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ABSTRACT

FACIAL FEATURE TRACKING AND EXPRESSION
RECOGNITION FOR SIGN LANGUAGE

Extracting and tracking facial features in image sequencesitomatically is a
required rst step in many applications including expressin classi cation. When sign
language recognition is concerned, expressions imply noanual gestures (head mo-
tion and facial expressions) used in that language. In thisask, we aimed to classify
the most common non-manual gestures in Turkish Sign LanguagTSL). This process
is done using two consecutive steps: First, automatic fatimndmarking is performed
based on Multi-resolution Active Shape Models (MRASMs) onates. The landmarks
are tted in each frame using MRASMs for multiple views of faes, and the best t-
ted shape which is most similar to the shape found in the prediag frame is chosen.
This way, temporal information is used for achieving congmsncy between consecutive
frames. When the found shape is not trusted, deformation ohé tracked shape is
avoided by leaving that frame as empty and re-initializing lhe tracker. Afterwards,
the empty frames are lled using interpolation, and alpha#immed mean ltering is
performed on the landmark trajectories to eliminate the eoneous frames. Second, the
tracked landmarks are normalized and expression classitaan is done based on multi-
variate Continuous Hidden Markov Models (CHMMs). We colleted a video database
of non-manual signs to experiment the proposed approach.n§ie view vs. multi-view
and person speci c vs. generic MRASM trackers are compareath for tracking and
expression parts. Multi-view person-speci ¢ tracker seesrto perform the best. It is
shown that the system tracks the landmarks robustly. For exgession classi cation
part, proposed CHMM classi er is experimented on di erent taining and test set se-
lections and the results are reported. We see that the clagsition performances of

distinct classes are very high.
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OZET

YUZ OZN ITEL IKLER ININ TAK IBLVE ISARET D ILLICIN
IFADE TANIMA

Bir imge dizisinde bulunan yaz eznitelik noktalar n n otomatik olarak takip
edilmesi, ifade tan may da kapsayan bicok uygulamannlk ad mdr. Ikaret dili
@zelinde bakarsak, ifadeler hem duygusal ifade hem de blaareketi cerebilen ele ait
olmayan saretler olarak kars m zac kar. Bu calsmada, Tark karet Dili'nde yayg n
olarak kullan lan ifadeleri tan may ameclad k. Onerdgimiz sistem iki asamadan olus-
maktad r: lkinde, imge dizisindeki her kare cin, cok-yenls (duz, saya, sola, yukar)
Cok-cmzsnariekle Aktif Sekil Modelleri (QCAS M) ile yazdeki nirengi noktalar otomatik
olarak saptan r. Bulunan yenlerden sekli modele en iyi airan ve enceki secilen sekle
en yak n olan ysnun sekli secilir. Eger secilenseklin gavenirlgi, esik degerinin alt nda
ise o kare bas b rak | r vesekil baslangc durumuna geirilir. Beylece takip edilenseklin
day Imas enlenir ve sistemin gdrbsz calsmas sajlanr. Bcs b rak lan kareler interpo-
lasyon ile doldurulur ve hatal sonwclar elemek cin alfna-trim ortalama sszgeci kul-
lan Ir. Ikinci ssamada takip edilen noktalar normalize edilir vecok degskenli Sarekli
Sakl Markov Modelleri (SSMM) tabanl sn andr cya girdi olarak verilir ve ifade
tan nmas yap |r. Bulunan sonwlar s nayabilmek cin ele ait olmayan ifadelerden
olusan bir video veritaban toplad k. Hem takip hem tan mak s mlar tin CCASM
yentemini tek-yentok-yen ve genel/ksiye-®zelc esitlemeleriilecalst r p sonwclar kars -
last rd k. Cok-yenls kisiye-®zel takipci en basa rl sonwlar vermektedir ve sistemin
gurbez bir sekilde noktalar takip edebildgi gezlem lenmektedir. S n and rma k sm
cinenerilen SSMM sn andrcsn dgsik gitim ve test kamelerinde denedik. Bir-

birinden farkl s n ar cin basar cok yuksek gezsk mektedir.
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1. INTRODUCTION

There has been a growing interest in the eld of extracting ash tracking facial
features and understanding the expression of the subjectpesially in the last two
decades. The pioneering work of Ekman and Friesen [1] cobuited considerably in
perspective of psychology discipline and this valuable woinitiated the involvement
of the computer science community to analyze facial exprésss in an automatic way

in the following years.
1.1. Motivation

Facial expression recognition is related to many sourcestime human as seen in
Figure 1.1, which is modi ed from Fasel and Luettin's survey{2] on automatic facial

expression. Sign language is one of these sources.

Conviction Emblems  Social Winks
Cogitation Unfelt Emotions

/ N

N\

Felt Emotions

N

Sign Language

Non-verbal

Mental States g
Communication

Facial Expressions

Psychological
Activities

Verbal Communication

/

/

Tiredness Illustrators

Manipulators Regulators

Pain Listener Responses

Figure 1.1. Sources of expressions (modi ed from [2])

One of the major application areas for a robust facial featertracking and expres-
sion classi cation system is the sign language analysis.g8ilanguage expressions are
composed of manual (hand gestures) and non-manual compotsefiacial expressions,

head motion, pose and body movements). Some expressionsgagormed only using



hand gestures whereas some facial expressions change thanmng of the accompa-
nying hand gestures. Therefore, a robust high-performandacial feature tracker and

facial-expression classi er is a required component in siganguage recognition.

There are many other applications where facial feature tramng and expression
recognition are needed. An example of such a system is the moygement of driver
prudence and accident reduction. The driver's face is traekl while she is driving and
she is warned if there seems to be an alerting fact that can witsin an accident such

as sleepy eyes, yawning too much or looking out of the road.

Furthermore, with a facial feature tracker, it becomes pogde to play a synthe-
sized avatar so that it imitates the expressions of the perimer. The facial expression
of a subject can be synthesized on an avatar in instant mesgen applications by only

sending facial features instead of sending the video of thecé.

Human-Computer Interaction (HCI) systems may also be enred by a facial
feature tracker. For a user who is incapable of using her hasda facial expression

controller may be a solution to send limited commands to a cqoater.

In this work, we are interested in facial landmark tracking dr sign language

recognition but the developed techniques may be adapted fother purposes.

1.2. Literature Review

There are tens of researchers dealing with the automatic fatfeature tracking
and facial expression recognition problem and we examinavs® remarkable studies to
summarize the ongoing scienti ¢ research in these areas.n$®surveys on the subject
are available, such as Fasel and Luettin' review [2] of the gaing research on automatic
facial expression analysis, Ong and Ganganath's survey {8]automatic sign language
analysis which mainly focuses on manual signs used in sigmdaages, and Pantie
and Rothkrantz's work [4] that examines the state of the art pproaches in automatic

analysis of facial expressions.



Di erent approaches have been tried in facial expression alysis systems. Most
approaches include three distinct phases: First, before acial expression can be ana-
lyzed, the face must be detected in a scene. This process itofeed by the extraction
of the facial expression information from the video and lotiaing (in static images) or
tracking (in image sequences) these features under di efteposes, illumination, eth-
nicity, age and expression. The outputs of this process arévgn as the input for the
following stage, which is the recognition of the expressionThis nal step is a clas-
si cation stage where the expression is classi ed into ond the prede ned classes of

expressions.

1.2.1. Face Detection and Tracking

Face detection is the rst stage which is desired to be autonted. In most of the
research, face is already cropped and the analysis startsttwfeature extraction and
tracking. In the rest, automated face detectors are used. Ese can be classi ed mainly

into two classes: vision-based detection and detection ogiinfrared (IR) cameras.

Spors and Rabenstein [5] use skin color detection and pripal component anal-
ysis (PCA) based eye localization to locate the face for theiracking algorithm. To
reduce the computational complexity further, the eye deteion and tracking task is
divided into two steps in their work. First the eye is localied. When the position of
the eyes is known, tracking is performed using a luminanceapted block matching

technique.

Jordao et al. [6] and Ahlberg [7] use skin color detection followed by biggt blob

selection in their work.

On the other hand, Kapoor and Picard [8] prefer to use IR camas for pupil
localization in their head nod and shake detection system.irilarly, Zhang and Ji's
initializer [9] is based on IR cameras. An IR camera takes twmages of the scene at
each frame where the pupils re ect in one of the pairs and alhe other objects remain

the same. So, a simple subtraction of two images gives thedtion of the pupils.



There are also free face detection software available to easchers for usage and
improvement. Most popular of these is the face detector of @p Source Computer
Vision Library (OpenCV), [10] which depends on Haar-like wzaelet-based object de-
tection proposed by Viola and Jones in [11]. Another availd software is the Machine

Perception Toolbox [12] which also works similarly.

The face detection systems discussed are summarized in Eafl1.

Table 1.1. Face Detection Techniques

Skin Color + PCA [5]
Vision Based Detection Skin Color + Biggest Blob [6, 7]
Haar-like Features [10,12]

Detection Using IR Cameras IR Pupil Tracking [8, 9]

1.2.2. Facial Feature Extraction and Tracking

Numerous features have been applied to the facial expressiecognition problem.
Image-based models rely on the pixel values of the whole inea¢holistic) or related
parts of the image (local). On the other hand, model-based ppaches create a model
that best represents the face by using training images. Feat points are also used
as features to feed in the classi er or to play an avatar. Di eence images are used to
nd the eye coordinates from the image pairs gathered by IR oaeras. In the initial
research done in this area, markers were used to analyze thei&l data. In addition,
optical ow and motion models are also used in feature extréion and tracking. A
categorization of the related work is given in Table 1.2 to éw a mental map of the

approaches used. We describe each approach brie y:

It is seen that image-based and model-based approaches amerendominant in
the literature. As an image-based technique, Gabor wavetetre widely used in fa-
cial feature detection. Dubuissoret al. [14] apply triangulation to the magnitude of
the Itered image which is passed through the Gabor kernel. Aen, they detect the

three boxes containing the facial features (eye regions afttie mouth region) with a



Table 1.2. Categories of Facial Feature Extraction Techniges

Holistic Methods

Local Methods

Gabor lters [13]

Local Gabor Iters [14]

Non-negative matrix factorization

High gradient components [15]

Image-based -
(NMF) / Local NMF (LNMF) [16] Grayscale morphological lters [6]
Principal components [13,17] Neural networks (pixel values) [18]
AAM [7,19, 20]
ASM /Active contours [21,22]

Model-based

3D Deformable models

with optical ow [23]

3D Deformable Models /
PBVD [24,25]

Dense Optical Flow

Region-based ow [15]

Motion Models

Block matching [26]

Feature Point

Tracking

Feature point tracking [9, 15]

Di erence Images

Holistic di erence-images [8]

Marker-based

Makeup/highlighted features [27]




classi cation of the regions laying in the convex envelopd the triangulation.

Gokturk et al. [23] create a 3D deformable model from stereo tracking andyp
PCA in their study. The resulting model approximates any geeric shape as a linear
combination of shape basis vectors. The additional opticabw tracking computes the

translational displacement of every point.

Sebeet al. [24] use piecewise Bezier volume deformation (PBVD) traek which
is developed by Tao and Huang [28]. This face tracker uses adebbased approach
where an explicit 3D wireframe model of the face is constriedd. Cohen [25] also uses
this tracker to recognize facial expressions from video ssmces using time information

in his thesis.

A novel approach is to use a cropped region and to apply neuna¢twork classi-
cation to the pixels within the cropped region as Franco andlreves [18] use in their

work.

