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ABSTRACT

NON-RIGID REGISTRATION-BASED DATA-DRIVEN
3D FACIAL ACTION UNIT DETECTION

Automated analysis of facial expressions has been an active area of study due to
its potential applications not only for intelligent human-computer interfaces but also
for human facial behavior research. To advance automatic expression analysis, this the-
sis proposes and empirically proves two hypotheses: (i) 3D face data is a better data
modality than conventional 2D camera images, not only for being much less disturbed
by illumination and head pose effects but also for capturing true facial surface infor-
mation. (ii) It is possible to perform detailed face registration without resorting to any
face modeling. This means that data-driven methods in automatic expression analysis
can compensate for the confounding effects like pose and physiognomy differences, and
can process facial features more effectively, without suffering the drawbacks of model-
driven analysis. Our study is based upon Facial Action Coding System (FACS) as
this paradigm is widely accepted to be capable of describing practically all types of
human facial expressions and enables their systematic evaluations. Coding with FACS
is done with Action Units (AUs) that are closely related with muscular activations.
To validate the first hypothesis we develop person-independent detectors and intensity
estimators of AUs, which use 2D maps of 3D facial surfaces. This approach enables us
to compare 2D luminance modality with the 3D surface geometry data modality under
the same set of algorithms. In addition, our detectors and estimators are free from
biases of model-driven techniques to guarantee a fair assessment of the two modalities.
For the second hypothesis, we first investigate non-rigid registration on 2D facial sur-
face curvature maps. Our non-rigid registration algorithm is capable of handling large
deformations and yet it is computationally efficient. To realize our second hypothe-
sis we explore and develop AU detectors using this algorithm. Our work is the first
example of detailed registration in data-driven expression analysis and surpasses the

performance of state-of-the-art AU detectors.



vii
OZET

UC BOYUTLU YUZLERDE ESNEK KAYITLAMAYA
DAYALI VERI-GUDUMLU EYLEM BIRIMI SAPTAMA

Yiiz ifadelerinin otomatik analizi, akilli insan-bilgisayar araytiizleri ve insan yiiz
davranigi aragtirmalar: gibi potansiyel uygulamalarindan dolay: aktif bir caligma alanmidir.
Otomatik ifade analizini daha ileri gotiirmek icin bu tez su iki hipotezi 6nermis ve
deneysel olarak kanitlamigtir: (i) 3B yiiz verisi geleneksel 2B kamera imgelerinden,
sadece poz ve aydinlanma etkilerine kargi dayanikliligiyla degil, ayn1 zamanda gercek
yiiz yiizeyi bilgisini barindirdigi igin de daha iyi bir veri kipidir. (ii) Detayh yiiz
kayitlamasini herhangi bir ytiz modellemesi yardimi olmadan, yani veri-gidiimlii olarak
gerceklestirmek, model-giidiimlii analizin dezavantajlari olmaksizin poz ve fizyonomi
farklhiliklarinin bozucu etkileri telafi edildiginden ve yiiz oznitelikleri daha etkin olarak
islendiginden, ifade analizinde gelinen en son noktayi ilerletmek i¢in miimkiindiir. Bu
caligma, neredeyse biitiin insan yiiz ifadelerini betimleyebildigi varsayilan bir paradigma
oldugundan ve sistematik karsilagtirmalari olanakl kildigindan, Yiz Eylemi Kodlama
Sistemi (FACS) temel alinarak yapilmigtir. FACS kodlamalar kas aktivasyonlar: ile
yakindan iligkili eylem birimleri (AU) ile yapilr. Ik hipotez icin, 3B yiiz ylzeylerinin
2B’lu haritalarini kullanan kigsiden-bagimsiz AU saptayicilart ve yogunluk kestiricileri
geligtirilmistir. Bu yaklagim, 2B’lu 1g1khilik ve 3B’lu ylizey geometri veri kiplerini ayni
algoritmalar altinda karsilastirmay: olanakli kilar. Ayrica, bu saptayici ve kestiriciler
model-giidiimlii yontemlerdeki yanlilik olmadan iki kipin adil olarak degerlendirilmesini
garanti ederler. Ikinci hipotez icin, once, 2B yiiz yiizeyi kivrimhlik haritalar: {izerinde
esnek kayitlama aragtirilmigtir. Geligtirilen kayitlama algoritmasi biiylik deformasy-
onlarin tstesinden gelebildigi gibi iglemsel olarak da verimli ¢aligmaktadir. Ikinci
hipotezi gergeklestirmek icin bu algoritmay1 kullanan AU saptayicilar arastirilmig ve
geligtirilmistir. Onerilen yontem, veri-giidiimlii ifade analizinde detayl kayitlamanim

yapildigi ilk 6rnektir ve en giincel AU saptama yonteminden iistiin gelmistir.
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1. INTRODUCTION

The human face is an effective carrier of various types of communicative and
emotional information. From facial expressions one can infer about mental and/or
physiological states, or can read social communicative messages instantaneously. Some
examples of information displayed by the face are basic emotions like joy, anger and
fear [1] or a host of other mental states like boredom and concentration [2]. Instances
of reflection of physiological conditions are pain [3] and tiredness. Finally, facial ex-
pressions and head gestures are instrumental in regulating verbal communication [4];
or they produce non-verbal social interaction signals, such as winking [5]. The va-
riety of facial signal sources indicate the potential of applications of automated ex-
pression recognition. Expression detectors can be useful in the design of intelligent
human-computer interaction systems, in developing affective interfaces, or to enhance

man-machine communication as in driver fatigue monitoring.

Majority of previous work on automated expression recognition has focused on
the classification of the six basic emotions, which have been assumed to be universal
[1]. There exist a number of detection methods that can successfully identify the
basic emotions under controlled conditions, and good surveys of these methods can
be found in [6, 7]. The common approach in these methods is to directly identify
the expressions from the face image data. One difficulty with this approach in real
life conditions is that, emotion classes and communicative intents can be displayed as
facial expressions in very diverse ways. Furthermore, there exist a much richer set of
identifiable facial expressions of interest beyond the basic six. As the variety and types
of expressions increase, training direct face interpretation systems become increasingly
cumbersome. In this respect, the paradigm of coded facial actions has the potential
to be more flexible in expression interpretation. In this paradigm, facial expressions
are decomposed into local deformations. Any expression can then be recognized based
on the dictionary and the extracted codes of local deformations. Among the existing
facial coding methodologies, a widely accepted one in the literature is the Facial Action

Coding System (FACS) which defines 44 action units (AUs) to code the expressions



[8]. Therefore, automatic AU coding systems are very useful because there are several
issues with manual scoring: too many rules and details defined in FACS necessitates
certification, human coders can become fatigued quickly, manual coding takes a very

long time, and coding is sometimes be subjective.

Automatic expression recognition methods can be grouped into two categories as
model-driven and data-driven methods. In this context, model-driven analysis implies
that a pre-designed model of human faces is fitted to the actual input faces before
performing any analysis task. Modeling can be done by preparing geometric models,
by modeling appearance variations of faces as well as their shapes, or simply by means
of facial landmarks. After preparing these models in the training phase, they are used
to analyze input face images by either landmark detection or model fitting algorithms.
Use of face models brings several advantages: ambiguities for instance due to pose
can be removed after model fitting, recognizers that are parsimonious in the number
of features can be developed, and requirement on number of training samples can
be reduced. On the other hand, in data-driven methods, no prior information about
human faces is incorporated. These methods extract all the information from labeled
training images, without the burden of model construction. They directly analyze
appearance of faces in the input images without any bias due to modeling, and do not

require prior fitting of the face models, which is an error prone process.

In this thesis we focus on two hypotheses:

(i) 3D facial surface measurements should achieve better performance in facial ex-
pression recognition as compared to conventional 2D camera images. This is
because 2D luminance data depends non-linearly on pose, illumination and facial
albedo as well as facial deformations. Due to its dependency upon several factors
extrinsic to expression, luminance modality cannot represent facial deformations
as faithfully as 3D measurements.

(ii) The factors of pose and of differences in physiognomy among subjects cause mis-
alignment of crucial facial features and handicap automatic recognition of ex-

pressions. A model-driven approach has an inherent advantage of coping with



these confounding factors since correspondences between the face images are es-
tablished through a face model. On the other hand, in data-driven analysis, after
a coarse face registration step which is usually done based on detected face and
eyes, we have to deal with all the extrinsic variations by means of statistical
learning using the available data. The upside of data-driven analyses is that we
do not have to struggle with building face models, error prone model fitting, and
limitations or bias of the assumed model. Therefore, if we can adequately utilize
detailed registration in data-driven analysis, we can improve the state-of-the-art

in expression analysis, without suffering any drawbacks of model-driven analysis.

Previous 3D studies have focused on prototypical expression recognition, the so-
called six universal expressions. However, in our research we follow the FACS paradigm
since it has the potential to handle wide range of expressions and it is the de facto
standard in facial behavior research. It enables systematic evaluation of the expression
recognition methods since AUs are local and well defined, but still there are many
research challenges such as discriminating between certain AUs that have subtle dif-
ferences, handling of AUs which appear differently due to the interactions with certain
others, and variations due to the differences in their intensity levels and asymmetries.
In order to explore a wider range of facial expressions, we have developed the first 3D
database consisting of a rich set of expressions with FACS annotations. Furthermore,
as different from previous FACS databases, all AUs are annotated with five different
intensity scales allowing for assessment of detection of low intensity expressions as well

as AU intensity estimation.

We limit our scope to static 3D data. Though 3D video data is in principle
more informative and could result in better recognition by learning temporal dynamics
learning and using temporal features, we believe that there are significant research
problems in 3D and that improvements could still be made with static data. A more
compelling reason was that affordable 3D video acquisition devices in this time period

were not available.

We develop person-independent automatic 3D AU detectors and intensity esti-



mators based on 2D maps of 3D facial surfaces in contrast to previous 3D studies.
Thus, we efficiently process 3D data being independent of surface mesh resolution and
topology. Another important point is that, 3D-to-2D mapping enables comparison of
3D geometry and 2D luminance modalities under the same set of algorithms. More-
over, we concentrate exclusively on data-driven analysis. Data-driven approach allows
unbiased comparisons of 3D and 2D modalities, since model design always introduces
bias that can favor one modality over other. Note that previous 3D algorithms re-
quired detection of facial landmark points, which could total anywhere between 64 and
82 points. Hence either these methods were not fully automated or they were prone
to consequence of landmark detection failures. By means of data-driven analysis, we
bypass the problematic landmarking requirement. Furthermore, we develop intensity
estimators based on regression. Regression-based estimation has not been addressed
in 2D and 3D literature so far. Our extensive experimentation prove that 3D is overall
better than 2D AU detection and intensity estimation, and that fusion of 2D and 3D

also yields improved results.

In order to study on our hypothesis on detailed registration in data-driven analy-
sis, we first develop a novel non-rigid registration method. There are two crucial factors
for a non-rigid registration algorithm if it has to be utilized for automatic expression
analysis: First, it should be able to handle large deformations that can arise from
expressions. Second, many applications as in human-computer interaction necessitate
time efficient processing. It is known that computational demand of non-rigid regis-
tration algorithms, especially the ones suitable for large deformation handling, can be
quite high. To satisfy these conditions we developed 2D deformable triangular mesh-
based registration which utilizes hyper-elastic deformations so that large deformations
can be dealt with. Although the inclusion of non-linear elasticity means heavier com-
putation, yet the method is time efficient due to 2D triangular discretization since
deformation gradient tensor over a triangular element is constant. In addition, trian-
gular discretization is adapted to the surface geometry so that we avoid unnecessary

computations.

Our novel data-driven approach benefits from detailed non-rigid registration and



its performance surpasses those of state-of-the-art data-driven techniques. Since we do
not use face models, the resulting method is very practical, avoids commitment to any
model, and does not necessitate intermediate model fitting steps. The two key points
of our method is that, first, it provides compensation for factors like physiognomical
differences (which are in effect non-rigid) as well as pose differences, and second, by
using expression specific references transient features of expressions like furrows can be

handled effectively.

The thesis is organized as follows: In Chapter 2 we review the Facial Action Cod-
ing System and survey such topics as, automatic AU recognition, use of 3D modality
for expression recognition, AU intensity estimation methods, non-rigid registration in
expression analysis, and non-rigid registration of 3D surfaces. Chapter 3 is devoted to
our experimentation databases and methodology. In Chapter 4, we describe how AUs
are analyzed on 2D maps of 3D facial surfaces and compare 3D versus 2D modality un-
der several state-of-the-art methods. In Chapter 5, we develop a non-rigid 3D surface
registration algorithm that is suitable for automatic expression analysis. This algo-
rithm is then used in Chapter 6 for registration-based data-driven expression analysis.
In that chapter we evaluate various aspects of the proposed approach and compare it
with state-of-the-art data-driven AU detection. Finally, in Chapter 7 we summarize

original contributions of our research and present several future directions.



2. LITERATURE SURVEY

Research on automatic facial expression recognition has been very active for about
two decades. These studies have been conducted in two veins: direct recognition of
expressions and recognition of expressions via facial action units. In the later case,
the goal is to detect atomic components of expressions which can be instrumental to
recognize expressions as well as being useful in facial behavior research. However,
most of the existing studies follow the direct recognition paradigm, and majority of
them concentrates on the six basic emotions, since they are mostly available in several
databases and due to the claim [1] that they are universal. Good surveys of these two

directions can be found in [6, 7, 9, 10].

2.1. Facial Action Coding System

FACS has been developed by behavioral scientists [8, 11] to enable objective
measurements of facial activity. It has been employed as a solution in a diverse set of
problems. Some application examples where FACS has been particularly useful are as
follows: Testing theories of emotion and affective processing in the brain [12]; detecting
emotions from reflexes such as startling [13]; discriminating between lying and telling
the truth [14]; the way cues about smoking invoke ambivalent reactions in refrained
smokers [15]; determining if variables other than nurturing attitudes exert an effect on
the affective relationship between mothers and newborns [16]; discriminating a faked
expression of pain from a genuine one even in children [17]; assessing how depression af-
fects reactions to hilarious stimuli [18]; and prediction of psychopathological conditions

[19].

FACS incorporates 44 AUs, which are very closely related to muscle activations,
but the coding rules are based on observations made from images. FACS makes a
distinction between upper and lower face AUs and necessitates evaluating them in
isolation. In cases where certain action units interact and create a non-additive combi-

nation, coders use modified criteria for the rating of AUs. Finally, FACS also provides



for the intensity rating of AUs on a five point scale. In summary, FACS can be inter-
preted as the alphabet of facial expressions under some simplifying assumptions. So
far, over 7000 different AU combinations have been observed, and substantial amount
of data relating AUs to expressions has been collected. For instance, Emotional FACS
(EMFACS) describes basic emotions in terms of AUs, and FACS Affect Interpreta-
tion Database (FACSAID) includes various affective states. A sample coding for fear

expression is shown in Figure 2.1.

- 1C Inner brow raise
- 2C Outer brow raise
| 4B Brow lower
3D Upper eyelid raise
| 20B Lip stretch
———26B Jaw drop

Figure 2.1. A sample FACS coded face expressing fear emotion [20]. The FACS code
for this particular expression is 1C+2C+4B+5D+20B+26B.

Due to the countless rules defined in FACS and subtleties of AUs, encoding is a
difficult and time consuming process, and requires certification. Also, due to the human
factor in coding, analysis may be subjective by nature and is prone to human mistakes.
The factors such as modified criteria for rating AUs when certain combinations are
observed and inclusion of traces in the intensity rating of AUs render manual AU
coding a very demanding technique. Although Sayette et al. [21] argued that the
psychometric features of FACS, such as inter-coder reliability, was in the range of good
to excellent, they also pointed out to the fact that the five point scale used in intensity
led to lower reliability measures in the rating of certain action units. Intensity scoring
in FACS is described in Section 2.1.1. Therefore, an automated coding system of facial

actions not only will ease the tedious human effort, but will be free of human errors.



2.1.1. FACS Intensity Scoring

FACS has developed certain conventions and rules for scoring intensities of Action
Units. Scoring is done on a five-point ordinal scale, A-B-C-D-E, if evidence of an AU
is present. The interpretation of these levels are as follows: the A level refers to a trace
of the action; B, slight evidence; C, marked or pronounced; D, severe or extreme; and
E, maximum evidence. Scoring criteria depend upon the scale of evidences, and the
evidence can be assessed in terms of the degree of appearance change or in terms of the
number of appearance changes. The relationship between the scale of evidence and the
scoring levels is a bit different for some AUs. Scoring criteria are listed in the FACS
manual [11] for each AU, though sometimes modified criteria are used depending on

the AU combinations.

By definition, each level denoted by a letter refers to a range of appearance
changes, that is, they do not correspond to a single strength of AU. Notice that the
intensity scale is not divided into uniform intervals; the C and D levels cover a larger
range of appearance changes. The relationship between the scale of evidence and

intensity scores is depicted in Figure 2.2.

Frace Slight Marked Pronounced i
A B c C

Figure 2.2. Relation between the scale of evidence and intensity scores [11].

FACS manual states that scoring of lower intensities, the A and B levels, requires
particularly careful examination, and A level actions can be scored reliably only by very
experienced coders. While scoring of lower intensities may not be easy, distinguishing
the E level AUs can be difficult as well since the intense muscular contractions of the E
level combine with the person’s individual physical characteristics causing variability
on the appearance changes across different people. Examples of low level (B) and high

level (E) AU 5 - Upper Lid Raiser images are shown in Figure 2.3.



Figure 2.3. AU 5 - Upper Lid Raiser. Neutral (left), B level (middle) and E level
(right) samples are shown [11].

2.2. Automated Detection of Facial Actions Units from 2D Images

FACS defines AUs in terms various facial features. Understanding of these fea-
tures is important to develop analysis algorithms. There are two distinct types of facial

features that convey facial expression information on 2D images:

e Permanent facial features are always available. Since these features may be de-
formed due to facial expressions, they carry information about expressions as well
as identity. Expressions give rise to deformations mainly on lips, eyebrows and
eyelids. We can also mention facial hair, tissue texture, and permanent furrows
as helpful facial features especially in video analysis since they do not disappear
in an expression analysis session.

e Transient facial features occur only due to the expressions. These are wrinkles,

furrows, bulges, and opening/closing of eyes and mouth (Figure 2.4).

Compared to recognition of prototype expressions, automatic detection of AUs is
a more challenging problem since there are only subtle differences between some of the
AUs, and also the appearance of an AU can change a lot when it occurs in combination
with other AUs. In the sequel we discuss previous work on AU detection in terms of
the following categorizations: holistic versus local analysis, use of static images versus

video data, and model-driven versus data-driven analysis.
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2.2.1. Holistic versus Local Analysis

In holistic methods, face images are processed as a whole and extracted features
do not represent local image regions. These methods usually perform well at identify-
ing some common expression classes directly from images, like the basic six emotions.
However, they are not sensitive to subtle changes in small areas and therefore gener-
ally cannot handle detection of locally defined AUs. Moreover, holistic analysis requires
accurate registration. Since they are susceptible to background clutter, they also ne-
cessitate proper segmentation of faces from background. Donato et al. [22] compared
several holistic analysis techniques with local analysis ones, and showed the disadvan-
tages of holistic methods, as in the case Principle Component Analysis (PCA) versus
Gabors. Lucey et al. [23] also compared features extracted from the whole face with
features from the eye regions to detect eyebrow AUs. Their study was based on Active
Appearance Models (AAMs) [24] and obtained only slightly better results with regional

features.

2.2.2. Static Images versus Video Images

Video contains in principle more information about expressions than static im-
ages, and therefore many authors have tried to benefit from it. However, successful
applications of completely static methods on selected video frames have also been
demonstrated [25]. Video data can be used in three different ways or levels. First, it
can be employed to simplify the feature extraction. Since facial motion between succes-
sive frames are not typically expected to be large, instead of feature detection, tracking
techniques can be applied efficiently and then static methods can be used. As examples
we can mention feature point tracking [26] or AAM tracking [27]. Second, extracted
features can include temporal information, for instance by using frame velocity and
acceleration of the static features [28]. As another example, Peng et al. [29] proposed
dynamic haar-like features to improve AU recognition. An alternative technique is to
use optic flow estimation. Donato et al. [22] showed that image-based static analysis
outperforms dense optic flow-based AU detection by about 10%. However, a recent

method [30], which is based on motion orientation histogram descriptors, attains high



11

recognition rates.

A third approach is to exploit temporal dynamics during the inference stage rather
than keeping dynamic information only in features. Tong et al. [31] have employed the
data-driven method of Bartlett et al. [25] together with Dynamic Bayesian Networks
and thus exploited the dynamic and semantic relationships of AUs. A recent work of
the same group [32] also show the benefit in learning these relationships. However,
though it improves recognition, it also has the risk of increasing dependency on the
context of the training data and thus they may not be generalized well to different
databases exhibiting novel contexts. As another example, which combines temporal
modeling with temporal features extraction, employs Hidden Markov Models (HMMs)

on motion field features [30].

2.2.3. Model-driven versus Data-driven Analysis

Model-driven analysis implies that a pre-designed model of human faces is fitted
to the actual input faces before performing any analysis task. These models vary from
the simplest landmarking to complex approaches like AAMs (active appearance mod-
els). In the expression recognition stage, shape or appearance variations are analyzed

based on the outcome of the fitted model.

Among model-based techniques, Tian et al. [33] fit geometric models of facial
features in the form of ellipses and curves, and apply wrinkle detectors, as shown in
Figure 2.4. Pantic and Rothcrantz [34] extract geometric features from facial landmark
points, and they use profile as well as frontal views to benefit from depth information.
Instead of using landmarks and local geometric models, 3D models of faces can also be

fitted [35, 36].

However, these methods require detection of a high number of landmarks, which
is itself a challenging problem. In view of the missing or erroneously located landmarks,
some authors use Point Distribution Models (PDMs) to regularize the landmark con-

figuration. PDMs learn facial shape variations in order to constrain them to plausible
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Area lateral to
eye outer corner

Nasal root

Nasolabial region

Figure 2.4. Facial feature extraction by Tian et al. [33]. Permanent and transient
facial features like nasolabial furrows are extracted by geometric model fitting.

Wrinkles are detected.

face shapes. Since the introduction of Active Shape Models (ASMs) [37], PDMs have
been used in various applications. The methods are composed of two stages: an exhaus-
tive local search for each landmark, followed by optimization of the global non-rigid
face shape parameters that results in the minimization of local responses for all the
landmarks. Recently, these methods have been named as Constrained Local Models
(CLMs) [38, 39]. In contrast to CLMs, AAMs (active appearance models) model both
holistic appearance variations and the shape. For instance, Lucey et al. [23] apply
both 2D and 3D AAM tracking to classify four upper face AUs. However, though
AAMs perform very successfully in a person-dependent manner current AAM based

expression analysis systems do not generalize well to novel subjects.

In contrast, data-driven techniques depend completely upon statistical learning,
i.e., images are analyzed directly without the intermediary of any facial landmark detec-
tion and/or model fitting. This is realized by first extracting a set of facial appearance
features and then classifying them. However, compared to model-based methods, lit-
erature on AU detection via data-driven methods is limited. Among the few existing
works we can cite Donato et al. [22], who compared various data-driven techniques
in the early period of automatic AU detection research. More recently, a data-driven
method proposed by Bartlett et al. [25] achieved state-of-the-art results better than
the previous person independent detectors. Their solution is to perform local analysis
by Gabor wavelets from which features are chosen automatically with the AdaBoost
algorithm. Figure 2.5 depicts the algorithm. First, face detection is performed, and
then eyes are detected which in turn are used to register and crop the face. For AU

classification, AdaBoost or Support Vector Machine (SVM) classification is applied on



Table 2.1. Advantages of model-driven and data-driven analysis approaches.

