setup is shown in Figure 2.9.

Camera

Viewpoints
]
.-"|

Figure2.9: Environmental setup for the data collection process.
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2.2.3Data collection

During the data collection proce#ise subject is seated while performing theurssg
expressions As demonstrated in Figure 2.¢acial expressions from 7 different
viewpoints are acquireslccessively from left to right each view, each subject is
requested to pose the expression based on their own understanding of the given
affective adjectivegomprisinganger, disgust fear, happinesssadnessandsurprise

These expressions are posed one after another and one expression att &aiche
viewpoints The data acquisition started from the left profile view, whiclalelled

as1 as shown in Figre 2.9 and then facial expressions from other viewpoints are
collected in clockwise order. The data acquisition takes place in two sessions with an
interval of 1 week between sessidwsintroduce intreclass variation and subject

variaion. The same data collection protocol is followed in all data collection sessions.

2.2.4Validation of acquired facial expressions

The validation ofacial expressiodata iscompleted in one step. Each subject reviews
his/her facial expressions after cagtulf the subject confirms the expression is not
the requested facial expression, the acquired facial expression is removed, otherwise

it is archived.

3.2.5 Quality control of the data

The subjects are allowed to wear accessories throughout the dataaolession.

One third of subjects wore glasses, and one sixth of subjects vhesdacarfAs a

result, half of the subjects in the database wore accessories, which would bring

substantial difficulties in recognition of facial expressions on the datalbaseuld

be also noted that some acquired facial expression data are slightly blurred due to
exaggerated movement of the head during the capture. To sum up, facial expressions

possessing the following properties are removiest, off-focus; second, ideo
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sequences thab nd demonstrate theequested facial expression as confirmed by the
subject. As a result, the final archived database contains 196 video sequences.

2.2.5Facial expressiondata

As validationof facial expressions and data quality contt®6 video sequencese
archived in the databada.addition, the peak frame of facial expression in each video
sequence is captured for the purpose of devising a static facial expression recognition

system. Some examples of captured peak frames of éagisdssns are provided in
Figure 2.10

Figure2.10: Some examples of captured facial expressions in ebourse database:
(a) anger, (b) happiness(c) sadness(d) neutral

2.2.6 Advantage and disadvantag®f the database

Our inrhouse database has sevprak and cong-irst, the size of the database is small.
It is difficult to devise a reliable system from this amount of data. The sgoomids
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that a large proportion of the participants wear accessurich make it difficult for

devising facial expression recognition solutions without accessbuegood for
testing a sy3Jhemds tbkbustaessshadows on |
insufficient illumination compnsation. Tese properties introduce considerable
uncertainty into the evaluation of the performance of the facial expression recognition
system built based on this database, they could also be an advantage because issues
including illumination and accessory inclusion is commorpriactical application
scenarios, which make this database feasible for evaluating the robustness and
practical performance of a faciekpression recognition systemdost importantly,
however, is that while acknowledging the limitationsthis databasellaws us to
examine, at least in a preliminary way, important image types which could not

otherwise be investigated in the reported study.

2.3 Face detection

Figure2.11: An example of a detected faceregors i ng t he Vi ol a and

detector on an image from t@K+ databas¢l14].
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As describedpreviousy in Chapter 1 face detection israessential part of a facial
expression recognition system as it locates the initial region of intartest source

image. In this study,thewel st abl i shed Viola and Joneso
[33] is employed because of its effectiveness and its efficiency in detecting faces in
reall time. A toolbox i mplementing the Vi
utilized in this study122]. Figure 2.11demonstates a face region as detected by this

face detector.

2.4 Classification using support vector machines

In this study, the muklclass support vector machin®\M classifier is deployed to
classify facial expression$23]. The support vectanachine classifier is an advanced
and weltestablished classifier, which has been deployed to solve a large variety of
classification problems, with particularly promising results having been reported in
many related facial expression recognition reseataldies[93], [124], [67], [54],

[125]. Therefore, the support vector rhate classifier is utilized throughout this
research. The multilassSVM classification is achieved by adopting the -eseall
classification strategy suggested by Crammer and Sjtgét, which turns a mil-

class classification problem into a constrained optimization problem and allows the
problem to be solved more efficiently. A toolbox which implements and optimizes the

original support vector machine for large scale applications is ut{liz=g.

For all the results reported in this thesis, the classification accuracy that is reported is
an average of thelassification accuracy of ten repetitions of stratifieefdl@l cross
validations. Kohav[128] studied the methodology of cregalidation and suggested

to use stratified 14@old cross validation for model selection because it gives a better
estimation of the classification accuracy. A large partition that is mare 18 folds

gives rise to bias while a small partition increases variance. Therefore, the
recommended crosalidation strategy is deployed in this study for reporting the

classification accuracy.
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2.5 Conclusion

In thischapter, the primary databases thaudifized in devising and testing our mualti

view facial expression recognition systems throughout this study are described in
detail. In addition, we have also presented a novel facial expression database, which
is designed and compiled in our laboratoryeafpcally for multrview facial
expression research. Finally, general techniques and toolboxes that have been adopted
for simulation of facial expression images from a 3D model, for face region detection,

and for the classification of facial expressioasdnbeen explained.

In the next chapteg general review of statef-the-art texturebased multview facial
expression recognition systems is elaborated, and then our novel facial expression
recognition approach using local ternary pattern and +addte local ternary pattern

operators are presented, for which outstanding performance has been achieved.
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Chapter 3

Local ternary pattern based universal facial

expression recognition

In this chapter, a review of some stafiethe-art multi-view facial expession
recognition systems and analysis of the advantages and disadvantages of these
systems is at first presented. Then, an investigation of possible different configurations
of local ternary pattern operator in the application of universal raitiw fagal
expression recognition is elaborated. In addition, the original local ternary pattern
operator is extendkto operate at multiple scalder which when employed for
constructing multiview facial expression recognition system, a stdttheart
perfamance is achieved.

I n section 3.1, the motivation and gener &
section 3.2, rel ated r-@flaerrtc hwmiugbubil fi accaita |
expression recognition systrems. aArce pareistea
structure of t hevipegwpbaedalnogepr emsuditan |
Section 3.4 describes the texture feature
I n section 3.5, the block basddscochakdf et
3.6 explains the feature selection algor
the detail experimental set up and analy

3.8, the cont r iksb ucto notne notd eidsh i ssu ncnhaarpit e r
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3.1 Introduction

Over the past few decades, many research
the i1issue of automating the facial expr
automatic facial expression acledghuei ba
potenti al applications in the area of hu
the problem relating to automatic recogr
environments or with various head posgehia:
not been fully addressed by theiewstacical

expression recognition systems have been

perf or manegs bheanvéeh ensoet yet ful ly lreensoilnved
order to facilitate the wuse of faci al

applications. I n thisisetwdy,cialnoewelr ewsmsii!
system is introduced usti-snogall eo cladpcadt ¢ etmenrsnya

whi céxtiended using a si msiclaare a popcraola chhi naas
apprpa2gB]This proposed novel uintt ivem say s tf e
has achiocfiviea ts tpetrd or mance in classificat
with a great rangg @f pheadnpgbsesesandnél udl
capture. I n addition, a series of experi
influence of wvarious configurationg of tF
a robust and perfefsiecniteantti of ne aftiouerweu hraev ie a Is aé x m
recognition. The detailed experimental S
chapter.

I n recent years, in order to obteawnfaoi af
expressmioini orecowgari ous texture descriptor
and employed to generate a texture featur
encompassing different viewing2dhGalksr [
featfuurdddbspend so on. Di f f efraecnital|f reoxnp rgeesosmeat nr
algorithms or a combined geomettrhe taxt w

based facial expression recogni tfiecant uarleg ot
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extraction process that makes texture bac
straightforward tooft Haamp | d mexritur eThleesstr atpe c
invariant f eM®0f¥ile3 1t]ir mmas!f ob ithd & 3 p]&aber n

features [5], s PYEYP3Wwpg gr adusnt f eacat e o
histo @i ™7,4]hi stogram ofOildd i7&ndiesicgetaa i e«
trans@oYy m6{and so on. Among them, the sc:
and | ocal binary pattern feature have b
recognition purposes, ahdspbemhsrapgosyeste
near front-adlepandenti efvaci al EeEpBRSE] on |
[ 1 5113 6]

Al t hough i nt esnshieveen rceasrerairecch ohvav i ew f aveat
expression recognition task, there are s
| aboerpatoovreyn sol uti ons because real recogr
i deal experinmentBHhe cpmabltemat i c i ssues

categori es: internal i ssues and external
derive from the fact that each individual
system is a poaedtcah eonbri Boueceop the

whol e system. A typical example is that
influence on both the performance and u
systems. The recogihsmiios mobdet bodl mebas
of the raw data source, which requires t
and populated as close to the real appl
compensated so thatoitheotrtagypdatta. s©Otme
the derived solution wild.l either be Dbi as
obtained in the ideal | aboratory setup.
il uminati on, head posea, amatsdi afarce aw
accuracy and wusability of a faci al expr e
Among the issues -ofelnane namndglad o(vie., e.oulhead
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rove system usability. It i s acknowl e
performance of the face receoeg@arndion
ue even though enormous eff o[r%ls]Flnave
|l T cations in constreshedcenognsonmanbe
ructions given) to control t he head
pose in practice is infeasible, and

ral usability mdg ian swmsdemst rFairn eadp pdn v
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e angles carry a more significant i
ression recognition system. For e X amj
l ude a | arge part ofalt henabecantdr dimncl
metric model based feature extractor
alid feature. Therefore, it i s necess:
ommodate various head tpyosaensd twi deech iaepv
h higher robustness, especially 1 n an
resolve the issues arising from vari.
onstrained e nv ihraovneme d & % e Mregpseatlaorganh @ ri 0 n
hani sms, which can be grouped into th

2D view dependent facial expression re

ecognition unit for each defined vVview
ose esti mad i olha as isfpiecatfi on unit i s ac

epresentation and classify the presen

D universal facial expression recogni
aci al expressions coll ectewdy.frBelatvuarr:
xXtraction and classification ar e con

sability of such systems in terms of

71



3D facial expression recognition syste

5

and sobBuwhr eas computati on power , Sys
components, which therefore makes the
the computati onal compl exi ty, usually

approxi mate the geomiedci &l shwampfea coef, tah
parameters of the 3D shape model and

representations for 3D facial expressi

Among these three categories of recogni
expression srteecnmosgntitarocmugshyl y i nvestigate
expression data from all defined v4i ews,
view facial expression recognition task.
to be poornetstse ann@mpulsatbi I ity of the solu
The view dependent systems tend to del i ve
faci al expression recognition in terms o
the measuaepdse® estimator, which restri.
capability to handle facial expression
model systems generally give the highest
demand on tiWwareyssaemhhasdcomputati onal p
optical components, and therefore make t1
i n practice. Compared with the other me
recognition systdmst raadieg h tnfexrpveanrsd vien asiy st

In this chapter, -vaewovalci ahi vexmpga&lssmoht i
based on | ocal ternar ys palte elronc aaln dt e rhrea rey

be presented al onwg wintaH yas i somdr elxeres i men
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3.2 Related work

Texture anal ysi s has found application
identification, i mage region -bhasedifmage,]
and information rathel gsabk, meadi csa@l oinma g\e
research and devel opment, increasingly m
anal yswi eemulftaci al expressions, aoHidh s 0 me ¢
art performance, i ntcelrundionpge rtahteo rl oacnadl obti hne:
fromlBO]3[77,313[8J25hi stogram ofldeldesceet e
cosine f[r7,6hGdmo[m 4f0ildricerscal e i nva[rdGlnt f e
[ 13[373[5138]

3.2.12D view dependent and 3D facial expression

recognition systems

Many researchers have turned to | odal des
by head pose variance. One of the most ir
f euarte transform descriptor, which gives

vari ance.t [Blddrinlet bduced a SIloAT@ai onedasedr
from aroundaddib2 kfsawmoinalt hlea 3 D[ d dignjthr oi dwacgeed.
mul tiple regression models to classify t
poses. EIl 8fdtelr @ rviealdiasn approach based on
| atent varS @bhUMeM medesla’/l@r oposed a system
combinbatifamci al l andmar k coordi ndtCdf[s and

feature extracted around faci al l andmar k

Soyel anfdl Beémirroedluced anbasfdd npo s &Hnlis v am i
(OSIFT) , which conmepstas oif| fuvterated in Fig

1) First ofS| &lEela,t udreenssear e extracted from

2) Secondl vy, the best mat &h &de ag awirretss i wmi t
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i mages are obtained wusi nkgL PK bl&8dbdadc k L e
maticnhg al[glb4 3]t hm
3)y Then the affine transformation i s estd.i
i KLDas&ldfmat chi ng al gorithm using sing!
4) Af t erSitiphbaitnt s are regrouped into regio
SI fnRtching;

5 Finall vy, the accumul ated regional me a
WMV ¢l apgbfaed then weighted by the
coefficients to form a final score f ol

Face Image
from Database
A/\
Testing Data Training Data
Y
KLD based
SIFT Matching
L7
Affine Transformation
Estimation
L7
Pi-SIFT Feature
Clustering
Y
D-SIFT
> Classifier
Y
Testing
Results
(@) (b)

Figure3.1: (a) The proposed multiiew facial expression recognition system by Soyel
and Demirel 6s is illustrated; ( b) an | me

corresponden®-SIFT features (taken fror138]).