Furrows play an important role in di erentiating the expressions, so furrow detec-
tion is another valuable feature as Lienteal. [15] showed in their work. This approach
is mainly based on high gradient component detectors whichork horizontally. They

also use dense ow sequences and feature points in the uppace.

The results of the research done by Caldet al. [29] give us an intuition about the
functionality of the principal component axes that come oufrom the sample expres-
sion set when they examine the dominating variance axes wifPrincipal Component

Analysis (PCA).

Statistical approaches have three main stages: \capturetpormalization” and
\statistical analysis". In brief, in the capture part, one de nes a certain number of
points (landmarks) on the contour of the object in questiondr shape and uses im-
age warping for texture. The following shape normalizatioms done using Procrustes

Analysis and texture normalization is done by removing glad illumination e ects be-



tween frames. Finally, Principal Components Analysis (PCAis performed to analyze
the variances between object shapes or textures and thisonfhation is also used for
synthesis. Active Shape Models (ASMs) and Active AppearaadVodels (AAMS) are
two widely used statistical approaches where both of them emproposed by Cootegt

al. in [21] and [19] respectively.

The AAM approach is used in facial feature tracking due to itsability in de-
tecting the desired features as the warped texture in eaclteration of an AAM search
approaches to the tted image. Ahlberg [7], and Abboud and Daine [20] use AAM

in their work.

In addition, ASMs - which are the former version of the AAMs tlat only use
shape information and the intensity values along the prols perpendicular to the
shape surface are also used to extract features such as thekmdone by Votsis et
al. [22].

Some chosen methods in facial feature extraction are givenTable 1.3.

1.2.3. Facial Expression Recognition

Although some works focus on feature extraction and do notwnlve classi cation
[5{7, 23, 26], the ideal facial expression analyzer needs lassi er. Various machine

learning algorithms are applied to the extracted facial faares in this manner.

Kapoor and Picard [8] use Hidden Markov Models (HMMs) to clasfy the pupil
trajectories into one of the two classes they de ne which afeead nodding and shaking.
Lien et al. [15] also prefer HMMs for classi cation of the extracted feares to one of
the three action units (AUs) they choose. Their feature exaction method depends
on facial feature point tracking, dense ow tracking, and hgh gradient component
detection. Similarly, HMMs are used by Cohen [25] in his thesto classify the facial
expressions performed by ve subjects into one of the six warsal expression classes.

These classes are happiness, anger, surprise, disgustr, feadness as discussed by



Table 1.3. Some Facial Feature Extraction Techniques

Author(s)

Method

Comment

Calder et al. [29]

PCA and LDA

Gives important components

to identify expressions

Cooteset al. [19]

Feature Points after AAM Fit

Costly

Jordao et al. [6]

Color-based Face detection and
Morphological lters to nd eyes,

nose and mouth

Heuristic Approach

Ahlberg [7]

AAM tting, following FACS chosen
(1) jaw drop

(2) lip stretcher

(3) lip corner depressor

(4) upper lip raiser

(5) eyebrow lowerer

(6) outer eyebrow raiser

Encoded for MPEG-4

Lien et al. [15]

Three approaches: feature tracking,
dense optical ow, furrow detection

and tracking

Upper face only

Franco and
Treves [18]

Pixel values to feed in
Neural Network

Needs a standard

region of a face

Buciu and Pitas [16]

PCA, NMF and LNMF

The non-negative constraints are
imposed to be consistent with the
neurophysiological fact that the

neural ring rate is non-negative.




Ekman and Friesen [1]. It is seen that HMMs are frequently clsen for classi cation

because of their good results in gesture (temporal data) i@nition.

Zhang and Ji [9] use Dynamic Bayesian Networks in their resea to nd the
performed AU among 18 di erent AUs, where they rely on the fdare points tracked

in image sequences.

Sebeet al. [24] experiment with di erent types of classi ers such as KNearest
Neighbor (kNN), Support Vector Machines (SVMs), Bayesian Bitworks and decision-
tree based classi ers in their work: Authentic Facial Expresion Analysis. The out-

standing technique is the kNN, as they report.

In the work of Franco and Treves [18], a rectangular region dhe face that
involves one eye and half of the mouth and nose is cropped frdie images. The
pixel values of this cropped rectangle are given as input tdé neural networks (NN)

classi er for classi cation into one of neutral, happy, sadr surprised expressions.

In addition to analysis from image sequences, there is alsmnk done on still
images. Buciu [30] applies discriminant non-negative masr factorization (DNMF),
Abboud and Davoine apply decision tree based classi er [208nd Buciu and Pitas
[16] apply nearest neighbor using cosine similarity meagsuand maximum correlation
classi er to the images selected from Cohn-Kanade image dhiase [31]. Dubuissoet
al. [14] also use the same database and perform two types of dlaasion. A binary
classi er is used to distinguish between two confusing clsss and a 6-class classi er is

used for general classi cation,

A brief summary and categorization of the classi cation apmaches and their

results can be seen in Table 1.4.



Table 1.4. Classi cation Methods and Results

10

Author(s) Method # classes Extraction Test Cases Accuracy
Methods
Analysis from static images
Buciu [30] Discriminant NMF no info 234 CMU 82.85%
(DNMF) DB images [31] (max)
Dubuisson [17] Decision-Tree 6 PCA, LDA 345 samples 85.8%
Based Classi er
Franco and Neural Networks 4 (neutral, Clipping 14 subjects 84.5%
Treves [18] happy, sad, a region
surprise)
Abboud and no info about 6+1(neutral) Compared 108 test no info
Davoine [20] classi cation algorithm asymmetric images
bilinear 70 training
factorization images
to LDA CMU DB [31]
Buciu and Nearest neighbor using 6+1(neutral) no info 213 images in 81%
Pitas [16] cosine similarity measure (JAFFE) [32]
and maximum correlation 234 images in
classier CMU DB [31]
Dubuisson Binary classi er (1) 6 PCA, LDA 120 images in 88%-92%
et al. [14] 6-expression classi er (2) FERET DB [33] (1)
550 images in 68%-75%
CMU DB [31] %)
Analysis from facial image sequences
Kapoor and HMM for pupil 2 (head nod, | IR pupil 110 sample 78.46%
Picard [8] trajectories head shake) tracking sequences
Sebeet al. [24] || SVM, Bayesian networks, no classes Own DB (db1) Err. in pxl:
Decision-tree based and CMU 4.43 (dbl)
classi er, KNN DB (db2) [31] 6.96 (db2)
Cohen [25] DP time alignment (1), 6 PCA 5 subjects 52%(1),
emotion speci c HMM (2), 55%(2),
multi-level HMM (3) 58%(3)
Lien et al. [15] HMM 3 AUs Feature point > 260 image 85% (1,3)
tracking (1), dense | sequences 93% (2)
ow tracking and 5000 images
(2), high gradient
component
detection (3)
Zhang and Dynamic Bayesian 6 Feature point - < 3 pxlsin
Ji [9] Networks tracking points
~97% in

classes
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1.2.4. A Desired Expression Recognition System

We explored the three main stages related to facial expressianalysis in the pre-
vious subsections. But starting from a primitive tracker, afacial expression analyzer
system should have numerous capabilities to perform well ah erent conditions. In
other words, any age, ethnicity or outlook variance shouldébhandled by the system.
In addition, the system should be robust in the presence of drent illumination condi-
tions and partially occluded faces. Although special marke can make the analysis of
facial feature variations easier, a desired system shoulditk faces without makeup or
markers. Subjects may appear with di erent poses to the came or may change their
angles during the expressions, so, rigid head motions stwdde dealt with. Automa-
tion of face detection, facial feature extraction and expssion classi cation are vital.
During the acquisition, there may be misleading or missingada, therefore inaccurate
facial expression data is also a problem. Classifying Fakksction Codes (FACS) would
also play a signi cant role since Ekman and Friesen [1] clagd their importance in uni-
versal facial expressions. Finally, the desired system st run in real time. All these
properties of a targeted recognizer (modi ed from the suryeof Pantie and Rothkrantz

[4]) are summarized in Table 1.5.

After discussing the related work of the researchers, we gia comparison of the

referenced works in Table 1.6.

1.2.5. Facial Expression Classi cation in the Scope of Sign Language

Expressions

Sign language expressions are performed with the combirmatiof manual (hand
gestures) and non-manual components (facial expressiohead motion and pose, body
movements). Some expressions are performed only using ha@estures whereas some
change the meaning where a facial expression accompaniasdhgestures. For example,
in Turkish Sign Language (TSL), a sentence can be in positiveegative and question
clause forms if the hand gesture of the verb is accompanied diyerent non-manual

gestures as Zeshan [35] describes in her work on TSL. Thus;ewhwe refer tosign



Table 1.5. Properties of a Desired Recognizer

Subjects of any age, ethnicity and outlook

Deals with variation in lightning

Deals with partially occluded faces

No special markers/makeup required

Deals with rigid head motions

Automatic face detection

Automatic facial feature extraction

Deals with inaccurate facial expression data

O© | 0| N | (b~ |W[IN|PF

Automatic facial expression classi cation

By
o

# interpretation categories

=
[N

Classifying facial action codes

=
N

# facial action codes

=
w

Runs on real-time

Table 1.6. Comparison of Recognizers in the Scope of Propestin Table 1.5

Author(s) Characteristics of an ideal automated facial exp ression analyzer
1 2 3 4 5 6 7 8 9 10 11 12 13
Sobottka and Pitas [26] X X X 0 - X o] X - - - - X
Gokturk et al. [23] X X X 0 o} 0 0 X - - - - X
Spors and Rabenstein[5] x x X o0 - o} - - - - - - 0
Kapoor and Picard [8] X X X O - X pupils x o 2 X X o}
Jordao et al. [6] X X X 0 o] o} o] X - near
Ahlberg [7] X X X o0 0 o o] X near
Sebeet al. [24] - - X o 0 X o] X o 4 X X X
Lien et al. [15] 0O 0o X O - X o X X X o] 3 X
Cohen [25] X X X O 0 X o] X o0 6 0 12 X
Franco and Treves [18] - 0 X o X X o} X o 4 X X X
Zhang and Ji [9] - - 0 0 <30 o o] o o 6 o 18 o]
Dubuisson et al. [14] 0 X X o} X o0 6 X X X
Ari et al. [34] X X X o0 o] 0 0 X 0 7 X X X

Legend: 'o' means yes, X' means no, -' means not available or not kno wn

12
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language expressionsve do imply that that they are composed of facial expressien
(e.g. happiness, sadness, anger) and/or head movementg(dead shaking, nodding).
In some parts of the text, the termsnon-manual expressiorand facial sign are used

in a similar meaning.

Aran et al. [36] select their video database such that it involves somigss where
the manual gestures are the same but di erent facial exprassis and head movements

occur.

Therefore, a robust high-performance facial feature traek and facial-expression

classi er is a must in sign language recognition.

Most of the work done about sign language recognition focissen hand gesture
recognition and lacks non-manual sign analysis. Ma and G&a®v] use only hand gestures
in their work on Chinese Sign Language classi cation. Sinaitly, Bowden et al. [38]
and Sagawa and Takeuchi [39] take only hand gestures into swateration in their sign

language interpreter and recognizer.

There are also systems that only require features to synthes the signs using an
avatar. In [40], Zhaoet al. use hand positions to visualize the words in their English

to American Sign Language translation system.

As stated, most of the research focuses on classifying exgsiens into one of
Ekman and Friesen's [1] six universal expressions: happ#se anger, surprise, disgust,
fear, sadness. But in the scope of sign language, all of thesgressions would not be
needed and smaller number of classes would be su cient as Has [35] states for TSL

where the robustness and speed of the system is very impoitan

1.3. Approach and Contributions

In [41], Keskin et al. proposed a Hidden Markov Model basedaketime hand

tracker that works with colored gloves. This system is cap#b of reconstructing 3D



14

locations of the hand and 3D gesture recognition was estatied in real time.