13

Model-driven Analysis

Data-driven Analysis

- Benefits from detailed registration
- Works with much fewer features

- Smaller amount of samples for training

- Avoids error prone model fitting steps

- No burden of manual face model preparation

- No bias due to an assumed face model

the selected Gabor features. The same research group developed this approach further

with the inclusion of new feature types, such as box filters, edge orientation histograms,

and local binary patterns, to construct a real world smile detector [40]. This detector

proved to be successful over a very large database (of over 25,000 faces), which includes

faces with high variability in pose, illumination, facial hair, age, etc.

Automatic face
detection
and alignment

AU 1
AU 2
Feature selection AU 4
AUG
663552 Gabors: AU 7
» § onientations AU9

= 0 wavelengths
» 96x96 centers

Figure 2.5. Data-driven AU detection by Gabor waveletes [25].

The difference between model-driven and data-driven analysis is the incorporation

of prior information on human faces in model-driven techniques. Advantages of the two

approaches, i.e., the pros and cons of including prior knowledge on faces, are compared

in Table 2.1 and discussed in this sequel.

The first advantage is registration: Model-driven techniques enable detailed reg-

istration and they help remove initial ambiguities. A very common source of ambiguity

is the head pose difference. In fact, for 2D images, large out-of-plane rotations have

severe consequences since the appearance also change considerably. Head pose can be

more effectively handled with model-driven methods, and 3D models can cope with

large out-of-plane rotations. Note that though our concern in this work is facial de-
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formations, nevertheless the estimated head pose as a byproduct of registration may
also be useful whenever poses carry information about expressions. Differences due
to subject-identity, e.g., physiognomy, form another sources of variation not related
to expressions. By means of non-rigid registration, for instance based on facial land-
marks, we can further suppress this source of variability due to subject-specific facial
feature configuration. However, intermediate registration steps, which are performed
via landmark detection or other means of model fitting, run the risk of being caught
in a local minimum during fitting or has detection failures. Therefore, data-driven
techniques have the advantage of bypassing the weakest-link-in-the-chain issue of these

intermediate steps.

A second advantage of model-driven methods is that, recognition of expressions
using only a small amount of features is possible, which is much more practical. In
other words, we do not have to deal with all the image data even in training in con-
trast to data-driven methods. For instance, after reliable model fitting, coordinates of
many landmarks become automatically available. We can then simply pick up those
landmarks or texture around them known to be instrumental in expressions, e.g., to
apply Gabor patches or to detect wrinkles. Another example is the use of estimated

model parameters, as usually done with AAMs.

However, the cost of working over a few features is that, we need appropriate
face models to extract these features. Preparing statistical face models for improved
landmark detection is known to be a tedious process since precise labeling of many
landmarks over many faces are required to account for non-rigid facial deformations.
Alternative face models, e.g., based on geometric parametrization, are also possible,
but requires extensive anatomical knowledge and tedious trial and error phase, and

actually they are not commonly used models.

The third advantage of model-driven methods is the smaller amount of required
training data, since they are not data-greedy as data-driven methods. Data-driven
methods have to deal with variations, such as due to pose and identity, by means of

learning them all, hence they require more samples to capture the spectrum of possible
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variations. Moreover, model-driven methods permit design of rule-based classifiers
[34, 41] to avoid complete expression training. However, it does not always mean that
data-driven analysis requires more training samples. Some statistical face models, for
example bilinear models [42], may also demand high amount of training data to be

constructed.

Although we can utilize facial knowledge at different levels in order to simplify
expression recognition, this advantage may also turn into a handicap since a model
also means a prior commitment. For instance, one can miss some important image
features by not going through a bottom-up analysis of the data. Another example
is the modeling of shape variations as done with ASM and AAMs. The non-rigid
deformations that can be estimated by these types of models are limited by piece-wise
linear deformations over coarse triangulation of facial landmarks and their training
database. A more severe example is the bias introduced by AAMs due to the modeling
of appearance variations in addition to shape. It is known that AAM techniques that
are employed in current expression analysis systems works only in a person-specific way,
that is, they are biased towards specific identities. In summary, data-driven methods

are free from bias or limitation due to an assumed face model.

2.3. 3D Modality for Expression Recognition

The advantages of 3D measurements have already been demonstrated in the con-
text of face recognition, as 3D is immune to illumination and to some extent to pose
variations [43]. Illumination and pose are very important issues also in automatic ex-
pression recognition. Therefore, there has been some work to explore the use of 3D
expressions. These studies have been performed on the six universal emotions [1] (hap-
piness, surprise, fear, anger, sadness, disgust). For instance, using 64 manually marked
points, Wang et al. [44] have divided 3D faces into regions and extracted regional
histograms of surface curvatures. Other 3D methods proposed for emotion identifi-

cation also have the handicap of depending on an excessive number of feature points

[45, 46, 42, 47).
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There has been recently also some work on expression recognition using simul-
taneous 2D and 3D video [48, 49]. Both of these two independent works perform
model-based analysis on 2D luminance images, by either ASMs or AAMs, to track
more than 80 facial points from which 2D and 3D data features are then extracted.
However, these studies are mostly on prototypical emotional expressions and consider
AU detection in a very limited way. For instance, only 11 singly occurring posed AUs

are recognized in [49] with a rule-based classification over a small database.

Previous work has not shown the potential of AU detection adequately with 3D
observations. Our conjecture is that 3D face data can alleviate difficulties inherent
in 2D modality since 3D enables true facial surface measurements, and hence, subtle
differences of AUs may be better discriminated and we may go beyond the limits of

2D.

2.4. Facial Action Intensity Estimation

In contrast to AU detection, there is much less work in the literature on AU
intensity estimation. The measurement of intensities can be useful in behavior research
and for improved FACS coding. For instance, if the expression is surprise, and if
AU 5 - Upper Lid Raiser is available, then, it should only be at B level. Second,
estimating strength of the AUs we yield more information about mental state and
emotional involvement of a subject. Furthermore, AU intensity outputs can be a basis

for studying AU dynamics.

One of the early works on AU intensity estimation has been done by Pantic and
Rothkrantz [50], who developed an expert system using geometric features extracted
from dual-view (frontal and profile) images. However, their study is person-dependent
and requires detection of high number of landmarks. Most of the other works on expres-
sion intensity have investigated relationships between classification decision scores and
intensities. For instance, Bartlett et al. [25] investigated correlations between intensity
levels and SVM classifier margins of their Gabor filter-based detectors. They reported

moderate to high correlations for several AUs. One criticism of using classifier scores is



17

that they do not incorporate intensity knowledge. Yang et al. [51] have used the output
scores of RankBoost based expression classifiers to better deal with intensity variations.
They train RankBoost classifiers with onset to apex ranked image sequences, in order
to rank the image pairs according to their emotion intensities. They obtained better
image pair ordering performance than the linear SVM-margin approach in et al. [25].
However, though related, correctly identifying ranking of image pairs in a sequence
whose intensity increases monotonically is quite a different problem than estimating
intensities directly from single images. Besides, some additional techniques should be
figured out to convert ordering of image pairs into intensities, also in a way that we
have consistent intensity measurements between sequences. Recently Mahoor et al. [52]
studied measurement of AU 6 and AU 12 intensities over six subjects via person-specific
AAMs. They approach to intensity estimation as a classification problem and apply six
level SVM classifiers by one-against-one technique. For feature extraction they perform
AU specific dimension reduction by applying regularized locality preserving indexing

on appearance data, and use delta features (i.e., by neutral face feature subtraction).

2.5. Non-rigid Registration in Expression Analysis

Registration can be said to be the most crucial preprocessing step in face analysis.
For instance, by rigid registration we get rid of the pose variations. Similarly, by non-
rigid registration we may compensate other sources of variations. Expressions show
themselves on local face regions, as permanent and transient features (see Section 2.2).
However, since locations of face parts change from person to person, analysis of these
features will be affected from the person-specific variations. By means of non-rigid
registration, we can better align the face parts and thus can suppress some identity
related variations. Moreover, non-rigid registration can be used to estimate expres-
sion deformations, which can especially be useful to capture temporal information in
video. In the following subsection, existing techniques that benefit from non-rigid face

registration are covered.
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2.5.1. Non-rigid Registration in Model-driven Expression Analysis

In a model-driven scheme, after facial landmark detection or face model fitting,
non-rigid registration can be applied based on the correspondences of detected land-
marks or fitted models. Therefore, model-driven methods are very suitable to develop
expression analyzers based on non-rigid registration. Below we describe several model-

driven techniques that apply non-rigid registration.

2.5.1.1. Landmark-guided Registration. Koelstra and Pantic [30] utilize non-rigid reg-

istration to estimate AU deformations in video sequences with the guidance of facial
landmarks. Their method involves several steps. The first step is performed to sup-
press intra-sequence variations, i.e., rigid head motion throughout the sequence. This
is achieved by affine registration of facial part of each frame to the facial part of the
first frame by the squared sum of differences of the grey level values. For this purpose,
20 facial landmarks are detected and tracked in the video sequence. The second step
alms to suppress inter-sequence variations, i.e., facial shape differences. For this pur-
pose nine of the landmarks that are assumed to be expression invariant are used for
rigid alignment to a predefined reference set of facial points. After these two alignment
steps, B-spline based free-form deformation technique is applied to register successive

video images. The registration process is illustrated in Figure 2.6.
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Figure 2.6. An illustration of non-rigid registration process between successive video
frames [53]. (a) and (b): face parts of successive frames, (d): estimated deformation

field, (c): initial frame deformed by the estimation.
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2.5.1.2. Model Fitting-based Registration. Face model fitting essentially achieves the

registration task also, since we can obtain correspondences between two images through
the established correspondences between their fitted models. For instance, Lucey
et al. [27] employ AAMs not only for locating the landmarks but also for face shape
normalization in their AU recognition study. AAM is a generative linear model of face
shape and appearance variations [24]. Registering an input face image via AAMs re-
quires the estimation of geometric similarity, shape and appearance parameters so that
the generated model image becomes most similar to the actual input image. Figure 2.7
illustrates an example fitting and normalization done by Lucey et al. [27]. Their AAM
mesh and the input image are shown in the first column. In the middle column we see
the normalization of pose by removing estimated geometric similarity transformation,
i.e., rotation, translation and scale. Finally, last column shows the shape normalization

realized by transforming the estimated shape to average base shape.
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Figure 2.7. Face shape normalization of the appearance via AAM fitting [27]. First
column: Input image and the AAM mesh fitted to this image. Second column: pose

normalization. Third column: shape normalization by transforming to average shape.

3D Morphable Models (3DMMs) [54] can be thought as 3D counterparts of AAMs.
3DMMs work on range data and resemble to AAMs in that both texture and geometry
data is modeled. However, while AAMs capture 2D landmark variations, 3SDMMs deal

with the 3D coordinate variations in the whole face and require dense correspondence
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estimation. The accurate estimation of correspondences under expressions for model
training is a major difficulty, and inaccuracies limit to usefulness of the generated mod-
els. Moreover, model fitting with 3DMMs is computationally much more demanding
than AAMs. An example application of 3DMMs for expression recognition is presented

in [55] where four emotional expressions are classified using the shape parameters of

3DMMs.

There are some problems with model fitting approaches. For instance, as dis-
cussed in Section 2.2.3, currently an important limitation of AAMs is the dependence
on the subjects since they run in a holistic manner to match the subject’s texture.
Another problem is that the fitted model and extracted shape represent both identity
and expression related variations. The common solution to mitigate the variations due
to identity is to subtract the neutral face shape of the subject. However, one may
not always have neutral faces of the subjects. A different approach to this issue is to
learn the decomposition of identity and expression related shape variations. One way
for this type of decomposition is to construct models that are able to generate any
face, given its identity and expression parameters. For instance bilinear models [56]
offer a way to combine linear identity and expression models. Recently, bilinear models
have been employed in 3D emotional expression recognition [42]. Similar to 3DMMs,
a model for 3D facial surface coordinates is constructed via a bilinear model instead of
a linear PCA model. Thus two sets of coefficients are obtained, one for identity, the
other for expression. The model is bilinearly fitted to the test face, and the resulting
coefficients are used for expression classification. However, these more complex models
necessitate higher amount of data to learn bilinear relationships between identities and
expressions. Furthermore, they may not be adequate for detection of AUs which are

more subtle and local than the prototypical expressions.
2.5.2. Non-rigid Registration in Data-driven Expression Analysis
In data-driven expression recognition, typically, face data are analyzed after an

initial coarse alignment, for instance according to the detected eyes. Though pose

differences may be somewhat reduced by initial rigid registration, one cannot get exact
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correspondences between face points since differences due to identity and expressions
result in non-rigid deformations between faces. As discussed in Section 2.2.3 absence
of detailed registration is a disadvantage of data-driven methods. Therefore, if we
can apply non-rigid registration without incorporating any face shape information, we
can have the benefits of a data-driven solution and better quality registration without
drawbacks of model-driven analysis. Recall that model-driven techniques have the
disadvantage of model fitting issues, tedious face model preparation process and bias
due to the assumed models (see Section 2.2.3). From the registration point of view
we can mention linearity, low degree of freedoms and dependence on the training set
as common bias issues. By using non-rigid registration techniques that do not depend
on face models we can estimate more detailed deformations. However, registration
without incorporating any face shape information is not a trivial problem for faces
with expressions, and as far as we know, non-rigid registration has not been addressed

in the framework of data-driven expression analysis.

2.6. Non-rigid Surface Registration

Non-rigid surface registration is an inverse problem which is ill-posed since there
are numerous mappings from one surface to another. For registration one should de-
cide first on the similarity measures to determine how well surfaces are matching and
on the transformation model that constrain the mappings in order to alleviate the
ill-posed nature of the problem. We overview the proposed registration techniques
under landmark-based, 3D mesh-based and 2D mapping-based categories. We also
describe and discuss the non-rigid 2D image registration problem in detail since our
surface registration technique employs 2D image registration in the course of surface

correspondence estimation for 3D expression analysis.

e Landmark-based. Landmark-based methods are quite common due to their sim-
plicity. Dense correspondences over the whole surface are estimated based on
given landmark correspondences. For instance, use of Thin-plate Spline (TPS)
[57] or Radial Basis Function (RBF) [58] interpolation are common techniques.

Another approach proposed by Praun et al. [59] is based on searching for a com-
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mon parameterization of two surfaces. These methods are especially suitable
when it is difficult to match local surface regions automatically, for instance,
imagine our goal is to register 3D face of a dog onto a face of human. In landmark-
based methods the level of detail depends on the number of given landmarks, and
since their number will be limited these methods are only able to perform coarse
non-rigid registration. However, it is also possible to incorporate surface similar-
ities into to the registration process in order to achieve finer registrations. For
instance, in the work of Allen et al. [60], a high resolution template mesh is opti-
mally fitted to detailed human body range data with the given correspondences
of sparse 3D markers. It is obvious that an important disadvantage of landmark-
based registration is the decision on the landmarks to be used and also to be able
find them automatically, which is not a trivial problem. Hence, these methods
are usually employed when the task does not require fully automatic registration,
or when coarse registration-based on few detectable landmarks is acceptable.

3D Mesh-based. In 3D mesh-based methods correspondences are directly esti-
mated over the surfaces based on the 3D surface mesh similarities. Shelton [61]
has proposed a mesh-based method which is employed for morphable surface
model construction. Their method perform registration by minimizing three en-
ergy terms defined on the surfaces so that surfaces become similar, deformations
are smooth and resulting surfaces are not discontinuous. To obtain point-to-
point correspondences between acquired faces, Yin et al. [62] fit a template face
model. They search for similar and close vertices of the target mesh by energy
minimization procedure. This algorithm is able to track facial expressions in a
sequence of increasing valence values. A different approach using generalized mul-
tidimensional scaling algorithm is proposed by Bronstein et al. [63] for the dense
correspondence estimation problem. They state that if objects are approximately
isometric, one of them can be registered to another by finding corresponding sur-
face points that have similar geodesic distances. The algorithm picks a small
number of points from the reference, for instance 100 points to track 3D facial
expressions, and thus run efficiently. However, there are some disadvantages of
working on the 3D space. In general, they are computationally very intensive,

sensitive to mesh resolution, their multiresolution implementation is difficult, and
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they require proper initial alignment.

e 2D Mapping-based. Some authors have found that registration performed in 2D
resolves some of these handicaps of 3D processing. Blanz et al. [54] employed
optical flow over the cylindrical projection of texture and range images for cor-
respondence estimation of 3D neutral faces to construct morphable models of
faces. As another example to the use of 2D mapping, Wang et al. [64] applied
harmonic parameterization, which is a way of conformal mapping, to map 3D
scanned faces onto image planes. They apply this mapping since it is stable and
insensitive to resolution changes. Notice that their goal was not registration of
highly deformed surfaces but registration of a subject expressions at high video
rate by feature point tracking. Litke et al. [65] also worked in the parameter-
ized domain. However, their surface parameterization technique is realized by
non-linear optimization to minimize several types of mapping distortions. Their
registration algorithm is based on variational principles and aims to register faces
with different identity or expression. This algorithm minimizes image matching,
regularization and feature demarcation energies to estimate deformations in the
faces. As feature demarcations, they use eye and lip contours, and facial symme-
try lines like the line dividing a face into left and right parts. These demarcations
are created by manual segmentation to achieve accurate correspondence estima-
tions. A drawback of 2D mapping-based methods can be the information loss
due to the mapping. Depending on the surface and the mapping technique we
can loose some important surface data. Various 2D mapping techniques based on

surface parameterization with different characteristics are surveyed in [66, 67].

In our work, we use also 2D maps of 3D surfaces, due to the disadvantages of
working on 3D surfaces, i.e., computational requirements and dependence on mesh
topology and resolution. Once surface attributes are mapped onto 2D, we can em-
ploy any non-rigid registration technique on the resulting images. Non-rigid image
registration is a broad topic that can be addressed from different points of view, such
as similarity measure to match images, transformation model to change a reference
image to match the target, or as an optimization process to estimate the transforma-

tion parameters. Various techniques of nonlinear registration are surveyed in [68, 69].
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Our intent is to find a mapping between 2D surface images that establishes the image
correspondences without using any landmarks, thus our work has similarities with the
work of Blanz et al. [54]. However, in our case, we obtain the mapping according to
the image constraint, not according to the optical flow constraint. For a pair of 2D

images, [4 and Ig, the image constraint can be written as

Is(u,v) = Ig(u+ du,v + dv), (2.1)

where spatial coordinates (u,v) in I4 are displaced by (du,dv) in Ig. However, as
in surface registration, this is an inverse problem which is ill-posed due to several
reasons. First of all, we seek a 2D vector for each coordinate, hence when working with
scalar images it is an underdetermined problem. This is aggravated by the absence of
image structures. Imagine an image of a gray square in a white background which is
translated in another image. Though the actual transformation is the translation, we
can also obtain the same image by rotations of 90° and translation, and in areas of
constant intensity values numerous mappings are possible. In such case small noises
can have disproportionate effect. For instance, two dots in some constant intensity
region of images, but appear in different places in both images can cause wrongly a
large estimated motion field. For these reasons, regularization is inevitably used in
registration, and with more structure we have more chance of correct estimation of
correspondences. By regularization we usually impose the resulting mapping functions
are smooth, invertible and differentiable, i.e., diffeomorphisms, so that every point in
one image has a corresponding point in the other and we are able to apply inverse of

the mapping.

A plethora of registration algorithms, mostly for medical images, has been pro-
posed [68, 69]. These algorithms are designed to handle specific issues and aim at
very accurate registration without run time concerns, thus their computational burden
becomes usually quite high for multimedia applications. Image registration is also a
fundamental topic in video coding and many computer vision tasks. In many video
applications, like coding, the accuracy is not as critical as in medical image registra-

tion. Moreover, in video at high frame rate, estimation of small displacements between
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two consecutive video frames is sufficient. Therefore, more time efficient optical flow
algorithms can be afforded in these applications. The optical flow constraint, which is
the first order Taylor series approximation to the image constraint (Equation (2.1)),
is used in these applications. This approximation does not allow large displacements,

i.e., above one pixel, due to the omission of higher order terms.
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3. EXPERIMENTATION MATERIAL AND
METHODOLOGY

In this chapter we describe our experimentation material and evaluation method-
ology. To explore the use of 3D modality for the AU detection problem we prepared
our own 3D database, since existing 3D expression databases [70, 71] are only limited
to the six emotional expressions and FACS annotations do not exist. In the following
section we introduce our Bosphorus 3D face database in detail and explain the two
datasets from our database that we use in the experiments. In Section 3.2 we give
some details on the Cohn-Kanade DFAT database that we also employed in our study.

Finally, we describe our evaluation methodology in Section 3.3.

3.1. Bosphorus Database

Bosphorus database ! is an extensive database of 3D faces which is designed to
be used for 3D facial expressions and 3D face recognition under adversarial conditions.

Some sample 3D faces are shown in Figure 3.1. This database is unique in three aspects:

(i) The facial expressions are composed of posed expressions including AU poses
as well as the six basic emotions, and many actors/actresses are incorporated to
obtain more realistic expression data. Certified FACS annotations, with complete
intensity codes, are available for all the expressions.

(ii) A rich set of systematic head pose variations are available.

(iii) Different types of face occlusions are included.

3.1.1. Data Acquisition

3D faces and the companion 2D face images with a normal light camera were
acquired with a structured light system [72] under good illumination conditions and

without any background clutter. The acquisition setup is shown in Figure 3.2. The

!This database is available at http://bosphorus.ee.boun.edu.tr/
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Figure 3.1. Sample 3D faces from Bosphorus database. The samples are shown with

and without texture mapping by artificial lighting.

sensor resolution in x, y & z (depth) dimensions are 0.3mm, 0.3mm and 0.4mm respec-
tively, and colour texture images are high resolution (1600x1200 pixels). The number
of points on 3D faces varies roughly between 30K and 50K depending on the size of
the face and due to the 1/6 down-sampling of the depth maps. The decimation is

automatically made by the acquisition system on each dimension.

This database also includes 2D and 3D coordinates of 24 facial landmarks that
are shown in Figure 3.3. Facial points were manually marked on 2D color images,
provided that they are visible in the given scan. 3D coordinates were then calculated

using the 3D-2D correspondences.
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Figure

3.2. Acquisition setup composed of a 3D digitizer, a mirror, an LCD display, a

1000W halogen lamp, a seat (1.5m away from the digitizer), and yellow straps to

indicate rotation angles (on the floor, just below the seat).
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3.1.2.

3.3. 24 labeled facial landmarks that are available in the Bosphorus database.

Content

Our database contains 105 subjects enacting a large repertoire of expressions,

and displaying systematic head poses (13 fixed rotations including yaw, pitch and cross
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rotations) and occlusions (beard, moustache, glasses, hand, hair, etc.), and the number
of total face scans is 4666. The facial expressions were instructed by the experimenter
and the ground-truth FACS annotations were obtained by one certified FACS coder.

Some of the characteristics of the database are as follows:

e The majority of the subjects are aged between 25 and 35, mostly Caucasian.

e The cohort consists of 60 men and 45 women in total.

e 29 professional actors and actresses are employed for acting the expressions while
the rest were recruited from students and staff.

e 35 men had beard/moustache (intense: 19, moderate: 16)

e 71 subjects were recorded with 54 different face scans (neutral, AU, universal
emotion, systematic head poses and occlusions) while a minority of 34 subjects

had 31 scans having fewer number of expressions.