Their met hod approached t he mul tiple p
transformation estimated based on the sc

claim that t he @SRTbarsmalnvciea Wd fie atpli@ b si on
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recognition systemSbahpPperFbamadet hepreget
However, this system is computationally ¢
transformation estimation f or haeny adcicdu rrmaat
present a one versus all <classification ¢

a facial expresdds omerrfeccroganncde.on system

3.2.2Universal multi-view facial expression recognition

systems

Other researchers have attempted tolvesthe issue by deploying dense feature
extraction in the design of facial expression recognition systems, such as dense scale
invariant feature transform and so on, which has delivered an encouraging

performance in dealing with pose variation in the trfpaial images.

Zhengetalpr oposed anot her fun-viewdacid expréssioap pr o a
using the regional covariance matrRGM) and a Bayes discriminant apsis via
Gaussian mixture mod¢dBDA/GMM) to learn the best representation foridéc
expression images from arbitrary vieyigl4], [145]. First, denseSIFT features are
extracted from the identified facial regioAs the densely extra@IFT feature is
redundant, liey adopted the propos&@DA/GMM algorithm (which is explained
thoroughly in[145]) to reduce the dimensionality of extract®idF T features to search

for the most discriminant featurd8ased on the reduce&lFT featuresthe regional
covariance matrix is calculatetihe overall perfanance of their proposed system has
been examined on thigJ-3DFE database with the rendered facial expression images
of 35 various views of a combination of pan and tilt angles. The overall performance

of their system is an accuracy of 68.28%.

Usmanet al [146] introduced amultv i ew f aci al expression sy

approach which takes generic sparse coding features and recognizes the expression
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based oar aaliumniainedo classifier (i.e.

representations generated from images of all views). In addition, they introduced a

mid-level feature representation (a-called generic coding feature), which was
generated in theephrases (see Figure23

1) Firstly, a dense featur &I &¥tartaiateisan

2) Secondly, these generated f e[al d7oes

[

ar

keep the distinctiveness of previous

3 Finall vy, a spatial feature pooling

representation for the i mage.

~/

==

Figure3.2: Systenstructure using a generic sparse coding feature.

Their system has obtained results onBhe3DFE database with an overall accuracy
of 69.1% on facial images of all intensity levels, which is rendered with 3D models
and texture images, and 76.1% onhighest intensity facial images only.
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Later, in another study, Usmat al. proposed maximum margin Gaussian mixture
model GMM) learning for a supervised soft vector quantizati®8\{Q for multi-

view facial expression recognition. Firstly, they exttaetSIFT feature vectors using

a sliding window opp @ p ¢pixels with 3 pixels shift across the entire facial regions,
and to reduce the dimensionality of the resulting feature vector, the ext&e&fed
feature vector is reduced from 128 to 70 in lengtingi principal component analysis
(PCA) [70]. Then, they utilized the expectation maximization algorithm to estimate
the initial parameters for theMM model, and restrict the components to 1024 for
each model so as to reduce the computationaptadty. Finally, supervised soft

vector quantization is applied.

Based on 21,000 facial expression images created from data containedBid-the
3DFEdatabase, they report an average accuracy of 76.34%S8\Q+SPMeatures

over 35 views including 7 paangles and 5 tilt angles of the highest intensity level.

These two systems proposed by Usman have achieve an accuracy of 76% and
accommodate 35 different views, but the overall performance of their proposed system
is limited, and classification accuragfyexpressions at low intensity was not reported,
which is a crucial evaluation for practical application as spontaneous facial expression

is less pronounced than posed expressions.

In our study, the objective of this research is to find a universdi-melv facial
expression recognition solution by exploring the use of the local ternary patterns
operator, level of difference parn operator, and other staikBtheart texture

descriptors.
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3.3 The proposed universal multiview facial

expression recognitbn system

In this section, the general structure of our proposed wieky facial expression

recognition system and its key components are elaborated.

The general framework for our proposed system can be decomposed into three distinct
and separate stage®mprising the data acquisition stage, the feature extraction stage,

and the classification stage, as illustrated in Figuse 3

Data Feature ex Classif f

A A
\ |

Block based

ort
hi

feature P
ma c

extraction

Figure3.3: The sequence of three stages in the proposed system

1) As wrmoi n [F3 gtuhree d3data acqui sition stage i
automatic facial expression recognitio
expression iIimage for processing.- The d

processimtged si nprSesceti on 3.7.1 and 3.7. 2

2) At the feature extraction stage, edari ol

on the image to extLT@Ecaatluwrceass useirmgara ¢
feature extraction met hod,Sewhii om i3s 4e x |
the dimensionality of -sherdihahtureg@r s

al gor[iltdiBs adopted to select t he most
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avail able toealhst éeaduyepa That i s desc

3) At t he ¢l assi fi-tcraaiimend sumigwer staHe spurpep o
classifier is employed to classify the
pr ot oetxyppriecs si on caz.efgopi edsetn(dds cdatdh ®innf or |
about the support wvector machine cl assi

3.4 Feature extraction and selection

3.4.1Block based feature extraction

This section willdescribe in detail the procedures and techniques adopted to extract a
block based feater representation for the proposed muiéw facial expression

recognition system.

To obtain a morealiable, stable, and robusiature representation, block based feature
extraction has been adopted by many precursors for both face and facial erpressio
recognition. Shan et al utilize a block based local binary pattern extractor for facial
expression recognition in their facial expression resefd@®y, [137], [73]. In their
experiments, they adopt a block size of 18 by 21 pixels which divides an image into
@ X T cblocks in successive studies of facial expression recognition wath th
CohnKanade Facial Expression DatabfkE5]. Manikantan proposedl@dock based
discrete cosine transform feature extractor for face recogiitié®]. They adopt

block partition of 88=64, and achieve a promising recognition rate on four different
face databases including ORL, UMIT, Yale B and FERET e¥al.adopted a grid
based Weber Local descriptor to learn facial expression from Web ini@8js
utilizing a 5 by 5 patrtition, and verified their algorithm across a variety of databases,
including images from the WelBU-3DFE databaseJAFFE database, and Cohn
Kanade database. Tofip0] tested a set oflbick partition options for local gradient
coding based feature extractor for facial expression recognition, and their exhaustive

experiments have led them to choose an 8 by 8 image patrtition.
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A questioned image is firstly partitioned into small imageckdo which could be of
various sizes, and then a local feature descriptor is applied on each image block. The
raw features derived from the blocks are fused into a single representation according
to a predefined fusion scheme. After fusion, a completduiearepresentation is
finalized. A blockbased texture feature extraction would provide a finer feature
representation since it extracts more feature details from an image, but at the same
time increases the complexity of the generated representatiorerins tof

dimensionality.

Feature

- extractors
Partition

Feature

Feature Final
selection representation

Feature

=
2
5
)
g
o
=
g
=
:
Z

Figure3.4: An illustration of the detailed feature extraction procedures.

Because of its success and efficiency in improving a texture based feature descriptor,
the blockbasedeature extraction is employed in our proposed syséenillustrated
in Figure 34, first, a facial image is partitioned ingp 1 ¢ Ttblocks and each block

is of 21 by 24 pixels in size. Secondly, the local ternary pattern operatoYsy
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0 "YO (multi-scale local ternary patteroperators, are applied respectively on each

block. After that, a normalization is performeding Equation 3..

o 290 31

@ is the completefeature;6 and ,, are the mean andstandard deviatiorof A

respectively.

Figure3.5: An illustration of the blocks marked as 1, 2, 3, and 4.

Third, before the feature selection takes place, a feature removalfosnped to
remove the features eatted from blocks numbered 1, 2, 3, ar{dgtshown in Figure

3.5), because by inspection of the facial image data, these blocks are found to be
dominated by noifiacial regions. Finally, the feature selection algorithmiclvhs
described in Section 3.5, is engaged to select the most discriminative feature from the
entire feature set to form the final representation. There are two main criteria for

selection of thidlock size The first is that dlock sizethat is fine ad generates a
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manageable featurelimensionality will be selected considering the hardware
requirement and computation cost for the scale of experiment we will be running. A
block size which is toosmall will result in excessively large numbers of feasre
which would exceed our hardware limit. The other is thialoak sizethat delivers

optimal performance in terms of classification accuracy will be selected.

3.4.2Feature selection

Feature selection is an important stage in the context of machine lebetiagse it
reduces the complexity of the classifier and speeds up the operational time of the entire
system. In our case, the goal of feature selection is to select the most relevant features
for the universal multview facial expression recognition taakd avoid redundant
features that do not possess descriptive information for prototypical facial expressions.
The impact of the feature selection becomes more significant when the available
feature set is excessively large and sparse. Various featurgasetechniques have

been adopted to reduce the enormous dimensionality of the feature representation
introduced by either a densely extracted texture descriptor or variants of one texture
descriptor tuned with different parametgr34], [83], [151], [152], [153]. Taking into
account both the influence of dimensionality and the availability of experimental
hardwarejn this study, a feature selection technique is applied as described below to
select the most significant and informative features for representation for a universal

multi-view facial expression recognition system.

Specifically, the Fscore feature selgon technique for feature filtering is adopted in
this study. Fscore[148] was introduced to measure the difference of two classes. A
feature representation is denotedys) M1 W phE i represents the number of
observations. If the two classes are denotedarsddy then the Fscore for théQ

feature can be mathematically described as in Equatin 3
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In the above expressiody denotes the average 6f features 6, &; of anddf
represent for the average @fbelongs to clas$and classorespectivelyc ;, and
@, respectively denote’€) feature of théQ observation of clasé&and b. The

numerator dgcribes the distinctiveness 6f feature between two classes, while the
denominator describes the variance of the two classes when it is describedby the

feature.

In this study, the score criterion is adopted as a filter. For each feathe Fscore
Is calculated using Equation23and the features are sorted into descending order. By
definingo, the total numbers of feature to select, features with the higrestré are

chosen.

3.5 Local ternary pattern and local binary patterns

The local ternary patterni( "Y)Ooperator is an improved version of the local binary
pattern operator which was originally introduced to reduce errors caused by the near
uniform noise in the imagd54]. In order to explain the local ternary pattern, in this
section, a detailed description of original local binary pattern is given, and then the
local ternary patterns employed in this study are presented. In addition, a novel
extende version of local ternary pattern operators is also introduced, which enables
the original local ternary patterns operators to extacYteatures from multiple
scales. The complete explanation of the madale local ternary pattern operator is

also included in this section.
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3.5.1Local binary pattern and its variants

3.5.1.1Basic local binary pattern operator

Ojala, el al[155] established the basic concept of the local binary pattern operator for
texture analysis. The original concept of the local binary pattern is to binarize
neighbouring pixels of @ o block with intensity value of its central pixels, and
concatenates the resulting binary values into-bit Binary number as a representation

of the micro texture pattern observed in
is greater or equal to value of the centre pixel, the pixel is coded as 1, otherwise as 0.
The resulting binary code chain is concatenated circularly to forrbérb8ary code.

Each local binary pattern represents a local primitive, which is also called a micro
texton. Examples include, spot, flat region, line end, edges, and so on. Figure 3
provides some examples of the typical local primitives. The total numberdefic

variants of micro textons detected by the local binary pattern operator i€ v.@

7 Q‘:J ~ \'\ PI}“‘ A

-'J-’/L \ \( ;{ \.\E.H_,)J
Spot Spotf flat Line Ll’ld LdgL Corner

Figure3.6: Some examples of typical primitives extracted by the local binatgrm
operator. (Taken from [12P

Through thresholding and considering only the sign of difference of central pixels with
its neighbours, the local binary pattern operator achieves scaling invariance of grey
scale, and the local binary patterns are also theoretically robust to manotoni

transformation of grey scale.
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Mathematically, the basic local binary pattern operator can be summarized in
Equations 3 and 34:

o~ phow m
Ow e m 3.3

In the above expressioi@w is a thresholding function.

060 B 0Of ¢ 34

In the above expressian is the value of a neighbouring pix&bs the index of the
neighbouring pixels;® is value of thecentral pixel, andd 6 UGs a decimal

representation of the local binary pattern with a range of 0 to 256.

Treshold Multiply
711 (112 1[0 1 1 2| 4 1 0] 4
2|5 |5 0 1 3 16 0 16
5|13 |0 110 ] 0 32 | 64 (128 32|10 | 0

LBP=1+4+16+32=53

Fi g8 eThreshol ding and codi ng [olf56l]oc al b

Figurid [ strates a complete cal caltatiraon p

A basic | ocal binary pattern feature rept
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bi nantyyepns in regions of interest.