Motivated from the previous work, Aran et al. [42] enhanced the gesture recog-
nizer such that it can classify the performed manual gestuiato one of the seven signs
chosen from Turkish Sign Language (TSL). The user watchesesrecorded signs via
the user interface and tries to perform the selected sign. taractive learning of the

signs is achieved by this method.

After identifying the need of non-manual gestures to claggia sign language word
correctly, Aran et al. integrated a facial expression and head movement tracker cn
classi er in [36]. In this work, we chose 19 expressions frofmerican Sign Language
where some expressions are the same in hand gestures but dire head motions or
facial expressions. The purpose of the system was to distingh these type of signs from
each other as well as identifying the performed sign. The &lsi cation of hand gestures
was near accurate but the non-manual gesture classi catiomas working poorly. Thus,
it led to a de ciency in the the sign classi cation, especidy in distinguishing between

similar classes.

We required a video database of facial signs on which propdsagorithms could
be tested in order to develop a distinct system that can dealith facial signs. The
databases open to researchers in the literature mostly inve static images. There exist
image sequences involving facial expressions but they ldekad movements performed
with facial expression. To overcome this need, we introdute video database of non-
manual signs selected from TSL in [43]. An appearance analy®f the facial signs
existing in the database and their classi cation from manuédy annotated landmarks

are given in this work as sample research showing how to use ttiatabase.

The contribution of this thesis falls in two parts which we wil describe throughout
the thesis. First, we develop a multi-view facial landmarkracker that acts robustly in
image sequences. This tracker is an extension of Multi-réstion Active Shape Model
approach of Cooteset al. [21]. Secondly, we propose a facial sign recognizer that

interprets the facial landmark locations throughout the inage sequence which depends
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on a Continuous Hidden Markov Model classi er. The owchartof the proposed system

can be seen in Figure 1.2.

Non-manual Sign
Video

End of
Yes sequence?
)
~ S
i, \\ (.D
i andmarks found in |‘ Q
; previous frame? ! > S
5, 2o
3
Face Detection Use Previous Landmarks @
initialization initialization =
@
Facial Feature Tracking ‘ #
with Multi-view MRASM ‘
3
Fill Empty Frames 2]
, with interpolation ' )
; % 3
' ! o]
| ! [¢]
| ! 173
. Filter the Trajectory ) 2
*~.| alpha-trimmed median filtering | ©
J

Feature Extraction
normalized shape sequences

uonediisse|D

[ HMM Classifier ]

( Final Decision ]

Figure 1.2. Flowchart of the proposed system

1.4. Outline of the Thesis

In this chapter, an introduction is made by describing the psblem which is

the recognition of facial expressions and head movements(i facial signs) and the
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motivation to solve this problem. Then, a detailed literatue survey followed by our

approach and contributions is made.

Chapter 2 describes the mathematical details of the faciakdture tracking in
sign videos. It starts with describing statistical analys of shapes and appearance and
continues with the construction of Active Shape Models, antheir extension to work
in multi-view and multi-resolution. The details of tting a shape to an unseen image

and tracking these landmarks throughout the image sequencenclude this chapter.

In Chapter 3, the mathematical details of classifying the @icked facial landmarks
using Continuous Hidden Markov Models is explained. This epter gives a background
for Discrete and Continuous Hidden Markov Models and then @iains the normaliza-
tion procedure of the facial landmark locations before ging as an input to the HMM

classi er.

Chapter 4 includes the experiments tested on a video dataleawhich is composed
of non-manual signs and presents the achieved results . Bdthcking and classi cation

experiments are involved in this chapter.

Finally, a summary of the results obtained is given with rel®d discussions and

future work in Chapter 5.
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2. FACIAL FEATURE TRACKING

2.1. A Review of Statistical Approaches for Shape Analysis a nd Tracking

Cooteset al. [21] introduced Active Shape Models (ASMs) which are used tb
a shape to an unseen image where the shape deformation is donavo steps: First,
the landmarks are translated along the pro les perpendicat to landmark locations
where the new location gives the minimum gradient error be®en the tted prole
and the mean pro le that is calculated by averaging the pro & gradients of all shapes
in training set. Secondly, the shape deformation is projeetl onto a new shape space
where the projected shape is similar to those in the traininget. This way, the shape
is safely deformed and the irrelevant deformation of the spa is avoided. In [44],
Cootes and Taylor describe multi-resolution approach to A8s which enhances the
performance of tting both in time complexity and in accurag. In Multi-resolution
ASM (MRASM), the image is downsampled into smaller dyadic ses of the original
size and rst tis performed in the smaller sample. After eah level, the tted shape

is used as initial shape in the larger sample and the ASM sehris done.

In [19], Cooteset al. introduced a new active model named as Active Appearance
Model (AAM). In AAMs, the intensity values of pixels in the canvex hull of the land-
mark locations are taken into consideration instead of reilyg only on the landmark
pro les. A uniform warping followed by global illumination removal is performed to
normalize the objects and Principle Component Analysis (P&) is done using these
samples. The tting of the shape to an object is done by iteraely perturbing the
appearance such that each synthesized object of an iteratigs closer to the target
image. AAMs are explored in detail by Stegmann [45] in his tlses where he shows
their usage in medical applications as well as facial feawurtting and tracking. He also

introduces an AAM toolbox in [46] open for researchers to eggment with AAMs.

There is a considerable di erence between ASMs and AAMs inrmas of time

complexity. In ASMs, only the pixels along the landmark proles are used whereas all
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the pixels in the convex hull of the shape are used in AAMs. Adlibnally, warping the
convex hull to get equivalent number of pixels in each iteran is a time consuming

operation.

The applicability of these approaches to object segmentati and tracking led
researchers to investigate ASMs and AAMs in detail. An extesion was the 3D active
models. Temporal information was taken into account and eker 2D spatial models
were extended in order to use motion information through tirm. Hamarneh and Gus-
tavsson [47] introduced spatio-temporal shapes (ST-sha)ewhich are the 2D+time
extensions of ASMs. In [48], Mitchelkt al. show the segmentation of volumetric car-
diac magnetic resonance (MR) images and echocardiograpt@mporal image sequences

using 3D AAM training and tting.

Furthermore, appearance models considering the color infieation in RGB, YUV

and HSI color spaces were examined by Koschanhal. [49].

In this chapter, we explore 2D MRASMs and show how to extend #m to work

in multiple views of faces and use them for tracking facial taimarks.

2.2. Statistical Analysis of Shapes

The statistical analysis of shapes consists of three distitsteps which are capture,

normalization and PCA (Principle Component Analysis) as sbwn in Figure 2.1.

Normalized PCA Principal

Landmarks Analysis Variation
Directions

Images Capture Landmarks Normalization

Figure 2.1. The phases in statistical analysis of shapes
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2.2.1. Capturing Landmarks

We rst gather a sample set ofN images where each image involves a face and
then we decide orL feature points (landmarks) which are common in all faces irhis

set such as the points shown in Figure 2.2.

X

My

Figure 2.2. Selected feature points

We manually annotate thesel selected landmarks in each image and create the

sample shape spaces containing shapess; where

is a shape containing the coordinates of the landmarks in thanage.

2.2.2. Shape Normalization

We want to model the variability using PCA which is an eigen-aalysis of shape
dispersions in 2 -dimensional space. Applying PCA to non-normalized landrnmka loca-
tions would lead to unexpected results. Since shape de rot should be independent
of similarity transformations (translation, scaling and otation), one can see that shape
alignment is crucial to overcome PCA defects. The normalizan is done using Pro-

crustes Analysis which has the following steps as Cootes amdylor describe in [44]:
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1 - Choose the rst shape as the reference (estimate of the m¢ahape;
2 - Align all remaining shapes to it;
3 - Recalculate the mean shape from all;

4 - Repeat steps 2-3 until the mean shape converges.

Figure 2.3. Shape Alignment Algorithm

In step 2 in Figure 2.3, the aligned shape is translated, seal and rotated to best
match the reference shape. To align a shamein ¢ to the reference shap&. , S is
mapped to%; such that the distance betweeB; and s, is minimized. Let the distance
be,

Roa= (85 Ser) WIW (& Ser) (2.1)

ref;

where W is chosen to be a diagonal matrix that involves the reliabily values of

landmarks with a mean value of 1.

For the j landmark in s;, the following similarity transformation is used

2 3 2 32 3 2 3
4 Rjj 5_4 sco§ ) ssin( ) 54 %i 5 L4 % 5 2.2)
Y ssin()  scog ) Yi ty
Eq. 2.2 can be rewritten as follows:
2 3

2 3 2 3 SCOL)
4 kij 5_ 4 Xij Yii 1 05 SSIﬂ( ) (23)

¥ i X3 01 tx

ty

Then, this equation can be written for all points (by adding ows to the formula above
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for other landmarks) and the following form can be achieved:
s = Az (2.4)
where the dimensions 0§, A andzaredZ 1,2 4 and 4 1 respectively.
Since there will not be a unique solution due to the fact that e number of
observations is more than the number of unknowns, least sqea approach is applied
by integrating Eq. 2.4 into Eq. 2.1, and solve to ndz and the similarity parameters

needed to aligns; tO Sres .

z=(ATWTWA ) 'ATW TWs (2.5)

If W is taken as identity matrix | for simplicity, Eq. 2.5 becomes
Z= A+Sref (26)

whereA* is the pseudo-inverse of .

Alignment of a shape onto the reference shape is illustratea Figure 2.4.

When faces in sign language videos are considered, rotaticerries vital infor-
mation that we would like to retain in the model, so that its renoval is excluded in
shape normalization. Thus, the parameters are found by remiog the rotation infor-
mation from Eqg. 2.2 and deriving the rest of the equations in aimilar way. A sample
alignment of facial landmarks is shown in Figure 2.5.

2.2.3. Modelling the Shape Variance with Principal Compone nt Analysis

There exists a redundancy stemming from inter-point corrations in the shape

space as Stegmann states in his thesis work [45]. A classis@tistical method for
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eliminating such redundancy is the Principal Component Argsis (PCA) which is in-
vented by Pearson [50] and based on his work, introduced irl]3y Harold Hotelling.
PCA is a vector space transform often used to reduce multidiemsional data sets to
lower dimensions for analysis as described in detail in theiRciple Component Anal-
ysis book of Joli e [52]. Depending on the eld of applicatia, it is also named the
discrete Karhunen-Lceve transform, the Hotelling transbrm or proper orthogonal de-

composition (POD).

The main motivation in using PCA is the dimensionality redution where most
of the total variance (e.g. 95%) can be represented using aaimumber of orthogonal
basis vectors. But, conversely, PCA will enable us to syntseze new shapes which are
similar to those in the sample space. Indeed, this will be weuseful when we need to
re-synthesize the tted shape to a new one which is more reasble (i.e. more similar

to the training shapes) and avoid modeling non-relevant spa variations.

Applying PCA to the normalized shape space s gives us the major principles
containing the most variation in the space in question. In dter words, PCA can be
seen as an eigen-analysis of normalized shape space. The R@&ps applied to the

normalized shapes are given in the algorithm in Figure 2.6.