3.1.3. AU Detection Datasets

We employ two different FACS dataset from the Bosphorus database for the
experiments. As shown in Table 3.1 Bosphorus-DS1 AU set is a subset of Bosphorus-
DS2 AU set.

e Bosphorus-DS1. This dataset is composed of 22 AUs and 1771 samples. In this
dataset, each sample is coded with only one high intensity AU label, codes of
co-occurring other AUs do not exist. However, the codes of DS1 dataset are
based on instructed AUs, i.e., they are not certified annotations. Also, the AUs
are instructed so that non-additive combinations with other AUs are not allowed,
that is, every samples of an AU have the same deformation type. Thus DS1
becomes an easier dataset from AU recognition point of view since it only involves
detection of monotype AUs. This dataset is used only in Chapter 6 to evaluate
registration-based techniques using expression specific references.

e Bosphorus-DS2. This dataset is composed of 25 AUs and 2902 samples. This
dataset has the ground-truth annotations of a certified FACS coder. The 25

AUs have been selected since other AUs do not have sufficient samples. Inclu-
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Figure 3.4. Head roll, yaw and pitch histograms in the Bosphorus-DS2 dataset.

sion of different types of variability, like various AU combinations, lower inten-
sities, asymmetries, makes this dataset more challenging than DS1. The AUs
of this dataset split as seven lower AUs and 18 upper facial AUs. This dataset
is employed both in Chapter 4 and Chapter 6. In Figure 3.4 we also show the
pitch, yaw and roll statistics of DS2 dataset estimated using 22 landmark points.
Notice that, even with intended frontal acquisition, there exists non-negligible

out-of-plane rotations especially in vertical direction.

3.2. The Cohn-Kanade DFAT Database

The Cohn-Kanade DFAT-504 [73] database is the best known AU coded facial
expression database, and this was employed to compare 2D performances. The Cohn-
Kanade DFAT-504 database contains digitized video clips of several (up to 23 per
subject) instructed facial expressions captured from 97 university students. Each clip
starts with a neutral face and ends with the apex frame of an expression. An example
apex frame is shown in Figure 3.5. In contrast to Bosphorus database, this database
does not contain facial hair, except a slight moustache for one of the subjects. Another

important difference is that, intensity codes are available only for some of the samples



Table 3.1. Facial action units found in Bosphorus and Cohn Kanade datasets.

AU Name Bosphorus- | Bosphorus- | Cohn-
DS1 DS2 Kanade
0 | Neutral 105 103 486
1 Inner Brow Raise 46 232 143
5 | 2 | Outer Brow Raise 105 163 96
; 4 | Brow Lowerer 105 180 155
= 5 | Upper Lid Raise - 154 78
% 6 | Cheek Raise - 102 111
= | 7 | Lids Tight 71 504 108
43 | Eye Closure 105 139 -
9 | Nose Wrinkle 99 112 50
10 | Upper Lip Raiser 70 96 12
11 | Nasolabial Furrow Deepener - 19 33
12 | Lip Corner Puller 105 316 113
14 | Dimpler 69 76 -
15 | Lip Corner Depressor 54 68 74
» | 16 | Lower Lip Depress 70 146 20
Eﬂ) 17 | Chin Raiser 71 134 157
L% 18 | Lip Pucker 71 193 -
5120 Lip Stretch 63 56 69
E 22 | Lip Funneler 70 52 -
23 | Lip Tightener 71 63 43
24 | Lip Presser 70 155 43
25 | Lips Part 70 740 294
26 | Jaw Drop 71 220 38
27 | Mouth Stretch 105 182 76
28 | Lip Suck 105 43 -
34 | Puff 105 74 -
Total AU Samples/AUs 1771/22 4219/25 1713/19
Total Face Samples 1876 2902 972
Total Subjects 105 105 97

31
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and AUs whereas we have complete intensity codes in the Bosphorus database.

We have used 972 neutral and apex expression frames extracted from the videos
as test material for 19 AUs that had sufficient number of samples for experimentation.
Note that the Cohn-Kanade AU set is a subset of the Bosphorus AU set in that every

AU in the former set has a corresponding AU in the latter as shown in Table 3.1.

Figure 3.5. A sample face from Cohn-Kanade DFAT database.

3.3. Evaluation Methodology

3.3.1. Subject Independent Cross Validation

In our experimentations each AU is treated separately; as an example, we develop
25 detectors for Bosphorus-DS2 dataset, one for each AU. Any face image involving the
target AU, alone or in combination with other co-existing AUs, is treated as a positive
sample of that AU class, while all other images that do not involve the target AU
are considered as negative samples. All the experiments are performed using 10-fold
subject cross-validation, i.e., in each fold training subjects are never used in testing.
However, the dataset partitioning problem is not straightforward since AUs are not
distributed evenly among the subjects. We solve this problem by creating different
subject partitions for each AU so that each fold becomes balanced with respect to its
positive samples. We prefer balancing with respect to the positive samples because

their count is much less than the negatives. The algorithm, which groups N subjects
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into K folds of the cross validation, is given in Figure 3.6. After the subject folds are
obtained, cross validation sample folds are created by placing the positive and negative
samples of the subjects into the sample folds. The algorithm performs exhaustive search
to obtain the most balanced partitioning by means of random histogram equalizations.
Here, each input histogram bin corresponds to a subject storing the number of the
positive samples, and each output histogram bin corresponds to the cross validation

fold bin storing the positive sample count of one or more subjects.

ALGORITHM: Find the most balanced K subject sets of N subjects (K < N)

according to the number of positive samples

e Create positive sample histogram of the subjects excluding the subjects
without any positive samples
For each iteration
e Shuffle subject bins
e Create K bin histogram from N subject bins by histogram equalization
e Evaluate variance of the bin sizes
e Keep the current K bin histogram if its variance is smaller

e Add the unused subjects that have no positive samples to the bins

e Put positive and negative samples of each subject into respective sample bins

Figure 3.6. Sample set partitioning algorithm for subject independent cross validation

3.3.2. Intensity Separation

Every AU in the Bosphorus dataset has been annotated with its intensity level.
This enables us to examine the detection performance as a function of the intensity.
The five intensity levels in FACS range from slightest level A to strongest level E. In
our experiments we had to exclude the AU samples with intensity level A, since even
the expert annotators are not very sure of their scores at this level. The low intensity
B level AUs are tested separately from the group of C, D, E levels to see the effect of
weak intensity. Thus, we developed the AU detectors by training them with C, D, and
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E intensity level AUs and testing them first with AUs having C, D or E intensity levels
(strong set), and then with AUs at the B intensity level alone (weak set).

3.3.3. Performance Measurement

To compare the performance of different methods and compare the pros and
cons of the 3D and 2D modalities, we express the detector performance in terms of
Receiver Operating Characteristic (ROC) curves. ROC curves show hit rate (ratio of
true positives to all positives) versus false alarm rate (ratio of false positives to all
negatives) for varying thresholds. To have a single figure of merit that summarizes
an ROC curve, Area under the Curve (AuC) measure is used; recall that AuC is
equivalent to the theoretical maximum achievable correct rate in a binary classification
problem. In this way, we avoid measures like correct recognition, hit and false alarm
rates which can sometimes be quite misleading since they depend on the operation
threshold. Disproportionate positive and negative populations, which is typical in AU
detection experiments because of the very high number of negatives, is another cause
of misinformation in case the evaluation is based on correct recognition rate alone.
ROC analysis is performed over the combined cross validation sets, and thus one AuC
measure is obtained for each AU. The overall performance score is found by weighted
averaging of individual AU performances (AuC) where the weights correspond to the

number of positive samples in each AU set.

To measure the performance of the intensity estimators we evaluate correlation
coefficient between AU intensity estimates and the discrete ground-truth AU intensity
levels. Again, the overall intensity estimation performances are calculated by weighted

average according to the number of positive AU samples.
3.3.4. Statistical Significance
To show the significance of the findings, we estimate 95% confidence intervals

(2 x standard error) over the AuC values of the test sets for each AU. We also perform

paired t-test under 5% significance level in order to test whether the average AuC for
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individual AUs is significantly changing with modality. The significance of the overall
results is estimated by weighted sum of the distributions that are described by sample
AuC means and standard errors, where weights are the number of positive samples
in each AU set. By this way we obtain the 95% confidence intervals of the overall

performance scores.
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4. ACTION UNIT DETECTION ON 2D MAPS OF 3D
FACIAL SURFACES

Previous work on 3D expression recognition process data in 3D space [44, 45,
46, 42, 47]. Although some of the authors have applied 2D techniques, either ASMs
[49] or AAMs [48], their purpose was to track facial points on 2D luminance images in
order to find 3D landmark coordinates. In other words, they are not pure 3D methods
and do not exploit the whole facial surface information. We carry out the detection of
AUs observed in 3D faces on 2D maps of these surfaces. There are three main reasons
of implementing the expression recognition in 2D: First, 2D mapping enables time
efficient expression recognition. Second, after resampling on image grid, analysis is not
affected by differences in surface mesh resolution and topology. Third, once we map
the surface geometry onto a 2D image we can utilize proven processing methods for 2D
images. More importantly, this gives us the opportunity to compare the performance
of 2D and 3D modalities under the same set of algorithms, so that their only difference
is the way the data is captured, that is, whether with a light camera or with a depth

camera.

The majority of 2D and all the 3D methods in the literature for expression recog-
nition are based on model-driven techniques (landmark detection, AAMs, etc.). Prior
information in these methods in the form of face models is advantageous since it sim-
plifies the learning and analysis processes, they can help to better cope with adverse
conditions such as pose variations, and require in general smaller amount of data for

learning.

In contrast, we follow a data-driven approach instead of model-driven methods
due to several reasons. Our first motivation is to focus on comparison of the two data
modalities, and we do not want any bias coming from model design to influence these
assessments. Assumptions made for modeling can unwittingly favor one of the modal-

ities. Second, via a data-driven analysis we bypass the intermediate step of model
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fitting, which usually involves detection and tracking of a high number of landmarks.
These intermediate steps have to deal with robustness issues. Third, model construc-
tion is a tedious process, for instance statistical models require manual landmarking
of a dataset, or parametric models require quite an amount of time and expertise for
preparation. Also, some of the most popular model-based AU detection techniques
like AAMs are influenced by the subjects’ facial texture, and do not permit person-

independent systems.

4.1. Overview

The flowcharts of our 2D AU and 3D AU detectors are depicted in Figure 4.1. We
basically adapt the state-of-the-art technique of Bartlett et al. [25] who apply AdaBoost
and Gabor analysis over 2D luminance images. However, as shown in Figure 4.1, we
additionally compare various feature extraction and classification algorithms. The 2D
AU detection method is straightforward, and involves the registration step followed
by the feature extraction and classification stages (Figure 4.1(a)). In the case of 3D
AU detection (Figure 4.1(b)), first, a 3D surface is reconstructed by fitting piecewise
planar surfaces to the depth image. Also, texture mapping onto reconstructed surface
is performed from the luminance data, if available. The reconstructed 3D surface is
registered for pose normalization, whether manually based on landmarks or automat-
ically using a rigid registration algorithm. Surface reconstruction, smoothing and 2D
and 3D face registration techniques are explained in Section 4.2. The next step is 2D
mapping onto the image plane which is described in Section 4.3. The surface geometry
and the available surface luminance data are resampled on the image grid according to
this mapping. Several representations of surface geometry are discussed in Section 4.4.
Having converted the 3D face to a 2D image, we apply several feature extraction and
classification techniques as detailed in Section 4.5 and Section 4.6 respectively. The
multitude of methods permits us to achieve a more thorough comparison of the 3D
and 2D data modalities. At the classification stage, there is the opportunity to fuse
the information coming from luminance and that coming from geometry. Section 4.7
explains the fusion of the two modalities. Notice that, by canceling the luminance

channel we are able to compare pure 3D versus pure 2D luminance, and on the other
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Figure 4.1. Flowcharts of (a) 2D and (a) 3D AU detectors where alternative

techniques at each stage are indicated.

hand by canceling the geometry channel we are able to compare 2D luminance data

versus 3D pose normalized luminance data, as will be made more clear in Section 4.7.

In addition to AU detectors, we have developed person-independent AU inten-
sity estimators. The same feature extraction techniques are employed to predict the
intensities, however, estimation is based on regression. We consider regression on SVM

margins and on image features as described in Section 4.8.
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Section 4.9 is devoted to experiments. The primary goal of these experiments is
to investigate expression recognition capability enabled by 3D versus that of 2D data
modality. Since our approach is based on 2D maps of 3D surfaces, we first find the
best 2D representation among several alternatives, and then proceed to assess various
feature extraction and classification algorithms. We also investigate the following five
aspects of the problem: i) Fusion of 3D and 2D modalities to make use of any avail-
able complementary information for improved performance. ii) Whether moderately
non-frontal 2D luminance images can benefit by the pose normalization information
provided by the companion 3D facial surfaces. iii) Manual versus automatic pose align-
ment. iv) Assessment of the detection performance of Action Units at low intensities.

v) Assessment of the AU intensity estimation performances.

4.2. Preprocessing

We need to execute certain pre-processing steps to condition the acquired range
data of faces. The first step is surface reconstruction by fitting piecewise planar surfaces
that results in a triangular wireframe structure. Also, from the luminance data, texture
mapping onto reconstructed surface is performed. Since 3D acquisitions are typically
noisy, several noise filtering steps are applied to remove the spikes, smooth the data
and fill in the holes. Figure 4.2(a) shows pre-processing results of an input face that

bears many lower and upper facial AUs.

The final preprocessing is done to register faces. The common approach in 2D
facial image registration is to first find eye centers, then align the face accordingly using
2D rotation, translation and scaling. Though a 3D version of eye detection is possible,
3D data offer a more convenient way for registration without using any landmarks. We
align faces by the Iterative Closest Point (ICP) [74] algorithm with respect to a reference
3D face model, which is a chosen neutral face in our experiments. The ICP algorithm
that we employ matches the surface normals to find correspondences. However, when
it comes to compare the methods, in order to preclude any misalignment effects due
to automatic registration, 2D luminance images have been normalized using manually

determined eye centers and 3D data are normalized with 3D landmarks. In all our
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Figure 4.2. Images of various representations of a sample FACS coded face expressing
disgust emotion. (a) 2D color image, raw 3D data and pre-processed 3D surface. (b)

Different types of surface images that can be generated for AU detection.

experiments, 2D registered faces (both for 2D and 3D modalities) are all resampled at

96 x 96 pixel resolution.

4.3. 2D Mapping of 3D Facial Surfaces

Given a 3D surface, various 2D images can be created according to both the
mapping function and representation of the 3D geometry. Some of the 2D surface
representations are illustrated in Figure 4.2(b) and further explained in the sequel.
We apply two different techniques, which are based on projection and surface param-
eterization, to map 3D surfaces onto 2D planes. The mapping also involves separate

scaling of horizontal and vertical dimensions to best fit to the square image analysis



41

domain. Scaling coefficients are determined by the following procedure. First, a mean
bounding box is estimated from the 2D-mapped face meshes, which is then enlarged
by one standard deviation from each side. The scaling and translation which maps
this final box to 96 x 96 image grid are calculated, and finally applied to all 3D-to-2D

mapped faces.

4.3.1. 3D-2D Mapping by Projection

The simplest means of 3D-2D mapping is projection, and orthogonal projection
is a convenient way to analyze frontal faces. With multiple view systems, it may also
be beneficial to employ environmental mapping techniques, like cylindrical or spherical
projection. In our case we use orthogonal projection since our 3D digitizer is a single
camera system and our purpose is to make comparison with conventional 2D single

camera images.

4.3.2. 3D-2D Mapping by Surface Parameterization

A drawback of the projection methods is that the resulting maps may not be
bijective due to the occurrence of many-to-one mapping instances. This happens in
regions where projection direction and surface normals are almost perpendicular to
each other, and as a consequence surfaces cannot be represented adequately. For
frontal orthogonal projection, lossy mapping occur on the nose wings and on parts

of the cheeks receding to the background.

We can utilize mesh parameterization techniques to ensure bijective mapping.
Several mesh parameterization techniques have been developed in computer graph-
ics for texture and detail maps of plausible virtual models [66], for face recognition
[75] and for tracking of facial surfaces [64]. We have considered an angle-preserving
parameterization method, known as Least Squares Conformal Mapping (LSCM) [76].
Angle-preserving property of a mapping yields consistent shapes in 2D images, i.e.,
topology of the facial features do not differ from one mapping to another, and it is

achieved by constraining surface boundaries to fixed coordinates on the plane. The
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LSCM method is solved linearly, hence it is a much faster technique than many other
parameterizations that require nonlinear optimization. However, the limitations of the
LSCM method is that the surfaces must possess disk topology (0-genus mesh with
borders). Since this topology constraint can be violated by acquisition noise, i.e. holes
can occur, or small nose holes and mouth cavity, we fill in the holes by surface inter-
polation in the preprocessing stage. In Figure 4.2(b), the orthogonally mapped and
conformally (LSCM) mapped mean curvature images are displayed for comparison. In
these figures we observe the two most prominent effects of LSCM on the facial surfaces:
first, nose wings are better represented and the upper part of nose cone is narrowed to
generate this extra surface area; second, the face center is narrowed to allow room for
cheek regions. When the entire face surface is represented by conformal mapping on
the same 2D domain, some regions need to contract to make room for others, and this

is the main trade-off between orthogonal projection and conformal mapping.

4.4. Representations of Surface Geometry

Using any one of the 2D mapping technique the 3D face surface data (geometric
or texture) are re-sampled on a regular image grid. This is achieved very rapidly, even
for high resolution meshes, by utilizing graphics hardware. As seen in Figure 4.2(b),
the final step is the extrapolation of the mapped values outside the 2D domain of the
surface. This is needed to smooth the abrupt passage from the delineated region of
support of the 3D face and its background. A satisfactory extrapolation is obtained by
an efficient image in-painting algorithm [77]. We consider four types of geometry data
since representations of surface information other than 3D coordinates can be more
suitable for analysis of deformations. Figure 4.2(b) displays these data types in the

form of the 2D mapped images of a face surface.

(i) Depth. Using orthogonal mapping, we can analyze depth values which are read
off directly from 3D surface coordinates.

(ii) Mean Curvature (H). Mean curvature at a surface point is the mean of the prin-
cipal curvatures, i.e., the maximal k; and minimal ko curvatures, and it is an

extrinsic measure of curvature. Principal curvatures are extracted by the local
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analysis of the differential structure of the surface.

(iii) Gaussian Curvature (K). Gaussian curvature is the product of the principal cur-
vatures, and it is an intrinsic measure of curvature.

(iv) Shape Index (S). Shape index has been developed [78] to measure the local shape
by a single number in a continuous range, but at the expense of curvedness
information. In contrast to mean and Gaussian curvature at a point, shape index
directly represents the local shape.

These curvature representations are calculated from the maximal k; and minimal

ko principal curvatures as follows:

H:lﬁ-l-k‘z
2
K =k X ks (41)
1 ki + ko
=~ — —arct
S 5 7Teurc ankl_k2

4.4.1. Discussion on Curvature Representation

Actually we can categorize surface features according to the differentiability con-
ditions of the surfaces. According to this categorization curvatures are second-order
features since they require second-order differentiability. Then depth is a zero-order
feature since differentiability is not a required condition. As a first-order feature we
can mention surface normal directions. Higher order differentiability conditions can be
seen as a disadvantage since we need to fulfill these conditions. In practice curvature
estimations are considerably disturbed by the acquisition noise which is unavoidable
by many current 3D sensing systems. Moreover, facial surfaces are not differentiable
everywhere and existence of facial hair makes the situation worse. Nevertheless, as a

remedy to these problems surface smoothing is performed in a pre-processing stage.

However, for expression analysis, there are several inherent advantages of cur-
vature representations over other surface features. First of all, principle curvatures
measure the amount of local surface bending in different directions. In this respect,

they are good candidates of surface features for the analysis of facial deformations.
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Besides, since principle curvatures are invariant to translation and rotation, they are

not affected by the head pose variations.

An alternative feature would be the use of surface normal directions since they
are translation invariant. However, they are dependent on rotations, which means that
they are still susceptible to pose variations. Moreover, 3D normal vectors make the
analysis problem more complicated due to the three times higher dimensional data.
As an advantage of normals compared to curvatures we can mention the loss of 3D
spatial deformation direction when using curvatures; principle curvatures only keep

concave-convex direction.

In conclusion we can say that curvature representation is advantageous since it
provides surface deformation information in a compact form without being disturbed
by the translation and rotation related variations. However, the price is the need
for careful preprocessing for conditioning the data and loss of 3D spatial direction of

deformations.

4.4.2. Facial Variations Portrayed on Curvature Fields

We can group variations on the faces into two groups, namely as expression and
non-expression related variations. Expressions give rise to facial motion, in terms of
both deformations and head pose changes. In this context, we can generalize the
expression category to include facial changes due to speech articulations, i.e.; facial
motions called visemes, in order to group temporal surface deformations due to facial
muscle activations into one category. Variations not related to any expression can

handicap or confound an expression analysis task.

Unlike the luminance data, many characteristics of surface deformations can
clearly appear on the mean curvature field without the confounding effects of non-
uniform lighting or facial albedo variations provided facial hair is moderate. Variations
due to identity and expressions coexist within curvature data. For instance, curvedness

of the facial parts, e.g., especially in nose, lips or eye holes varies among the people; sim-
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ilarly, expression related transient deformations, such as bulges, furrows and curvedness
of lips are well represented. In Figure 4.3 we see such transient features much clearly
in the curvature data. Color, 3D surface and surface mean curvature images of various

types of expression related deformations are also shown in Figure 4.9.

(d)

Figure 4.3. Different transient features are shown on the color and curvature field

images. Faces of (a) neutral, (b) nasolabial deepening and accompanied bulge on the

cheeks, (c¢) furrows around the mouth, (d) furrows and open-mouth are shown.

The major non-expression related variations originate from differences due to
subject identity. While working with 3D surface measurements, factors like pose, illu-
mination, shading and facial hair are minor problems in contrast to luminance images.
A case in point is thick beards and moustaches: though many facial hair variations
would have insignificant effect on the curvature maps since that amount of detail would
be smoothed out and remain only in the surface texture data. Strong facial hair may
cause confounding effects for some expression related variations, especially for the sub-
tler ones. Figure 4.4 shows the effect of different levels of facial hair on the curvature
fields. We see that if the thickness is not much, the curvature field is not affected
significantly. Influence of thick moustache on the curvature values is clearly seen on

the bottom-right face.
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Figure 4.4. Different levels of facial hair. If the thickness is not much, curvature fields
are not affected significantly. Influence of thick moustache on the curvature values is

clearly seen on the bottom-right face.