I n this study, the basic | ocal bi nary p

di mensionality dwded ebyndhecygpenaror and

computer hardware. The detail of the bas
fundament al background for understanding
and its variants.

3.5.1.2Uniform local binary pattern

Due to the simplicity and efficiency of
met hodol ogy of | ocal binary patterns has
I mproved to resolve other complicated col
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t he
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patterns, otchad driingirnyalpalttern operator i

primitives from sampling circles of any 1
the diameter, whiwekail® deciadgnld}2dd 63Bsyprau It
adoptisgamel iioc al binary patterntepestto

contributes to variouscekérbotabnbpnacegs
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With these equations, tbhe basibelextaéenberc
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bi nary operators at different scal e.

(P=4,R=1.0) (P=8,R=1.0) (P=12,R=1.5) (P=16,R=2.0) (P=24,R=3.0)
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hi stogram of | exalr abt edr yat p'af@rf epemeesnet n tssc &
| ocal binary pasaewphi ogepai ot swiaBbr samp
exampliedp theper at or coi®§ anidstgehda sf r207m2 bi n:
Théépoperator generates an p@cost ermnd Hi
D6goperaneratges a histogram of 256 bins.

00y rconcatenates the occurrence histogr ;.

demonstratedOin Figure 3

— | LBP,,

LBP;, A‘J

LBPJ.E,Z [ |

LBPyy3 | ‘

Fi glrOF e aet ugrener ati-socalbei hgceambl bidédgy patt

represents a | ocal bsiannaprlyi npga tptoeirnnt so paenrda t s
Y.

3.5.2Local ternary pattern and its variants
3.5.2.1Local ternary pattern

The local ternary patte-based feature extractor operates onca o local
neighbourhood. Instead of binarizing the local neighbourhood as the local binary

pattern operator do¢$55], the local ternary pattern operator introduces a threshold
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which is used to remove the noise in a local patch of image and reduce the amount of

noise contributing to the generated local ternary pattern. The local neighbourhood is
thresholding into three ranges.

The thresholding function can be generalizechdsguatiorn3.7:

phd 1/ o
Odnm T fs o 37
pho n 0

Originally, the local ternary pattern should consistof ¢ v gbms. Instead of using
a threevalue oding technique, TafiL54] separates the original ternary pattern into

upper band and lower band, and then applies the same coding mechanism as the local
binary pattern operatoas was explained in Section 3.6.1.1.

Mathematically, the upper pattern can be formulated as in Equa8ion 3

o~ T pF] (:L) h 0]
Oum o e o 3.8
The lower pattern can be formulated as in Equation 3
o~ T s pﬁ (z.) r] o]
Oum o o of o 39
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Figure 311illustrates how a local ternary pattern code is divided into upper band and
lower band. As a result of the partition, the local ternary pattern operator generates an

occurrence histogramaf ¢ v p kins.

Upper Pattern
Ternary code: 1 | 1 | O |Binary code:
1100(-1)(-1)00 0 0 | 11000000
110 0[{0]0
0 0 Lower Pattern
0 -1]-1 \ 0 | 0 | O |Binary code:
0 0 | 00001100
011
Fi g8 n illustration of the codimmdschen
|l ower patterns of a | ocal ternary patter.
3.5.2.2Uniform local ternary pattern
The measure of O6uni f amrevaluatipgbandwedscing local s t i

binary patterns. Since a similar coding scheme is deployed in the generation of the
binary code of a local ternary pattern, the same scheme is adopted for reducing the
dimensionality of the local ternary pattgir32],[154. By restricting th
of corresponding upper and lower patterns of the local ternary pattern to a maximum

of 2 respectively, the total number of bins for the resulting occurrgistegram of

the local ternary pattern is reduceditao ¢ p p.\p detailed description of uniform

patterns can be found in Section 3.6.1.2.

To obtain the uniform | ocal ternary patt
Figur)e i3s execut ed:

1. L oacl ternary pattern operator is appl:i
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2. Extracted |
3. Wni f odmmiatsyr e

oc al

di

uni form mapping i s

ternary pattern is

and

patterns respectivelytewhni eoviht s :iegun be
and samt froom | ocal ternary patterns i
4. The reduced upper and | ower pattern o
to form a uniform | ocal ternary patter
with 118 bins is generated.
Local Ternary Pattem
Uniform mapping
Uniformed Uniformed
higher band Lower band
Uniformed Local Ternary
Pattern
Fi g3rZdhe generation of the uniform |

3.5.2.3Multi -scale uniform local ternary pattern

Motivated by the idea behind mulicde local binary patterns, the local ternary pattern

operator is extended to extract local ternary patterns at multiple scales via selecting

sampling points in a circular manner with a specified radius. Equatioas® 36 are

applied to calculate the cabnates of sampling points on the sampling circle. In

addition, the uniform mapping is applied on local ternary patterns extracted at each

scale to reduce dimensionality of the final msltale local ternary pattern.
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Feature extraction stage

Uniformed
LTP™s
feature

LTP?TI.S
operator

Uniformed Final
LTP Imns LTP ™ms
feataure feataure

LTP?H.S
operator

Uniformed mapping

Uniformed
LTpms
feature

LTP?II.S
operator

Figure3.13: Feature extraction procedure of mdtiale local ternary pattern operator.

As illustrated in Figure 33, the following steps are executed to extract a rsahie

local ternary pattern:

l.Local ternary pfagtemtin rsagbmpulesit mgp pl D€ dd Db

i mage patch to extract multiple | ocal
2.0nce multiple | ocal ternary patterns
applied respectively on each | ocal tel

3. Finally, thelobaadi hednanyf pamterns ar

to form a seqlltiogamulteirnary pattern

93



3.6 Experimental setup and results analysis

In order to explore the usability and robustness of our proposed universaviewlti
facial expression recogion system further, several experiments have been carried

out. These, and an analysis of results, are presented in this section.

3.6.1Data preparation

The BU-3DFE database contains 2,500 3D geometric shapes of the expressive face
performed by the particgmts and 2,500 texture images of the expressive face, which
were captured simultaneously. With the aid of the Simulink 3D Animation toolbox of
Matlab[118], all six prototypic facial expressions areaastructed from the provided
facial texture images and 3D geometric shape models, incladigegy; disgusi fear,
happinesssadnessandsurprise Through rendering and manipulating the 3D models
(i.e. as described in Chapter 3), a facial expressiorselatd six facial expressions

with 4 intensity levels is created (where levels of 1 and 4 represent the least and the
most intensive facial expression images respectively as described in Chapter 3). Facial
expression images are simulated from 35 pointgest within a pan angle range of
#5%nd a tilt angle range of 830%ith an interval of 15, resulting in a total of 84,000
images. To normalize the size of the head in the resulting images, during the
simulation process the distance between the rend8iinghape and the camera is
manually selected for each subject in the database via inspection of the model of the
neutral facial expression, which medhat an optimum parameter value is selected

for each subjedt atotal of 100 values to covéi00 subjets, ensuring that a similar

size of facial region in the simulated images at the frontal view is produced for all
subjects. The distance parameter is used for all image generation processes of a
particular subject regardless of changes of points of vidwe. 3D face model is
rendered in the front of the camera, and therefore the head is always centred in the
resulting images. The illumination is uniformly controlled across the entire rendering

process. Finally, the simulated RGB images are converted ysogte images, and
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proportionally resized to 128*96. Figureld shows some examples of simulated

facial expression images of one subject in the generated facial expression datasets.

Pan angle
-45  -30 -15 0 15 30 45

Tilt angle

Figure 3.14: Examplesof simulated facial expression images from one subject
captured at 35 views at intensity level 4. 7 pan anghs; (-30; -157 05 159
30745, and 5 tilt angles €305 -15; 05 157 30y are used.

3.6.2 Pre-processing

Limited preprocessing is carriedubto control the facial expression images generated
by simulation, because the quality of 3D data contained iBth8DFE database is
consistent and fairly controlled by the publisher, and the 3D image rendering process

is also supervised. Consequenthnly image normalization is carried out, using

Equation 310
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Q 3.10

"Qa ¢ig an operator that rounds a number towards zero. andd  represent the
maximum and minimum intensity levels in the im&Q&xdto is a pixel in the image
with coordinates 6w 8

After normalization, the resulting imag@will have an intensity range oft; v v

3.6.3Local ternary pattern and its variants

3.6.3.1Holistic local ternary pattern

In the following experimental setup, a thorough investigation of holistic local ternary
patterns with various specifications is conducted. We examine the local ternary pattern
operators with 8 differédnextraction scales from radius 1 to 8 and 8 tolerance
thresholds, with values of 2.5, 5, 7.5, 10, 15, 20, 50, and 100 which are tagged 1 to 8
respectively in all the graphs presented in this chapter. It should be noted that, as can
be seen above, the toddce threshold®, selected are not evenly spaced. In Figure
3.15, the overall classification accuracy of the system is demonstidtechumber of
sampling points is fixed to groughout this thesibecause thisettingallows the
uniformity measurea be applied on the extracted local ternary patteoribat a more
compact feature is available for further exploration in the later studies included in this

thesis.
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Figure3.15: Overall performancén term of classification accuraoyf local ternary
pattern as a feature representation for universal wielv facial expression
recognition. The scales and threshold settings are erdiainhe main text.

Aver ag:¢ Best

Accur ac 55. 99 % 66. 81%

Table3.1: Classification accuracy of holistic local ternary pattern representation

As shown in Table 3.1, the average performance of the basic local ternary pattern as a

feature representation across 8 scales 8vitarious threshold settings is 55.99%, and
the best accuracy of 66.81% is achieved at scale 7x) with tolerance threshold set

tol150 p V. Itis apparent from FigureIbthat the performance of local ternary

pattern for universal facial expression recognition task has been dramatically

influenced by both the scale of the local ternary pattgrerator and the tolerance

threshold selected.
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Figure 3.16: The performance curve of the universal facial expression ey
system: (a) w.r.t scales of the local ternary pattern operator; (b) w.r.t. the tolerance
thresholds selected for the local ternary pattern operator.
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Graph (a) in Figure .36 illustrates how the proposed universal facial expression
recognition system perfornvath respect to 8 sampling radiusis strongly indicated

in the performance curves that héYfeatures extracted at scale 1 generate the worst
performance. As the sampling radius of the local ternary pattern increases, the overall
performance of the system also increases regardless of which tolerance threshold is
selected. The best systeerfprmance is observed at scale 7 for all tolerance threshold
settings, except tolerance threshold 1, for which the best system performance is
observed at scale 8. Moreover, for all tolerance thresholds except the tolerance
threshold tag of 1 and 2, a largerformance gain is observed in between sampling
radius of 1 and 5. Further increments of the feature extraction scale exert a smaller
change in the system performance, although the peak of the system performance is
observed at scale 7, except for tolemthreshold 1 at scale 8.

Graph (b) in Figure 36 shows the performance curves of our universal facial
expression recognition system with respect to the changes of tolerance thoeshold
tolerance thresholds are selected in total with 4 evenbesimampling points smaller

than 10, and 2 sampling points in between 10 and 20. With these sampling setups, a
near belshape performance curve is observed with a sharp upward slope on the left
climbing interval and a more downward slope on the right. &brscales, the
performance curve peaks between tolerance threshold of 7.5 and 10, except scale 1
between 5 and 7.5. After tolerance threshold settings of 15, the system performance

starts to fall gradually for all scales.

In addition, an investigationf ehe difference of performance between the high band
and the low band of local ternary pattern, which is termdidl'a&) and0d "YU , is

presented as demonstrated in Figui&r.3
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Figure3.17: (a) & (c) The performance curve Bf'Y0 w.r.t scale and thresholds;
(b) & (d) the performance curve Bf"Y0 w.r.t scale ad thresholds.

By studying Figure 37, it is observed that the general trend of performance of the
high and low bands of local ternary pattern is similar. More specifically, with the
increment of the sampling radius, the performance for both bands alftéoary

pattern increases and peaks at sampling radius of 7, and the system performance starts

to decrease for thresholds larger than 20. Furthermore, it is observed that the
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performance of) YO increases more sharply and the average performance of
0 "YO is higher thard "YO by 3%, at 49.81%.

3.6.3.2Block based uniform local ternary pattern

Uniform local ternary pattern is a reduced local ternary pattern withis@m pattern
bins and 1 bin for all neaniform patterns. In this experiment, a block based feature
extraction of the uniform local ternary pattern is performed, whiclahelled

as6 6 0 “Yihe detailed description of feature extraction proceduaese found in
Section 3.4.

40"‘-':--A:
307

207

Threshold

Figure 3.18: An inspection of the information loss in the conversion of basic local
ternary patterns to uniform local ternary patterns.