1 X
s = N . Si | (2.7)
h i
Q= s s s, s SN (2.8)
Cs= 2Q'Q (2.9)

Csek = k€ (2.10)
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Require All shapess;; i =1;2;:::; N are normalized
Compute the mean shapg using Eq. 2.7,
Form the N 2L matrix Q as de ned in Eqg. 2.8;
if N<2 L then
Q( QT;
end if
Compute the covariance matrixCg using Eq. 2.9;
DecomposeCs to its eigenvectorse, and eigenvalues  satisfying Eq. 2.10;
if N<2 L then
for k=1to K do
ex ( Qe ;
ex ( exTjex]j (normalization);
end for

end if

Figure 2.6. Principal Component Analysis Algorithm
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Any shapes can also be described using all eigenvectors in a losslesg arad the

coe cients of eigenvectors form the parameter vectob.

s=s + E/b (2.11)
b=E/(s s) (2.12)
where
h i
Er= e ::: e ; r=min(2L;N)

As stated earlier, the motivation behind applying PCA is to educe the dimension

and useK <r eigenvectors, yet preserving the most of the variatiorK is chosen where

it satis es
X X
K 0:95 K
k=1 k=1
Let 1;:::; « bethe rst K eigenvectors. Then usind = (by;:::; k), we can

synthesize8 which is an estimate ofs that is similar to the shapes in .

8§=s + ExD (2.13)
B=EL(s s) (2.14)

2.3. Statistical Analysis of Appearance

To synthesize a complete image of an object or structure, weust model both
its shape and its texture (the pattern of intensity or color vithin the object region) as
Cootes and Taylor [44] states. The phases of appearance gsa can be seen in Figure

2.7.
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Normalization . Principal

Textures . Normalized PCA O
Images Capture (intensity values ) warping & Textures Analysis Variation
photometric normalization Directions

Figure 2.7. The phases in statistical analysis of textures

2.3.1. Gathering Intensity Values

Let a face texture be the intensity values (grayscale or colored) of pixels tha
reside in the convex hull of the face shape. So, the face terds are gathered when
the landmarks are annotated in each face image. Di erent factextures can be seen

on the left of Figure 2.8. Let 4 be the space of sample training textures.

Figure 2.8. Normalization of face textures by triangulatio matching

2.3.2. Texture Normalization

2.3.2.1. Texture Warping by Triangulation. To build a statistical model of texture

variations in the training set, the number of pixels should b the same for each sample
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texture vector that is taken into consideration. In order tosatisfy this, each face image
is warped to the mean shape by using Delaunay triangulationsaseen in Figure 2.8.

Let T be the Delaunay triangulation of the mean shape and t be a triangle of T as
illustrated in Figure 2.9.

Figure 2.9. Delaunay triangulation of a shape

And let t°be the target triangle fort as shown in Figure 2.10.

Figure 2.10. Point mapping in triangles

So, we can write

Vit Vot V3= p; (2.15)

+ + =1 (2.16)

where p; involves the coordinates of the point, and/i; k = 1;2; 3 are the vertices of
the triangle.

Then, the detailed steps of the warping algorithm are consicted as in Figure
2.11.
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Choosea as reference shapses and triangulate it using Delaunay triagulationT;
for each trianglet 2 T do
for each pixelj 2 t do
Find the blending values; and satisfying Eq. 2.15 and Eq. 2.16.;
Save the corresponding blending parameters;
end for
end for
for each texturei in 4, i=1;:::;N do
Use the same triangulationT to triangulate this shape;
for each pixelj in s do
Find the triangle it belongs to in shapei, thus the three vertices which will
be necessary for describing the interior points;
Retrieve the stored blending parameters belonging to thisgmt, insert them
to Eq. 2.15 with the vertices found in the previous part;
Find the coordinates of intensity value which is mapped to ardinate j (Bi-
linear interpolation may be used [45]);
Set the new pixel value;
end for

end for

Figure 2.11. Texture Warping Algorithm
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As a result of the texture alignment (warping), the dimensio (number) of texture

pixels is equalized in all samples.

2.3.2.2. Photometric Normalization. To minimize the e ect of global lightning vari-

ation, each texturegim in 4 is normalized by applying a scale and an oset as

described in [44],

g=(gm 1= (2.17)

Letg be the mean of the normalized 4 so that the sum of elements o is zero

and the variance is unity. Then, and are chosen as
= gm0 ; = gim:1=n (2.18)

where n is the number of elements ingi,, . In practice,g is initialized as the mean
texture vector. Then, the normalization process is done byanmalizing the textures
and re-estimating the mean from them for a few iterations. Tig step is called the

removal of global illumination.
2.3.3. Modelling the Texture Variance with Principal Compo nent Analysis

Similar to the modelling of shape variance previously, we ganodel the texture
variation using PCA. Remember thatn is the number of elements in any texture vector,

then we construct the covariance matrix as follows

i (2.19)

Qs= 091 9 g2 ¢ gn g (2.20)

Co= 1 Q3Qs (2.21)
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and decompose it to its eigenvalues as follows:

Cgek = k€ (2.22)

The PCA algorithm described in Figure 2.6 holds for texture @alysis where the
length of the vectors isn instead of 2.. The alternative calculation included in the
algorithm may decrease calculation time when there are fewsamples than vector

length because we have generally N in practice [45].

Any texture g can be described using all eigenvectors in a lossless way #mel

coe cients of eigenvectors form the parameter vectob.

g=g + E/bg (2.23)
bg=Ef(g 9) (2.24)
where
h i
Er= e ::: e ; r=min(nN)

As in shape analysisk most signi cant eigenvectors describing most of the total
fewer parameters which is an estimate d.

¢ =g + Ex by (2.25)
by=Ex(g 9) (2.26)
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2.3.4. Modelling Both Shape and Appearance Variance

It was seen that a sample can be reconstructed using model aareters of shape
bs, and texture by. To remove the correlation between shape and texture parame
ters and to make the model more compact, an additional PCA isegoformed on the
concatenated parameter® which can be written as

0 1 0 1
b= @sts A - @WSEI(S s) A

(2.27)
bg Es(@ 9)

where the subscriptss and g in E imply shape and texture eigenvectors respectively.
W ¢ is used to make the units in shape (point locations) and texte (intensity values)
commensurate and is calculated a&/ s = rl wherer? is the ratio of total intensity

variation to the total shape variation.
A further PCA is applied to b vectors to give
b= Ecc (2.28)
where E. are the eigenvectors anad holds the appearance parameters that controls

both shape and texture in a single vector. From the linear nate of the model, it is

possible to get shape and texture data as follows:

S=s + EW 'EcsC (2.29)
g=9 + EgE¢C (2.30)
where
0 1
ECZ @ ECS A

Ecg
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2.4. Constructing the Active Shape Model

Let p; be thej™ landmark in the i™ shape, such thatp; = (x; ;y;). g is the
gradient of pixel intensities along the prole ofp; as in Figure 2.12. The gradient
is calculated by taking the di erence of consecutive inteniges. A more complicated

shape and the pro les of its landmarks are given in Figure 231

_—p alandmark
and its profile

search profile
for a landmark

v

Figure 2.12. Pro les of landmarks in a shape

Figure 2.13. Pro les of landmarks in a a more complicated sha

To illustrate, the intensity values of the red channel on thero les of lips in Figure
2.13 and the corresponding gradient values are given in Figu2.14. The grayscale
image on the left shows the intensity values for each point pile in each row. The bar
graphs in each row on the right corresponds to the intensityhange (gradient values)

for that point. Since there are 16 landmarks on lips, Figure.24 includes 16 rows. It
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is seen that nearly all of the points are selected where theis considerable change in

the intensity values (i.e. the points are selected on edges)

| s B I I s N s ) s |
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Figure 2.14. Intensities along the pro les around lips witithe corresponding gradients

Then we calculatey ; as the mean gradient vector andC; as the covariance of

gradients for each landmark. Thus a single Active Shape MAd@SM) is composed

2.5. Fitting a Shape to a Test Image

The initialization is done by detecting the face using OpenCs face detector [10]

ands is placed on the found face. Then, the shape is iteratively garbed along the

pro le until convergence. Each iteration involves two step as follows:
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2.5.1. Finding the Best Fit

Let us sayn is the pro le width (length of the model mean vectog ;) and m is
the search width (length of the sampled pro le gradient vedir) as in Figure 2.12 where

m>n.

For each landmark, we nd the best t along the pro le where the best pro le

gradient@; gives the minimum Mahalanobis distance with the model, i.ehe term
@ 9;))'C'G 9)) (2.31)
iS minimized.

For example, let the sampled pro le have gradient values atiewn in Figure 2.15.
If the model has mean valug ; as given in the gure, the best t will be 2 units far
along the pro le to the current landmark location as seen asrgy colored bar in the
lowest plot of Figure 2.15. Remember thaC; is also required to calculate the cost of

t but it is not shown in the gure.

It is also seen from Figure 2.15 that there are a total oln n + 1 candidate

locations for best t along each pro le.

Sampled profile

hean profile

Em=l_

Cost of fit

Figure 2.15. Search along the sampled pro le and the best bkation
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2.5.2. Constraining the Best Fit

The best t is constrained by nding the approximate shape paametersf using
Eq. 2.26 and constraining each coe cienth, satisfying 3p I 3p — for
k=1;:::;K. That is, if the value is out of the allowed limits, then it is dianged to
the nearest allowed value. This way, the tted shape avoidsedormation and will be
similar to the ones in . In Figure 2.16, it is clear that the deformation of the shape
is avoided where the best t (on the left) and the correspondig constrained shape (on

the right) in an ASM iteration are shown.

Best fit Const-réi'ned best fit

Figure 2.16. Best t is constrained by projectingb back to B using Eq. 2.26.

2.6. Multi-resolution Approach

In the multi-resolution approach, instead of using a singléevel ASM search, a
model is created for each level of the image pyramid where thaginal size images are
in the lowest level and higher models involve sub-sampled ages. The search is rst
done at the highest level and the found shape is passed to tlosver level as the initial
shape for that level. So a rough estimate is found with lessroputational cost in the
highest level and ne-tuned at each level it goes through. Tk procedure is called
Multi-resolution ASM (MRASM).

Let | be the current level of the multi-resolution pyramid,ln.x be the top level

number, Nmax be the maximum number of iterations allowed at each levelt, be the
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convergence ratio that shows the ratio of landmarks stayingnchanged after an iter-
ation (proportion of points found within (n  1)=4 units of current position) and r’
the accepted convergence ratio that is su cient to stop the sarch. The full MRASM

search algorithm becomes as given in Figure 2.17.

| ( Imax (i.e. choose top level) ;
Initialize the shape ;
while | 0do
if 16 lhax then
Scale the shape coordinates by 2 for consistency at this neavél ;
end if
(asm-1) Find the best t as explained in Subsection 2.5.1 ;
(asm-2) Constrain the best t as explained in Subsection 2.8 ;
if not (r>r ° or Npmax iterations are performed in this level )then
return to step (asm-1) in this loop ;
end if
L( I 1;

end while

Figure 2.17. Multi-resolution ASM Search Algorithm

2.7. Data Re tting

Since s is gathered by clicking feature points manually, the traimg set is error-
prone to human mistakes. To reduce this bias, data re ttings performed. So, a model
is trained using s, which involves the shapes gathered manually. Then, for damnage
in the training set, MRASM search is performed but the shapesiinitialized by using
the ground truth shape instead of initializing with the meanshape. Thus each shape
is re tted using this model. Finally, a new model is trained | using the tted shapes

as described in the work of Gross et al. [53].
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2.8. View-based ASM Modelling and Searching

Cooteset al. [54] extended AAMSs by training view-based models in their wk.
The main motivation here is to group the samples with the sameiew (gaze or pose)
in the same set and interpret the facial expression variathg with fewer eigenvectors
instead of interpreting the head pose change variations. rfgie there is head motion in
addition to facial expressions in sign videos, a single viewodel is not su cient for
handling all views of the face and we extend ASMs to work in miiple views. When
the subject changes the head pose, some components of the fuch as eyebrows and
eyes have considerably di erent gradient changes on the d¢oars as seen in Figure
2.18. For example, the end of the eyebrows is completely aabdd in the rightmost

image and the intensity change in the eye region that is neapbtnose varies among

si=.~14

Figure 2.18. Left eye and eyebrow in di erent views

di erent views.