4.5. Image Features

We can classify feature extraction techniques as model-driven and data-driven
techniques. Notice that in this feature extraction context, model-driven does not mean
use of face models, but it implies a predetermined form of feature measurement rather
than applying a training procedure to extract features. In other words, we exclu-
sively perform data-driven expression analysis with both data-driven and model-driven
feature extraction. In our study we employed one model-driven feature extraction
technique, namely, Gabor Wavelets, and two data-driven feature extraction methods,
namely, Independent Component Analysis (ICA) and Non-Negative Matrix Factoriza-
tion with Sparseness Constraints (NMFSC). All three methods perform local analysis,
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which is necessary since AUs happen locally. Our choice for Gabor Wavelets stems
from a recent study [40] on smile detection where it was shown that Gabor Wavelets
were one of the best among other model-driven features such as box filters, edge ori-
entation histograms, and local binary patterns. Among data-driven techniques, i.e.,
methods that construct subspaces from data and select features, ICA has been used for
classifying facial actions [22]. In addition, we employ a more recent method, NMFSC,
for our experimentation. We believe that data-driven feature extraction methods can
play an important role when comparing data modalities as they may reveal better their
intrinsic nature. Finally, we also evaluate use of difference images by subtracting the
neutral image of a subject in order to reduce ambiguities due to subject identity. The

details of these three feature types are as follows:

o Gabor Wavelets. Gabor wavelets have a proven history of success in facial analysis

tasks [79]. Since the effective support of a Gabor basis is limited and inversely
proportional to its frequency, the resulting analysis remains local.
In our implementation of Gabor analysis we have used eight directions and nine
scales so that their Gabor wavelengths vary in the range of 2 to 32 pixels in half
octave intervals, as in [25]. Although the resulting feature vector has 9 x 8 x 96 x
96 = 663, 552 components, not all of them are informative and in fact only a very
small portion is selected as described in Section 4.6. This method together with
AdaBoost feature selection has been first applied by Bartlett et al. [25] and is the
state of the art for 2D AU detection.

e Independent Component Analysis (ICA). can be realized in two different archi-
tectures, called ICA1 and ICA2 [80]. While subspaces constructed by ICA2 are
convenient for holistic analysis, since it finds global basis images, ICA1 archi-
tecture generates basis images that are local and sparse. Therefore, ICA1 is
employed for local AU detection. ICA has the following model: X = AS. In
ICA1 setting the image dataset is organized as a matrix X, where each row is
a sample image of a face, e.g., illuminance or surface geometry image. A is the
mixing matrix and S is the matrix, whose rows represent the independent source
images. Thus, ICA1 models images as a linear mixture of independent source

images, and rows of A, i.e., mixing coefficients are used as our features.
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In Donato et al. [22] ICA has achieved the same AU recognition performance
as the Gabor analysis. These authors estimated 200 independent components
separately on six lower and six upper facial AU image. Also, they used only
difference images obtained by subtracting the neutral images of the subject. In
our work, we have tested both actual images and difference images. The ICA
algorithm we apply maximizes the mutual information as in [22] which results in
200 independent components.

Non-negative Matriz Factorization with Sparseness Constraints (NMFSC). Non-
negative Matrix Factorization (NMF) is a matrix factorization technique capable
of learning parts of images which can be combined additively to reconstruct the
image. Consider the image dataset organized as a matrix V, where each column
is a sample image of a face, e.g., illuminance or surface geometry image. The
matrix V is factorized into two non-negative factors W and H so that V.~ WH.
The first factor W contains the basis images and the components of H correspond
to combining coefficients. Nevertheless, it does not guarantee extraction of local
features since sparseness is actually not the goal of NMF solution. We have indeed
observed some non-local basis images resulting from our dataset and the resulting
classification performance was considerably low. The local NMF method has al-
ready been proposed in [81] and applied to emotional expression recognition [82].
However, we experienced convergence problems in our experiments, both for 2D
and 3D data sets, i.e., most of the time we obtained quite noisy basis vectors.
A more recent extension of NMF, called Non-negative Matrix Factorization with
Sparseness Constraints (NMFSC), imposes sparseness constraints on the W and
H matrices [83]. A very nice property of this method is that it allows explicit con-
trol of the sparseness level in the range [0, 1]; moreover, resulting representations

are observed not to be very sensitive to the chosen sparseness level.

\/ﬁ—l . .

sparseness(x) =

By setting the sparseness level of the basis matrix W to 0.8 and that of the
combiner matrix H to 0, we were able to obtain good local bases, and the detection

performance was much higher as compared to NMF. Similar to ICA, we estimated
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200 NMFSC components and tested them on both static and difference images.

4.6. Classification Methods

To classify and detect AUs we have used AdaBoost, SVMs (Support Vector Ma-
chines) and Normal Bayes classifiers. AdaBoost and SVMs are two of the strongest
and common discriminative classification algorithms applied on various computer vi-
sion problems. In particular, AdaBoost and linear-SVM have been successfully used
to discriminate AUs from luminance images [25]. In addition to linear-SVM, we also
tested RBF-SVM. Moreover, to find out the potential of generative classifiers in AU
detection, we have applied several Normal Bayes classifiers. Notice that for each AU

we train a separate classifier. The details are as follows:

e AdaBoost. AdaBoost is a powerful machine learning algorithm to construct a
strong classifier by adaptively combining many weak classifiers, each one being
weighted according to its performance over the training set. In an alternative
scheme, AdaBoost is used as an effective feature selector to find out the most
discriminative and parsimonious feature set for the classification task, and then
a separate classifier like SVM can be trained on these features. In this work, we
resort to the nearest mean classifier in the role of a weak classifier. For Gabor
analysis 200 features are selected, a separate set for each AU. Thus, out of 663,552
Gabor magnitudes, AdaBoost selects 200 features.

e Support Vector Machines. In our work we evaluate the performance of SVM with
both linear and RBF kernels. We have observed that the performance of SVM
was very sensitive to its chosen parameters, i.e., capacity and RBF kernel spread.
Therefore, we searched for the optimal hyper-parameters over the training set of
each AU by 10 fold cross-validation. The training procedure where also the op-
timal SVM hyper-parameters are learnt is as follows: Given an adequately wide
search space for the hyper-parameters, first for each training set of each AU, a
10 fold cross-validation, where folds are balanced according to the positive sam-
ples, is performed over a training set, and thus the optimal hyper-parameters are

obtained. Then, SVM is run on the entire training set using the best parameters
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among the 10 cross-validation folds. These two steps are repeated for each AU.
Though this makes training time quite lengthy when a large search space size is
involved, we believe it was necessary for a thorough assessment of SVMs since the
use of fixed parameters, as often done in the literature, has the risk of yielding
suboptimal detectors.

e Normal Bayes Classifiers. Although discriminative classifiers like AdaBoost,
SVMs or neural networks are proven methods in facial expression analysis, their
generalization capability may be poor when the number of training samples is
limited and consequently not all possible variations are adequately represented.
Also, inaccuracies of the ground-truth labeling (label noise) may have more se-
vere impact in discriminative models. Both of these issues are of real concern
in actual AU detection since not all AUs are richly represented in the databases
under study, and FACS ground-truths are subject to human annotation incon-
sistencies. Therefore, we have included a generative classifier. Actually, since we
carry out the classification on the most discriminative features already selected
by AdaBoost, both discriminative and generative characteristics can be said to
be employed jointly. Four types of Bayes classifiers are tested for this purpose,
where features are assumed to be Gaussian:

(i) Quadratic Normal Classifier. Diagonal covariance matrices are estimated
for positive and negative samples separately.
(il) Simplest Quadratic Classifier. A single global variance is estimated for all
features and for each of the two class.
(i) Naive Bayes. Linear Normal classifier with diagonal covariance where a
single diagonal covariance matrix for the two classes is estimated.

(iv) Nearest Mean. Simplest linear classifier.

4.7. Fusion of 3D and 2D Modalities

We address fusion of the 3D geometry and 2D luminance modalities from two dif-
ferent points of view. The first question is whether or not the two modalities contain
complementary information useful for AU detection. We expect complementary infor-

mation because factors like skin pigmentation and facial hair change the facial albedo,
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factors that cannot be captured in 3D modality. Most of the albedo variations occur
on lips, eyes and eyebrows, facial features that have high importance in recognition of
expressions. Moreover, acquisition noise and the consequent smoothing operations on
3D may cause loss of some details like wrinkles. These concerns motivate us to inves-
tigate the fusion of the two modalities. For this purpose we apply AdaBoost feature

selection on the combined set of Gabor features of geometry and luminance data.

The second question we address is whether it is possible to make use of 3D
information to obtain better luminance data. Since one of the advantages of 3D is more
accurate pose normalization, we can adaptively resample luminance images in order
to get rid of small out-of-plane rotations that inevitably occur, even when acquisitions
were intended to be frontal. We therefore generate a sampling grid to frontalize the
luminance image of the face from the pose learned using the 3D facial surface meshes.
Here we profit from the correspondences of range and luminance data provided by the
software of the acquisition device. Hereafter we call these 3D-aided luminance images
as 3D luminance since its domain becomes 3D surface after the texture mapping stage
(Figure 4.1(b)). A sample 2D mapped image of 3D luminance is shown in Figure 4.2(b)

together with other geometry map images.

4.8. Action Unit Intensity Estimation

We formulate the estimation of intensity levels as a regression problem. The
dependent variable is the intensity in ordinal scale varying from one to five. The
explanatory variables are SVM scores or certain image features. Since the output of
the regressor is continuous, the outputs are quantized into five discrete intensity levels.

Note that our intensity estimators work completely in person-independent manner.
4.8.1. Regression on SVM Margins
It was shown in [25] that distances to SVM margins (separating hyperplanes)

are correlated with intensity levels of AUs. This indicates that AU detector decision

scores can also be used to estimate AU intensities. Figure 4.5 shows the scatter of SVM
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decision scores for 2D and 3D modalities as box-and-whisker plots. In these plots the
box incorporates lower to upper quartile of score values, while whiskers are bounded by
the extreme values within 1.5 times the interquartile range from the ends of the boxes.
In Figure 4.5, the number of samples are written next to the letter symbol of the
intensity level, e.g., B: 153 means that there are 153 instances of that AU at intensity
B. As expected higher AU intensities correspond to bigger SVM scores. These plots
show also that the upward trend varies from AU to AU, and more importantly, there
are substantial overlaps between some adjacent intensity grades. Note that the medians
of the distributions do differ significantly at the 5% significance level if their notches?
do not overlap. One explanation for these overlaps is that the SVM algorithm was
designed to detect an AU, but not necessarily to estimate its intensity. Furthermore,
whatever technique is employed substantial overlaps is perhaps unavoidable due to
the fact that a strict separation between intensities is difficult to achieve since FACS
does not define a quantitative measure between levels. Finally, in person-independent
intensity estimation, one is confronted with more of variability since different subjects
can enact AUs differently and facial surface and texture vary from subject to subject.

These factors make the estimation problem more challenging.

When we observe score distributions as a function of data modality (i.e., 2D vs.
3D), we can see some of the difficulties of the problem. For the scatter of AU 12 - Lip
Corner Puller (first row of Figure 4.5), the trends are quite similar for 2D and 3D. In
the case of AU 5 - Upper Lid Raise, the overlap of the scores of 3D are quite higher
than those of 2D, and surprisingly D-level scores do not follow the upward trend. On
the other hand, in AU 22 - Lip Funneler, the opposite happens. These shortcomings

will be partly compensated for when we resort to fusion of 2D and 3D in Section 4.9.9.

The AU intensity levels, f(r), are estimated using logistic regression on SVM

scores 1

1

) = T e

2Notches are the first quartile-to-median and median-to-third quartile ranges

(4.3)
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Figure 4.5. Distributions of decision scores (RBF-SVM margins) of three AUs for 2D
and 3D data modalities shown as box-and-whisker plots (central mark: median, box:

interquartile range, whiskers: extreme values, ‘4’: outlier).
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4.8.2. Regression on Image Features

Although the scores, i.e., the distance to the hyperplanes in SVMs designed for
AUs imply stronger evidence for these AUs, proportionality of SVM scores to intensities
is not guaranteed since the support vectors were chosen for the classification task but
not for intensity level estimation. We therefore consider an alternative regression in the

feature space of selected Gabor wavelet magnitudes of luminance or of mean curvature

field.

This regression problem is not straightforward since we have a high number of
explanatory variables (features), and the dependent variable (annotator’s scores) are
noisy, as there is considerable overlap between intensity grades as discussed in Sec-
tion 4.8.1. Hence, we apply SVM regression based on Vapnik’s e-insensitive loss func-
tion [84]. e-SVM regression is appropriate because, first, high dimensionality of the
input space is not an issue for SVMs, and second, the e-insensitive loss function is

robust and generates a smooth mapping.

Another consideration is the non-linearities between the scale of evidence and
intensity levels, as depicted in Figure 2.2. This relationships points out the possible
benefits of non-linear modeling. Notice that, there are also other sources of non-
linearities, such as combinations of AUs. SVMs are also great tools for effectively
learning various types of complex mappings by means of kernels. The SVM regression

function has the form:
Fx) =) aik(xi,x) + b (4.4)

where x is the feature vector, k(x;, x) the kernel function, f(x) is the predicted intensity
level and x; are the support vectors. Recall that x represents the vector of 200 Gabor

features that were also used for AU detection.

In our study we investigated both linear-SVM and SVM with nonlinear kernels of
the Gaussian RBF variety. Advantage of RBF is its ability in handling various types of
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non-linearities despite having single spread parameter. Depending on this parameter
and SVM capacity many non-linearities can be captured. Therefore, we optimize these
two hyper-parameters also together with insensitivity range ([-e,¢]) for each AU by

performing cross-validation over the training sets.

4.9. Experimental Results and Discussions

4.9.1. Best 2D Representation for 3D Data

We first explore the best 2D representation for 3D data. Table 4.1 lists the results,
that is, ROC analysis as described in Section 3.3.3, for various representations under
different classifiers. As described in previous sections, the surface geometry data is
acquired in 3D, and then mapped onto 2D either with orthogonal projection or via
conformal mapping technique. Finally, 200 Gabor magnitude features are extracted
via AdaBoost, separately for each AU. In the left section of this table we see the
performances of the geometry data types mapped by orthogonal projection. The first
relevant outcome of this experiment is the superiority of the curvature related geometry
information compared to depth information. Though the differences are small, the
mean curvature seems to be the best among the three curvature types, and this holds
consistently for all four classifiers. On the right section of the table, we compare the
LSCM mapping and orthogonal projection of the mean curvature values. As a second
fact, we can conclude that the performances of the mean curvature under orthogonal
mapping and conformal mapping are on a par. A third observation from Table 4.1,
where four classifiers under four 2D data types are compared, is that SVM with RBF
kernel and Naive Bayes obtain very similar scores, and they outperform AdaBoost and

Linear-SVM.
4.9.2. Best Image Features for 3D and 2D Modalities
Figure 4.6 shows the detection results obtained with RBF-SVM for three types of

features extracted from 2D images. The 3D data is represented by the mean curvature

field and 2D data by the luminance field (both sampled at 96 x 96 pixels), from which we
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Table 4.1. Comparisons of 2D representations for 3D data with average AuC values

and 95% confidence interval estimates. All of the classifiers use 200 Gabor magnitude

features that are selected by AdaBoost for each AU.

Orthogonal Projection LSCM
Classifier Depth Shape Index | Gaussian Curv. | Mean Curv. || Mean Curv.
AdaBoost 92.2 £ 0.4 93.7 £ 0.4 94.9 £ 0.4 94.8 £ 0.4 94.5 £ 0.4
Linear-SVM 924 + 0.5 94.5 + 0.4 93.8 + 0.5 95.0 £ 0.4 94.8 £ 0.4
RBF-SVM 93.2 £ 04 94.7 £ 0.4 95.0 £ 0.4 95.5 £ 0.4 95.4 £ 0.4
Naive Bayes || 93.1 £ 0.5 95.1 + 0.4 94.4 £ 0.5 95.3 £ 0.5 954 + 0.4

extract 200, respectively, ICA; NMFSC, and Gabor features. For any type of extracted
feature 3D modality is superior, and even the worst 3D result is higher than the best

2D result.

Among the feature types Gabor magnitude is the best, both for 2D and 3D, and
independent of classification method (among all the classifiers that we employed). This
is in contrast to the work of Donato et al. [22] who reported recognition rates that were
similar between Gabor and ICA. This may be due to the differences in the databases
since theirs is simpler than ours (20 vs. 105 subjects, 12 vs. 25 AUs) and they perform
separate analyses on isolated lower and upper AU image sets; in contrast ours contain
many AU combinations in addition to a higher number of AUs and also we do not
separate the analyses of lower and upper part AUs. We have not found a clear-cut

difference between the two sparse subspace methods, that is, ICA and NMFSC.

When we analyze the performance loss in 2D vis-a-vis 3D modality, the perfor-
mance gap is much wider (6% drop) for the subspace methods (ICA and NMFSC) as
compared to the Gabor method (2% drop) to the disadvantage of 2D modality (Fig-
ure 4.6). A possible explanation is that, since subspace bases are learned from data in
contrast to fixed Gabor wavelets, subspace techniques may be more susceptible to vari-
ations unrelated to expressions found in 2D luminance images. These variations can be
caused by differences in skin tone or facial hair, by shadows, or by out-of-plane rota-
tion, which apparently impact 3D less. Figure 4.6 also shows the performance attained

with difference images. Taking the difference of images with respect to their neutral
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provides small improvement in the curvature feature while it does not gain anything
in 2D. Finally, among all the classification methods, RBF-SVM is almost always the

best classifier.

100 2D 3D

Averaged AuCs
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Figure 4.6. Average AuC values and 95% confidence interval estimates of AU
detectors for 2D (luminance) and 3D data (mean curvature) under different feature

transforms (200 features and RBF-SVM classifiers). “Diff.”: neutral face substraction.

4.9.3. State-of-the-Art 2D AU Detection

The AU detection performances from 2D luminance images of the Bosphorus
and Cohn-Kanade databases are given in the first two rows of Table 4.2. These two
databases yield very similar detection performances: in fact, the score of the best
classifier, RBF-SVM, is 93.7% AuC on the Cohn-Kanade and 93.5% on the Bosphorus
database. The fact that the confidence intervals are slightly larger in the Cohn-Kanade

can be explained with the smaller number of samples (1713 vs. 4219) in that database.

In the bar chart in Figure 4.7, we show the detection performance of individual
AUs in these two databases. The scores of individual databases are superposed on each

bar. The number of total positive samples is inscribed in the AU bars, the bottom figure
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Table 4.2. Average AuC values and 95% confidence interval estimates of AU
detectors for 2D and 3D data. All of the classifiers use 200 Gabor features that are

selected by AdaBoost.

Data AdaBoost | Linear-SVM | RBF-SVM | Naive Bayes
Cohn-Kanade - Pose alignment by landmarks

2D Lum. 92.1 +£ 0.8 92.4 + 0.8 93.7 £ 0.7 93.5 £ 0.7
Bosphorus - Pose alignment by landmarks

2D Lum. 92.2 + 0.5 92.4 +£ 0.5 93.5 £ 0.5 91.3 £ 0.6
3D Lum. 93.0 £ 0.5 93.5 £ 0.5 94.7 £ 0.4 93.0 £ 0.5
3D Geom. | 94.8 £ 0.4 95.0 £ 0.4 95.5 + 0.4 95.3 £0.5
Fusion 96.1 £ 0.3 95.9 + 0.3 96.6 = 0.3 | 96.6 + 0.3
Bosphorus - Pose alignment by ICP

3D Geom. | 93.6 £ 0.5 94.0 £ 0.5 94.8 + 0.4 94.6 £ 0.5

for Cohn-Kanade and the top figure for Bosphorus dataset. A zero figure signifies that
that AU does not take place in that database, e.g., AU 14 is not extant in Cohn-Kanade.
The bottom-most number denotes the AU code. Although the average scores of the
two databases are quite similar, nevertheless there are instances where individual AU
performance differs significantly between the two databases. One possible explanation
could be the disparity between the number of positive samples in respective databases;
for example in the three AUs (11, 16, 10) where the largest AuC differences occur, the
ratios of positive sample populations (Cohn-Kanade / Bosphorus) are roughly, 2:1, 1:7,
1:7, respectively. Also, the confidence intervals are usually wider with smaller amount

of positive samples.

Our findings support the results of Bartlett et al. [25] where they have demon-
strated the state-of-the-art AU detection performed with Gabor features and AdaBoost,
by obtaining 92.6% average AuC on the combined dataset of Cohn-Kanade and Ekman-
Hager databases with leave-one-out cross validation. They stated that AdaBoost is
only marginally better than linear-SVM. We have also reached similar conclusions,

that Adaboost and linear-SVM algorithms perform similarly on the Cohn-Kanade and
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Bosphorus: 93.5 (+0.5) vs CohnKanade: 93.7 (+0.7)
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Figure 4.7. Performance comparisons under RBF-SVMs: Cohn-Kanade vs.
Bosphorus datasets. On each AuC bar AU code (bottommost), a star if performances
are significantly different, the number of total positive samples in the two datasets

(bottom is Cohn-Kanade) and 95% confidence intervals are displayed.

Bosphorus databases. On the other hand, we found that RBF-SVM has the potential
to improve 2D AU detection. According to the paired t-test under 5% significance
level, RBF-SVMs are significantly better than AdaBoost and linear SVMs for eight of
the AUs, and when averaged over all 25 AUs the overall score improved by slightly

more than 1%.

4.9.4. Pure 3D AU Detection versus 2D AU Detection

In Table 4.2 we see that 3D modality is uniformly superior to 2D modality under
all types of classifiers, and for all the various feature transforms as given in Figure 4.6.
For example, the best feature and and classifier couple, i.e., the mean curvature - RBF-
SVM couple achieves 95.5% average AuC under 3D modality, scoring 2% improvement
over the 2D, and also with a higher confidence (smaller interval). The only exception

is depth features from 3D whose performance is almost the same as that of 2D images
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(Table 4.1 and Table 4.2). Note that in a previous study [48], which is based on
landmarks and use of dynamic information via HMMs, the advantage of 3D had been
shown for seven AUs (1, 2, 142, 4, 5, 15, 20, 27). The average correct classification
rate rises with 3D from 80.5% to 87.3%, however the statistical significance of the
performance differences are not known. Our average classification rate over the same
AUs is almost the same 97.3% rate, however performance differentials vary from AU to
AU. Also average AuC values, which measure the performance for all possible threshold
values in contrast to correct classification rate, are 95.5% and 95.7% for 2D and 3D
respectively. Notice that our higher rates may be due to the superiority of data-driven

Gabor-based analysis over landmark-based recognition.

Average AU detection statistics do not show all the interesting aspects and hide
big performance differentials for some AUs. When we portray detection rate of each
AU in Figure 4.10(a), we observe that the advantages of 2D and 3D modalities differ
from AU to AU. As a case in point, consider the bar that belongs to AU 23 and of
which there are 63 realizations in the dataset. The darker part of the bar indicates that
2D data achieves only 62% correct detection while 3D data achieves 81%; conversely,
consider the last AU bar (AU6 with 102 instances in the dataset). In this case 3D data
achieves 87% while 2D is better at 96% correct detection rate. We can conclude that

in general 3D data considerably improves the detection of lower facial AUs.

For example, improvements on the detection of AU 23 (Lip Tightener) and AU
24 (Lip Presser) are outstanding. AU 23 was shown to be one of the most difficult
AUs both for automatic detection [25] and for human experts [21] since it is often
confused with AU 24. 2D color, 3D surface, 3D mean curvature images belonging
to four different instantiations of this AU, both alone single appearance and also in
combination with other AUs (shown in rows four and five of Figure 4.9). Paired t-
tests (with 5% significance level) have found that the following AUs incur significant
improvements: AU 23 (Lip Tightener), AU 16 (Lower Lip Depressor), AU 24 (Lip
Presser), AU 34 (Cheek Puff), AU 22 (Lip Funneler), AU 18 (Lip Pucker), AU 25
(Lips Part) and AU 2 (Outer Brow Raise), which are all quite significant. Figure 4.9
shows several instantiations of these AUs: AU 23 in (g-j), AU 16 in (n), AU 24 in (k-1



Table 4.3. Average AuC values over lower and upper AUs under the RBF-SVM

classifier for 2D, 3D and fusion.

Face Part # 2D Lum. | 3D Geom. | Fusion
Lower AUs || 2745 | 91.5 £ 0.7 | 95.7 £ 0.4 | 96.2 + 0.3
Upper AUs || 1474 || 972 £ 0.5 | 953 £ 0.7 | 97.3 £ 0.5
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and o)), AU 34 in (0), AU 22 in (m), AU 18 in (1), AU 25 in (h, m, n and p), and AU

2 in (a,b). ROC curves of 2D and 3D data are also compared in Figure 4.8 for some of

these AUs.