Because the uniform mapping is employtedreduce the local ternary pattern, an
experiment is carried out to measure the information loss during this process. The

result of this uniformity evaluation is demonstrated in Figui®.3rhe percentage of
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nonuniform local ternary pattern that is ¢amed in the extractetl 6 0 " all
combinations of scale and threshold settings is measured. As shown in Figgee 3
lower percentage indicates that the tumiform patterns comprise less in the total
number of local ternary patterns. It is sigty indicated that, by modifying the
parameters (i.e. the setting of scales and thresholds) the proportion of uniform local
ternary pattern can be controlled. With a setting of low scale (i.e. a small sampling
radius) and high threshold, the uniform patgecan comprise over 99% of all local
ternary patterns extracted in the muwitw facial expression images, and vice versa,

the uniform patterns comprise about 66% of all local ternary pattern at maximum.

100 -

50 J

Figure 3.19: The overall classification accuracy of the block based uniform local
ternary pattern w.r.t. various scales and threshold specifications.

As shown in Figure 39, the overall classification accuracy®f® O "Nas improved
significanty when compared with the holistic local binary pattern. By studying
Figures 315 and 319, it is revealed that with respect to both operator settings of the

6 6 0 "¥eerall performance changes in a similar fashion as the holistic local ternary
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pattern lased system, in that the classification accuracy improves as the sampling
radius increases when the tolerance threshold is at a reasonable small value. It shown
in Figure 319that, as the sampling radius increases, the overall classification accuracy
increases and peaks at the scale of 4. In addition, minor changes of system
performance are observed by continuing to increase the sampling radius of the block
based local ternary pattern operator. With respect to threshold, the classification
accuracy declireas the threshold increases in general. The system performance peaks
at a threshold setting of 5, and a minor increase is observed between threshold setting
of 1 to 5. After threshold setting 6 (i®. ¢ ¥t the classification accuracy starts to
decreaseThe average classification accuracy foréhé 0 “Nased universal muiti

view facial expression recognition system is 76.31%, and the best performance is
83.23% obtained using the operator setting of 4 for the scale and threshold, as shown
in Table 32.

NEE R Averag« Best
Accur ac 76. 31% 83. 23%

Table3.2: The average and best classification of block based uniform local ternary

pattern representations.

By studying Figures.38and 319, it can ke seen that both namiform and uniform

local ternary patterns contain descriptive information for the proposed classification
task. It can be concluded that a bldmsed local ternary pattern with 99.99% of
uniform patterns delivers classification acmy of 67.1% and with 63.89% of
uniform patterns gives a result of 75.35%. The best performance is observed with
90.07% of uniform patterns in the feature representation consisting of block based
local ternary patterns. The above observation implies thaachieve the best
performance ob & 0 Yi@e balance of uniform and nemiform patterns needs to be

selected by controlling the thiesld and scale of the operator.
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Anger

Disgust
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Happy

Sad

Surprise : T

Anger Disgust Fear Happy Sad Surprise

Figure 3.20: Confusion matrix of @ssification results obtained with scale 4 and
threshold setting of 4. Each figure is the classification accuracy (%).

Figure 320 demonstrates the classification confusion matrix among 6 expression
classes. It is apparent tHatr andsadare more diffcult for the system to accurately
classify, with a classification accuracy of 75.67% and 77.98% respectively, while
surpriseis the most distinguishable class with an accuracy of 93.19%. The facial
expression ofearis misclassified with all other express to a similar extenAnger

is most misclassified witekad andhappyis misclassified withear the mostDisgust

is misclassified witlangerandfearto the same extent.
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Figure3.21: (a) Theclassification accuracy at each view in percentage; (b) the contour
map, which demonstrate the change trend w.r.t. both tilt and pan angles.
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By studying Figure 21, it can be concluded that facial expression recognition is
influenced by the tilt and paangles, and the frontal view is not the optimal angle for
facial expression recognition, which coincides with the conclusion made by other
researcherfl59]. The reasotbehind this phenomenon might be that, at the frontal
view, some facial features are less visible. However, a small variation in head pose
can makes some informative features at particular areas of face become visible to the
system, such as the cheek anangle area of face. In addition, it is demonstrated in
Figure 321(b) that the tilt angle exerts a larger influence on the classification accuracy
compared with the pan angl e. A camera Vi
affects the performance tife system the most, and all the worst performance figures
are observed at these viewpoints. In light of the trend of classification accuracy
indicated in the contour map of Figur&B( b ) , the pan angl eds
performance of the system da@ observed as near symmetrical, and the classification

accuracy peaks ato 1, and starts to drop for pan views larger thant

100 T T T T T

90 7

Ivi=4 Iv>=3 Ivi>=2 all Ivi=1

Figure3.22: The classification accuracy of the proposed facial expmessmognition
system w.r.t. the changes of intensity levalsidasignates the intensity level
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In Figure 322, it is observed that the overall classification accuracy drops slightly as
the total number of intensity levels of facial expressions theogesp system can
handle increases. The classification accuracy observed at the lowest intensity level is
75.15%, which is lower than the accuracy obtained at the highest intensity by 11.5%.
As shown, the classification accuracy does not decrease shamplgcthracy does

not drop below 85%) until the recognition at intensity level of 1 is included. Thus, it
can be concluded that the overall system performance is significantly affected by the

recognition accuracy obtained at lowest intensity.

3.6.3.3Multi -scale bcal ternary pattern

According to the findings revealed in the blduksed local ternary pattern
classification experiment, the threshold setting of 4 is utilized for extracting the multi
scale block based local ternary pattednd 0 Y9 for universal multiview facial
expression recognition. Tie & "YO consists of 8 local ternary pattern operators
with 8 different sampling radiysvhich are applied simultaneously to extréad 0 "Y0
patterns. Then the -Bcore feature selection alghwin is applied to reduce the
dimensionality and redundancy in the completed O “¥ature set. Finally, the

selected features are concatenated to form the final representation for the expression.

Accuracy

1=t 82.49 %

Table 3.3: The overall performance of universal muliew facial expression

recognition using thé 6 0 "Ylrepresentation

As shown in Table 3.3, the overall performance oféthie O "YUlrepresentation is

82.49%. Comparing this with the classification result obtained with single) "YO
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pattern, thed & "YO representation is 6% higher than the overall average
performance of thé 6 O "¥perators. The classification accuracyotd "YU is

similartothed 6 0 "¥erators with the best setting inrtss of classification accuracy.

Anger

Disgust

Fear

Happy

Sad

Surprise . 165

Anger Disgust Fear Happy Sad Surprise

Figure 323 The classification confusion matrix for the proposed system with
6 6 0 "Yuepreentation.

Figure 323 thatfearis the most confused facial expression for the proposed system
setup andurpriseis the easiest facial expression to recognize for the proposed system.
Among all facial expressionangerandsadare the most confused fatexpressions,
while fearis confused with all other expressions to same ex&npriseis confused

with fear by 2.6%.
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classification accuracy at each view in percentage; (b) the contour map, which
demonstrates the change trend in w.r.t. both tilt and pan angles.
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As demonstrated in FigureZ3l, the classification accura®f the proposed system

setup is affected by the viewpoint of the camera, which is, in other words, equivalent

to head pose in a facial image with a completely opposite pan angle (i.e. as in a mirror
image). From Figure.24 (a), it can be concluded thateth t i | t angl ebds i m
overall system performance is larger than the pan angle variations, which coincides

with findings summarized in view analysis of the block based local ternary pattern

with scale and threshold parameter setting of 4 and 4,atesgg. It is also reflected

in the contour map of the classification accuracy that the performance drop is larger
with a Al ooking downoupd ewi ewanl nwidddiat ii
system setup, the best performance is observed at panadngbev, dvhich is not

consistent with our previous observation in Figur2l3In addition, it should be
considered that the average difference in system performance obtained for the frontal

view and p v i3 aboutp Pwith all tilt angles, which implies #t recognition at

optimal pan views of p & will not considerably increase system performance. A
combination of extreme negative tilt angle and pan angles significantly restricts the
performance of the proposed system, and reduces the overall classifcativacy

to 69.4% and 68.7% as shown in Figur243

According to the experimental results illustrated in Figu2b3the classification
accuracy is significantly affected by t
intensity level of 1. The differena# classification accuracy achieved by the proposed
system between level 4 and level 1 is 13.74%, which is even larger than the sole local
ternary pattern with specific threshold and scale as shown in Fig@ke ISo

significant difference of classificatioaccuracy is observed when intensity level 1 is
excluded from scope of classification and the overall classification accuracy of the
proposed system can reach 86.42%, which is comparable with the performance using
thed 6 0 "Maturerepresentation, at 86.5%. By studying Figur@2and 325, it can

be concluded that the performance difference betvieénd "YDandé 6 0 "¥

caused by the difference of classification accuracy obtained at intensitpfidvel
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Figure3.25: The classification accuracy of the proposed facial expression recognition
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3.6.4Experiments on other facial expession databases

To further investigate and verify the validity and universality of our proposed
approach for multview facial expression recognition, our approach is also tested on
three other databases, including the Japanese female facial expredaimeseala
(JAFFE) [69], the extended Cohn Kanade Datab&3&+) [114], and our irhouse
multi-view facial expression database. TH&FFE database an@K+ database are

two widely available facial expression databases online and popular in reporting the
general performance of a proposed facial expression recognition systieenfacial
expression recognition research community, thus testing our approatiess
databaseswvould make our rmathod comparable with the stai&the-art facial
expression recognition systems in the literature and justify the robustness and
universalty of our proposed system. Our-mouse multiview facial expression
database is a small database which is collected specifically for this project. Detailed
information about these databases can be found in Chapter 3, where general
information, data colldéon protocol, validity of the data, and availability of the
databases will be explained.
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3.6.4.1General feature extraction procedures

The feature extraction process for the datasets selected from these databases is
different from the approach employed for #d-3DFE databas¢116], which does

not contan a face detector as the facial region can be easily located since they are
established and located in the center of the image. To prepare facial images for
classification onCK+, JAFFE andourihous e databases, firstl
face detectof32], which is explained in Chapter 3, is applied to identify the facial
region in an image. The face detector can detect the face lvatht 80% accuracy,

and the incurred mistakes during this process are manual corrected to assure the
validity of derived facial expression dataset. After the facial region is properly
segmented, a normalization process is applied using Equati@m@ichnormalizes

the intensity of the image into the range of [0, 255]. Finallypthé “Yand660 "Y0

operators are applied to extract the corresponding feature representation for the image.

3.6.4.2The Extended CohnrKanade database

The Extended CohKanade CK+) [114] database contains 593 sequences of facial
expression data of seven different facial expressions consistiaggef, contenpt,
disgustfear, happy sadnesandsurprise However, 309 sequences are chosen for this
study, excluding video sequences of the expression of contempt, because our system
is designed to classify prototypic facial expressions rather than action urtBndlh
datasetonsistf 618 facial images, which comprise the first and last frames of each
sequence. The first frame represents the neutral expression while the last frame is the
apex of a facial expression, which implies that the neutral expressigprises 50%

of the derived dataset.

CK+ Accuracy Aver age

1=l 99. 66% 98. 14%

NER 99.6% T

Table3.4: The classification accuracy of our proposed system o@kiedatabase.
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The performance of the proposed system on the de@i¥eddataset is presited in

Table 3.4 and Figure.36. As demonstrated in Table 3.4, our proposed system based
on bothd60 "Yand660 "YO can classify all six facial expressions including the
neutral expression with a substantially high accuracy. By studyqugd-B26, it can

be observed that with the increment of the scale of the operator, the exbratté¥ 0
features become more stable and efficient in describing the characteristics of facial
expressions. In addition, tii&0 "Ydperator is stablyaurate with respect to both
scale and threshold changes until the tolerance threshold exceeds 20. The
corresponding classification confusion matrices for both systems are shown in Figure
3.27 (a) and (b). As indicated in the experimental results preseantéidure 327 (a)

and (b), for bottd 6 O "¥d6 6 O "Ylbased systemshappyand surpriseare the
simplest expressions to classify aatlis the worst. The confusion matrices of these
two systems on th€K+ database are similar with slight difference in classifying

angerandsad.