So, the training set is divided intoW subsets and a di erent model is trained
for each view whereW = 4 and the viewsv; (i = 1;2; 3;4) are frontal, left, right and

upwards views in our case. Sample images are shown in Figur&92

Figure 2.19. The four selected views

The search in an image is done using each model and the bestintg model is

selected such that it gives the minimum root mean square errwith the model. That
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is, root mean square error is similarity metric for us to dede on a model view.
Formally, if g \,;, is the concatenated vector of the mean prole gradients;;
using this model, then

Vbest = arg min E(9v;;p9 vi:p) (2.32)

Vi
whereE (x;y) is the root mean square error betweer and y calculated as

v 0000

u

o )2

E(x;y)= — (2.33)

Let us simply denoteE(gy,.pd v;;p) asrmsg,, for further usage.
2.9. Tracking in an Image Sequence

In a still image where there is no temporal information, we siply selected the
model giving the minimum error. When time is also introducecaind we have image
sequences instead of still images, we may want the trackedaple to be consistent
through the frames. Although we nd the best t, the tted sha pe may not be an

acceptable result. So there are two important rules as folls:

1. If the search results are not acceptable, leave the frams ampty.
2. If there are many accepted search results, choose the ohattmost resembles the

accepted shape in the preceding frame.
Let rmsy,, be the root mean square error between shapes in th€ frame found

the previous frame is already accepted as a valid t, then theost previously accepted

frame number isf 1. This metric informs us about the change in shape in the gine
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interval and is calculated by modifying Eq. 2.33 for the shapvectors in question

We assume that the rst frame is frontal, so we start with a sigle view MRASM

search forf = 1. Then the algorithm is given in Figure 2.20.

Initialize the face shape
Apply MRASM search for frontal view and t the face shape wheef =1 ;
for f =2to F do
Set the previously found shape as initial shape ;
for each viewy; (frontal, left, right, upwards) do
Apply MRASM search with the corresponding model ;
end for
Eliminate the models whosemsg,, is above a threshold ;
if no model remainghen
Mark this frame as empty (not found) ;
else
Accept the shape tted by the model giving the minimumrms..,, ¢ ;
end if

end for

Figure 2.20. Algorithm of Tracking Landmarks in Image Sequee

The threshold used in Figure 2.20 can be automatically geraged from the tted
shape in the rst frame since the subject is assumed to starhineutral face and the
MRASM search is relied on to t the face. The threshold selewn is important in
tracking. The higher the threshold value, the more frames arrejected and left empty.
So, the tracking remains stable and can not catch changes. @we other hand, it the
threshold value is selected low, fewer searches will be g and thus, the shape can

diverge far from the actual face shape.
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2.10. Postprocessing the Found Landmarks

2.10.1. Interpolation of Empty Frames

Some frames are left empty for the untrusted MRASM searchesiing the track-
ing algorithm. These empty frames are lled by interpolatim. For any empty frame

f; with found framesf; and fy wherei<j <k , its shapes; is found as

(fk fj)Si+(fj fi)Sk
fr f

S = (2.34)

2.10.2. Filtering the Landmarks Trajectories

In some of the frames, the tracker is error-prone to spiky chges. So, -trimmed
mean lter is applied to eliminate the spikes encountered ding tracking. In addition,
it smoothes the trajectories. Suppose that each landmarkajectory throughout time
is put in a vector forming a temporal signal. Then, a window ofength 5 is traversed
through this temporal vector, the lowest and the highest vales are excluded and the
mean of the remaining three values is taken as the Itered va¢ in our case. In Figure
2.21, a signal including a spiky peak and valley errors is @n with the Itered values.

It is clearly seen that the spikes are eliminated and the sighis smoothed.

Criginal signal

oot [ [ TTeTseteet PIE1 T 005

Atfer o-trimmed mean filtering

o210 fT T8 009000t PTITTET0 5

Figure 2.21. lllustration of -trimmed mean ltering
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3. EXPRESSION RECOGNITION

In the previous chapter, we have tracked facial landmarks in each frame of a sign
video. As described in Chapter 1, an ideal system should alskassify these landmark
motions to any of the expression classes in question. Rememlthat expressionis
used for non-manual/facial signs in our case, and it does nanply merely a facial

expression; it may also involve head pose changes (head nmogats).

For classifying the performed non-manual sign, Hidden Maok Models (HMMs)
are used with the normalized landmark locations as featuresWe start with sum-
marizing our prior expression classi cation work based onupport Vector Machines.
Afterwards, the details of the feature extraction and the HNW classi cation investi-

gated in this thesis are given.

3.1. Expression Recognition based on Support Vector Machin es

In the joint work with Asl Uyar [34], we explored expressiorrecognition that
consists of two sub-stages which are motion feature extramt and classi cation using
Support Vector Machines (SVMs). The extracted coordinatesf facial landmarks in
consecutive frames of the video sequences are used to evaltize maximum displace-
ment values for each feature point in four directiong., x ,y. andy across the entire

image sequence.

3.1.1. Motion Feature Extraction

Displacement based and time independent motion feature \tec is used as the
input to the SVM classi er. The motion feature vector includes information about both
the magnitude and the direction of motion for each landmarkWe nd the maximum
displacement of landmarks where peak location for each landrk may be in di erent

frames.
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Let V' be thei®™ video composed of consecutively tracked shapes as follows
Vi= s s Sk (3.1)
where
s = oxt YT Y Xy (3.2)
is the set of tracked landmarks in the t" frame ofi'" video. Note that, the notation of
indices for a point coordinate is modi ed to enable showingideo, frame and landmark
number in a single notation.
For each video, the initial frame (i.e.s}) is chosen as the reference frame and the
displacements of the landmarks between each frame and théemence frame have been

measured.

Then, the maximum displacement values of each landmark indodirections have

been chosen as the motion features.

n (0]
i:l - il i:l
dXiax = max Xy Xj
n (0]
d i:l _ . i:l i:l
Xmin - mflﬂ Xf X1
n (0]
i:l - il i:l
dymax - mfax yf yl
n (0]

dypn =min yi' yj

The output of this process is a single motion vectar' for each video.

Z= dxiL o dih, dxih dxn, dyEL, dyih, dyin o dylbn (3.3)
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3.1.2. Classi cation Using SVM

Because of the superior classi cation performance and itdidity to deal with
high dimensional input data, SVM was chosen as the classi én this prior study for

facial expression recognition. A brief de nition of SVM is yen below:

Given a set of training data pairs &i;yi), vi 2 f+1; 1g, the aim of the SVM
classier is to estimate a decision function by constructig the optimal separating
hyperplane in the feature space [55]. The key idea of SVM is taap the original input
space into a higher dimensional feature space in order to abe a linear solution. This
mapping is done using kernel functions. Final decision fution is in the form:

|

X
f(x)= iViK(Xi X)+ b (3.4)

whereK (x; X) is the Kernel transformation. The training samples whose dgrange
coe cients ; are non-zero are calledupport vectors(SV) and the decision function is

de ned by only these vectors.
3.2. Expression Recognition based on Hidden Markov Models

In this study, we explore the classi cation of non-manual gins that is composed
of two stages: normalization of tracked landmarks in the inge sequences and classi -
cation based on Hidden Markov Models (HMMs).

3.2.1. Feature Extraction: Normalization of Tracked Shape Sequences

The tracked landmarks found in videos are inconsistent begse the scales and
positions of the faces in di erent videos vary. For examplahe subject in theit" video
may be nearer to the camera, wheread" video involves a subject performing the sign
far from the camera. In order to achieve consistency, a nortization of shape sequences

given in Eq. 3.1 should be performed as described in Figurd 3Brie y, the rst shape
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of a video is translated to the origin and scaled to unity witha transformation and this

transformation is applied to all remaining frames in the sam video.

for each videoV' do

Compute the mean of the rst shapes, as follows ;

! !
X X
my = x;y =L; my= y; =L

Compute the Frobenius Form [45] as follows ;

X 3 )
r= 04 m)Z+(yy my)?

Find the transformation T that translates s to the origin and the scalingS

that scales it to unit shape and the uni ed transformation marix A;

2 2
1 0 -m

A =ST ::where T = g -mjzand S= g
0O 0 1

for f =1to F do
Transform s} to s! usingA ;
end for
Form the normalized videoV " from the transformed shapes ;

end for

Figure 3.1. Algorithm of Shape Sequence Normalization

3.2.2. Classi cation Using Hidden Markov Models

A Hidden Markov Model (HMM) is a statistical model in which the modeled

system is assumed to be a Markov process with unknown paramet, and the ob-
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jective is to determine the hidden parameters from the obse&ble parameters. The
extracted model parameters can then be used to perform fughanalysis, for example

for classi cation of sequential data.

In [56], Rabiner emphasizes the outstanding reasons why t&h Markov modeling
has become increasingly popular in the last decades: Firshe models are very rich
in mathematical structure and hence can form the theoreti¢dasis for use in a wide
range of applications. Secondly, the models, when appliedoperly, work very well
in practice for several important applications. Alpaydin 7] states that the HMM
is a mature technology and HMMs are applied to various seques recognition tasks
such as commercial speech recognition systems in actual (Rabiner and Juang [58],
Jelinek [59]), real-time manual gesture recognition systes (Keskinet al. [41], Aran et

al. [42]) and non-manual gesture recognition systems (Kapoond Picard [8]).

3.2.2.1. Discrete Markov Processes .Let a system haveN distinct states forming$S =

the probability distribution for the next state ( rst order Markovian property) and the

transition probability a; from S; to §; under this assumption can be given as:

a P(aa=S§ja=S); 1 ij N (3.5)

satisfying

a 0 and aj =1 (3.6)

The transition probabilities form matrix A = [g;] which is anN N matrix.

Notice that, a; values show the inner transitions and the initial probabilies are not

given yet. We de ne ; as the probability that the sequence starts with§; and = ]
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is a vector composed of initial probabilities satisfying

i = 1 (37)

observe the states and we get an observation sequence that sequence of states. But
in a Hidden Markov Model (HMM), the states are not observableand we observeo,

when the system is inS; with a probability of

b(m) PO = omja = §) (3.8)

where O, is the observation we get at timd.

N and M are implicitly de ned in other parameters, so the model is deed as

=( A;B; ). In HMMs, there are three main problems as follows:

1. The Evaluation Problem: Given a model and a sequence of observations
O = 10,0, :::079g, what is the probability that the observations are generatg
by the model, P(Qj )?

2. The Decoding Problem: Given a model and a sequence of observations
O = f0;0,:::07g, what is the most likely state sequence in the model that
produced the observations?

3. The Learning Problem:  Given a model and a sequence of observations
O = f0;,0;,:::0rg, how should we adjust the model parametersA(;B; ), in

order to maximizeP (Oj )?