Lower Facial Actio

n Units

7 AU23
N:63

Hit Rate

False Alarm Rate

Upper Facial Action Units

Hit Rate

N:102

False Alarm Rate

Figure 4.8. ROC curves of some of the AUs on which the two modalities differ

significantly. N is the number of positive samples available; red curve denotes 3D

results, blue dotted curve denotes 2D results.

3D is not necessarily always more advantageous. Some of the AUs have compara-

ble detection rates in the two modalities. For instance, AU 12 (Lip Corner Puller) and

AU 1 (Inner Brow Raise) achieve almost the same detection level in either modality,

and also quite high levels of 98% and 97%, respectively. Two instances of AU 12 are

shown in the (i) and (p) cells of Figure 4.9, and two instances of AU 1 are in the (a) and

(c) cells of Figure 4.9. Moreover, we can see from Figure 4.10(a) that non-negligible
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performance degradations occur on eye related upper face AUs in 3D data. According
to the paired t-test, degradations on AU 6 (Cheek Raise), AU 5 (Upper Lid Raise), and
AU 7 (Lids Tight) are statistically significant. This may be explained by two factors.
First, 2D eye texture and especially appearance of pupils are very informative for AU
scoring. Second, eye region can be quite noisy with structured light based 3D acquisi-
tion due to eyelashes and glitters. This may hide necessary surface detail for detection.
ROC curves for 2D and 3D modalities are compared for these AUs in Figure 4.8, and
some instances are given in Figure 4.9: AU 5 in (a-b), AU 6 in (d), and AU 7 in (c-e).
The differing performances of 2D and 3D modalities with respect to upper and lower
face AUs is summarized in Table 4.3. Clearly 3D is better on the average for lower face

and 2D is better (though to a lesser degree) for upper face AUs.

4.9.5. Fusion of 2D and 3D Modalities

As seen in Table 4.2, the fusion of 2D and 3D provides additional 1.1% increase
over 3D data, achieving 96.6% average AuC (under RBF-SVM). Figure 4.10(b) com-
pares 3D curvature data versus and feature fusion of 3D curvature and luminance
modalities on individual AUs. An increase in the AuC values is seen for all the AUs,
except for a surprising 7% drop in AU 23. Though paired t-test and overlap of the
confidence intervals tell us that this degradation is statistically insignificant, it may be
better to completely avoid use of 2D modality for this AU. Recall that for AU 23, best
2D performance was 63% for 2D and 81% for 3D, while after fusion the score regresses
to 72%. The improvements brought by fusion over the 3D modality were found to be
statistically significant on five of the AUs. All the AUs for which the 3D detection is
inferior to 2D (AU 5, 6 and 7), as shown in Figure 4.10(a), are within those seven AUs.
Moreover, we observe the improvements by fusion with respect to lower and upper
facial regions in Table 4.3, which tells us that greater portion of the performance gain
was realized in the upper face. These results obtained by feature fusion indicate first,
the existence of useful complementary information between the two modalities, and
second, show that the relative weakness of 3D on the upper face region (only for eye

region) can be compensated by feature fusion with the 2D data.
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Figure 4.9. Color, 3D surface and surface mean curvature images are shown for some

instances of upper AUs (upper three rows) and lower AUs (lower five rows), for which

2D and 3D detection performance differs significantly.

4.9.6. Effect of 3D Pose Normalization

A previous study [44] shows that when recognizers are trained with frontal faces

and tested with systematically increasing pitch and yaw head rotations, sudden drop in

2D expression recognition performance is observed while 3D recognition performances

remains constant. This is because with 2D we have to confront substantial distortions

and occlusions due to the out-of-plane rotations. In our study we also evaluate the
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3D: 95.5 (+0.4) vs 2D: 93.5 (+0.5)
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Figure 4.10. Performance comparisons under RBF-SVMs: (a) 3D vs. 2D and (b)

fusion vs. 3D. On each AuC bar AU code (bottommost), a star if performances are

significantly different, positive samples and 95% confidence intervals are displayed.
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effect of 3D pose, however, instead of using synthetic (rotated) luminance images we
experiment on natural mild pose variations present in our database (Figure 3.4), and
trained and test 2D luminance detectors both on original and 3D pose normalized

luminance images.

We observe the effect of 3D pose normalization with respect to 2D normaliza-
tion by comparing the average AuC scores in the Bosphorus database: 93.5% for 2D
luminance, 94.7% for 3D luminance and 95.5% for 3D geometry (with RBF-SVM). It
is interesting to note that although no 3D geometry related feature is used, we still
obtain above 1% performance gain when 2D modality is aided (pose corrected) by 3D
modality. The major difference between the direct 2D luminance and 3D luminance
images is in the registration phase. 3D data permits better normalization and thus
luminance data is compensated somewhat for moderate out-of-plane rotations. Recall
that even for frontal images, unintentional slight in-plane and out-of-plane small pose

variations always occur.

We also observe from Table 4.2 that automatic 3D pose alignment by ICP causes
performance degradations. The drop from 95.5% to 94.8% points out to the possible
improvements that may be attained if better registration techniques can be employed

for fully automatic 3D systems.

4.9.7. Performance of Action Units at Low Intensity

In real life, facial expressions often occur in a broad range, including low inten-
sities. Naturally, this makes the already challenging AU detection problem even more
difficult as differences among AUs or between an AU and the neutral state become
more subtle. Bartlett et al. [25] found 21% drop (from 92% to 71%) on average AuC
values when their detectors were tested on a spontaneous expression database instead

of posed expressions.

In order to see detection potential of lower intensity actions, we use only the

B level samples as positives. The same subject cross validation partitions as in the
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previous experiments are used, that is, training sets are not modified, they still consist
of C, D and E level AUs, and the negative test samples consist of all other AUs. Hence,
the only difference in the setup is the use of low intensity positive test samples instead
of higher intensity samples. Table 4.4 gives the results for the 2D, 3D, and fusion. The
performance ordering for the three 2D, 3D and fusion cases are the same as before, but
we see severe 13% to 14% point performance drops on average AuCs: from 93.5% to
79.6% for 2D, from 95.5% to 82.5% for 3D and from 96.6% to 84.2% for fusion. Also,
the confidence intervals increase by more than a factor of two. For these difficult low
intensity B expressions 3D outperforms 2D by 2.9%. Recall that the improvement of
3D over 2D for higher intensity (C,D,E) AUs was 2%.

Figure 4.11 compares the differences between 3D and 2D modalities for low in-
tensity AUs. Conclusions similar to those given in Section 4.9.4 can be drawn: in
general, lower face AUs are more easily detected with 3D as compared to upper AUs.
Paired t-tests indicate twelve of AUs as significantly differing between the modalities,
11 AUs in favor of 3D and 1 AU in favor of 2D (Figure 4.11). Low and high intensity
samples of some of the, including the significantly different AUs, are illustrated for in
Figure 4.14 and Figure 4.15 in both 2D and 3D modality. We want to point out some
interesting cases. For instance, AU9 (Nose Wrinkler) maintains its high detection rate
under either modality, and for AUs 25 (Lips Part), AU 22 (Lip Funneler) and AU 4
(Brow Lowerer) the detection rates drop considerably with 2D data while 3D detectors
are still performing reasonably well. On the other hand, degradation in the detection
of AU43 (Eye Closure) is much more in 3D than its 2D counterpart, which may be

related to eye texture and 3D acquisition noise as mentioned in Section 4.9.4.

4.9.8. Assessment of the Classifiers

In all the experiments we employed AdaBoost, Naive Bayes, linear and RBF-
SVMs. In general, these different classifiers almost never affect the relative ranking of
the classifiers for any of investigated factors. It even seems that there is a common
trend between the classifiers in the AU detection problem. First, the most prominent

observation is that RBF-SVM is almost always superior to the other three classifiers.
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Table 4.4. Average AuC values and 95% confidence interval estimates for B level low

intensity AUs. All of the classifiers use 200 Gabor features that are selected by

AdaBoost.
Classifier 2D Lum. | 3D Geom. Fusion
AdaBoost 786 +1.1 | 81.7+1.1 | 834 1.1
Linear-SVM || 779 +12 | 8194+ 1.1 | 8.1+ 1.1
RBF-SVM 79.6 + 1.0 | 82.5 + 1.0 | 84.2 + 1.1
Naive Bayes || 79.2 £ 14 | 821+ 12 | 84.2 +£ 1.2

3D: 82.5 (+1.0) vs 2D: 79.6 (+1.0)
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Figure 4.11. Low intensity (B) detection performance comparisons under RBF-SVMs:
3D vs. 2D. On each AuC bar AU code (bottommost), a star if performances are

significantly different, positive samples and 95% confidence intervals are displayed.

Naive Bayes is a close runner-up in 3D modality; AdaBoost and linear SVMs obtain

clearly lower detection results.

The superiority of RBF-SVM stems from its ability in handling various types of
non-linearities. It is known that depending on the Gaussian spread and SVM capac-
ity parameters non-linearities in a quite wide range can be captured by RBF-SVMs.

Therefore, we optimize these hyper-parameters for each AU. The main reason that
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explains its advantage may be the high degree of variability found in AU instances.
Our database involves many co-articulated AUs, asymmetric occurrences, instances
with varying intensity levels which in turn may cause irregular dispersion of samples
in the feature space. It is expected that especially the co-articulations may cause some
cluster in the feature spaces. These variations may not be handled by linear discrimi-
nation as effective as non-linear discrimination provided by RBFs. Second factor may
be the high degree of variations on luminance data in Bosphorus database. Though
we wanted to eliminate the effect of lighting variations for 3D vs. 2D comparison by
making acquisitions in controlled environment, we still have high degree of textural
variations (albedo), especially due to facial hair. Maybe because of these variations
RBFs demonstrate clear advantage with luminance data. However, for the Cohn-
Kanade database Nave Bayes still achieves similar average performance. According
to our conjecture this may be because Cohn-Kanade database does not involve facial
hair (except a slight moustache for one subject) out of 97 subjects, in contrast to our
database which involves 35 men with beard/moustache (19 intense, 16 moderate facial

hair) out of 105 subjects.

Occasionally, Naive Bayes may outperform RBF-SVM in an individual AU. Naive
Bayes is one of the simplest classifiers and is based on strong assumptions such as
Gaussian distribution, uncorrelated samples and linear separability, and yet it is suc-
cessful with 3D, though not as much with 2D. We conjecture that Naive Bayes owes
its good performance to the suitability of 3D data features vis-a-vis 2D data features.
These outcomes suggest that RBF-SVM must be used for 2D modality, while with 3D
modality either Naive Bayes or RBF-SVM can be used. Recall that the Naive Bayes
alternative is extremely simple in training compared to SVM and it does not suffer

from overlearning problem of the discriminative classifiers.
4.9.9. Assessment of the Intensity Estimators
The same experimentation setup as in the detection problem, i.e., 10-fold subject

cross validation for each of 25 AUs, is also used for intensity estimation experiments.

We employ 200 Gabor features. The correlations calculated over all AUs are listed in
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Figure 4.12. Distributions of estimated intensity values (via e-SVM regression on 200
Gabor features) over all AUs for 2D and 3D fusion are shown (central mark: median,
box: interquartile range, whiskers: extreme values, ‘+’: outlier).

Table 4.5. Correlation of the estimated intensities with the scores of the FACS

annotator.
SVM Margins Image Features
Data Direct | Logistic || e-SVM-Lin | e-SVM-RBF
2D 0.51 0.53 0.54 0.58
3D 0.50 0.51 0.53 0.56
3D+2D 0.53 0.55 0.59 0.62

Table 4.5. In the first column we see the performance of SVM-margins method, and in
the second column the performance of the logistic regression on SVM-margins. Notice
that in a previous study Bartlett et al. [25] have obtained a correlation performance
0.53 with 2D luminance images over six AUs using linear-SVM-margins. Using 2D
data and RBF-SVM margins over the same set of AUs (1, 2, 4, 5, 10 and 20) we have
obtained 0.62, however, over 25 AUs the average performance is 0.51. When we apply
logistic regression, we obtain 0.53 (Table 4.5). On the other hand, we see that the
improvements with e-SVM regressor with image features yield higher correlations, and
the non-linear RBF modeling achieves 0.58 correlation. The best overall result, 0.62,
is obtained by fusion using e-SVM with RBFs. Figure 4.12 shows the distributions of
estimated intensity values by e-SVM regression on 200 Gabor features over all AUs.

We observe upward trend, and distribution medians of the consecutive intensity levels
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are significantly different at 5% significance level since their notches® do not overlap,

i.e., their intervals do not overlap.

We also experimented with different number of features and found that using
more than 200 features does not improve: with 400 features the results are 0.59, 0.57

and 0.62 for 2D, 3D and fusion respectively.

When we compare the performance of data modalities we see that 3D brings
some improvement on averaged results only when used in conjunction with 2D data.
Overall averaging may hide some important information, hence we compare intensity
estimation for each AU over 2D and 3D data modalities in Figure 4.13(a). The number
of the available AU samples are inscribed on each AU bar. We see that, with 2D data,
most of the upper face AUs, AU 4 - Brow Lowerer, AU 5 - Upper Lid Raiser, AU 6
- Cheek Raise, AU 7 - Lids Tight and AU 43 - Eye Closure, as well as AU 9 - Nose
Wrinkler achieve noticeably higher correlation than 3D data. On the other hand, 3D
data seems to be more convenient for many lower face AUS, especially for AU 16 -
Lower Lip Depressor, AU 18 - Lip Pucker, AU 22 - Lip Funneler, AU 25 - Lips Part,
AU 27 - Mouth Stretch and AU 34 - Puff, as well as for AU 2 - Outer Brow Raise.
Samples of some of these AUs are shown in Figure 4.14 and 4.15.

In contrast to intensity estimation, the improvements in overall AU detection per-
formances by 3D data are much more substantial. The AuC detection results averaged
over 25 AUs are 93.5%, 95.5% and 96.6% for 2D (luminance) data, 3D data (mean
curvature) and for their fusion, respectively. Nevertheless, from Figure 4.13(a) it is
understood that the this overall performance contrast between detection and estima-
tion is actually not due to the inferiority of 3D modality. In fact, the advantages and
disadvantages of the 3D modality for intensity estimation conforms to the results of
detection for most of the AUs, however higher performance drops on certain AUs that
have much more samples, such as AU 7, inverts the overall performances. One expects
normally that 3D data would be more informative for he intensity estimation problem.

Explanation for why this promise is not fulfilled are as follows. 3D sensing noise is

3Notches are the first quartile-to-median and median-to-third quartile ranges
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Figure 4.13. Intensity estimation performance comparisons under e-SVM (RBF)
regression: (a) 2D vs. 3D and (b) 2D vs. fusion. The bar heights indicate correlation

values. The AU code and the total number of occurrences are inscribed in the bars.
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Figure 4.14. Color, surface mean curvature, and 3D surface images are shown for low
(level B) and high (level C, D or E) intensity instances of several upper face action

units together with the neutrals from the same subject and with the FACS codes.

excessive in the eye region and 3D misses the eye texture information. Moreover, the
ground-truth data in manual FACS scoring is generated based on the observation of
2D appearances, which may generate a bias in favor of 2D. It is imaginable that the
FACS annotator could have defined the intensity labels slightly differently using 3D
data.

From Figure 4.13(b) we see that by means of modality fusion we are able to
preserve the highest correlations of 2D and 3D modalities in general. However, inter-
estingly, even though the correlation values of AU 22 are around 0.5 for 2D and 3D, it
is boosted to 0.7 with fusion. These results shows the importance of fusion with 3D,

as in the detection problem.
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Figure 4.15. Color, surface mean curvature and 3D surface images are shown for low

(level B) and high (level C, D or E) intensity instances of several lower face action

units together with the neutrals from the same subject and with the FACS codes.
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5. NON-RIGID REGISTRATION OF 3D SURFACES

Non-rigid registration of 3D surfaces is encountered in a variety of applications.
For human face processing it is an especially crucial intermediate step. Among appli-
cations of non-rigid registration we can mention one-to-one correspondence between
faces with the purpose statistical face model construction that can be used for instance
in face reconstruction or recognition [54]. In computer animation, 3D characters can
be animated using available expression faces, or from recorded 3D facial videos that
are captured by 3D sensors [85, 64, 86]. Other applications are transfer of textures,
surface details and animation controls between objects as well as generating morphing
animations. The application of non-rigid registration in our work is the novel approach
we propose for human facial expression analysis. Naturally, most of the expression

analysis applications demand a fully automatic and fast registration algorithms.

In this study we carry out the registration task in 2D instead of 3D space since
2D processing can be more efficient. Also, 3D mesh-based methods have some disad-
vantages like sensitivity to mesh resolution and topology, and difficulties in multireso-
lution implementation. The block diagram of 3D surface registration implemented on

2D maps is depicted in Figure 5.1.

The first step is to map the reference surface 24 and the target surface Qp
onto respective 2D image planes. Their planar parameterizations yield 2D domains
Dy, Dp C R?. This can be achieved by projection (pseudo-parameterization) or by
LSCM method as explained in Section 4.3.2. Hence, if we can find a mapping from
D4 to Dp (a 2D mapping), this would indirectly lead to the mapping between the
surfaces in 3D space. To this effect, deformation of the reference map to match it to
a target map is estimated by our image registration technique based on deformable
2D triangular meshes in the 2D parametric space. The mapping resulting from this
deformation completes the transformation chain from the reference surface towards
the target, and thus we succeed in registering the 3D target by resampling it over

the domain of the reference surface. However, this 3D-3D mapping is not bijective
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Figure 5.1. Overview of the 3D surface registration realized on 2D maps.

when working with surfaces which are cropped arbitrarily, and thus may not overlap
everywhere. To alleviate this situation surface extrapolation has been proposed in

Section 5.4.

In this scheme, the most critical component is the image registration part where
non-rigid deformations are estimated. In our approach we assume that the two surfaces
are hyper-elastic membranes. We prefer to use hyper-elastic deformation-based regis-
tration instead of elastic deformation in order to better deal with facial expressions,
since small deformation theory becomes insufficient when dealing with soft tissue of
the skin. However, computational load becomes an important issue when working with
hyper-elastic models as in also other models of large deformation. This is especially not
acceptable if the registration algorithm would be used for real-time facial expression
analyses. We cope with this issue by developing an efficient 2D triangular mesh-based

technique. Our method is described in the following section.
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5.1. Deformable 2D Triangular Mesh-based Registration

A mapping from Dy to Dp (Figure 5.1) can be expressed via a vector field

¢(p) = p +d(p), (5.1)

where p = (u,v) € D4 denotes the 2D image coordinates and d(p) = (du,dv) is a

constant displacement. Thus we can express the image constraint (Equation (2.1)) as

IA(p) = Is(@(p))- (5.2)

The correspondences can then be obtained if we can solve the deformation field ¢(p)

by minimizing the image matching energy

Eni() = + I5(6(p)) — 1a(p)) dp. (5.3)
2 pEDA

However, ill-posed nature of this problem requires additional constraints to be imposed
for regularization. For instance, linear elastic models are one of the common regulariz-
ers in image registration [87] and force the mapping to be injective. These models treat
the reference image as a linear elastic solid which is deformed by forces derived from
an image similarity measure. Alternatively, viscous fluid models [88] in place of elastic
models or the demons algorithm [89] have been proposed to handle large deformations.
Although they provide, higher flexibility, these models need much more computations

and this also increases the risk of misregistration and violation of injectivity.

In this study we propose an efficient algorithm which employs a non-linear elastic
model based on the hyperelastic St. Venant Kirchoff material. This model is in-
between the linear elastic and the viscous fluid models according to the deformation
extent it can handle. Although this non-linear elasticity is much more complex as
compared to linear models, we show via finite element discretization with triangular
elements that it is still efficiently and exactly computed without any approximation

since the Jacobian matrix of the mapping over a triangular element is constant. This
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is in contrast to recent work of Yanovsky et al. [90] where they have to approximate
deformation gradients to keep the run time feasible via finite difference discretization.
Also, our algorithm allows adjustment of the computational load of the image matching
term. Moreover, an image adaptive mesh generation technique is introduced in order to

produce a reasonable number of mesh triangles needed for efficiency of the algorithm.
5.1.1. Image Matching with Triangular Meshes

We can imagine the triangular mesh overlayed on a reference image as an elastic
membrane or the finite element discretization of that membrane. Then minimization
of the image matching energy term in Equation (5.3) over the reference mesh yields
attraction forces at the vertices and drives its deformation. For each triangle ¢ of the
reference mesh, we have a mapping function q = ¢¢(p) that maps a point p in a
triangle of the reference to the point q in the target, as illustrated in Figure 5.2. This
function interpolates the mapped coordinates of the triangle vertices qx (k € 1,2,3)

by

a=¢(p) = >_ br(p)ax (5.4)

where barycentric coordinates are obtained by

bi(p) = Area(pp2ps)/As,
by(p) = Area(ppsp1)/As, (5.5)

—

bs(p) = Area(ppip2)/A:,

and A; is the area of triangle ¢.

Thus, an image matching energy, F);, which accounts for the total square match-
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Figure 5.2. Transformation of triangle t by ¢ (p).

ing error over domain D4 becomes

Bul@) =3 [ (@) ~Ta(p) I dp

- ‘Z/GD T5((p)) — Ta ()13 dp

teT

where T is the set of triangles, D, is the domain of triangle ¢, Ig and I5 represent multi-
modal image values, and W is a weighting matrix. Note that the matching energy in
Equation (5.3) is written in a more generic form to include multi-channel images via
weighted norm, so that we can exploit different surface attributes during matching.
In this study diagonal weights, which are determined according to both variance and

importance of the channels, are employed.

Having discretized the energy term over triangles, we can obtain the driving forces
at the mesh nodes that deform a reference mesh to a target. These attraction forces
result from energy minimization and are obtained by using the gradients at each mesh
node n with respect to its mapped coordinates q, = ¢(pn). The gradient at vertex n

is obtained through the chain rule as

8EM 8IB(q)
On Z/Db'”" ( dq

teTy

T
> W ei(p)dp
¢t (p)

(5.7)
where e¢(p) = Ig(¢e(p)) — Ia(p).