100 -~
90 |
80
70

60 -

50 -

1
Scale Threshold

Figure3.26: The performance accuracy of the propo8éd “Yfeature based system
with respect to changes of scale and thresholds.
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Anger 0.00 1.82 0.00 0.00
Disgust 0.00 0.68 0.00 0.00
Fear 0.00 0.00
Happy | 0.00 0.00 0.00
Neutral | 0.00 0.00 0.03
Sad| 0.00 0.00 1.79
Surprise | 0.00 0.00 0.00 0.00 0.00

Anger Disgust Fear Happy Neutral Sad Surprise

(@)
Anger 0.00 1.82 0.00 0.00
Disgust 0.00 0.68 0.00 0.00

Fear| 0.00 0.80 0.00 0.00

Happy | 0.00 0.00 100.00 0.00
Neutral| 0.00 0.00 0.00 0.03
Sad| 0.00 0.00 0.36 0.00 1.79
Surprise |  0.00 0.00 0.00 0.00 0.00 100.00

Anger Disgust Fear Happy Neutral Sad Surprise

(b)

Figure3.27: (a) The confusion matrix of th6 0 "Ybased system; (b) the confusion
matrix of 000 "YU feature based system with tolerance threshold of 5.
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3.6.4.3The in-house multtview facial expression database

To derive a testing dataset from outhiouse multiview facial expression database,
both the first frame and peak frame from each valid video sequence is selected.
Consequently, 392 facial expression images with 7 different pan viewsh of

o fi ¢  wmare used for this experiment, includingx sprototypic facial
expressions and the expressiomefitral More detailed information about the-in

housedatabase is given in Chapter 3.

OQur databAccuracy Aver age

|14 [F 95.641% 88. B899
RS 94.87% \

Table 3.5: The classification accuracy of the proposed system on ehouse
database.

According to the classification results obtained during ttigeement as shown in
Table 3.5, théd60 "Ybased system yielded an average classification accuracy of
88.69% across 64 different operator settings, and obtained the highest performance
with the operator setting at scale of 5 and tolerance threshdl@. athed 60 "Y0

based system achieves a classification accuracy of 94.78%. This experimental result
obtained on our Hhouse database has strongly implied that the proposedviaulti

facial expression recognition system is capable of handdalgdata with reasonable

performance with properly selected operator settings.
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Figure 3.28 The classification accuracy trends of the proposed fwighti facial
expression recognition system w.r.t. changfethe 660 “Yoperator settings.

As demonstrated in FigureZBthat the classification accuracy changes with respect

to both changes of setting of scale and threshold. More specifically, when the tolerance
threshold is not larger than 20, the proposecdesystan be reasonably stable regardless

of the selection of scale. In addition, it is also observed that a larger scale setting of
the operator generally delivers a better classification accuracy. A selection of operator
setting of large threshold and smsdhle can result in an unstable or pperformed

system.
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Anger 0.00 3.45 0.00 1.72

Disgust 0.00 1.96 0.00 0.00

Fear| 0.00 2.86
Happy | 1.59 0.00 1.59
Neutral | 1.56 0.00 1.56

Sad| 1.75 1.75 0.00 0.00

Surprise | 1.61 0.00 0.00 0.00 0.00 0.00

Anger Disgust Fear Happy Neutral Sad  Surprise

(@)

Anger 0.00 0.00 3.51 1.75

Disgust 0.00 0.00 0.00 0.00

Fear| 5.71 0.00
Happy | 0.00 0.00 0.00
Neutral | 1.56 0.00 0.00

Sad| 5.26 0.00 0.00 1.75

Surprise | 0.00 0.00 0.00 0.00 0.00 3.23

Anger Disgust Fear Happy Neutral Sad  Surprise

(b)

Figure3.29: The classification confusion matrix is provided: ¢&@)0 “Ybased system;
(b) 660 "YU based system.
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Based on the confusion matrix illustrated in Figu293a), it is shown that, for the
660 "Ybased multview facial expression recognition, the facial expression of
surpriseis the bestecognized facial expression though all other facial expressions
might be misclassified asrpriseto a minor extent. The expressiorfedris confused

with surprise which also ranked the second in terms of classification accuracy. Other
facial expressios are classified with a similar accuracy. According to the confusion
matrix shown in Figure .29 (b), the facial expression dippyis the best classified
expression with a minor confusion witlkeutralwhile angerandfear are classified the
worst. The gpressions oflisgust fear, andsadhave been misclassified asgerfor

around 5%.

100

a8

96

92

20

88

86

82

a0

(@)

100

-20 =10 -30 o] 30 a0 90

(b)

Figure 3.30: The classification accuracy of the proposed system with respect the
changes of the pan views: @0 "Yfeature based; ({60 "YO feature based.
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Figure 330 (a) demonstrated the performance of the propéged "Ybased system

for various pan views. It is indicated by the experimental results that a pan view of
w & is the best viewdr facial expression recognition for our system while the pan

views ofiE and o & deliver a slightly worse performance. The proposed system is
operating at over 90% accuracy across all pan views. Furthermore, as shown in Figure
3.30(b), it can be concludeithat with the increase of pan angle, the performance of
the system degrades generally, and the frontal view (i.e. pan viegi ois the best

view for facial expression recognition.

3.6.4.4Japanese female facial expression database

The Japanese female faceédpression JAFFE) database contains 219 frontal facial
expression images of six prototypic facial expressions and the neutral expression. In
this experiment, the complete set of theFFE database is utilized. To extract the
feature representation for thienage, the general feature extraction procedures
described in Section 3.7.4.1 is followed.

OQur databAccuracy Average

NERN, 99.62% 99 %L 6

NERE, 99.76% T

Table3.6: The classificatn accuracy 0b60 "Yandé60 YO feature based system
on theJAFFE database.

As shown in Table 3.6he performance of the@d0 “Yleature based system can
classify all seven facial expressions at 99.16% accuracy and reaches the highest
performance of 99.62% at scale 7 and tolerance threshold of 15 dhé "Y0

achieve a classification accuracy of 99.76%. In addition, it is shown in Fig8fe 3
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that with the increase of scale of the operator, the classification accuracy of the
proposedd 60 “Ydeature based system improves gradually in general while no
obvious trend is observed with respect to changes of the threshold setting except when
the tolerance threshold is set as 100, the system becomes unstable with respect to
scales The confusion matrices for tileé O "¥Bd6 60 "YU feature based system are
presented in Figure.32 (a) and (b) respectively. Based on the classification results
shown in Figure 32 (a) sadis the worst classified expression as it is naissified

with three different expressions, whiléar ranks the second worst with
misclassification teadandsurprise Regarding thé 60 "YU feature based system,
anger, happy andneutralcontinue as the best classified expressions by thegedp
system.Disgustis misclassified withangerwhile sad and surpriseis misclassified

with happyas shown in Figure.32 (b).

100 ~
95 ~
90

85

80 -

1
Scale Threshold

Figure3.31: The classification accuracy tii& O "Yfeature based systeyields w.r.t.
changes of the setting of th& 0 “"Yoperator.
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Figure 3.32: The confusion matrix for the proposed system uséing 0 "§8) and

yyyyy

100.00

0.00 0.00 0.00
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0.00 100.00
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(@)
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100.00 0.00 0.00 0.00
100.00 0.00
0.00 100.00 0.00
0.00 0.66 0.00
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To sumup, acording the experimental results and analysis presented, the primary

findings observed can be summarized as follows:
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6) According
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3. .8
Huang et _
Zhang Wong Ramirez
al. [160], _
[112], [161], Rivera et al.
) component Our
System facial FEETS [162], LDN
based approach
movement and based
feature
feature _ HFTS approach
descriptor
Performance | 94.48% 93.85% 95.87% 89.3% 99.66%

Table3.7: Classification accuracy of ttetateof-the-art facial expression recognition

systems tested dDK+ databases.

Zhang _
Shih et al.

[112],

. [110],
System facial
DWT and
movement

2D-LDA

feature

Performance 92.93% 94.13%

Gu
[163],
) Leeet al.
Radial Our
[164], sparse
encoded _ approach
representation
Gabor
jets
89.67% 94.7% 99.76%

Table3.8: Classification accuracy of the stadé-the-art facial expression recognition

systems tested aIAFFE databases.
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Table 3.9: Classification accuracy of statd-the-art multiview facial expression

recognition systems compared with our proposed facial expression recognition

systems usin@U-3DFE database.
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3.7 Conclusion:

Following a thorouf review of the foremost mechanisms for designing a raigtw

facial expressin recognition system and staikthe-art multiview facial expression
recognition system, a new universal muigw facial expression recognition system
based on local ternaryatterns is presented, and a comprehensive investigation is
conducted to explore the influence of different specifications of the local ternary
pattern on the overall performance of the proposed system in terms of achievable
classification accuracy. Fughmore, the performance of the proposed system with

respect to both pan and tilt angles and intensity levels is also explored.

In the following Chapter,a novel local descriptor, level of difference descriptor, is
proposed to use as a supplement for thiesf-the-art local descriptor, which is weak
in describing local appearance, along with a systematic exploration of the fusion of

texture features.
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Chapter 4

Fusion of local descriptors for universal multt

view facial expression recognition

In this chapter, the application of statd-the-art texture descriptors, including local
binary pattern, histogram of oriented gradient, and the gray levebaooirrence
matrix, in devising a universal facial expression recognition system is examined. Then,
an investigation of the robustness of the devised feature representation against
variation of intensity levels and pan and tilt angles of the head is elaborated.
Furthermore, a novel local descriptor is proposed, which designated as the level of
difference dewiptor, to use as a supplement to statehe-art local descriptors to
further improve the performance of a system in terms of classification accuracy.
Finally, the fusion of various texture features for devising a robust feature

representation for univeal multiview facial expression recognition is presented.

Section 4.1 gives a-ogtehacet at exhureddadetit an
4. 2, the gener al framewowr K acfi adurexprescs

system | SegnaeveantdedB. t horoughly descri bes

are adopted in this study. I n Section 4.
series of experiments are systematically
of the exmdriinmgential afl so included. Sectic
principal findings presented in this chaj
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4.1 Introduction

As mentioned ivrar Clod fhteestt aBext ure descript
empedyto derive a-vielwitfiaan afl ore xtplree srsu lotni
including | ocal Ri2Md IGa b pa[tlif3etalt cdlper anvar
feature[tlB4drmafsdrogr am off 7,9 diiesnctreedt ¢grreaods fear
[ 76]speed up |[BOdhgsbadifemat urecamni il P r am
and so on (examples of these texture desc
3 Sectioenve2). abowlemonstrat ed tihne sTea bilned i 3v.
textur e ebthesssedr i2eD emw [ ftaci al expreslsawe rec
found classification with high accuracy

chall enging, not to mention theamejfetygom,
frust r aatreigorne s sTiheerr ef or e, it i s necessary

performanceicefw tflaeimdl teixpression recoghni
comprehensi ve aontaHaey si ¢ exft utrtee detsatre pt or s
o f t mag edr igp AH]igernaty -olcewelr enpk65Mabecak bin:
pat{e@dhand the fusion of these features

fo a -vmudwifacial expression recognition s
|l ocal descriptor, which is call ed stehe | e\
with the-oftderetr tseéxat ere descriptaisn. thHke

gener al framewor k-voewobiacpabpesedemsl bn

for the series of experiment described i

4.2 Framework for the multi -view facial expression
recognition system

In thelight of theperformance that thergviousd ¢ 0 "30d6 6 0 “Ylbase multi-
view facial expression recognition has iested, as described in Chapterti3e same
system structure is employed for evaluation of the individual texture desdvged

systems in order to examine of the peniance of these statd-the-art descriptor in
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application of multiview facial expression recognition. The detailed information

about the structure of the proposgdtem can be found in Sectio3 3 ChapteB.

Data acquisition

Feature extraction Classification

A A
\

Feature
extractor A

SVM
classifier

Feature
extractor B

Figure4.1l: An illustration of the structure of the proposed universal avigtiv facial

expression recognition system.

For the exploration of the fusion of texture descriitased system, the data

acquisition stage and classification staf¢he proposed system remain the same as

the systenstructure described in Sectior33With regard to the feature extraction

stage, minor adjustments and an addition of the feature selection module is added to

the previous proposed system, as illustratdeigure 4.1 Two texture descriptors are

deployed to extract a feature representation because the objective of this study is to

find real time solutions for muliriew facial expression recognition in practice, which

has set a limit of 0.04 second irafare extraction time for one image. After that, the

two extracted texture feature representations are combined usingtioeeHeature

selection algorithmyhich is described in Section 3.5, in Chapterith a proportional
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fusion scheme, which is degzed inSection 4.4.7The details of the employed texture
feature are explained in Section 4.3.

4.3 Texture features

In this study, a number of texture descriptors are investigated, including local binary
patterns and its variants, and local ternary pateahits variants, level of intensity
difference, and histogram of orientations, in the application of universal facial
expression recognition. The details of the adopted texture feature descriptors are
presented in this section, except for the local lyipattern, which has beemaroughly
described in Section 3.6 in Chapter 3

4.3.1Level of difference descriptor

After experimenting with the stat#-the-art texture descriptors, such as the local
binary pattens, local ternary patterit is observed that dain local descriptors adopt

a process that compresses or discards the local appearance of the imagery region, and
as a result, a significant amount of informative content in the local neighbourhood is
omitted in the extraction scheme. It is thereforesoeable to argue that this
appearance information might be used, together with the aforementioned texture
descriptors, to improve the overall system performance. Thus, l2nelef difference

(LOD) descriptor is introduced, designed as a supplement siableshed local

descriptors that are less informative in describing local pixel intensity.