In expression recognition, we need to solve the rst and thénird problems which

can be called also agecognition and training using HMMs.
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3.2.2.3. The Evaluation Problem. For a sequence classi cation problem, one is inter-

ested in evaluating the probability of any given observatimsequenceQ = f 0;0,:::014g,
given an HMM model, . We can evaluate P(Oj ) by trying all possible state se-

quences as:

X
P(O)) = P(0;Qj) (3.9)

all possible Q

However, this is not practical because there afd ™ possible state sequences [57].
There is an e cient way of solving this problem based on the ida of dividing the
observation sequence into two parts: the rst one lasting &im time 1 until time t, and
the second one from time + 1 until time T. This approach is called theforward-

backward procedure

The probability, or the likelihood, P(Oj ) can be calculated in terms of only the

forward variable as follows:
P(Oj) = (i) (3.10)

whereT is the end of sequence andy (i) is the forward variable, that is is the proba-
bility of observing the sequencdé O, ::: Org and being in statei at time T, given the

model . The forward variable can be recursively calculatedy going forward in time:

1) = iB(O) (3.11)
" #

X
()= t 1()a; B (Or) (3.12)

i=1

The likelihood of an observation can also be calculated inrtas of both the

forward and backward variables:
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PON= " «(i) (D) (3.13)

where the backward variable, ((i) is de ned as the probability of observing the partial
sequencd Oy, :::Org given that we are in statei at time t and the model is . The

backward variable can be recursively computed by going baglrds:

fi)=1 (3.14)

X
t(i) = | t+1 (J )& B (Or+1) (3.15)

j=1

The recursion steps of calculating forward and backward vables given in Eq.

3.12 and Eq. 3.15 are illustrated in Figure 3.2a and Figure 2, recursively [57].

(@) (b)

Figure 3.2. Computation of forward variable, (j) and backward variable, ¢(i).

When T is large, the computation of the forward variable will lead ® an under-
ow when we want to implement this procedure because recuvgly multiplying small
probabilities will exceed the precision range of the machen To avoid this, a normal-
ization is performed at each time step. The normalizing coecient, ¢ is calculated as

follows:
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G = PNl— (3.16)
i=1 t(l)
ROERI0) (3.17)

We also normalize (i) values similarly. The computation of P(Oj ) must be
modi ed conveniently since 4(i) and “((i) values are already scaledP (Oj ) can be
calculated via the normalizing coe cients. However, due tathe precision problem,
we can only implement this procedure by calculating the loga@hm of P as Rabiner
explains in [56]:

XT
log(P(Qj)) = logg (3.18)

t=1

3.2.2.4. The Training Problem. The second problem is the training (learning) problem

which we need to solve for recognition of facial expressiondaximum likelihood is used
where we would like to get  that maximizes the likelihood of the training sequences.
The approach explained here is an Expectation Maximizatio(EM) procedure called
the Baum-Welch algorithm We start by de ning two new variables: ((i;j ) as the
probability of being in statei at time t and in statej at time t+1, given the observation
sequenceéD and the model ; and (i) as the probability of being in statei at time t,

given the model .

t(i;j)  P(ax=Si;g+ = SjO;) (3.19)

Ly D;(i)aijh(otﬂ) t+1(])
(ij)=P « 1 t(Kagb(On1) wa(l) (8:20
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i)  P(a=Sijo;) (3.21)

) () (i) (D) - (i) (3.22)
1

j:

t(i)= P N

M) «G)  POI)

EM procedure iteratively calls two steps, called the E-stepnd the M-step. In
the E-step, (i) and (i;j ) are calculated from the current model parameters =
(A;B; )using Eq. 3.20 and Eq. 3.22. In the M-step, is recalculatedrom these
variables until the likelihood converges. If there ar® sequences (videos) each with,
observations (frames) in our training set, the elements &, B and  are re-estimated

in the M-step using the following equations:

SR )

& = PUPET (3.23)
p vlp t=1 Z(i)
v o D YG)LOY = om)
f(m)= PP (3.24)
p v=l  t=1 N(D)
N )
v (3.25)

3.2.2.5. Continuous Observation Densities in HMMs. In the discussion of HMMs, we

assumed discrete observations modeled as a multinomial. tBifi the inputs are contin-

uous as the normalized landmark sequences in our case, onssfulity is to discretize
them (e.g. to motion vectors) and use these discrete obsetiems. A vector quan-

tizer that quantizes the motion of a landmark between eachdme to one of the eight
directions (right, up-right, up, up-left, etc.) can be a saltion to discretize the land-
mark behaviours. A better way of quantization is to cluster he motion directions
into K discrete observations using unsupervised clustering metls, such a -means

clustering.

Instead of quantizing the continuous observations into disete ones, the trajecto-
ries of the landmarks can be assumed as normally distributéadr linear combinations of

normal distributions) and we can model them using mixture ofmultivariate Gaussians.
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Let there beK Gaussians used, which can be thought as the soft versionKofmeans.
Then, the probability of the componentk in state i at time t given the model can be

computed by:

t(1) (W N(Or; ;)

(k) = h(0)P(0j)

(3.26)

wherewi values are the weights of Gaussians. The calculated probies above will

sum up to the the probability of being in statei at time t; given as:

X
(i) = i(i; k) (3.27)

k=1

For a sample, the M-step equations in this case will be:

P, P
M P (i k) O

— =1 =1 t
k= PY—PE— (3.28)
V:]_P t=1 t(l’ k)
P \Y Fv i k)(O,OF A, AT
N v=1 51 t(.lg )( ™t ik ik (3 29)
ik VAR B =N . .
v=1 = t(iK)

3.2.2.6. HMMs in Expression Recognition. As explained in the normalization of tracked

facial landmarks, the samples in the training set are framesquences where each frame
is a vector consisting of normalized landmark locations. Sae use Continuous Hidden

Markov Models (CHMM) with multivariate samples.

Let there be C dierent expression classes that we want to recognize in our
application. First, a model . is trained from the training set of each class. Then,
when a new observatiorO comes, the class which is giving the maximum likelihood is

assigned as its class, that iso.

Co =argmax P(Oj ) (3.30)
C
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4. EXPERIMENTS AND RESULTS

4.1. Database

Since the aim of this thesis is to classify the most common nomanual signs
(head motion and facial expressions) in Turkish Sign Langga (TSL), we collected a
video database of non-manual signs to experiment the progasapproach and compare
it with the other types of Multi-resolution Active Shape Model (MRASM) trackers.

The non-manual signs which are frequently used in TSL and tee changing the
meaning of the performed sign considerably are selected & tsign classes in the
database. There are also additional signs which we use in lgdife during speaking.
This database was collected and rst presented in 2007 [43[he database involves 11

(6 female, 5 male) di erent subjects performing 8 di erent tasses of signs each.

4.1.1. The non-manual signs used in the database

Some of the selected signs involve only head motion or facetpressions and
some involve both. So, we ussign and expressionterms to refer to a class we use in

the database. The database is formed of the following 8 di ent classes of signs:

1. Neutral: The neutral state of the face. The subject neither moves lier face
nor makes any facial expressions.

2. Head L-R: Shaking the head to right and left sides. The initial side v@ées among
subjects, and the shaking continues about 3-5 times. Thigysi is frequently used
for negation in TSL.

3. Head Up Raise the head upwards while simultaneously raising the eyrows.
This sign is also frequently used for negation in TSL.

4. Head F: Head is moved forward accompanied with raised eyebrows. i$tsign is
used to change the sentence into a question form in TSL. It x®bles the surprise

expression used in daily life.
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5. Sadness Lips turned down, eyebrows down. It is used to show sadnessg.
when apologizing. Some subjects also move their head dowrndga

6. Head U-D: Nodding head up and down continuously. Frequently used fagree-
ment.

7. Happiness Lips turned up. Subject smiles.

8. Happy U-D: Head U-D + Happiness. The preceding two classes are perfath
together. It is introduced to be a challenge for the classirein successfully dis-

tinguishing this confusing class with the two preceding ose

In Figure 4.1, some frames captured from di erent sign class can be seen.

4.1.2. Properties of the Database

It involves 11 di erent subjects (6 female, 5 male).

Each subject performs 5 repetitions for each of 8 classes. tRere are a total

number of 440 videos in the database.

Each video lasts about 1-2 seconds.

Philips SPC900NC web cam is used with choice of 64880 resolution and 30
fps.

The recording is done in a room eliminated from sunlight andluminated by

using daylight halogen and uorescent lights.

The videos are compressed with \Indeo 5.10" video codec.

Each video starts in neutral state, the sign is performed anaigain ends in neutral
state.

No subjects have beard, moustache or eyeglasses.

There is no occlusion or motion blur.

4.1.3. Annotated Videos

In order to satisfy di erent experiments on the database, a@ferably large num-
ber of facial landmarks are chosen for manual annotation. Ehselected 60 points can

be seen in Figure 4.2. Due to the di culty in manually annotatng these landmarks
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Figure 4.1. 8 di erent non-manual sign classes are used ingldatabase



55

in all frames, only 3 repetitions of 4 classes (Head L-R, Hedp, Head F, Happiness)
performed by 4 subjects (2 male, 2 female) are annotated indldatabase. So, there
are a total of 48 annotated videos. In total 2880 (48 videos 60 average frames per

video) frames are annotated.

Figure 4.2. 60 facial landmarks are selected for ground ttutin the videos.

4.1.4. Annotated Images

Experimentally, it was observed that more landmarks wouldelad to better ASM
tracking. Thus, we increased the landmarks and 116 featureipts (eyes: 24, eyebrows:
28, eye lids: 14, wrinkles below eyes: 14, nose peak: 5, I{p8; chin: 15) were selected

for annotation in each frame as seen in Figure 4.3.

For each of the 4 subjects that we selected for video annotati in the previous
subsection, random frames were captured from all videos (8etdent classes of signs)
and approximately 60 of these frames (30 frontal, 10 upward40 left and 10 right)

were selected for annotation. Sample frames are seen in Fgd.4.
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Figure 4.3. 116 facial landmarks are selected for ground thuin the captured images.

Figure 4.4. About 60 frames were selected from 4 di erent sjdrts and each set is

divided into one of the 4 di erent views (frontal, upwards, Eft or right).
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4.2. Tracking Experiments and Results

4.2.1. Experiment Setup

Since there exists human bias in the manual annotation of tHandmarks, data
re tting is performed on the training set. That is; a one levé ASM model is trained
from the training set. Then, for each sample in the training &t, the annotated shape
is set as the initial shape and one level person speci c ASMtihg is performed on
this sample. The new locations of the landmarks are acceptad the ground truth and
the model used for further testing is trained from these loti@ns. For example, for
a subject with 35 frontal training images, the mean Euclideadistance between the
ground truth and the best t landmark locations for each imag before data re tting
and after data re tting are shown in Figure 4.5. The mean Eudtlean distance of all

images decreased from 2.13 to 1.73 pixels when data re tting applied.
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Figure 4.5. Data re tting comparison

Afterwards, in order to compare the multi-view vs. single \w and person speci ¢
vs. generic MRASM (Multi-resolution ASM) tracking, we abbeviated 4 di erent types
of MRASM training as in Table 4.1:
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Table 4.1. Types of MRASM training

Person specic Generic

Multi-view M-view P-s (Type I) | M-view G (Type II)

Single view | S-view P-s (Type Ill) | S-view G (Type V)

In multi-view training, a di erent model for each of the views (frontal, upwards,
left and right) was trained whereas a single model is traineilom all views combined
together in the single-view approach. In the person-speci approach, the subject is
known and tracked using its own model. But in the generic appeach, a uni ed model is

trained from all subjects and this model is used for trackintandmarks of any subject.