Here, T,, is the set of triangles connected to the node n, k(t,n) is the k' vertex of
the triangle ¢ that corresponds to node n, and by ) (p) is thus the k" barycentric

coordinate for the point p (k € 1,2, 3).
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The gradients are evaluated at each node of the mesh to update the mapping
vectors, ¢(pn), in a gradient descent scheme. The image gradients are evaluated using
3x3 Scharr masks [91]. The integrals in equations (5.6) and (5.7) are approximated
by sampling at the recursively subdivided triangle centers. This sampling procedure,
however, is adapted to the area of triangles since mesh triangles can differ largely in
area. Thus the recursive subdivision of the triangles is made proportional to their
area. In this way, while avoiding unnecessary computations for small triangles, we
can accurately approximate integrals over the larger triangles. Bilinear interpolation
is used for resampling from discrete images. From the computational load point of
view, evaluation of matching energy gradients can be the most time consuming part

depending on the number of mesh triangles.
5.1.2. Nonlinear Elastic Deformation

Linear elastic modeling of deformations is often preferred in image registration
due to its simple linear solution. However, many deformations cannot be accounted for
by linear elastic models, which can account for only for small deformations. The Use
of the St. Venant Kirchoff material model enables more flexible deformations since it is
a simple hyperelastic material model. The potential energy of the St. Venant Kirchoff

material is given by
A 2 2
W(E) = §(trE) + ptrE (5.8)

where A\ and p are the Lame material constants and E is the Green-Lagrange strain
tensor. In the sequel we will also discuss the linear approximation of the Kirchoff
material model, namely, the Hookean material. Notice that this model has linear
stress-strain relationship, since the stress, OW/0OE, is linear in terms of the strain E.
However, strain-displacement relationship is non-linear, as shown below. Therefore,

it becomes the simplest non-linear hyperelastic material model. The Green-Lagrange
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strain tensor is defined in terms of deformation gradient tensor, V¢, as

1
E = 5(V¢>TV¢ —1I)
N odu odv
o ou ou du (5'9)
where Vep = — = and d(p) = :
o° | ddu | od dv
v ov
Odu  ddv
ou  Ou
Defining Vd = displacement gradient tensor
odu odo
ov  Ov
1
E=§QL+V&ju+Vm—J)
= %(I +Vvd"' +vd + vd*vd — I)
1
=5(Vd" + vd 4+ vd'vad) (5.10)

In equation (5.10) we see the nonlinear relationship between displacement d and strain
E due to the last term. Omitting this last term results in linear models as given in
Section 5.1.3. The advantage of nonlinear model is that, Green-Lagrange strain tensor
is independent of rigid body motions, and thus measures pure deformations. To check
this let’s imagine we apply a rigid transformation by rotation R and translation T to

the deformation ¢

o =R+ T (5.11)

Then the new deformation gradient becomes

Vér =RVe. (5.12)
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Since R is a rotation matrix,

Voér'Vor = (RV®) 'RV
= V¢'RTRV ¢ (5.13)
=Vo¢TVo.

Hence, Green-Lagrange strain (Equation (5.9) is independent of rigid body motion,

since strain remains the same after any rigid motion.

Here, we evaluate a deformation energy which is an internal strain energy based

on the Froebenius norm of the Green-Lagrange strain tensor.

Ep@)= [ [B(6(p)I} dp (.14

This is energy is a special case of the St. Venant Kirchoff material energy, because the
Froebenius norm corresponds to Equation (5.8) with A = 0 and p = 1. Actually for a
physical object we have g > 0 and A+ > 0, and A\ determines deformations in direction
orthogonal to external forces, e.g., when we squeeze a rubber in horizontal direction it
can elongate in vertical direction. We neglect this term (i.e., setting A = 0) to reduce

complexity, since our purpose is not correct physical modeling, but regularization.

For triangular discretization, deformation energy can also be expressed equiva-

lently as

En(@) =Y / |E(e(p))|I2 dp. (5.15)

teT VPED:

Over a triangular element, Jacobian matrix of the mapping function ¢(p), which is
also named as deformation gradient tensor in elastic theory, is constant. This is shown
in Appendix A. Thanks to this property we can conveniently evaluate hyperelastic
deformations of triangular meshes since Green-Lagrange strain will be constant over
triangular elements. However, without finite element discretization or with higher order

elements exact calculations would be too complex and some approximations would be
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necessary. Fortunately, we can evaluate the exact deformation energy simply by using

the constant Green-Lagrange strain tensor of triangle ¢, F;, as

@) = Z At”Et(d)t)H%?

teT
1
=32 A (=17 4 20+ (e~ 1)) (5.16)
teT
_ 3¢t 0P 0y 3¢t
where a = , b=— —/— ¢c=
ou Ov

where A; is the mesh triangle area as in Equation (5.5), and the other terms are
quantities belonging to triangle . Analytic expressions for gradients of Ep with respect
to vertex coordinate mappings are given in Appendix A.1. By means of these gradients,
stresses at each node of the mesh are evaluated during energy minimization to regularize

the displacements due to driving forces generated by image matching errors.
5.1.3. Linear Elastic Deformation
We can linearize the Green-Lagrange strain and obtain less complex gradient

calculations of the deformation energy. This is achieved by omitting the last term in

equation (5.10).

O (G i)
1 ou 2\ Ov ou
5(VdT +Vvd) = (5.17)
1 /0du Odv Odv
2 (E * %) o

Here, € is called Cauchy’s strain tensor. Since the quadratic term VdTVd disappears
this approximation is valid for infinitesimal displacements. Substituting € in place of
E in Equation (5.8) we obtain the potential energy of linear elastic model known as
Hooke’s Law. From the image registration point of view, linear models may not be very
appropriate as regularizer for some problems, since they will not allow higher degree of
flexibility if necessary. To be applicable, typically, strains should not be greater than

1%. Also, not being independent to rigid body motion unlike the non-linear models,
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they penalize rotations as well, though this is not an issue since it is common to perform

an initial rigid alignment before non-rigid registration.

Using the Cauchy’s strain tensor, the deformation energy of the triangular mesh

membrane, Ep, becomes

En(6) = 3" Adled(ey) 2

teT
—ZA % 2_|_ % 2_|_1 %4_% i
_teT ’ ou ov 2\ Ov ou

The derivation of the gradients with respect to triangle vertex coordinates is given

(5.18)

in Appendix A.2. When gradients of the Green-Lagrange strain (Appendix A.1) are
compared with Cauchy’s, the number of operations needed for their calculation is
higher. However, since these evaluations are not done for different coordinates inside
triangular elements, which would be necessary to approximate the integrals if higher

order elements were used, the computational burden is still not critical.

5.2. Adaptive Mesh Generation

The density of triangular meshes overlaid on the images is quite important be-
cause it determines the computational load of the registration. Without computational
concerns, we can use very dense meshes. Another drawback of high resolution meshes
may be the sensitivity to noise. Here we propose a technique to produce meshes on the
2D domains of mapped surfaces adapted to the actual image. The goal of this adapta-
tion is to provide finer motion estimations only in regions where there is some structure
to be matched. Therefore, domain meshes are generated adaptively as a function of

image gradient as well as image resolution as illustrated in Figure 5.3.

First, a new domain contour is obtained by a smoothing and down-sampling
procedure. This is needed because the contours of scanned face data can contain
excessive amount of points and they can zigzag a lot. Smoothing is done by fitting a

B-spline curve (third degree) with few control points. The number of control points
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Figure 5.3. Steps of image adaptive mesh generation are illustrated on mean

curvature map of a facial surface.

is proportional to the number of contour pixels, and thus smoothing depends on the
image resolution as well. The new contour points are obtained by sampling this curve

uniformly which defines the new reference domain.

In the second step, constraint points are created for the mesh vertices. These
points are generated so that the mesh becomes relatively denser in regions where more
features are available for matching, as for example around the lips and the nose. To
produce these points efficiently, the method proposed for interactive geometry remesh-
ing [92] is utilized. The idea is to generate a mesh density control map, and then to
make image half-toning to produce binary pixels to be used as fixed mesh points. For
this purpose, in our work we use gradient magnitude of the curvature images (G) after
emphasizing them with power (v) and scaling by factor s in order to adjust the number
of points according to the desired resolution, as in the relation D = s - G”. Here s
is calculated according to the required number of sampling points N, and [ which is
sum of the image pixel intensities inside the domain. For eight bit quantization this
quantity becomes s = 255N /1. Here, N is determined proportional to the square of the

number of sampled contour points. Notice that ~ is a control parameter that modifies



the relative mesh density, and it is set to 1.5 in Figure 5.3.

In the final step, Delaunay triangulation [93] is applied to the image consisting

of half-tone dots and of the contour points, and then the mesh is generated according

to the algorithm described in [94]. In our work, the maximum triangle edge length is

limited by the average contour edge length so that in order to obtain regular triangles

the mesh generation algorithm produces additional vertices.

This mesh generation method provides finer grained estimation where necessary,

at lip contours for instance, and at the same time reduces the computational load by

placing bigger triangles on featureless regions. As examples, generated meshes from

the four different scales of the input image given in Figure 5.3 are shown in Figure 5.4

RO
dﬂfé’é‘é‘iﬁ};ﬁ_".
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ALRRISRIE R,
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A
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Figure 5.4. Meshes adaptively generated according to the four different scales of the

input image given in Figure 5.3
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5.3. Multiresolution Registration

A solution for the mapping function ¢ is obtained by minimizing of a total energy

term over the reference triangulation. The total energy expression is

Er(¢) = Ex(@) + pEp(®). (5.19)

Ey is the total matching error, as in Equation (5.6), Ep is the strain energy, as
in Equation (5.14), and rigidity of the deformable mesh is determined by p. If we
increase the value of p, bigger image forces would be needed to balance the deformation
energy and therefore global stretching or shrinking of the meshes would be harder.
Thus, while setting to higher values would diminish the effects of forces due to noise
and would improve regularization, this could also cause underestimation of the actual

deformations.

The energy minimization is carried out via gradient descent in a coarse-to-fine ap-
proach. Multiresolution registration is a very common registration strategy since local
minima can be avoided and faster convergence can be achieved with less computational
burden. We implement this by using Gaussian image pyramids and meshes adapted to
each image in a pyramid. Sample meshes at four different resolution levels are shown
in Figure 5.4. Registration starts with the coarsest level, and estimated deformations
are subsequently transferred to a finer level. The transfer of deformations from one
mesh to another is realized via barycentric mapping. For each node of a finer level,
its barycentric coordinates at the coarser mesh are calculated, and thus mapping of
that node is obtained by a weighted sum of the previous mesh node values. Energy
minimization restarts in the next higher resolution level initialized with the values of
the previous step. This procedure continues until the finest scale and final deformation

estimates are found.
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5.4. Surface Resampling

Having obtained the 2D non-rigid registration in the parametric domain, 3D reg-
istration is achieved by resampling of the 3D surface. This is realized by resampling at
the parametric coordinates of the target, which are calculated from their barycentric
coordinates corresponding to reference vertices. However, we cannot guarantee to have
all the resampling points inside the target domain. In other words, the correspon-
dence estimation in image registration stage does not produce a bijective mapping.
This situation can be disturbing especially in the case of partial correspondences on
the forehead, below the chin, or at the cheeks due to rotated faces and single-view

acquisition.

In order not to have missing correspondences after the registration, we predict
these correspondences based on the estimated ones. This is achieved by finding a
function that deforms the reference surface towards the target, and which is measured
on the unmatched points. The deformation function can be obtained by fitting TPS
[57] to the matched points. However, the use of all these points is not feasible because
of the excessive computational load, especially for high resolution surfaces, as in this
study. To reduce this computational burden, a subset of node points are chosen.
Two criteria are considered for this selection: the global behavior of the deformation
and the detailed local trend near the extrapolation points. To make a fast selection,
a regular grid is formed in the parametric space and the surface vertices nearest to
the grid points are picked. By extending the grid outside the given 2D domain, we
can obtain more points in the neighborhood of missing target points. Mesh vertices
selected inside and on the boundaries of a registered surface are shown in Figure 5.5.
We see that the registered yellow surface does not completely overlap with the reference
green surface, hence there would be some missing data points on the reference domain.
However, after we extrapolate the surface via TPS using the selected mesh points, we
can obtain a plausible extrapolation. In this method, the texture pixels are re-sampled
via bilinear interpolation at the barycentric coordinates. Unmatched texture regions

are extrapolated using an in-painting algorithm [77] as illustrated in Figure 5.5.
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Figure 5.5. Top: coordinate extrapolation of the registered yellow surface and
automatically selected control points. Bottom: extrapolation of the registered texture

and non-overlapping reference domain is colored in blue.

5.5. Experiments and Discussion

5.5.1. Lucas-Kanade Optic Flow-based Registration

We consider a popular method, the method of Blanz et al. [54], in which optic
flow estimation is employed to register range and texture maps of 3D scanned faces
to construct 3DMMs. A 3DMM is a generative model of 3D shape and texture very
similarly to AAMs (see Section 2.5.1). However, in contrast to AAMs, shape and tex-
ture are represented in more detail. To register range and texture maps of 3D scanned
neutral faces, Lucas-Kanade [95] optic flow estimation is applied. The Lucas-Kanade

algorithm fits an affine model to image patches in order to estimate the flow vectors.



89

Optical flow estimations are not always accurate everywhere due to the aperture prob-
lem and due to the lack of evidence in the homogenous regions like cheeks and therefore
Lucas-Kanade method produces sparse motion vectors. Thus one has to perform ad-
ditional smoothing interpolation to obtain dense one-to-one correspondences. Blanz
et al. [54] apply a kind of diffusion reaction where a weighted combination of data and
smoothing energy terms are minimized. The smoothing is done so that flow vectors
in reliable regions and components of flow vectors orthogonal to edges (at aperture
regions) do not deviate from the result of initial flow estimations. However, in regions
that are deemed as totally unreliable, a smooth minimum-energy arrangement is made.

By thresholding the eigenvalues of matrix A,

A [ Tloap ToLon 520

20uL,0,1) 3201

where the summations are over a small neighborhood, one can diagnose whether the
solution is reliable or not [95]. If the two ecigenvalues of A are below a threshold
the estimate is unreliable, and if only one is above it is due to the aperture problem.
Lucas-Kanade optical flow method is implemented in a multiscale framework via image

pyramids.

An example application of this method to register a neutral face with a face of
smiling expression is illustrated in Figure 5.6. The registration is done on a 512 x 512
pixels resolution images of texture and mean curvature maps via five-level Gaussian
image pyramids. The visualized flow vectors are the ones estimated at the coarsest
level (32 x 32 pixels). The size of the image patches is 5 x 5 pixels. This figure shows
the result of two different threshold values for the eigenvalues, 5 x 107* and 2 x 1074,
We see that when the higher threshold value is used the lip corner puller action cannot
be captured, so that the lower part of the source image is not properly morphed to the

target image.

Due to the inaccuracies and sensitivity of thresholding, Blanz et al. [54] follow a

recursive bootstrapping strategy to reconstruct morphable models of 3D faces. Using
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Figure 5.6. Registration of a neutral face via Lucas-Kanade optical flow applied on
texture and mean curvature images. Flow vectors, which are estimated at the

coarsest level (32 x 32 pixels) are shown over 512 x 512 curvature images.



91

correspondence estimates from the optical flows, they build an initial coarse linear
model of 3D deformations and texture variations. This model is then fitted to novel
faces to initialize optical flow estimation stage which is used for finer registration.
Having obtained new registrations the morphable model is updated and the same
steps are repeated until all database faces are processed. However, this is not a generic
solution and computationally demanding due to the three stage procedure (optic flow
estimation, smooth interpolation, model construction and fitting). Also, it is not fully
automatic due to the human intervention which is especially crucial for the initial
registrations. Moreover, the Lucas-Kanade algorithm does not impose injectivity (one-
to-one) on the estimated mappings, which is necessary for invertible mappings to avoid

artifacts, unlike our technique.

5.5.2. Surface Registration Examples

A direct application of surface registration would be automatic 3D face morphing.
Some examples are shown in Figure 5.7 and in Figure 5.8. In Figure 5.7 a face belonging
to one identity is morphed to another (both from the BU-3DFE database [96]). This
figure also shows a neutral face morphed to smiling (both from from the Bosphorus
database, Section 3.1). In this figure, textures of reference surfaces is mapped to
that of deformed faces for comparison. One can observe that facial features like eyes,
eyebrows and lips have good matching accuracy. Also, the overall deformations are
smooth. This can be best observed in the middle face which depicts the average of
the reference and target faces. Further results are given in Figure 5.8 based on faces
from Bosphorus database, where one reference face is registered to different subjects

and different expressions. Again one can see that the features are matching well.

In these experiments, surface images were discretized onto 512 x 512 resolution
images, and four-level image pyramids were employed. For the image matching, usu-
ally equal importance was given to texture and shape channels; but better expression
registration with texture and better identity registration with curvature channels could
be obtained for some of the faces. It was observed that after convergence at coarser

levels, deformations at the finest level (512 x 512 pixel resolution) were insignificant,
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(a) (b)
Figure 5.7. Non-rigid registration results of faces of (a) different subjects and (b) of a
smiling face using deformable mesh-based registration. Texture of the reference faces
are transferred to the deformed faces. Halfway deformation results are displayed as

well.

making this finest resolution level redundant. Actually this is a rather expected result

since major facial features have low frequency characteristics.

The algorithm is quite efficient. Many of the heavy calculations, like resampling
for the reference meshes, are done in the initialization step, and iterations are mostly
performed on the coarser resolutions. Except for the mappings between 3D and 2D,
the computations do not depend on the 3D mesh resolution. In the experiments with
512 x 512 resolution images, the number of iterations till convergence were in between

50 and 200, and total registration duration (for mappings and energy minimization)
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Figure 5.8. Registration results of a reference face to faces of different subjects and
with different expressions. The faces at the leftmost and rightmost columns are the

target faces. Texture of reference is transferred to the deformed surfaces.

changed from three to seven seconds using single core of 3.0GHz Core2Duo processor,

and 2D image registration duration was about one second.

5.5.3. Registration of Different Identity and Different Expression

Identity and expression variations exhibit different characteristics on 2D images
(whether curvature or luminance images) such that their registrations are actually not
identical problems. First of all, identity differences show themselves on permanent
features (see Section 2.2), e.g., nose, lips and eyes. Both their relative positioning
(physiognomy) and their individual shapes vary among people. Permanent features

are affected from expression related deformations as well, for example, lip corners
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are pulled by smiling. However, expressions also give rise to transient features (see
Section 2.2): for instance, mouth cavity appears when mouth is opened or furrows
are revealed during smiling. Also note that some transient features like furrows and
wrinkles can become slightly permanent due to aging. When we compare the effects of

the identity and expression factors the obvious observations are as follows:

(i) Expression variations are local while identity variations are holistic;

(ii) Due to the transient features, expressions can cause non-corresponding local re-
gions between the images. On the other hand, when only difference is the subject
identity full correspondences exist.

(iii) Many expressions can cause considerably larger deformations on permanent fea-
tures than the identity variations depending on the expression and its intensity, or
conversely can cause considerably smaller deformations due to the same factors.
An example of the first case would be deformation of the lips, and to second case

would be eye lid opening.

From these observations we can deduce that correspondence estimation between
certain expressions of a person could be more difficult than the registration of different
subjects having same expression. This is because we can encounter non-corresponding
regions due to the transient features, which is in contradiction with the objective of the
registration, since objective function do not take into account such differences. Also,

large deformations are more difficult to handle.

When we compare luminance and curvature data modalities, we also expect some
differences. Because curvature measures the local surface bending, the deformations
due to expressions may result in high curvature magnitudes, which in turn yield new
surface features on 2D maps, i.e., new transient features. We can mention the bulge
of the cheeks to this situation. On the other hand, face texture of the same identity
can provide more reliable similarity measures, especially due to lips, facial hair and
eyes. Conversely, luminance data can be more problematic for correspondence esti-
mation between different identities and for some expressions that deform permanent

features since albedo and lighting variations on the facial surfaces can change a lot
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while curvature data exhibit higher degree of similarity.

For these reasons one idea could be to use separate correspondence estimators
that are tailored to identity and expressions variations, for instance by using different
data modalities or different regularization and image matching cost functions. How-
ever, in our problem, we cannot use different estimators. This is because both sources
of variations are effective since we want to develop person-independent expression an-

alyzers.

Figure 5.9 shows registration of curvature and texture images of smiling faces un-
der different rigidity values onto a neutral face. These registrations were performed on
96 x 96 resolution images, and using three-level image pyramids. The image registra-
tion durations were about 0.1 seconds. In figure 5.9, we see from the curvature image
registration that with decreasing rigidity (or increasing elasticity) lip corner pulling is
captured better hence can be normalized. Also, the narrowed eyes of the smiling faces
are opening. On the other hand, we see that use of texture images are not good at
estimation of the deformations, especially for the example face with facial hair. This
is because image structures for the matching objective (Equation (5.6)) are insufficient
unlike curvature data, and face textures of different identities cause non-correspondence

issues, for instance the moustache.
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Figure 5.9. Registration of curvature and texture images of smiling faces under

different rigidity values (p) onto a neutral face.
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6. REGISTRATION-BASED DATA-DRIVEN
EXPRESSION ANALYSIS

For the problem of person-independent facial action detection, data-driven meth-
ods that learn relevant information from available data without relying on any a priori
human face model have achieved state-of-the-art results, as reported in Chapter 4.
Model-driven methods are still currently effective in handling head pose variations and
differences in physiognomy, since they are guided by face models and thus do not need
to acquire all the information from data. On the other hand, data-driven methods are
advantageous since they bypass tedious model construction stage, eschews errors of
the model fitting and are not biased by the assumed face models. Their shortcoming,
however, is that they do not achieve as fine face registration as the model-driven meth-
ods. Any improvement in alignment accuracy may benefit the outcome of data-driven

methods.

In order to profit from the superior registration inherent in model fitting, we
could combine both approaches, that is, we could normalize the faces by a model
fitting approach and then proceed with data driven methods. However, we would be
still confronted with all the drawbacks of model-based analysis. In this chapter we
present an improved registration-based on establishing non-rigid matches between pair
of faces without recourse to any model information. The main idea is that, instead of
aiming at accurate estimation of correspondences, inputs are matched to the expression
specific references and the decision is based on the goodness of matching. In other
words, we do not find the best registration onto a common reference, but learn the
matching patterns of inputs to the predetermined expression references. We show that
it is possible to obtain a performance higher than the state-of-the-art methods without
using any appearance-based feature extraction methods like the popular Gabors. We
apply this registration approach to the problem of facial action unit detection on 3D

faces.
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This chapter is organized as follows. Since we are working on the 2D surface
curvature maps, we first explain 3D facial variations portrayed on the curvature maps in
Section 6.1. We then present the proposed approach in Section 6.2. We discuss several
methods based on the proposed approach in Section 6.3, and present an extension by
using multiple references in Section 6.4. Finally, we give and discuss the experimental

results in Section 6.5.

6.1. Analysis of 3D Facial Surface Deformations via 2D Curvature Fields

Before introducing our registration-based detection approach, we want to clarify
the effects of surface variations on 2D curvature maps since we are not performing
registration in 3D space. We could implement registration-based data-driven expression
analysis in 3D space. However, with the goal of analyzing 3D facial surface deformations
due to expressions, we work on their 2D maps due to the computational benefits of
2D space and to avoid dependence of surface mesh topology and resolution. To this
effect we use mean curvature maps since they reveal local surface bendings and thus
render measurement of surface deformations effective. Facial variations portrayed on
curvature fields and its advantages are discussed elaborately in Section 4.4. Moreover,
its usefulness in the AU detection problem has already been shown in Section 4.9.1
where it was observed to be the top performing one among all types of geometrical

representations.

Differences on face surfaces, whether due to permanent or transient face features
(see Section 2.2), can be thought as 3D spatial deformations of a surface from a refer-
ence face surface. By mapping 3D surfaces onto 2D curvature fields, we can describe
the actual 3D spatial surface deformations in terms of 2D spatial deformations and
curvature changes. Notice that this conversion is not invertible due to the curvature
representation of 3D geometry, though this is not a concern since we do not intend to

reproduce the 3D faces, but only to analyze them.
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6.2. Registration-based Data-driven Recognition

We aim at non-rigid registration onto references specific to expressions rather
than onto a common reference. In contrast to non-rigid registration implemented by
model-driven techniques, no facial shape information is assumed in this approach. We
discuss the relationship between estimated correspondences and shape variations in the
following subsection. This discussion is important to understand the way our approach
achieves identity normalization and expression analysis. In Section 6.2.2 we present the
details of the proposed approach based on expression specific references, and explain

the way to determine these references in Section 6.2.3.

6.2.1. Do Estimated Correspondences Represent Shape Variations?

In Section 5.5.3 we have investigated correspondence estimation between different
identity and expression images by non-rigid registration. Correspondences are required
so that we can extract shape variations that contain useful information about identity
and expression. Although this appears reasonable, we wonder whether estimated cor-
respondences really represent shape variations. Before answering this question, let’s

review relevant points in registration.