Fundamentally, the level of difference descriptor is designed to statistically describe
the difference of intensity in the defined local neighbourhood in gerférat, an
image region is divided into blocks, and then by calculating the difference of the
intensity of each pixel with the average intensity of the entire block, each pixel casts
its vote into a histogram of 16 bins corresponding to values ranging2&io +255,
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which have an evenly spaced intervabof Specifically, thd_OD pattern is extracted

in the following steps, which is also briefly illustrated in Figure 4.2:

1) The average intensity eoqgfuatthieonbl4o.ck i s

I n the abowvaeexpsesssborn,he total num
sel ect ed dsiusb ab |voeccktso;r , which includes
t heclkbl o

2) Al | pi xels are subtracted from the me
3) Each pixel casts a vote to an occurre

and a bin width of 32. pTh@¢ emnesuletiveg't
for the Dbl ock.

205 | 100 | 64 Subtraction 116 | 11 | -25
35 | 65 | 120 — o4 | 24| -31
1 35 | 173 —88 | —04 | 86

u = 89 I

No. of occurrenci \
'.J-'...._ &= I CS— _— 1

Bins of histogram

Figure4.2: An illustration of feature extraction of the level of difference operating on

ablocksizeof3ui s the average of all pi xelsd int
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4.3.2 Histogram of oriented gradient descriptor

The histogram of aented gradient descriptoHQOG) is a local descriptor originally
developed for detection of human by Dalal and Trig@§. The fundamental idea of

the HOG descriptor is to cofict and record the characteristics of the textural
appearance and geometric shapes through the local intensity gradient while allowing
a defined displacement tolerance of the pixels. More specificallyj @@ descriptor

is a blockwise operator, which calilates the orientation of the gradient at each pixel

in the local blocks, and accumulates the weighted orientation votes within the block
into a histogram to form a texture representation. In our study, the feature extraction

of theHOG feature is carriedut in the following steps:

1) First, an image is densely extracted

2) Second, the feature extraction is car:t
partitioned furthlenpi rebs 4 Teettlescitoné ng

bl ocpkp pgpi xel s.
3) For each cell, the Il ocal directional ¢

i nt odiamelnsi onal hi stogram of oriented

orientat ipdmhrtaon Qe eogfual | y spaced bins.

4) Al | thhgr@aims generated by cells within

into a feature vector representing thi

55 By concatenating all the densely extr

final feature representation is compl ¢
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4.3.3Gray level cooccurrence matrix and its statistics

The ceoccurrence matrixGLCM) and its statisticEL65] is one of the earliest texture
descriptors which still plays an important role in computer image analysis. It is an
appearancéased operator with an assumption that pixel intensity level and the pair
wise spatial relationship of pixeisgether possess a unique characteristic GlteM
operator exhaustively examines an image region for all possiblevig@rintensity
patterns of the same spatial relationship, and then counts the occurrence of each pattern
in anwby wmatrix, as illusrated in Figure 4.3, whebgis the number of intensity
levels[165]. One ceoccurrence matrix, which is also referred to as the angular nearest
neighbour gray tone dependence matrix, corresponds to a given spatial relation
operator, which implies that one image patch could have multiple occurrence matrixes.
To reduce theomputational cost of calculating an image intensity spatial dependence
matrix, generally a reduction of the range of intensity values is executed before
calculating the matrix. Figure 4.3 shows an example of the calculatitime afe

occurrence matrix.

olol1l1 135°  90°  45°
00|11 \ /
0(2]2]2 — 0
2121313 g b
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(c) (d)

Figure4.3: (a) At Tt image block with gray range of 0 to 3; (b) four directional

relations; (¢ is the ceoccurrence matrix calculated fardlirection at distance of
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1; (d)0 is the ceoccurence matrix calculated feo tat distance of 1 (taken from
[165]).

4.4 Experimental setup and results analysis

4.4.1Block based uniform local binary pattern

80 T T T T T T T T

75 y

Performance

Figure4.4: Classification accuracy (%) of the propoged 0 &dature based system

with local binary patterns extracted at 8 different scales.

A thorough investigation of the block based local binary pattérd O 6 for
application in universal multtiew facial expression recognition is reportecthis

section. Eight different feature representations for the facial expression image
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constructed using the local binary pattern extracted at 8 different scales is adopted in
this experiment, and the performance of various configurations is illusincfeglire

4.4. Distinct from the block based local ternary pattern whose performance increases
as the scale of operator increases, this figure showththaverall performance of the
systembased oBBLBPfirst increases, and peaks at the extraction s¢&@eand then

starts to decrease as the scale of extraction of the local binary pattern operator continue
to increase. To sum up, it is apparent from the Figure 4.4 that the scales of the local
binary pattern operator has a significant influence on tHenpeance of our proposed

facial expression recognition system.

NERE; Averag Best
Accur ac 67. 66% 72. 25%

Table 4.1: The average and best classification accuracy of the progoged 6 0

operator based universal muiew facial expression recognition system.

Table 4.1 shows that the average performance of the proposed facial expression
recognition system based BBLBP feature is 67.66%the best performance is
achieved using the block based local binary pattern representatiracted at the
scale of 3.However, when compared with tH@BLTP based system described in

Chapter 3, this system underperforms by about 9%.
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Anger Disgust Fear Happy Sad Surprise

Figure4.5: The classification confusion matrix of the® 0 &eature based system

for classification of 6 prototypic facial expressions.

By studying Figure 4.5, it can be concluded fieatr andangerare the most difficult
facial expressions to recognize for the proposed system, avigksis most confised

with thesadnesgacial expression, with a classification accuracy of 64.23%ead

is misclassified with all other expressions with classification accuracy of 63.46%. The
facial expressions &urpriseandhappinesare the easiest to recognizetbg system

with a classification accuracy of 85.34% and 83.84% respectiggust and
sadnessre classified slightly better thamgeranddisgust but the accuracy is much

lower than those of facial expressionsafpriseandanger.
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Figure 4.6: (a) The matrix of classification accuracy for facial expression images with
various combinations of tilts and pan angles; (b) a contouring map based on the

classification accuracy.
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Figure 4.6 revealthat the performance of the proposed facial expression recognition
system is significantly affected by the changes of head pose, and especially that the
tilt angle exerts more influence than the pan angle. Considering the influence of the
tilt angle, a negtive tilt angle affects the overall classification accuracy more than a
positive tilt angle. And the system performance is almost symmetrically reflected, with

a sum of difference of 15% on positive and negative pan angles, and the negative pan
angles pdorming better than the positive pan angles. Furthermore, it is observed in
Figure 4.6 that the pan anglerofis not the optimal for facial expression classification

because a higher classification accuracy is obtained at pan anglpsudhd o 1TJ

90 T T T T T

85 .

Ivi=4 M==3 Ivi==2 all Ivi=1

Figure4.7: The classification accuracy of thed 0 ¢haésed system with respect to the

change in intensity levelM) of the facial expression.

As shown in Figure 4.7, the classification accuracy efffoposed system does not
significantly change before facial expression images of intensity level of 1 are added

in to the classification. The classification accuracy for the proposed system operating
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at intensity level of 1 is 62.37%, which is about 18%er than the accuracy obtained

at the highest intensity level.

Although the BBLBP based system has achieved outstanding performance, when
compared withBBLTP based system, it underperforms by about 9%. BB&BP
representation is in general less effeetin describing all facial expressions for
universal multiview facial expression recognition task, andBiBt. TPrepresentation

is significantly better in reducing confusionsawfger, disgust fear, andsad

4.4.2 Multi -scale uniform local binary pattern with block

based feature extraction {] || d |F IB

To obtain a feature representation using the block based-snalé local binary
patterns ¢ 6 0 81§, thed 6D operators with 8 different scales of extraction are

applied to a facial expression image. The local binatiepns extracted from all scales
are filtered using the-Bcore feature selection algorithm, and by ranking teedfes

the same number of the most distinctive features are selected for each scale.

As shown in Table 4.2, the proposed system producedvarall classification
accuracy of 73.52%. This system slightly outperforms the best configuration of
BBLBPfeature based system by 1.27%, and it is aB&utvorse than thé 6 0 %Y

based systems as described in Chapter 3.

Accur acy
NERHE; 73.52%

Table4.2: The performance of the established universal avigtiv facial expression

recognition system usirty 6 O 8 dwith F-score feature selection.
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Anger Disgust Fear Happy Sad Surprise

Figure4.8: The classification confusion matrix obtained for the propdsédid 6 0

feature based system.

Figure 4.8 demonstrates that the fh@®pressions surprise améppinessare best
classified by the proposed system, whidar is the most confused facial expression.
Thefear expression is misclassified with all other expression to the same extent, and
angerandsadnessre misclassifiedhie most among all pairs of facial expressions.
Disgustis misclassified withanger and fear by the proposed system. Combining
confusion matrices of both local binary pattern and the raaodtie local binary
patterns in Figures 4.5 and 4.8, it can be catedithat these two operators are highly

related, with similar misclassification trends and similar performance.
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Figure4.9: The change of the classification accuracy of the proposed system using

6 6 0 & bw.r.t. the tilt and pan angles.
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Figure 4.9 shows that that the pan angle pfuid the optimal for facial expression
recognition, with an average performance of 76.36%. In addition, tilt angle has the
most significant influence on thegsgem performance when compared with the pan
angle. According to the performance obtained in this experiment, it is shown that facial
expression recognition is nearly symmetrical on both sides of the face. The best

viewpoint is found at a tilt angle of and pan angle @ v. J

100 T T T T T

85 -

Ivi=4 v>=3 Ivi==2 all V=1

Figure 4.10. The system performance in classification of six universal facial

expressions at various intensity levels using 0 8 b

As seen in Figure 4.10, the muidttale local binary pattern based approach degrades
in performance as lower intensity levels are included, and shows the worst

performance at the lowest (1) intensity level. The recognition differegtweebn the
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proposed system operating on highest and lowest intensity is 14.7%, where 63.37% is
observed at the lowest intensity level and 78.47% at the highest intensity level.

Comparing experimental ressilbetweené ¢ 0 6 Obased system andidé0 "YO

based system described in Chapter 3, it can be observed thatd Obased system
performs generally worse thah 6 0 "YObased systemThe 6 6 0 & 0based
representatiomcrease the confusion ahger, disgustfear, andsad As a result, the

overall performance of thie 6 0 & Obased system is affected.

4.4 .3 Histogram of oriented gradients § |=-h

In this experiment, the histogram of oriented gradiei@s (Ooperator is applied
densely with an overlap dfalf blocks size to extract th@0 "@presentation for the
facial expression image. All densely extracted "@atures are concatenated into one
feature vector as the final representation for the query image. To reduce the
implemented to select 2,500 features from the comjileie' @atures with the best F
score. Finally, a Iold crossvalidation is conducted. The average classification

accuracy of the establishegstem is 67.33% as presented in Table 4.3.

Accuracy

T F7 67.33%

Table4.3: The classification accuracy of the established universal wieli facial

expression recognition system usingtBé "@ature is shown.
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Happy

Sad

Surprise : 39z

Anger Disgust Fear Happy Sad Surprige

Figure 4.11: The confusion matrix of the proposed facial expression recognition

system using th@®©U "@ature representation.

As shown in Figure 4.11, for th@U "@aturesbasedfacial expression recognition
system, fear is the most misclassified expression at 52.82% smgrise and
happinesshe best at 83.31% and 80.16% respectively. The facial expresammsss
andangerare misclassified with each other, as disgustand anger. Happinesss

misclassified withifear the mostDisgustranks third in classification accuracy.
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Figure 4.12: (a) The classification accuracy matrix for various views of different
combinatons of tilt and pan angles; (b) contour map of classification accuracy of the

proposed systems at various views.
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Among all combinations of head poses, the best classification accuracy is obtained at
the tilt angle ofrt &and pan angle ofo Ttakcording to th experimental results shown

in Figure 4.12 (a). The Figure strongly indicates that an increase of tilt angle either
positively or negatively will reduce the overall performance of the system significantly,
and a negative change of tilt angle has moreifséggnt influence on the system
performance compared to a positive increase. A detailed trend of the pan and tile
anglebdés influence over the performance
contour map in Figure 4.12 (b). In addition, an angle oft Js observed as the best

pan angle for facial expression recognition using the histogram of oriented gradient
feature representation.

85 T T T T T

80 - A

Ivi=4 IvI>=3 Ivl>=2 all Ivi=1

Figure4.13: System performance difference using the histogramaxfignt feature.
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As shown in Figure 4.13, the classification accuracy of the universatviatifacial
expression recognition system using @& “@eature is 72.89% on the highest
intensity level, and 56.88% on the lowest intensity level. The overall classification
accuracy is reduced by the poor classification accuracy the system has managed to

achieve at the lowest intensity.

4.4.4Gray level m-occurrence matrix (; 4 F)!