4.2.2. Statistical Analysis Results

4.2.2.1. Su cient number of eigenvectors to describe most of shape vance. We rst

determine the number of eigenvectors to be retained: Figu#e6 shows the variance
retained versus the number of eigenvectors. A small numbef @.5-20) eigenvectors
(about 8-10% of all eigenvectors) seemed to be enough to diész 95% of the total
shape variation in the training data set. One expects to haviewer eigenvectors when
only one view (e.g. frontal) is used instead of all views, buhe plots in Figure 4.6
show that when a percent of total variation is considered, # su cient number of
eigenvectors depends on the distribution of the variationlang the eigenvectors of the
used sample set. In other words, when we use 95% of the totatigtion in all views
where the variation in head movement dominates the sampletseve may lose facial
expression changes such as smiling. But the multi-view amarch (dividing the sample

set into similar subsets) enables us to model these changetér.

4.2.2.2. How does the shape change in the most signi cant eigenvect®@r Figure 4.7

shows the variation of the shape along the most signi cant tiee eigenvectors. The
most variation was along the left to right head shaking when gvanalyzed all training

shapes. Other signi cant movements were head nodding andemtation with a surprise
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Figure 4.6. Eigenvector contributions to the total variane in shape space (a) if a

generic frontal model is used and (b) if a generic single (uad) view model is used.

expression as seen in Figure 4.7.
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Figure 4.7. The variation along the most signi cant 3 eigenectors in the shape space

4.2.2.3. Su cient number of eigenvectors to describe most of the conibed variance.

When shape and texture data are analyzed together, 82 eigewators were su cient to
describe 95% of the total variation as seen in Figure 4.8.

4.2.2.4. The e ect of photometric normalization. In Figure 4.9, the e ect of reducing
global illumination by photometric normalization is shown It is clearly seen that the

illumination variation in the normalized images below is Iss than the corresponding
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Figure 4.8. Eigenvector contributions to the total variane in appearance space

original images above. Especially, the skin color of the sjgat with the 3™ and 4"

faces from left seems to change considerably.

Figure 4.9. The e ect of photometric normalization (origiral textures above and

corresponding normalized ones below)

4.2.2.5. How does the shape/appearance change in the most signi cagigenvectors?.

The variation in the signi cant eigenvectors in this combired model can be seen in Fig-
ure 4.10. The analysis results show that the person speci exture properties, left to

right head shaking and happiness vs. sadness dominated tlo¢al variance in the data
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set. Also notice that, there is no signi cant illumination variance observed in Figure

4.10 as a result of photometric normalization.

" PPP9P990088S
D000 EE
DP9 0EES
4 4 A dodedode el

-PPPP999099

Figure 4.10. The variation along the most signi cant 5 eigerectors in the combined

shape and texture space

4.2.2.6. The e ect of training set selection on the principle variaton modes. In [43],

the distinction between the eigenvectors was clearer and neointerpretable since the
training images included 11 subjects instead of 4 subject3he more the number of
training subjects are used, the better the distinction of gpearance between eigenvec-
tors is achieved and the better analysis is done in terms of gdrving head movement
and facial expression changes. This fact shows the importanof training set selection

when one wants to interpret the appearance values.

4.2.3. Comparison of ASM and Multi-resolution ASM

In Figure 4.11, the face shapes which are found by regular (gri-level) ASM

search after 30 iterations and by 3-level MRASM search aftarmaximum of 5 iterations

allowed in each level are shown. Convergence ratio is taken@9. m and n are chosen
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as (17,13,13) and (13,9,9) for each level(l = 0;1;2) respectively. It is seen in the
gure that multi-resolution increases the performance. MRSM search can t well
where ASM converges to local minima. Furthermore, MRASM sezh with the choices

described above was two times faster than the regular ASM seh.

Figure 4.11. Comparison of ASM t and MRASM t

An example search using MRASM is shown in Figure 4.12 wheretBrations are
performed at each level. The sizes of the images in level 2 dedel 1 are quarter and
half of the the original images in level O respectively. Buthiey are scaled to the same
size in the gure for illustration. It is seen that the shape $ roughly tted in the top

level and ne tuned in the following levels.

4.2.4. Tracking Results

Sample tracking results with person speci c multi-view traker can be seen in
Figure 4.13 where the index on the top right stands for the frae number in that

video.

Due to the di culty in reporting all of the tracking results o f di erent types of
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level 2

level 1

level 0 y—

(a) (b)
Figure 4.13. Found landmarks in a video that belongs to (a)"2 class and (b) & class
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experiments given in Table 4.1 visually, we take the landmks in annotated video
frames as the ground-truth data and report the Euclidean diance between annotated
landmarks and the tracked landmarks as the error metric. Butthere is inconsistency
between the 60 ground truth landmarks per frame (Section 43) and the 116 tracked
landmarks which are found by MRASM tracker that is trained fom annotated images
(Section 4.1.4). So, we formed a mapping from ground truth dntracked data to the
new 52 feature points which are seen in Figure 4.14 to make ttamdmarks comparable.
In addition, each sequence of annotated and tracked shapese-sampled to 60 frames
S0 as to equalize the frame length and be able to take the avgeaof the error in that
frame over many samples. A total of 48 videos (4 subjects, 4stes, 3 repetitions per
class) are analyzed and di erent types of resulting errorsra reported in the following
subsections. All the Euclidean distances (errors) are iny®ls where each frame has a

resolution of 640 480 pixels.

Figure 4.14. Common 52 facial landmarks are selected in orde compare ground

truth and tracked landmarks.

4.2.4.1. Tracking Performance of Each Class.In Figure 4.15, the mean error found by

four di erent tracking approaches (Table 4.1) is plotted fo each class. When all classes
are considered, it is observed that the multi-view person spi c tracker performs the

best. Especially, it is the only one that can track the landmiks in Head Up sign.
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Figure 4.15. Mean Euclidean distance between ground trutmd tracked landmarks

for each class which are (a) Head L-R, (b) Head Up, (c) Head Fnd (d) Happiness.
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4.2.4.2. Tracking Performance on Each Face ComponentSimilarly, mean error for

each component of the face is plotted in Figure 4.16. The reped components are
left/right eye, left/right eyebrow, lips, chin and nose tip of the face of the subject as
shown in Figure 4.14. It is seen that multi-view person specitracking outperforms
all other trackers in all components. We observed that lipsra the most di cult
component to track because they are the most deformable paot the face and the
intensity contrast between the skin color and lips color isat very high and varies

among subjects.

4.2.4.3. Comparison of Trackers . It can be said that person speci c tracking performs

better than the generic approaches. The multi-view appro&dn person speci ¢ tracking

increases the performance whereas it results in a decreaséhie generic approach.

4.2.4.4. Mean Error in a Video with Corresponding Landmarks. As mentioned earlier,

the mapping from 116 tracked landmarks and from 60 ground tth landmarks to 52
new landmarks is done approximately. When the error plots arconsidered with the
corresponding tracking results visually, it can be said tha2-3 pixels of mean Eu-
clidean distance comes from this approximation. It mainlytems from the fact that

the annotators were di erent for ground truth videos and traning images.

Furthermore, a user interface that eases the video annotati by copying and
pasting landmarks between consecutive frames and then dgagg them is implemented
and used. As a drawback of this convenient facility, the lot@ns of the landmarks
remain constant where they should change in some frames. 8® ground truth data

includes not exactly but roughly correct locations of landrarks.

In order to show this, the annotated and nely tracked shapesare given for
selected frames of the same video le with the correspondimggror plot in Figure 4.17.
It can be observed that the tracked shape in Figure 4.17b isearly more accurate than

the annotated shape in Figure 4.17a. The error in Figure 4.¢ Te ects this discrepancy.
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frame number

(@)
Figure 4.16. Mean Euclidean distance between ground trutmd tracked landmarks

in each frame for each component. Components are (a) left eyb) right eye, (c) left

eyebrow, (d) right eyebrow, (e) lips, (f) chin and (g) nose p of the subject.
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Figure 4.17. (a) The ground truth landmarks, (b) the trackedandmarks with

M-view P-s tracker and (c) corresponding error plot.

68
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As described in Chapter 2, the frames are left empty and themterpolated if
the best tted shape is not accepted as valid. By this methodthe tracker can be
re-initialized and thus, the correct landmark locations ca be re-caught after a few
frames. In Figure 4.18 and Figure 4.19, it can be observed thhe single view person
speci ¢ tracker stays unchanged for a few frames, then traskhe landmarks again.
Furthermore, the di erence between ground truth landmarksand correctly tracked

landmarks can be seen from the sub- gures (a) and (b) in bothgures.
4.3. Expression Recognition Experiments and Results
4.3.1. Experiment Setup
We performed the classi cation experiments using the muhlvariate continuous
HMM classi er [60]. The number of Gaussians and the number dfidden states are

taken as 2 and 6, respectively. We prepared the following sefor our experiments

where each shape sequence (video) is normalized:

1:4. Involves 7 classes and 5 repetitions for 4 subjects foundthvihe tracker.
All classes excepiNeutral are included. (140 samples)
¢t . Involves 4 subjects and 3 repetitions for each of 4 classeshe ground truth

data. The classes ar¢lead L-R, Head Up Head F and Happiness (48 samples)

Then we designed four tests on these sets:

4.3.1.1. Test |. Use 2 repetitions for each class of each subject in; for training and

the remaining one repetition for testing. Cross validations performed by leaving one

repetition out . (32 training samples, 16 test samples)

4.3.1.2. Test Il. Use 3 repetitions of each class of each subject in.4 for training and

the remaining 2 repetitions for testing by leave-two-repéions-out cross validation. (84

training samples, 56 test samples)
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(a) (b)

()

(d)
Figure 4.18. (a) The ground truth landmarks, (b) the trackedandmarks with

multi-view generic tracker, (c) the tracked landmarks withsingle view person speci c

tracker, and (d) corresponding error plot for a video irfHead F class.



71

(a) (b)

©)

(d)
Figure 4.19. (a) The ground truth landmarks, (b) the trackedandmarks with

multi-view generic tracker, (c) the tracked landmarks withsingle view generic tracker,

and (d) corresponding error plot for a video irHead Upclass.
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4.3.1.3. Test lll. Use all samples of 3 subjects in 1.4 for training and test on the

unseen subject. It is performed 4 times by leaving each subjeut for testing, that is

leave-one-subject-out cross validation. (105 training sgples, 35 test samples)

4.3.1.4. Test IV. 3 repetitions are selected from 4 for training and testing is done

on the remaining 2 repetitions in 1.4. (48 training samples, 32 test samples)

The tests are done using all the trackers given in Table 4.1 drthe results are

described in the following subsection.

4.3.2. Recognition Results

The accuracy results found for each test and with each tracke/pe are given in
Table 4.2.

It is observed that continuous HMM classi er accurately clasi es the ground
truth videos into the correct classes when 4 classes are ddesed (Test I). Additionally,
training with ground truth data and testing on the unseen vigos can be performed
with 100% success rate when we use the multi-view person spetracker (Test V).

If the number of classes is increased to 7, the best accurachem we use some of
the repetitions for training and the remaining ones for testg is about 85% (Test I1).
When the testing is done on an unseen subject where the tracke trained from the
other subjects, we can achieve 73% accuracy (Test Ill). Inladases, multi-view person
speci c tracker results seem to be the most reliable ones. Bun the absence of the
subject information (i.e. when we need a generic tracker),utti-view MRASM tracking

results seem to be near to the best results achieved.

In addition, the confusion matrices (in percentage) for e&ctest are given in
Tables 4.3, 4.4 and 4.5. The confusion matrix for the rst tesis not given because the

accuracy is 100%.