In landmark-free non-rigid registration of an input surface or image onto a ref-
erence, generally there are three basic factors that determine the relationship between
estimated correspondences and shape. The first one is our reference image, since cor-
respondences explain shape variations with respect to the reference face. The second
one is the employed image similarity metric. This metric characterizes the type of
similarity accounted for on the correspondences. In this study we use sum of square
distances as given in Equation (5.3). This metric actually implies modeling the differ-
ences between input image and the reference by a zero-mean Gaussian noise. The last
factor is the deformation model. The estimated mapping functions ¢ are restricted to
given deformation models. In our study we enforce deformations to be hyper-elastic
by minimizing the deformation energy given in Equation 5.14. This model provides

diffeomorphic mappings since resulting deformation is differentiable, smooth and injec-
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tive, but also quite flexible (more flexible than conventional elastic models). There are
also other factors related to the implementation of the registration model. Issues like
discretization, approximation and optimization techniques can affect the estimation
results since we are often confronted with suboptimal solution risks (local minima in
cost minimization) in non-rigid registration problems. However, since these issues are

related to implementation, we ignore them in this discussion.

A condition to ensure that estimated correspondences represent shape variations
is the image matching condition. In our case we hypothesize Gaussian noise model
for matching residuals, and as a consequence, our image matching condition is that,
pixel intensity differences between the reference and the registered images must be
small all over the reference domain. Note that, this condition may not be satisfied
well if we use luminance instead of curvature images since brightness of images can
be severely modified by illumination effects. In this case there would be more sensible
choices, such as the normalized cross-correlation metric or mutual information mea-
sures. Physiognomical features of the face satisfy the image matching condition to a
large extent, so that extraction of 2D spatial shape variations becomes possible. On
the other hand, existence of transient features of expressions like bulges and mouth
cavity (see Section 2.2) means we have to confront with missing correspondences since
these structures will not always be available. During pairwise registration, missing of
correspondences in one of the images can mislead the deformations and therefore can
cause local distortions on estimated shape deformations. Nevertheless, even though ex-
pression specific non-corresponding regions are problematic for non-rigid registration,

they become useful for recognition in our method, as will be explained in Section 6.2.2.

However, even if physiognomical features provide clues essential for correspon-
dence estimation of the shapes, unless the deformations can be adequately modeled
by the adopted deformation model, we cannot obtain plausible shape deformations.
Hence choice of deformation model is the second important consideration. Our defor-
mation model is highly flexible and its rigidity is adjusted by the parameter p given
in Equation (5.19). For instance, registration of smiling lips onto a neutral face under

varying elasticity is shown in Figure 5.9. We see that lips can be neutralized totally
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only when we decrease the rigidity. However, allowing extremely deformable models
may also cause implausible estimation of shape variations due to the ill-posed nature of
the problem, and second, disturbing effects of small mismatch regions and noise cannot
be suppressed adequately. In other words, a more flexible model means a higher risk
of unrealistic inconsistencies on the shape estimation. An example to this situation is

seen in Figure 5.9, in the left column with curvature images when p < 500.

We can now answer the question we had posed, “Do estimated correspondences
represent shape variations?”, as follows: If our reference image resembles to the input
image according to the employed similarity metric and the non-rigid deformations
can be sufficiently mitigated by the deformation model, then we can achieve accurate
estimations of shape variations. However, if the amount of non-similar regions increases
and actual deformations do not obey to the deformation model or are larger than the

allowable transformation range, the shape estimation will not be reliable.

6.2.2. Registration onto Expression Specific References

When we examine the previous registration-based methods (see Section 2.5), we
see that they are all model-driven and they first extract motion describing the change
in shape and pose with respect to a reference frame, which is either subject’s neutral
face or estimated mean face shape, and then use the deformation data in classification
and/or for the normalization of the face appearance. Instead of estimating deformations
with respect to a reference common to all faces and expressions, in our approach
we use references specific to expressions. Our approach is depicted in Figure 6.1.
Given a reference image I, for a matching similarity metric and a deformation model,
we estimate a mapping from the domain of the reference D; to the domain of the
input image D;. This estimated deformation is denoted by ¢y;. Thus, we warp the
input image by resampling according to the inverse transformation q§1:11 The resulting
registration onto the reference is denoted by I; o ¢px;. We then perform expression
analysis on either the registered image or on the normalized deformation field, as
explained in Section 6.3. This approach can also be directly implemented with direct 3D

surface registration techniques, i.e., without performing any 2D mapping. Notice that
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when directly using estimated deformation fields for recognition, we normalize them in
order to refine the pose estimates according to the estimated correspondences, because
initial pose estimation methods, like landmarking or ICP algorithm, are actually based

on few and/or less reliable correspondences than the non-rigid registration can provide.

Refined Pose

Normalization

Pose gfvf:r:.matlon Estimation Deformation Registration
Normalized : i
Input >- Refere_nce:l];_; . ) ’ ¢ki ;o ¢ki ! Mat‘i“:;?yz?;tem
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Figure 6.1. Block diagram of non-rigid registration-based data-driven expression
analysis. A mapping ¢y; from domain of a given reference Dj onto domain of an

input D; is estimated to realize non-rigid registration for matching pattern analysis.

All deformed, that is, non-rigidly registered input images become more similar
to the reference. This means that they resemble in identity and in expression to the
reference up to the extent allowed by the chosen deformation model. Compensation of
identity differences is helpful since differences in physiognomy can confound expression
analysis. On the other hand, expression normalization may cause us loss of some
important information. For instance, imagine how we can decide whether a person
is smiling or not, if we pull back the smiling lips to a neutral state. Though there
would still remain information about the smile deformation in the curvature data, in
the absence of spatial deformations the discrimination power of a smile detector may

be diminished.

One of the benefits in using expression specific references is to cope with these
situations, because if we register pulled lips onto a reference with similar lips, that is
shape deformation, we can still preserve the essential lip shape. However, we should

also prevent pulling of neutral lips all the way to smiling lips. This can be done
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by decreasing the elasticity of the model so that we limit the extent of deformations.
Figure 5.9 shows two examples, which are both registered using curvature or luminance
data. From the curvature registrations we see that with the lowest rigidity value
pulled lips are neutralized while with the highest rigidity the lip shape is preserved.
Consequently, by using expression specific reference, we in fact implicitly incorporate

shape information in the analysis.

However, a question that may come to mind if do we achieve full subject identity
normalization when we limit the allowable deformations. Our experiments show that
normalization suffers, however, not very seriously. In contrast to expressions that
remain local, identity induces differences over all the face resulting configurational
changes (relative positioning of face parts) as well as in the shape of face parts. Since the
face parts always have distinctive characteristics with relatively high surface curvatures
in larger scale, their registration is achieved even if we make deformations more rigid.
For instance, in Figure 6.2 registration of different identity and expression faces onto
neutral and smiling references are illustrated. These registrations are obtained with
p = 500 (Equation (5.19)), that is, with a quite rigid model. Notice that the identities
of the references is of the same subject. In the last column differences between the
warped and original inputs are shown, and these difference images indicate the motion
of normalization. The first row illustrates registration of neutral face onto another
neutral. We see slight traces of facial parts. However, in the second row which belong to
neutral face of another subject, the local deformations are as follows: mouth is moving
upward, lips are bending, nose is shrinking in both horizontal and vertical directions,
and eyebrows and eyes are moving downward. This is as a result of differences between
the subjects due to the changes in physiognomy and facial part shapes. Notice that
the same motion exists in the rest of examples as physiognomy of subject C is matched
to the physiognomy of A in the rows 3-5. This means that we can still normalize
the identity of the subject even in the presence of expressions in the reference or
the input. However, when we examine the smiling faces we also see some expression
normalization motion. This also means that the effort to compensate for differences
in physiognomy could also wipe out spatial deformation component of lower intensity

expressions. Therefore, there is a trade-off between suppressing identity effects and
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preserving shapes of lower intensity expressions controlled by the rigidity parameter.
Setting this parameter to low rigidity values may handicap detection of some lower
intensity expressions if we try to recognize expressions only from estimated deformation
fields. Actually, this intricacy is also valid for the human brain: without seeing a neutral
face of a person, it is often quite difficult to recognize subtle motions on the face, or
conversely for instance, some neutral faces appear as if they are smiling. FACS [19]
also mentions this situation and it is why human FACS coders are recommended to
work in a subject-dependent manner, i.e., by encoding AUs relative to the neutral face.
Nevertheless, by using surface curvature data we still preserve substantial deformation

information that helps recognition of low intensity expressions.

The second benefit of expression references is related with the transient features of
expressions (see Section 2.2) since certain transient features appear only with certain
expressions. Expressions give rise to transient features especially in the curvature
data; furthermore the extent of these transient features increase proportional to the
strength of the expression, as in the example of furrows in smile. Transient features
may become a problem for non-rigid registration if they do not exist on the reference.
In our approach transients are not problematic even though they effect registration,
in fact, resulting local mismatches provide informative clues for expressions and/or
AUs. The regions containing expression specific features in the positive samples will fit
well to the reference while negatives will not, resulting in low and high residual values

respectively.

In conclusion, the approach of using registration to expression specific references
can be considered as an unsupervised technique of incorporating shape into the ex-
pression recognition since shape is not learned by landmarking. Shape information
is employed implicitly by evaluating non-rigid similarities between the input and the
reference images. Thus, we can design subject-independent and data-driven expression
analyzers which are robust against ambiguities arising from alignment errors and non-
rigid shape variations not related to expressions as well as effectively capture transient

features of expressions.
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Figure 6.2. Registration of different identity and expression faces onto neutral and

smiling references (p = 500). The images at the last column show the differences

between the registrations and inputs where gray tone denotes zero difference.

Through these difference images we observe how identity and expression related

deformations are removed.
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6.2.3. Expression Specific References

Since reference images lead the deformations of input images and thus control
the appearance of the registered images, depending on the employed reference we may
obtain different success in recognition. Therefore, an important point in this approach
is to determine expression specific reference images. We can select a sample from the
training set to be used as a reference, or instead, we can estimate a mean image for
each type of expression so that the analysis will not biased by the choice of a single

sample.

Cootes et al. [97, 98] use an iterative method to estimate the mean face for diffeo-
morphic statistical shape model construction of neutral faces. However, this approach
still requires a manual reference choice for initialization and since the registration
method requires that all the other samples deform toward the initially chosen refer-
ence, the result will be biased. Charpiat et al. [99] suggest an optimal way by proposing
an objective function that involves joint diffeomorphisms of all the images instead of
minimizing objective functions of pairwise registrations. Thus the mean is calculated at
the last stage rather than by iterative updates during the groupwise registration. Since
groupwise registration is not established by pairwise registrations onto a fixed reference,
the resulting diffeomorphisms and consequently the mean will not be biased towards
the chosen initial reference. A drawback of this method is a heavier requirement of

computational resources in proportion to the number of individuals.

An important concern for using the mean images is that, high degree of the
variability in expressions may cause blurring effects on the mean images and relevant
image structures related to the expression can be smoothed out and crucial details
may be lost. However, expressions, especially the AUs, necessitate preservation of
local details, and because more than one AU can present different local characteristics
due to the interactions with other AUs, averaging over different modes of the AUs will

not be appropriate.

In view of these drawbacks, we subjectively determine the reference images from
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training samples. We select references from the most typical examples for each ex-
pression, i.e., the ones that clearly include the most important characteristics of the
expression or expression component. In Section 6.4 we propose the use of more than

one reference for expression recognition.

6.3. Recognition through the Matching Patterns

To recognize expressions, we train classifiers which learn matching patterns be-
tween the samples and expression references. Images that are warped to match with
an expression reference will bear differing patterns depending on being a positive or
negative sample image of that expression. We expect to observe positive samples fit-
ting well, and negatives samples poorly. As explained in Section 6.2.2, this is because
local expression features are specific mostly to an expression and are not expected to
be present in most of the negative images. In the following subsection we describe
a method for local analysis of AUs. Section 6.3.2 explains recognition through the
matching patterns over curvature fields and rationales behind using different classi-

fiers. Finally, use of deformations fields is described in Section 6.3.3.

6.3.1. Local Analysis by Rol Masking

In this method we use region of interest masks per AU (Rol masks) to test the
hypothesis of the presence of that AU. Since AUs happen locally, we filter out irrelevant
facial regions by using these Rol masks. Thus, once the face is registered, only face

regions under the Rol masks are examined.

We have designated a Rol mask for each monotype AU without any non-additive
combination over its reference image. These masks were prepared by manual delin-
eation based on the knowledge of each AU as follows: First, sample face images only
containing that AU (other AUs that do not significantly change the target AU deforma-
tions are allowed) are registered onto the reference of the respective AU by non-rigid
image registration, and an average curvature map is computed. By comparing this

averaged AU specific curvature map and the averaged neutral map visually, and based



108

on our intuitive notion of that AU, we crop the most differing region(s) to generate the
Rol mask. Figure 6.3 depicts this process for monotype AU 12 (Lip Corner Puller).
First, samples of this expression are registered on the AU 12 reference and then its
mean over all the registered samples are estimated. Similarly a neutral reference face
is generated. Finally, a mask is cropped by visual comparison of averaged AU 12 and
neutral images. Examples for some of the other mean AUs and their masks are shown
in Figure 6.4, where the left image for each AU shows the actual image from a subject;
the right image shows the estimated mean image obtained from the samples of that
AU, viewed through its corresponding analysis mask. The analysis masks delineate AU
activation regions. To train an AU detector, all positive and negative class samples for
a target AU are first registered onto its reference and then masked, so that the local
matching patterns of these two classes can be learned. This procedure is depicted in
Figure 6.5. Thus, our AU detector is composed of three stages: First, an incoming face
image is registered to the AU specific reference in a non-rigid fashion; next, warped
face is masked to perform local analysis; finally positive and negative hypotheses are

tested for a decision.
6.3.2. Matching Pattern Analysis Over Curvature Fields

For classification we use four generative and three discriminative classifiers. The
generative classifiers are the four types of Normal Bayes classifiers, which are nearest
mean, Naive Bayes, Quadratic Normal and Simplest Quadratic Normal. The three
discriminative ones are AdaBoost, linear and RBF-SVMs. These classifiers and the
procedure to train them are described in Section 4.6. Here, we discuss their use in the

non-rigid registration framework.

For registration of an input facial surface onto reference, we minimize the match-

ing energy E); between their curvature fields

1

Bu(@) =y [ (oo~ Lip) dp (61

as described in Section 5.1. After registration, discretized matching energy corresponds
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Figure 6.3. Preparation of a Rol mask for monotype AU 12 - Lip Corner Puller.

Average of the registered AU 12 samples are computed and then visually compared



Figure 6.4. Average of curvature images (right) of selected AUs under respective

analysis masks; and actual AU instances (left).
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Figure 6.5. Training of a registration-based AU detector. In testing the same

registration and masking is applied, and classifier decides whether the AU exist or

not.

to matching error over image pixels as given below.

Ey = Z (Ii o ¢ui(r,y) — Ii(z, y))2 (6.2)

x?y
The matching objective assumes that pixel intensities of registered images differ only
by zero-mean homoscedastic Gaussian noise. Therefore, if we have N samples that are

accurately registered and satisfy this assumption, the statistics below must be such

that the sample averages are very close to the reference pixel values and they have
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small variance over the image domain.

N
1
aveg(z,y) = ¥ E I; o pui(x,y)
=1

N

varg(x,y) = ﬁ Z (L- o ¢ui(x,y) — avek(%y)>2

i=1

(6.3)

If our reference is a typical realization of an expression or of an AU class, we expect
that, these assumptions will be satisfied more easily over the related face regions for
positive samples than for negative samples. Therefore, we can design classifiers under
the Gaussian assumption for the registered images, or equivalently for the registration
matching errors. Let’s consider the nearest mean classifier on the registered images,
which is the simplest Normal Bayes classifier. We can interpret this classifier as follows.
It corresponds to using two generative models for the image matching errors: one for the
positive and the other for the negative hypothesis. When we use a reference which bears
image structures of positive samples, positive samples should generate lower matching
error than negatives. Therefore, nearest mean actually classifies the matching errors

of the positive and negative samples.

We can also incorporate pixel variances in the classification by estimating a single
diagonal covariance matrix from pooled data of positive and negative samples. This
corresponds to the use of Naive Bayes classifier. Hence the net effect will be to weight
the matching errors inversely proportionally to their estimated variances, so that less
reliable pixels in the Rol mask will be down weighted. This is due to the assumption

mentioned above, variances should be smaller for more accurately registered regions.

However, use of linear classifiers in this non-rigid registration-based detection
framework may not be the most effective approach. This is because linear discrimina-
tion means weighting of the registered pixels will be identical for positive and negative
hypotheses, which actually may not conform to our model. In fact, we use expression
specific references so that similar deformation types fit properly, but those of other
deformation types do not. Since we expect good quality matches to have small vari-

ance values, and conversely for the negative samples, we employ quadratic Gaussian
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classifiers.

Sample mean and variance estimations (as given in Equation (6.3)) for dimple and
mouth opening facial actions are shown in Figure 6.6. In mean maps, gray pixel denotes
zero value and lighter the pixel is lower mean value. In variance maps, darker pixel
values represent higher variance values. When we look into the mean estimates over
the positive samples which do not contain non-additive combinations, we see that these
average difference images are well localized, because they are calculated from similar
expressions. On the other hand, for negatives differences are more spread. A case
in point is the mouth region of the mouth open expression where local mismatches
due to negative samples are spread over a larger region. In fact, sharpness of the
pixel variance maps indicate the quality of registration. We first see that eye regions
yield high variance, which means eye mismatches are frequent or the variations on the
eye curvatures are quite high. Second, for dimple case the positive sample variance
estimates over the lips are low, and conversely they are high on the negative estimate
due to all other shapes assumed by the mouth in other expressions. We see similar

effects for the mouth open case, shown on the right.

In Section 6.5 we report the detection performances of the two linear and two
quadratic Gaussian classifiers in order to validate the assumptions made by these gen-

erative classifiers.

Discriminative classifiers, on the other hand, do not model the likelihood function,
instead they try to learn the best discriminant function directly. For instance kernel
SVM classifiers choose some of the training samples as support vectors to obtain a
linear separator in a higher dimensional space than that of the data vectors. These
support vectors take place along the decision boundaries and are assigned weights to
optimally separate class distributions. In our problem, these support vectors are the
registered samples. The observation that quadratic discrimination can perform better
than linear discriminators, points out to the potential of non-linear classification. Since
RBF kernels have the capacity to capture non-linearities in a wide range depending on

the hyper-parameters, it may find better separators.
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Reference Face (dimple) Reference Face (mouth open)
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Figure 6.6. Mean and variance estimation over images that are registered onto dimple
(left) and mouth open (right) reference face actions. Estimations are done over
positive (only ones without non-additive combinations) and negative samples

separately. In variance images black regions represent high variance pixels.

The third discriminative classifier is the AdaBoost algorithm, which can also be
conceived as a feature selector (see Section 4.6). It uses weak classifiers which are
weighted according to their discrimination ability. In our implementation, we have
employed the nearest mean classifier as the weak classifier. When used as feature
selector, AdaBoost selects the best discriminating curvature pixels over the registration
reference domains. This means that we can also avoid the preparation of the AU
masks and let AdaBoost select the effective pixels automatically. This allows us to

investigate the whole reference domain exhaustively in the training stage rather than
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committing ourselves to subjective chosen masks. In the experiments in Section 6.5.1,
the performances resulting from the automatic selection of the reference domain pixels

and from manual selection of Rol masks are compared.

6.3.3. Matching Pattern Analysis Over Deformation Fields

We can also perform analysis over the estimated deformation fields ¢y;, instead
of registered images [; 0 ¢y;. Estimated deformation fields contain facial shape informa-
tion, though the accuracy of shape extraction depends on the registration as discussed
in Section 6.2.1. Actually, estimated deformation field ¢y; and the resulting registra-
tions I; o ¢y; carry complementary information since registration means application of
inverse mapping ¢y; . For instance, estimated deformation field between a reference
face with pulled lips and a neutral test face will possibly include motion pulling the
lips back as well as deformations that removes identity differences. Conversely, after
registration by applying inverse of this deformation, the lips of the neutral test face
will be pulled and identity differences will be compensated. In our implementation, we
can control the extent of deformation employed by the rigidity parameter p in Equa-
tion (5.19). We increase the value of this parameter, if we want to limit the extent of

deformations generated by the hyper-elastic model which is explained in Section 5.1.2.

In our registration technique, the degree of freedom of a deformation is determined
by the registration meshes, which are automatically generated according to images as
described in Section 5.2. Therefore, rather than resampling deformation fields on the
image grids, we use displaced mesh vertex coordinates as features for classification.
Thus, dimension of the deformation features are typically much less than the registered
curvature features. In our experiments we use 96 x 96 size images, and typically,
while face domain size is about 5000 pixels, the number of mesh vertices is about 100.
In Figure 6.7 we show an estimated deformation field example, by registration with

= 500. We see the deformation of a reference with open mouth toward an input face
of another subject with closed mouth, as a motion field making the lips more closer.
The estimated motion is better seen by the superposition of the deformed and the

initial meshes.
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Figure 6.7. Deformation of a reference with open-mouth toward an input face of
another subject with closed-mouth. Registration is performed with p = 500.

Superposition of the deformed and the initial mesh shows the estimated motion.

We have to use deformations only after normalizing (similarity normalization) in
order to minimize confounding effects of pose. Initial alignment done by techniques
like landmarking or ICP algorithm are actually based on few and/or less reliable cor-
respondences than the non-rigid registration can provide. Therefore we are likely to
observe significant residual pose effects in the estimated motion field. These effects can
disturb the recognition task. For this reason we estimate and compensate for transla-
tion, rotation and scale differences. These transformations are solved by linear least

squares using the estimated displacements of the mesh vertices.

Otherwise, we employ the same seven classification techniques as described in
the previous subsection, i.e., feature selection by AdaBoost and then recognition with
Gaussian and SVM classifiers. Finally, we consider fusion of the deformation fields
with registered curvature fields to exploit any complementary shape information. For

this purpose, we apply AdaBoost on the concatenated feature set of both components.
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6.4. Multiple Reference Scheme

A difficulty in AU detection problem is high within-class scatter due to the ex-
istence of different types of deformations, not only for a negative class but also for
a positive AU class. The registration-based approach offers a convenient way to deal

with this issue.

The variations among the samples of an expression or AU class can be too much
to be adequately modeled by non-rigid transformation to a single expression reference.
This may limit the performances of detectors due to increased correspondence prob-
lems and registration mismatches. A typical example of this situation occurs when
the AUs appear in non-additive combinations. While in additive combinations charac-
teristics of individual AUs are preserved, non-additive combinations can considerably
alter the characteristics of the combining AUs. In fact, FACS separates additive and
non-additive AU combinations. FACS furthermore defines a new set of features for
each such combination. This is why some authors treat certain AU combinations as a
separate class [33]. However, this approach is feasible only for a small number of spe-
cific combinations. By employing multiple references that bear different characteristics
of an AU, we can obtain different registrations each of which may facilitate analysis
of different types of an AU, because certain AU samples will locally better fit to the

certain references. Thus we may alleviate within-class scatter problem.