In this experiment, the bloeased feature extraction of gray levelaazurrence
matrix (O0 0)Us carried out. First of all, an intensity level reduction is performed
which reduces the total number of intensity levdlthe image to 8 levels. Secondly,
the input image is divided intp T blocks. Then, the operator is applied to calculate
the gray level cabccurrence matrix. After that, the calculated matrix is transformed
into vectors, and eventually concatenated imi® wector as the feature representation.

To thoroughly investigate the potential of the gray levebcourrence matrix as a
representation for universal muliew facial expression recognition, 4 spatial
relations are examined, which produce 4 grayll@eeoccurrence matrices, atf

T uhd Thdnd 135° with a distance of 1.
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Figure 4.14: The classification accuracy for gray level-@ocurrence matrices
calculated att Bt vhd nhdnd 135° with a dstance of 1.

It is observed from Figure 4.14 ti&0 0 €alculated att Jhas the worse performance
at 69.92% while théO0 6 for T v \lelds the best performance at 71.48%, which
suggests that a spatial relationtob with immediate distance of 1 has the highest
distinctiveness as a representatifor universal multiview facial expression

recognition.

In addition, théO0 6 (of 4 spatial relations are fused together by adopting the F
score feature selection described in Section 3.5. For'@ach, ihe dimensionality

of the feature is reded to 625. As a result, the total dimension of the final feature
representation after fusiongs¢ v T ¢ v TWWith the 16fold crossvalidation, the

"00 O (achieves an overall 72.08% classification accuracy as shown in Table 4.4, and

the confusion matrixs as shown in Figure 4.15.
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Accuracy

74 pdv 72.08%

Table4.4The classification accuracy with the combiri®d 0 0 i

Anger

Disgust

Fear

Happy

Sad

Surprise : 156

Anger Disgust Fear Happy Sad Surprise

Figure 4.15. The confusion maix of the proposed universal multiew facial

expression recognition system using four spafal 6 U i

By studying the confusion matrix shown in Figure 4.15, it can be concluded that
disgustandfear are the most difficult expressions to classifytfte proposed system.
Angeris misclassified wittsadnesshe most andlisgustthe second most whiliear

is misclassified withdisgustthe most, anchappinessthe second most. Also, a
classification accuracy difference of 34.51% is observed in this iexpar,
demonstrating that the classification accuracy among various facial expressions varies
greatly. Surprise and happinessare classified with the highest accuracy by the

proposed system.
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Figure4.16: The classification accuracy for the proposed universal migitv facial

expression recognition system using four spafal 0 0 () classification accuracy
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yields at each view; (b) contour map of the classification accuracy with respect to

variation of pan and tilt angle.

It is observed in Figure 4.16 that the optimal pan view for facial expression recognition
for the proposed facial expression recognition systenpi®, &nd the best system
performance is observed at pan angle pfu ahd tit angle ofrt 8Also, it is seen that
facial expression recognition from the left side view slightly outperforms recognition
from the right side. Furthermore, the results shown in the Figure strongly indicate that
tilt angle has a significant influence ove performance of the system, and, more

specifically, that a negative view angle affects the performance the most.

85 T T T T T

80 A

75 .

Ivi=4 vI>=3 Ivl>=2 all Ivi=1

Figure4.17: The performance of the proposed system in classification of six universal

facial expressions at various intensity levels w@f 6 0 i
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Figure 4.17 shows that the classification accuracy of this system diminishes at the
same rate from intensity 4 to 2, and then falls significantly to 61.78% at an intensity
level of 1. The ovell classification accuracy is obviously reduced by the poor
performance the system vyielded at the lowest intensity level. The classification
difference observed between the highest and lowest intensity levels is approximately
16%.

4.4.5Level of differencedescriptor (=I |= r

To extract the level of difference descriptiie block-based-layerfeature extraction

with an overlap of a half block is applied as illustrated in Figure 4.18. The size of the
basic extractiomlock that the level of difference descriptor i®oggingonis, p ¢ T
pixels. The first layer consists @f T basic extraction blocks while the second layer
hasu o blocks.TheLOD features extracted from all blocks acencatenated to form

thefinal representatianThelength of the resulting U @&ature is 624,

]
Basic extraction 4 / /\

Block YaK 8
| | T
! » 20d Jayer
i

+
A
W&
| > I*tlayer
|
|
—

Figure4.18: The feature extraction process for the) ‘@escriptor is illustrated.

Accur acy
4k 48.92%

Table 4.5: The overall performase of theb U @escriptor for the proposed facial

expression recognition system
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Employing the feature representation generated by theé@escriptor, the proposed
universal multiview facial expression recognition system classifies 6 prototypical
fadal expressions with an accuracy of 48.92%, as shown in Table 4.5.

By studying the confusion matrix, as illustrated in Figure 4.19, it is seen thattH®
descriptor cannot code the distinctiveness of the facial expresiismsstandfear
which areseen to be poorly classified, and the classification accuracy is similar to a
random guess. However, the proposed system can classify the expsesgiseat

a classification accuracy of 84.64% dmappinessat 75.52% Sadnessndangerare

the most cofused classes except for the expressiomsgfustandfear.

Anger 4.90 331 13.51 15.30 769
Disgust 17.26 2117 S sy 2349 15.31 1619
Fear 12.81 §.14 14.54 29.52 17.59 17.39

Happy 6.26 4449 278

Sad 27.94 434 445

Surprise 209 261 203
Anger Disgust Fear Happy Sad Surprise

Figure4.19: The classification confusion matrix for the proposed system.

As shown in Figure 4.20, the optimal pan view for facial exprassgognition is
observed at p v. Comparing the difference of influence between pan and tilt angles,

the tilt angle has more significant impact on the performance of the proposed facial
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expression recognition system. In addition, a negative tilt andiectaf the
classification accuracy substantially. And, the best recognition view for this system is

observed at a tilt angle of v ahd pan angle qf v. J

Tilt angle

Fan angle

Figure4.20: The classification accuracy matrix frovarious camera views.

4.4.6LOD descriptor as a supplement to other texture

descriptors

As noted earlier, the level of difference descriptor is suggested as a supplement for
those local texture descriptors, which are weak or are not capable of coding the
appearance of the facial expression image. The experiment presented in this section
thoroughly investigates its influence as a supplement in terms of classification
accuracy when the 0 ‘@escriptor is employed together with the bldiEsed multi
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scale local binary patterd (6 0 6 § operator, bloclbased multiscale local ternary
pattern © 6 0 "YQ operator, four directional gray level -cocurrence matrices
(GLCM3 , and the histogram of oriented gradiett®©G) operator.

90 T T T T

I Oiginal
I Combined with LOD

GLCMs HOG BBLBP BBLTP

Figure4.21: Classification accuracy 600 6 )00 @ 6 0 6 Dandd 6 O "Ypand

their performance when used with tlne Odescriptor.

As shown in Figure 4.21, combining theb ‘@&ature with features generated by other
texture descriptors can generally improve the classification accuracy when the same
numbers of features are used. Also, when emplayidg@ith the'O0 "@ature and

thed & 0 & Ufeature, the classification accuracy of the proposed system is improved

substantially, specifically 4.9% fdér 6 O 6 Uand 5.42% fofO0) O
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LOD BBLBP LOD BBELTP

Anger 364 239 12.66 205 Anger 281 117 10.25 103

Disgust 529 348 Disgust 4724 230

Fear 534 Fear 373

Happy 194 Happy 116

Sad 1496 Sad 1192

Surprise 141 Surprise 091
Anger Disqust Fear Happy Sad Surprise Anger Disgust Fear Happy Sad Surprise
(@) (b)
LOD GLCMs LOD HoG

Anger 289 205 16.20 2.16 Anger 454 271 14.16 184

4.86

6.73 582 498

Disgust 543 399 Disgust

Fear 598 gele) 706 Fear 668 804 571

Happy 3325 557 Happy 280 4.25
Sad 19.09 379 3.92 Sad 1715 454 582
Surprise 162 171 326 90.09 Surprise 150 3.04 339
Anger Disgust Fear Happy Sad Surprise Anger Disgust Fear Happy Sad Surprise

Figure4.22: The classification confusion matrix fdng combined representation of
0 0 @ith (@) 6 06 0(b)6 6 0 "YP(c)"Ob 6 Hand (dyOU O

Considering the combination withd 0 & Ufeature it is observed in the confusion
matrix shown Figure 4.22 that the classification accuracy for all sikesgns is
improved in general, with the largest improvement observed farerexpression

of around 10%, while for other expressions an average improvement of around 5% is
delivered. And it is seen that thel @atures help to reduce the confuslmetween

the facial expressiorengerandsadnessThe least improvement is observed fiear

andhappiness
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Regarding the combination with & 0 “YUfeature the classification accuracy for
each pair of facial expressions remains unchangedpegoe recognition accuracy
for disgustandsadnesss improved by about 3%, and the classification accuracy for

feardrops by about 1%.

Comparing the confusion matrix relating ‘@0 “@atures, it is observed that the
overall confusion between all paiof facial expression is improved. While the least
improved is observed fdrappinesgby about 2%), the classification accuracy of the

proposed system has improved by around 7% on average

By studying the changes in the confusion matrix relatin@ 0 | it is observed that

the general confusion between pairs of facial expression is not changed substantially.

LOD BBLBP LOD BBLTP

90 100

851 %

Ivi=4 v>=3 v>=2 all Ivi=1 =4 IvI>=3 v>=2 all V=1

(a) (b)

LOD GLCMs % . LOG HOG
= !

90

Ivi=4 >=3 vi>=2 all Ivi=1

() (d)

Figure 4.23. The classification difference with respect to intensity level of the

proposed classification system whenthe @atue is combined with other features:
@6 60600660 "Y)()0d 6 Hdnd (dyod O
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As observed in Figure 4.23, the feature representations that combine) tif®ature

show a similar trend, namely that the classificatioocusacy of the proposed system
does not degrade significantly until the facial images of the lowest intensity are
included in the scope of the classification. Additionally, combining)thie @ature

with "00 "@ndé 6 O & Onot only stabilizeshe classification accuracy at the highest
two intensity levels, but also improves the classification accuracy of the new combined
feature (one is constructed €OD and HOG feature, and the othdrOD and

6 6 0 6 Ofeaturd based systems in generdlhe average performance difference
between the highest and lowest intensity levels is about 15% for all combined features
except when thé & 0 "Ylfeature was included, the difference is around 13%. The
lowest difference occurs when th@D featre is included, which implies that a fused
feature that includes thie 0 ‘@ature can reduce the performance difference observed
between the highest and lowest intensity levels. In addition, it is revealed in Figure
4.23 that facial expression recogaitiusing all these combined features at the lowest
intensity is significantly poorer than for classification carried out at higher intensity
levels, which then decreases the overall performance of the system and restricts its
usability.

4.4.7 Fusion of stateof-the-art texture features

To further investigate a search for the most suitable representation for the proposed
universal multiview facial expression recognition system, the full combination of the
aforementioned texture descriptors (except the levetlitfiérence descriptor) is
examined on a pairwise basis to form a representation for the proposed recognition
problem.The texture features that are selected for this experiment can be extracted on
a real time basis which means a single extraction takeghan 33ms. Moreover, to
manage the memory requirement for this experimentidtad number of features

employed is restricted to 2,500, the number with which the maximum dimensionality
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that our system hardwa(ee. our system has a RAM of 16 G&n sably operate,
for the combined feature representati¢fm. different pairs of features, a specific ratio
is calculated which determines the number of features to select from each type of

feature. The ratio isalculated using Equation 4.2

wheret is the total number of features that need to be selettisthe summation of
classification accuracy for both original texture descriptdrsjs the original

classification accuracy dhe features to be selected.

90 T T T

85— =

GLCM+HOG BBLBP+GLCM BBLBP+HOG BBLBP+BBLTP  BBLTP+GLCM BBLTP+HOG

Figure4.24: The classification accuracy for each pair of texture descriptors based on:
"00 6 BOO 1O 6 0 6 handd 6 O "YO
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As shown in Figurel.24, the best classification accuracy for the proposed system is
achieved with the combined feature representatiord 6f0 “Y({and "O0 6 Oait
81.725%, followed by the combined feature representation bhaded local binary
pattern and locakrnary pattern at 81.2%. And it is seen that all the top three system
performances recorded are achieved when the local ternary pattern is fused in the
feature representation. Most combined representations have outperformed a feature
representation geneedt with a single texture descriptor, except local ternary patterns.

It is revealed in the experimental results that the local ternary pattern is more efficient
and informative in the description of the difference of six prototypic facial expressions.
When combined with other texture features, the overall performance is lower than
usingd 6 0 "Ylfeatue alone. It is also observed that combining the histogram of
oriented gradient feature with other features provides no improvement at all in terms
of classification accuracy for the proposed system setup. In addition, the overall
system performance slightly increases (by around 3%) when the combined

6 6 0 6 tand’Ob 6 (Feature is employed.