Table 4.2. Expression classi cation results

Test no || # classes | # training samples | # test samples | Tracker type | Accuracy (%)
| 4 32 16 Ground truth 100.00
M-view P-s 84.82
M-view G 83.57
I 7 84 56
S-view P-s 81.79
S-view G 73.93
M-view P-s 72.86
M-view G 68.57
11 7 105 35
S-view P-s 64.29
S-view G 53.57
M-view P-s 100.00
M-view G 93.75
AV 4 48 32
S-view P-s 93.75
S-view G 87.50

An important result which is observed in confusion matricess that Happy U-D
is misclassi ed asHead U-D in some of the videos. This shows that the head motion
dominates the classi cation decision and the classi er maype incapable of catching
the change in facial expression in the existence of large deaovements. In addition,
only the perimeter of the lips includes landmarks and therera no landmarks inside
the lips. This decreases the interpretability of the emotiogal expression when the head
also moves because the area, perimeter length or other prdpes of lips vary among
subjects and it may not be clear that the mouth is open or not. fIHappy U-D and
Head U-D classes were considered as the same class in the outputs,list accuracy

would be 92% and 81%, for tests Il and Ill, respectively.

Moreover, Sadnessseems to be a di cult class to correctly classify. This mainf
results from the fact that the performance of sadness vari@snong subjects. Some
of them also move their head in addition to turning down the ps. This movement

confuses the classi er.
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Table 4.3. Confusion matrices for test Il found with (a) mult-view person speci c, (b)

multi-view generic, (c) single view person speci ¢ and (d)isgle view generic trackers.

(a)

‘ H Head L-R ‘ Head Up ‘ Head F ‘ Sadness‘ Head U-D ‘ Happiness ‘ Happy U-D ‘
Head L-R 100.0 0 0 0 0 0 0
Head Up 0 100.0 0 0 0 0 0
Head F 0 0 98.75 0 0 0 1.25
Sadness 7.5 0 0 56.25 21.25 5.0 10.0
Head U-D 0 0 0 0 95.0 0 5.0
Happiness 6.25 0 0 1.25 0 83.75 8.75
Happy U-D 1.25 0 0 0 38.75 0 60.0

(b)
H Head L-R | Head Up ‘ Head F ‘ Sadness‘ Head U-D | Happiness | Happy U-D
Head L-R 98.75 0 0 0 0 0 1.25
Head Up 0 97.5 0 0 25 0 0
Head F 0 6.25 91.75 0 0 25 0
Sadness 3.75 0 5.0 52.5 225 5.0 11.25
Head U-D 0 3.75 0 0 93.75 0 25
Happiness 0 0 5.0 0 0 90.0 5.0
Happy U-D 1.25 5.0 0 0 325 0 61.25
(€)
H Head L-R | Head Up ‘ Head F ‘ Sadness‘ Head U-D | Happiness | Happy U-D
Head L-R 100.0 0 0 0 0 0 0
Head Up 1.25 90.0 0 0 0 8.75 0
Head F 0 0 95.0 5 0 0 0
Sadness 11.25 0 25 48.75 225 5 10
Head U-D 0 0 0 0 93.75 0 6.25
Happiness 11.25 0 1.25 0 83.75 3.75
Happy U-D 1.25 0 0 37.5 0 61.25
(d)
H Head L-R | Head Up ‘ Head F ‘ Sadness‘ Head U-D | Happiness | Happy U-D
Head L-R 95.0 0 0 0 25 0 25
Head Up 0 95.0 0 0 0 5.0 0
Head F 0 7.5 87.5 5.0 0 0 0
Sadness 16.25 1.25 0 325 17.5 8.75 23.75
Head U-D 0 18.75 0 0 71.25 0 10.0
Happiness 7.5 0 0 1.25 0 81.25 10.0
Happy U-D 1.25 12.5 3.75 0 275 0 55.0
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Table 4.4. Confusion matrices for test Il found with (a) muti-view person speci c,

(b) multi-view generic, (c) single view person speci ¢ andd) single view generic

trackers.
(@)
H Head L-R | Head Up ‘ Head F ‘ Sadness‘ Head U-D | Happiness | Happy U-D
Head L-R 100.0 0 0 0 0 0 0
Head Up 0 100.0 0 0 0 0 0
Head F 0 0 80.0 15.0 0 0 5.0
Sadness 10.0 0 0 55.0 15.0 5.0 15.0
Head U-D 0 0 0 0 95.0 0 5.0
Happiness 25.0 0 0 10.0 0 60.0 5.0
Happy U-D 25.0 0 0 5.0 50.0 0 20.0
(b)
H Head L-R | Head Up ‘ Head F ‘ Sadness‘ Head U-D | Happiness | Happy U-D
Head L-R 100.0 0 0 0 0 0 0
Head Up 0 75.0 0 0 25.0 0 0
Head F 0 20.0 75.0 5.0 0 0 0
Sadness 5.0 0 5.0 55.0 5.0 5.0 25.0
Head U-D 0 0 0 0 100.0 0 0
Happiness 15.0 15.0 5.0 0 0 60.0 5.0
Happy U-D 25.0 0 15.0 0 45.0 0 15.0
(©)
H Head L-R | Head Up ‘ Head F ‘ Sadness‘ Head U-D | Happiness | Happy U-D
Head L-R 100.0 0 0 0 0 0 0
Head Up 5.0 90.0 0 0 0 5.0 0
Head F 5.0 5.0 75.0 5.0 10.0 0 0
Sadness 50.0 0 0 15.0 10.0 5.0 20.0
Head U-D 0 0 0 0 90.0 0 10.0
Happiness 30.0 0 0 5.0 0 60.0 5.0
Happy U-D 25.0 0 0 5.0 50.0 0 20.0
(d)
H Head L-R | Head Up ‘ Head F ‘ Sadness‘ Head U-D | Happiness | Happy U-D
Head L-R 95.0 0 0 0 0 0 5.0
Head Up 0 75.0 0 0 10.0 5.0 10.0
Head F 0 15.0 60.0 5.0 10.0 5.0 5.0
Sadness 40.0 0 0 20.0 5.0 10.0 25.0
Head U-D 5.0 25.0 5.0 0 60.0 0 5.0
Happiness 25.0 0 5.0 15.0 0 55.0 0
Happy U-D 25.0 25.0 15.0 0 25.0 0 10.0
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Table 4.5. Confusion matrices for test IV found with (a) muli-view person speci c,

(b) multi-view generic, (c) single view person speci ¢ andd) single view generic

trackers.
(a)
H Head L-R ‘ Head Up ‘ Head F ‘ Happiness
Head L-R 100.0 0 0 0
Head Up 0 100.0 0 0
Head F 0 0 100.0 0
Happiness 0 0 0 100.0
(b)
H Head L-R ‘ Head Up ‘ Head F ‘ Happiness
Head L-R 100.0 0 0 0
Head Up 0 75.0 25.0 0
Head F 0 0 100.0 0
Happiness 0 0 0 100.0
(€)
H Head L-R ‘ Head Up ‘ Head F ‘ Happiness
Head L-R 100.0 0 0 0
Head Up 0 87.5 0 125
Head F 0 0 100.0 0
Happiness 12.5 0 0 87.5
(d)
H Head L-R ‘ Head Up ‘ Head F ‘ Happiness
Head L-R 87.5 0 125 0
Head Up 0 75.0 12.5 12.5
Head F 0 0 100.0 0
Happiness 12.5 0 0 87.5
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When compared to our previous joint-work with Asli Uyar [34] the proposed
CHMM-based classi er performs better than the previously pposed SVM-based clas-
si er. This result is achieved by comparing the ground truthclassi cation accuracies of
both studies because other tests are not convenient for coargon. The higher perfor-
mance of CHMM approach is two-fold we suppose: First, the feae extraction by nor-
malization of landmark locations increased the informatio about the performed sign
instead of using maximum displacement vectors. Second, HMMre widely accepted
for their power in classifying sequential data as in image g@ences of non-manual

gestures, where the length of each sample is not to be nornzali.
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5. CONCLUSIONS

In this study, we investigated facial feature tracking in inage sequences, and
recognition of the performed non-manual gestures which acemposed of head move-
ments or facial expressions. Multi-resolution Active ShapModels (MRASM) are ex-
tended to handle multiple views of faces for nding facial ladmarks automatically. In
addition, temporal information is used while tracking in inrage sequences. The tracked
facial landmark sequences are normalized and given as inpaithe expression classi er,

which is based on the multivariate Continuous Hidden Markowlodel.

The contribution of this thesis is the improvement of MRASM earching such
that the landmarks are tted in each frame using MRASMs formultiple viewsof faces,
and the best tted shape which is most similar to the shape fou in the preceding
frame is chosen. This waytemporal information is used for achieving consistency
between consecutive frames. When the found shape is not tred, deformation of
the tracked shape is avoided by leaving that frame as empty drre-initializing the
tracker. Afterwards, the empty frames are lled using intepolation, and -trimmed
mean ltering is performed on the landmark trajectories to Bminate the erroneous
frames. Another contribution is that a complete non-manuafesture recognition system
is developed, where the tracked landmarks are classi ed mbne of the non-manual

gestures based on CHMM classi er.

The proposed system is experimented on a database consigtof most common
non-manual signs in Turkish Sign Language. In this databasee collected 5 repetitions
from 11 (6 female, 5 male) di erent subjects for 8 di erent chsses of non-manual signs.
Due to the di culty of collecting ground truth of all subject s by manually annotating
landmarks in frame sequences, we selected 3 repetitions ai&@ses from 4 subjects (2

female, 2 male) and annotated them for further comparison.

Multi-view vs. single view and person speci ¢ vs. generic ppoaches are analyzed

by implementing these variations of MRASM trackers and peofrming the classi cation
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using the tracking results of each approach. It is shown thahe proposed technique
of using temporal information while tracking increased theobustness of the system.
Shape deformation is avoided throughout the frames and theaicker is able to catch
the correct locations of landmarks by re-initialization ifthe found shape is not trusted.
The system was able to attain best results with the proposed utti-view MRASM
approach. The worst recognition rates found with this apprach were 72.86% and
68.57% for person specic and generic approaches, respagil, when the training is
done using three subjects, and leaving the remaining subjdor testing. When the
testing is done on an unseen video of a subject, whose othepettions are involved
in the training set, the accuracy was about 85%. It is seen thahe tracker may
be confused when distinguishing between classes with theneahead movement but
di erent facial expressions. But instead of including all asses, if the classes in question
are decreased to cover only non-relevant classes, the sgsis able to recognize all, i.e.

it works with 100% performance.

5.1. Remarks and Future Directions

The multi-resolution approach is seen as a crucial comportegf a facial landmark
tracker since the active models are very sensitive to inifization and converge to local

minima if only one resolution is used.

We used four di erent views, namely frontal, left, right, ard upwards for extend-
ing MRASM approach for multiple views. All samples of the sulects are manually
divided into four subsets concerning these views. A betteray of doing this would be
clustering the sample space into subsets using an unsupeed clustering method, such
as k-means. This way, the clustering would divide the training et better and would

not need to be done manually on training sets di erent than ors.

As discussed, person speci ¢ training and tracking perforsnconsiderably better
than the generic approach. So, the usability of the applicain can be improved such
that a new user would train the tracker for herself easily via user-friendly interface.

This way, we eliminate adding the user's samples to the databe and training the
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tracker from scratch.

Last but not least, working in real-time is a signi cant property of an expression
recognizer. Unfortunately, the implementation of the propsed system does not work
in real-time and needs to be improved. Currently, each MRASMearch takes about
3-4 seconds. Mature modules of the current MATLAB implemeation should be opti-
mized and written using C to increase speed. Another additioshould be to use fewer
landmarks for higher levels of MRASM and increase them by upsipling in the lower
dimensions. We hope to make it run on real time. Additionallythe system should
be adapted to work with a hand gesture recognizer concurrépntwhich is needed to
recognize whole sign language words instead of only recagmy the non-manual com-

ponents.
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