It is strongly indicated in Figure 4.25 that tlsatrpriseand happinessare classified
most accurately by the proposed universal facial expression recognition system while
fear is the most misclassified expressidmgerand sadnessare misclassified with

each other substantially.
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Figure 4.25. The classification confusion matrix for the proposed facial expression
recognition system using feature representations of combinations of all pairs of texture
feaures: (@)6 6 0 6+ 6 O "Ygb) 6 6 O 6+000 6 § i(c) 6 6 O 6+HO0 "O (d)
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Figure 4.26. The classification of six prototypic facial expressions with increased
number of intensity levels\|) using combined features: @)6 0 &® 6 0 “Yb)
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It is demonstrated in Figure 4.26 that the classification accuracy for all proposed
system setups declines #® intensity of the facial expression decreases, which
confirms that facial expressions with lower intensity levels are difficult to classify in
general. It is seen that classification of expressions at the lowest intensity level is the
most difficult for the proposed system. The difference of classification accuracy in
terms of accuracy between the highest and lowest intensities is roughly grouped into
two parts. The combined featurestof) O 6 Uand 00 6 Hd& 6 O "YandO0 @nd
6606 vand6 6 0 "Y() show a difference of approximately 13% while this is
around 15% for the others. In addition, according to the experimental results, it can
also be cocluded that the performance of the proposed system can be divided into
two parts: one without the lowest intensity level and the other including the lowest
intensity. For all combined features, the performance of the system across the highest
three intengy levels varies less than 2%, and is significantly better than the
recognition accuracy observed at the lowest intensity. The recognition accuracy
observed at the lowest intensity can be considered as a lower bound of performance
that a facial expressiaecognition system can achieve.

To sum up, the findings obtained by studying and analysing the experimental results

can be summarized as follows:

First, considering all the experimental results obtained usinBth8DFE database

that is obtained in tkiseries of experiments, it is strongly suggested that the-block
based local ternary pattern is the most efficient and effective texture feature for the
universal multiview facial expression recognition among all other stétthe-art
texture features #t have been investigated in this study, and its performance is stable
and outperforms the combined feature representations constructed froof-ate

art texture descriptors, for universal muliiew facial expression recognition system

in terms of clasification accuracy at 83.23% for 35 head poses across all different

intensity levels included in the database.
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Second, reviewing the results from the head pose perspective, it is observed that tilt
angle is the most significant factor that affectsdlassification accuracy. Especially,

a camera view that captures the input images from a position above the subject
dramatically increases the overall recognition difficulty for the proposed system. Also,
it is reflected in all the experimental resultstttiee pan view oft Js not the best pan

view for facial expression recognition, and the best recognition accuracy is often
observed at pan angle op var o mdepending on the feature representation and
system configuration adopted. In addition, it l®wn in the experiment results that
there is not a significant difference in universal recognition of facial expression
between a situation where performed from the left side and right side, which strongly
suggests that the facial expression is symmetnithlrespect to the proposed system

in the universal classification task.

Third, it is found that the level of difference descriptor can be used as a supplement
when combined either with thestogram of oriented gradiefgatureandthe block-

based lockbinary patterrieature where the classification accuracies for the combined
feature is significantly improved to 72.75% and 77.15%cfonbination witiOU "O

and 6 6 0 6 U respectively when the same dimensionality of the feature
representatiors employed. Especially, it should be noted that the performance which
the combined feature &fOD andé 6 O 6 Ohas achieved iggnificantly better than
thatreported in a similar study by Moore and Bowd#&66] in which the combined
feature of multiscale local binary pattern and local Gabor binary pattern is used to

devise a multview facial expression recogion system using the same database. The
total number of feature dimensions that are utilized in our studpasit — of the

feature dimensionalitydloor e and Bowdenbés system, and
LOD andd 6 0 6 Obased system has achieved in this study outperforimg) 6 0
and local Gabor binary pattern based system by about 6% on a more difficult setup in

terms of numbers of views and facial expression intensities.
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Fourth, according téhe experimental results obtained in the feature representation
fusion study, it is observed that not all combinations of features can be helpful in
improving the overall classification accuracy with a restricted length of feature
representation employinghe Fscore based feature selection strategy. An
inappropriate fusion can degrade the system performance as well. For example, the
00 "@ature when used with 6 0 6 @andd 6 0 "YUfeatures reduces the overall

classification accuracy of the system.

Finally, it is revealed by the reported experiment results, in an exploration of the

i ntensity | evtd dassificatiorf dcauracy, ¢hat the unesersal multi
view facial expression recognition at the lowest level is the most challenging for all
proposed systems and degrades the overall performance and usability of a facial
expression recognition system drdioaly. The performance difference between a
system with or without inclusion of the intensity level of 1 is large, which strongly
suggests that the facial expression classification at the lowest level (i.e. the onset phase
of an expression) can be usada evaluation criterion for examining the performance,

robustness, and usability of a facial expression recognition system.

4.5 Conclusion

In this chapter, an exploration of the feature representation for universaiviauiti

facial expression recognitiorsing stateof-the-art local descriptors is conducted, and

the corresponding experimental results are thoroughly analysed and discussed in
relation to practical applications. Importantly, a novel level of difference descriptor is
also introduced as a suppient to use with other statd-the-art texture features,

where a promising improvement of overall classification accuracy is observed.

In conclusion, with this comprehensive study, it is strongly suggested that adopting
the proposed combined feature, igéh is generated from the fusion of features
extracted by various local descriptors, might not always achieve a better classification

accuracy. Besides, the proposed ndv@D descriptor can be used as a supplement
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for local binary pattern and histogram afented gradient features to improve the

overall classification accuracy of a facial expression recognition system.

In the following Chapter 5a novel categorization strategy for facial expressions is
proposed in order to extend the application ofdlaexpression recognition into more
practical dayto-day scenarios.
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Chapter 5

Subcategories of facial expressions for practical

applications

This chapter reviews the fundamental theories of emotions and further explains the
key dimensios in the emotional space, and then proposes a set of novel categorization
methods for facial expressions to be used in the design of an automatic facial
expression recognition system. In addition, a series of experiments is reported which
inspect the inflence, which the novel categorization brings to our universal multi
view facial expression recognition system. A detailed presentation of experimental
results and analysis is also included at the end of this chapter.

Section 5.1 explains the general backgqd and motivation of this study and Section

5.2 reviews the fundamental theories of emotions and affective spaces. In Section 5.3,

the methodology of developing a novel grouping of facial expressions is presented.

And Section 5.4 describes thoroughlyegies of experiments that is conducted in this

study from experimental setups of our preliminary research to detailed analysis of the
experimental results. Finally, in Sectior

is presented.
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5.1 Introduction

As a Ahot topico within the computer Vvis
expression analysis has been intensively studied in recent years. However, most of the
research and development of automatic facial expression recognition systems has been
conducted based on a fundamental acknowledgement that emotions are discrete, and,
thus, facial expressions reflect this. In the light of this fundamental understanding of
emotion and facial expression, many researchers in the field of computer vision and
patern recognition90], [25], [167], [168], [169] have attempted to classify facial
expressions automatically into one of the prototypic facial expression families,
corsisting of expressions defining the emotionsanger, disgust fear, happiness
sadnessandsurprise[12]. Other researchefs70], [171], [55],[102], [103], [28] have
employed the facial action coding systedfACS, which is generated by Ekman and
Friesern[6], and devised an automated rectignimethod to analyse the facial actions

in various region of the face in an expressive facial image, and then classify the facial

expressions based on the protocol suggested by the facial action coding system.

Despite the significant progress in theaaméatization of facial expression analysis, the
practical applications of automatic facial expression recognition have advanced
considerably less than they otherwise might have due to some practical difficulties in
the application of such a technology. Fio$ all, the spontaneous facial expressions
typically occurring in daily life are g
expressions that are usually captured in the laborftdd). This as a result, brirgy

about substantial difficulty in recognizing facial expressions in practical application
scenarios (see also our previous findings repant&hapter 3 and,4hat recognizing

facial expressions at low intensity level is challenging in general and restricts the
general usability and robustness of a facial expression recognition syStsrandly,

there is a deficiency in the standardized facial expression data for devising practical
and universal facial expression recognition system. Data availability is one of the most
influential factors that affects a recognition solution because recognitions ggstem

built based on these exploratory data collected at first hand. Facial expréstEon
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collected in laboratory conditions or synthetic facial expression data theoretically
would lead to a suboptimal solution. Finally, a more generic and cohesive
categorization of facial expressions is demanded for fuzzy classification of facial
expreswns in practical scenarios. In practice, there are not only the seven facial
expressions specified above, thus forcing recognition of expressions into one of those
prototypic facial expressions might not always be feasible or desirable on all occasions.
Moreover, in some application scenarios, an improvement might be available if the
targeted expressions can becetegorized into groups and described in a generic
dimension (perhaps on an applicati@ated basis) rather than classifying them into

one ofthose prespecified categories.

The aforementioned issues have motivated us to devise a novel strategy for re
categorization of facial expressions for practical applications in this study. The topic
of fihow emotions ar e percangoversald72]pb[}73],a h u ma
[174], [175]. After many years of debate, psychologists have not yet come to an
agreement. RussgR1] suggested that the illusion of emotion is rather more discrete
than interconnected as a result of experimental setup and methodology adopted in
psychological research, and in a gelported psychological study, they established a
two-dimensional circumplex model of emotion. Their model has enabled us to
understand the relation between various emotions, and provides us with a theoretical
basis for regrouping of emotions, and so doesponding facial expressions. More
specifically, in the light of two prominent dimensions in the model of emotion, novel
categorizations of facial expressions for practical scenarios can be derived to facilitate
the introduction of facial expression recdgm into applications, such as the design

of affective humasmachine interaction[176], [177], artificial intelligence in
education (AIED)[178], affective design for usecentred system personalization

[107], and other social psychology research.

This chapter thoroughly reviews of the theoretical background of our proposed

approach for categorization of facial expressions, and systematically explains our
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proposed categorizah scheme, and preliminarily verify the performance of our

novel categorization on two muhliew facial expression databases.

5.2 Concepts of emotion

5.2.1Theories of structural perception of emotions and

facial expressions

Al t hough, si nc]in@id expldratosy stilg of fmciahedpsession in

1872, psychologists have put great effort into understanding and depicting what
emotion is, how many affective states there are, how are they percancewhat is

the relation among individual emotions, they have not yet come to an agreement on
these issues. Generally, there are three fundamental but antithetical concepts of
emotion, which have helped explain the interrelation among diverse ematiateesl.

One proposition suggests that emotional states are discrete and independent, and a set
of monopolar emotional states forms a complete cognitive recognition of emotion
[172], [179], [180]. Alternatively, the other proposition assumes that emotions are
interrelated and can be described in certain general dimensions. Theorists have
proposed different configurations of mudtimensional space to dedwei affective

states and their position in emotional sp§2], [181], [182]. The third and last
important concept is appraisal theory, which suggests that before an emotion is
signified, an appraisal of sequenti al e\
carried out in the brain, antldn based on the evaluation, a specific stimulus inside

the brain and body is triggered to make affective related ch§bh@@k [184], [185],

[186], [187]. Appraisal theory helps us to understand the cognitive mechanism and
origin of emotional states, but it does not assist us in describing the relation between

emotional states.

All of these concepts have helped us to understand emotioreudovas our research

objective is to recluster emotional states, which involves an analysis of the
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interrelation of emotional states, discrete emotional theory apparently fails to fulfil our
requirement, and appraisal theory does not enable us to dishrand organize the
emotional states. These points make raliiensional emotional states theory the
most appropriate theoretical foundation for our research. In the following section, a
thoroughly review configurations of muliimensional scaling ofreotional states is

presented.

5.2.2Multi -dimensional space of affective states

Most of the current research on mudtmensional space representation of emotion
adopts multidimensional scalinflL88], which is an ordination technique for revealing

the correlation of individal data in a dataset through locating each data point in N
dimensional space, and factor analysis. With this technique, emotion theorists have

proposed several configurations of emotion space.

Frois Wittman[189] was one of the pioneers to contribute the first studies describing

the correlation among various facial expressions. Woodybstt] introduced a scale

of six steps to identify facial expression, including: Idye happinessmirth; (2)

surprise (3) fear, suffering (4) anger, determination (5) disgust (6) contempt (7)

scattering Schlosbergl90ladapt ed Woodworthoés <categor.i
dimensions of emotiongleasantness versus unpleasantness and attention versus
rejection, and found that the geometric emotion model was in a circular fashion as
illustrated in Figure 5.1. Following their previous work, they validate the circular 2
dimensional model of faciakepr essi on usi ng Woodworthos ¢
expression pictures. In 1954, they introduced a third dimension, the level of activation,

into their mode[182] as illustrated in Figure 5.2. In sedported research of similarity

analysis of facial expression, Abelson and Seli@it] also presented emotions in a
2-dimensional representation of facial expression, with one dimensiacatimg)

pleasarnunpleasant and the other describing tensieep.
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