Each such reference will be representative of a subset in an AU’s instantiations.
For example, let’s consider detection of AU 12 (Lip Corner Puller), for which in Fig-
ure 6.8 four samples without non-additive effects are shown. It is quite likely to en-
counter combination of AU 12 with AU 25, that is, mouth may be opened in addition
to the pulled lip corners as in displayed Figure 6.8. In this case the appearance of
AU 12 will be quite different from the former instances. Therefore, when we use a
monotype reference the mismatch in AU 12 may deteriorate due to the co-occurrence
of AU 25. However, if we use an open mouth reference as in Figure 6.8, we will obtain

matching pixels inside mouth.
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Figure 6.8. Color and surface mean curvature images of various AU 12 - Lip Corner
Puller instances. (a-d): only pulled lip corner deformation, (e): open-mouth, and

(f-h): pulled lips and open-mouth together.

Another way to improve our detector can be to extract features that better rep-
resent the negative samples as well. So far we were interested in better matching of
positive expression samples only, vis-a-vis of negative samples. Actually we could ap-
proach to problem in an opposite direction as well, that is, we could use more references
representing the negative samples. Since negative samples encompass a much larger

set of variations, the negative class can benefit more from multiple references.

The multiple reference scheme for expression recognition is illustrated in Fig-
ure 6.9, and is based on selecting the most discriminative and parsimonious set of
curvature pixels from different references. To this effect we use the AdaBoost feature
selection. The input feature vector for AdaBoost is created simply by concatenating
all registered pixels of an input sample image in a vector. As shown in the block di-
agram in Figure 6.9, first, the input image is registered onto all references. Next, the
best performing pixels according to the AdaBoost algorithm are picked up from the
different reference domains, and this forms the joint feature vector. Finally, a classifier

is trained on the fused feature vector. Some example registrations of two different
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Figure 6.9. Detection of a target AU by multiple registration-based AU detector.
Example registrations of two different input expression faces of a subject with a quite

elastic model (p = 10) are shown below.

expression faces of a subject with a quite flexible model (p = 10) are also shown in Fig-
ure 6.9. The reference subject is the same for all registrations. From these registration
examples we observe different deformations of the input images due to the expression

specific references. We see that while some of the deformations are good estimations
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of shape differences, others are locally unrealistic. This is due to the transient features
of expressions and use of a very flexible model. Nevertheless, both types of results are

informative for recognition.

Obviously, the more references we include in the pool the better will be the selec-
tion of AdaBoost and hence potentially the performance would improve. It is important
to select the reference sets so as to incorporate many facial features of expressions for
the positive classes and of the remaining expressions for the negative classes. In our
design we limited the number of references to 23 as a compromise between computa-
tional load of registrations and representative thoroughness. We selected a set of 23
reference faces by visually inspecting their database samples, and use this set for test-
ing all 25 AUs. All the expression references are selected from only one subject (shown
in Figure 6.6 and Figure 6.9), in order not to use test subjects as references for the
person-independent evaluations. Notice that though we employ many references, our
reference set does not have to cover all types of facial deformations of AU combinations.

In Section 6.5.2 and Section 6.5.4 we evaluate effects of references.

6.5. Experimental Results and Discussions

6.5.1. Rol Masking versus Automatic Coordinate Selection

In order to compare local analysis done by manual Rol masking (see Section 6.3.1)
with automatic coordinate selection via AdaBoost (see Section 6.3.2), we performed
detection experiments on the Bosphorus-DS1 dataset containing 1771 faces. As de-
scribed in Section 3.1.3, DS1 dataset is composed of monotype 22 AUs, hence this
experiment deals with faces possessing only one type of AU without any non-additive

combination.

The experimental setup is as follows. For each monotype AU we used a typical
instance of it as a reference and applied registration with the rigidity coefficient set at
p = 500. The mean curvatures of facial surfaces are mapped by the LSCM technique

and resampled on 96 x 96 image grid. The resulting average size of reference image
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domains is 5212 pixels. We tried different number of features (curvature pixels) with
AdaBoost feature selection and observed that after 200 pixels the average performance
does not improve. On the other hand, the AU masks, some of which are shown in Fig-
ure 6.4, cover approximately between 400 to 1000 pixels depending on their activation

regions.

In Figure 6.12 we see the differences between the two methods from the bars de-
noted by “Rol Masking” and “Single Registration” under three classifiers. These results
show that finding pixels that have the most discriminating capability is better than
manually selecting them according to their activation regions. The best performance
was obtained with quadratic Gaussian classifier. Quadratic classifier also achieves
higher performances than Naive Bayes and nearest mean for all the registration-based
techniques, as shown in the bar chart in Figure 6.12. Since DS1 is a dataset of single
occurring AUs, that is, mostly a single deformation exists for each AU, these results
validate our assumptions (see Section 6.3.2) that variances are informative in discrim-

inating between positive and negative deformations.

Figure 6.10 compares manually and automatically selected pixels for one upper
and two lower face AUs. In this figure 200 AdaBoost-selected pixels are shown on the
reference images for each AU while the manually selected regions of interest is por-
trayed in the insets. Although the density of the selected pixels is slightly higher in the
AU activation region, it is interesting to observe that AdaBoost-selected pixels actually
take place all over the face. There may be three explanations for this situation. First of
all, AdaBoost selects the most discriminative pixels such that in every successive train-
ing iteration, the recruited pixel set is the best performing one over the misclassified
samples in the previous iterations. Therefore, a parsimonious set of AdaBoost-selected
pixels may be sufficient for AU activation regions. The second reason may be the corre-
lations between the AUs occurring on different face parts, which are captured at feature
level through the AdaBoost. Since Bosphorus-DS1 dataset is composed of monotype
AU samples involving few co-occurrences with AUs at other regions, we may encounter
negative correlations; for instance when detecting deformations on lips, actions on eyes

are found only in the negative classes and are not co-activated frequently with lip ac-
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tions, hence this may be the reason why AdaBoost selects some pixels from the upper
face. A third reason may be the estimated deformation fields itself; it may be possible
that estimated face deformation due to an AU may spread to an area larger than the

designated one.

| Y &= ruzs

Figure 6.10. 200 AdaBoost-selected pixels are compared with manually selected Rol
mask pixels for AU 1, AU 16 and AU 28. Registration with p = 500 was performed

on 96 x 96 pixel images of surface curvature mapped by LSCM technique.

6.5.2. Multiple References versus Single Reference

With the same setup as in the previous subsection, we compare use of single
expression specific reference with the use of more than one reference, on the 22 AUs of
the DS1 dataset. For the multiple reference scheme case, we register the inputs on the
22 AU and a neutral face reference. In other words we use the same set of 23 references
for every AU. Thus, the feature vector, i.e., the total number of pixels belonging to

different references, is about 120,00.

Figure 6.11 compares the performances with multiple references versus single
reference under the quadratic Gaussian classifier and different number of features. We
see that using more than one reference improves the performance, which is statistically
significant since the overlap in confidence intervals are minor. For both of the methods,
after 200 features the results did not improve as shown in Figure 6.11. Figure 6.12 shows
that this improvement on the DS1 dataset is consistent under three different classifiers.

In Section 6.5.4 we examine the effect of references on the detection performance, and
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Figure 6.11. Average AuC values and 95% confidence interval estimates of single and
multiple registration-based AU detectors on the Bosphorus-DS1 dataset under the

quadratic Gaussian classifier with varying number of features.
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in the rest of the experiments we use the same 23 references in registration-based

detectors.

6.5.3. Sensitivity to Elasticity

For registration-based detectors an important parameter is the p given in Equa-
tion (5.19) that controls the rigidity to the shape deformations. As explained in Sec-
tion 5.3, p controls the regularization, is necessary to estimate plausible deformations,
and it is set a priori. As depicted in Figure 5.9 lower values of this parameter allows
larger deformations. To determine how to set this parameter, we investigated the de-
tection performances under different p values. We tested multiple reference detectors
using the 23 references as in Section 6.5.2 with varying p values. In this experiment we
used the Bosphorus-DS2 dataset (see Section 3.1.3) which is composed of 2902 faces
encompassing all the expressions with full FACS codes. This was also the experimen-

tation dataset used in Chapter 4.

Figure 6.13 shows the recognition performance as a function of p, obtained with
orthogonal projection and 200 features under quadratic Gaussian classifier. The p
values are logarithmic on the x-axis. We see that the performance is not sensitive to
the elasticity within a range from p = 0 to p = 10%. Notice that this range is quite
wide since p = 10? strongly penalizes deformations. At the right end of the graph, the
performance drops to 92.9% when p goes to infinity. This corresponds to no deformation
at all, hence no non-rigid registration, which means that we can still recognize AU even
though we employ only 3D rigid registration and raw mean curvature values, i.e., no

other feature transformation like Gabors.

It is somewhat surprising that the highest performance 96.3% is attained for
p = 0. In other words, for recognition task over the mean curvature fields, elasticity
constraint, hence regularization is not necessary. This is surprising because regulariza-
tion is a critical component in non-rigid registration problems. The role of regulariza-
tion is to generate plausible shapes. An explanation could be that, for the recognition

task, it is not important to estimate the most plausible deformation, but to generate
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the most discriminating matching patterns.

Many registration examples with p = 0 and p = 500 are illustrated in Figures B.1-
B.10. The figures are set as follows: The reference face is at the top, several input
faces of different subjects with lower and upper face deformations and neutral faces
are shown in the leftmost and rightmost columns, and the registration results are in
the middle two columns. Notice that in all these figures, the inputs are the same,
while the reference and/or p vary. For instance Figure B.1 and B.2 show registration
onto a neutral reference with p = 0 and p = 500. In general we see that without
regularization abrupt or non-plausible shape changes can occur on certain parts of the
face, while for p = 500 registration results in good matches over facial parts for all
subjects but with limited expression deformations. The only exception is when there
are non-corresponding parts, as in the case of open and closed mouths. However,
despite the more plausible registrations with regularization (p = 500), the performance
does not improve, in fact it drop slightly to 96.0%, 0.3% lower. Use of deformation fields

instead of curvature fields with p = 0 and p = 500 is also compared in Section 6.5.5.

We have found that the quadratic classifier is less sensitive to the elasticity pa-
rameter than the linear classifier (Naive Bayes). The performance of linear classifier
declines from a maximum 96.3% AuC for p = 0 to 95.2% for p = 103 whereas for
quadratic classifier it drops less to 95.8%. This may be explained by the variance re-
duction effect of using a Gaussian model for image similarity metric, as described in
Section 6.3.2. Increasing rigidity means deformations will be penalized more so that
negative samples will not be able to deform sufficiently and therefore cause higher vari-
ances. Therefore, since quadratic classifiers use the information coming from variances

while linear classifiers do not, the performance of Naive Bayes drops more quickly.

Figure 6.14 shows the performance differential of AUs resulting from p = 0 and
p = 1000. We see that almost all the AUs are negatively affected when we employ a
high rigidity model and there are very few instances of performance increase with rigid
model for any of the AUs. Therefore, in the rest of the experiments we do not use any

regularization.
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Figure 6.13. Average AuC values and 95% confidence interval estimates for different

p values when multiple reference registration-based detectors are used with 200

features and quadratic Gaussian classifier.
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Figure 6.14. Performance comparisons under quadratic classifier (200 features):
p=10% vs. p=0. On each AuC bar AU code (bottommost), a star if performances

are significantly different, positive samples and 95% confidence intervals are displayed.
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6.5.4. Effects of References

In this experiment we examine the effect of the number of employed references
on the performance. For every AU the same set of references are employed. We start
first with lower face AU references, and then add upper AU references, the selection
being arbitrary. Figure 6.15 shows the recognition performance as a function of the
number of references. The first reference is of the neutral face and we obtain 94.7%
averaged AuC. This value suddenly increases to 95.6% by adding a second reference,
which is of AU 10 - Upper Lip Raiser. Notice adding a third or further references the
performance increments is very slow. We switch to adding upper facial AU references
after the 18" reference. With the introduction of the upper face AUs, the performance

curve settles at 96.3%.
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Figure 6.15. Average AuC values and 95% confidence interval estimates for varying

number of references under quadratic Gaussian classifier with 200 features.
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6.5.5. Deformation Fields versus Curvature Fields

We compare the use of two estimated fields for AU recognition, namely, that
of spatial deformation and of registration of the curvature field. The feature length
of the deformation fields collected from different reference is about 2,200, much less
than that of the curvature fields, which is about 120,000. The performance results are
shown in Figure 6.16 as a function of the number of features. We observe again as
discussed in Section 6.5.3, use of deformation regularization is not useful, it actually
causes a performance drop. When we compare the deformation and curvature fields
in Figure 6.16, the curvature field is the winner. The average results for 400 features

without using hyper-elastic regularization is 96.7% and 95.5%, respectively.

Deformation Fields vs. Curvature Fields
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Figure 6.16. Average AuC values and 95% confidence interval estimates of
deformation and curvature field-based detectors under SVM classifier with RBF

kernel with varying number of features.

We have also found that in contrast to curvature fields, when the deformation
field is used, Gaussian classifiers perform considerably worse as compared to SVM

classifiers. With 400 features, RBF-SVM, Linear-SVM and quadratic-Gaussian achieve
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95.5%, 95.1% and 91.9% averaged AuC values respectively.

The deformation field carries the shape information, which is missing in the regis-
tered curvature field since inverse deformations is applied to register. Hence, there may
be useful complementary information between them. To test this, we pooled the two
types of features, and then selected a subset of them by AdaBoost. However, we did
not obtain any gain, the results were exactly the same as with the curvature field alone
case. This finding indicates that either complementary shape information found in the
deformation field is not helpful or the residual shape data of identity differences found
in combination with expression related deformations does not allow effective use of this

complementary information. Therefore the use of deformation becomes unnecessary.

6.5.6. Gabor Wavelets-based versus Registration-based Detection

We compare Gabor wavelet-based and registration-based AU detectors on Bospho-
rus DS1 and Bosphorus DS2 datasets. Figure 6.12 compares Gabors with three different
registration-based detectors, namely masking, single reference and multiple references,
on the Bosphorus-DS1 dataset under three different classifiers. We see that all the
three registration-based detectors are better than the Gabors under all classifiers. The
only exception is that, under Naive Bayes, Gabors achieve higher performance than
the mask-based registration technique. Notice that, while Gabors benefit from Naive
Bayes, registration-based classifiers have higher performance with quadratic Gaussian

classifier.

Table 6.1 compares multiple reference registration-based and Gabor-based detec-
tion on the Bosphorus DS2 dataset. We observe that under all classifiers registration-
based detectors are better. The highest values are obtained by SVM classifiers with
RBF kernels, and registration-based detectors achieve 96.7% average AuC, 1% higher
than the Gabors. Figure 6.17 displays these results for each AU. We observe a big im-
provement for AU 23. Other statistically significant improvements are on AU 7 and AU
14. Also, for many AUs we obtain p-values slightly higher than 0.05, and thus though

they are failed according to paired t-test for 5% significance level their differences are
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Figure 6.17. Comparisons of registration-based and Gabor-based detectors with 400
features. On each AuC bar AU code (bottommost), a star if performances are

significantly different, positive samples and 95% confidence intervals are displayed.

still remarkable.

Another noteworthy observation from Table 6.1 is the very close performances of
by Naive Bayes and quadratic diagonal Gaussian classifiers used in registration-based
detectors. Recall from Figure 6.12 that registration-based detectors achieve higher
performance with quadratic classification on the DS1 dataset. This outcome validates
our assumptions stated in Section 6.3.2 that variances are informative in discrimination
between positive and negative deformation samples. However, with the DS2 dataset
the two average performances are the same, only with one noticeable difference which is
the higher confidence of the quadratic classification results. This contradiction can be
explained by the contents of DS1 and DS2 datasets. DS2 dataset is composed of AUs
that have higher degree of variability due to the many types of AU combinations in
contrast to monotype and clearly occurring AUs of DS1. Therefore, we can benefit more
by quadratic classification on the DS1 dataset since the employed expression references

are good representatives of the AUs that we analyze and thus the variances represent
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genuine within class variations. These results suggest that quadratic classification can
be the appropriate choice when our problem is recognition of prototypical deformations

for which we have good representative references.

On the other hand, when we compare the DS1 and DS2 datasets according to
linear and quadratic classifiers from the Gabor analysis point of view, we do not attain
inconsistent results as seen from Figure 6.12 and Table 6.1. Naive Bayes always per-
forms much better than the quadratic classification. We may think of two reasons for
the failure of quadratic classifiers in case of Gabors: the amount of data samples may
be insufficient for Gabor analysis to have reliable estimates of the variances from the
positive samples, or the quadratic classification model may not be the right assumption

at all for the underlying distribution of the samples.

We also implemented fusion of registration curvature values with luminance Ga-
bor features by combining 400 features from both modalities, then selecting 400 out of
800 via AdaBoost. Results are given in Table 6.2 where we also compare them with
the 2D luminance only case. We see that in the modality fusion, i.e., 2D luminance
and 3D information, using 2D luminance with registration-based detectors is better
than fusion with Gabor-based features. Under RBF classifiers we obtain 97.1% and
under quadratic Gaussian 97.2%. The performance with fusion with Gabor features

were resulted with 96.7%.

In Figure 6.18 we compare 2D luminance, 3D geometry and their fusion for vary-
ing number of features. The 3D geometry is represented in two ways, registration-based
and Gabor wavelet-based. We see that for all the methods the performance is mono-
tonically increasing function of the number of the features, and the rankings do not
change depending on the feature amount. These results prove the superiority of 3D

over 2D, registration over Gabors, and modality fusion over single modality.
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Table 6.1. Average AuC values and 95% confidence interval estimates of Gabor and
registration-based AU detectors. All of the classifiers use 400 features that are

selected by AdaBoost.

Classifier Gabor Registration

AdaBoost 95.4 + 0.4 96.3 £ 0.3
Linear-SVM 95.1 £ 04 96.3 + 0.3
RBF-SVM 95.7 £ 0.5 | 96.7 + 0.3
Quadratic D. 93.2 + 0.5 96.3 + 0.3
Quadratic S. 85.2 £ 0.7 92.8 £ 0.5
Naive Bayes 95.4+ 04 96.3 £ 0.4
Nearest Mean || 92.3 £ 0.6 95.4 + 0.5

Table 6.2. Average AuC values and 95% confidence interval estimates of 2D
luminance and modality fusion-based AU detectors. Registration is applied only on

surface curvature modality for Fusion-Reg. detection, otherwise Gabors are used.

Classifier 2D Lum. | Fusion-Gabor | Fusion-Reg.
AdaBoost 92.8 £ 0.5 95.7 £ 0.3 95.5 + 0.3
Linear-SVM 93.0 £ 0.6 96.4 + 0.3 96.8 + 0.3
RBF-SVM 94.0 + 0.5 96.7 + 0.3 97.1 + 0.3
Quadratic D. || 90.1 £ 0.7 95.1 + 0.4 96.7 £ 0.3
Quadratic S. 63.4 + 1.1 91.4 £ 0.5 95.1 £ 0.4
Nailve Bayes 91.3 £ 0.6 96.7 £+ 0.2 97.2 +£ 0.3
Nearest Mean | 82.8 + 1.0 96.7 £+ 0.2 97.2 +£ 0.3
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Figure 6.18. Average AuC values and 95% confidence interval estimates of detectors
employing Gabors on 2D luminance and 3D surface curvature, and registration on 3D
surface curvature, under RBF-SVM classifier. “Fusion-Reg.”: Feature fusion of

Gabors on 2D luminance and registration on 3D surface curvature using AdaBoost.

6.5.7. 3D Pose Robustness of Registration-based Detectors

In Section 4.9.6, we showed in Table 4.2 that current data-driven expression
analyzers benefit from improved head pose estimation. With Gabor wavelet-based
detectors, we observe a drop from 95.5% to 94.8% on average AuC values when we
train and test the AU detectors after ICP-based automatic 3D pose normalization in-
stead of landmark-based manual normalization. Here, we conjecture that non-rigid
registration-based detectors must inherently be robust to 3D pose since after detailed
correspondence estimation by non-rigid registration, pose related distortion is compen-

sated.

While working on 2D orthogonal projection of 3D faces, out-of-plane pose trans-
formations, i.e., translation in depth and rotations as yaw and pitch, will not be linear

as in the 3D space. Nevertheless, thanks to non-rigid registration we can handle these
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non-linear transformations adequately, which would not be possible with a linear model
in 2D space. An example is demonstrated in Figure 6.19. First row shows the reference
and the input mean curvature images. Notice the differences between the reference and
the input face: 3D pose of the input with respect to the reference is 20 ° yaw rotation,
subject identities are different and the reference mouth is more opened than the input.
The deformation of the reference and the resulting registration of the input obtained
with p = 0, p = 100 and p = 500 are shown below. We see from registered images
how 3D pose, identity and expression differences are normalized, with higher rigidity
value less motion is compensated. Notice from the deformed reference images that,
even with high rigidity value, some pose and also mouth closing deformation can be

estimated.

In order to test whether our conjecture is valid or not, we trained 25 non-rigid
registration-based AU detectors with ICP normalized faces. After testing with several
different values of p, we attained exactly the same performance levels of the landmark-
based manual aligned faces. For instance, selecting 400 pixels from faces registered onto
multiple references with p = 0, we obtained the same 96.3% average AuC and also the
same performances for every AU. This experiment proves that by non-rigid registration-
based detectors, we are able to compensate for any pose estimation imperfections in

automatic processing as compared to manual face alignment.

6.5.8. Non-rigid Registration as a Preprocessor?

We investigated if we could benefit from non-rigid registration employed in the
preprocessing role for conventional feature extraction-based detectors. For this purpose
we apply non-rigid registration at the frontend of Gabor-based expression analyzers,
and also compare their performances with non-rigid registration-based detectors. The
motivation is that, since we are able to reduce the confounding effects of residual pose
and facial physiognomy differences, we may subsequently attain higher performances

also with the traditional techniques.

To examine this conjecture we performed three experiments where we do clas-
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Figure 6.19. Orthogonal projection of an input 3D face with 20° yaw motion is

registered onto a reference face of a different subject and of a wider mouth opening

under three rigidity (p) values.

sification with and without non-rigid registration. In all these experiments we apply
landmark-based manual pose alignment followed by registration performed on the cur-
vature fields with p = 500. The reference is always a neutral face in order to suppress
physiognomical differences while preserving the shape changes due to the expressions.
In the first experiment we use surface mean curvature images; in the second experi-
ment, we apply Gabor feature extraction on curvature images; and in the third case,

we apply Gabors on luminance data.
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The results obtained by using 200 features under SVM classifiers with RBF ker-
nel are shown in Figure 6.20. The relevant observations from this figure and from

experiments with other classifiers are listed below:

e With direct use of registered curvature images we obtain a considerable perfor-
mance gain from 94.4% to 95.9% thanks to non-rigid registration. We have also
noticed that the second best performing classifier for raw curvature data was the
quadratic Gaussian classifier and it achieves 95.1% average AuC with registra-
tion, however, deteriorates seriously in the absence of non-rigid registration, to
92.9%. Other classifiers also incurred in big differences when we did not perform
non-rigid registration.

e In the case of Gabors the differences due to non-rigid registration, whether on
surface curvature or luminance data, seem statistically not significant since con-
fidence intervals overlap considerably. The differences have also been found in-
significant for other classifiers.

e The Gabor analysis on curvature images achieves slightly lower performance as
compared to the direct use of registered curvatures but much better than curva-

ture pixels without registration.

To recapitulate, we have discussed and AU detector which is using AdaBoost-selected
Gabor features, and registers faces in two successive steps, first, with 3D alignment
with manual landmarks and then via scaling of horizontal and vertical dimensions of
2D curvature maps to best fit to the square image analysis domain. The results in
Figure 6.20 prove that this Gabor-based scheme is quite robust to residual motion
and shape differences of facial parts. The reason behind this robustness may be that,
spatial frequencies selected by AdaBoost do not change much with small deformations
of face parts relative to the regions effectively supported by Gabor wavelets, while the
individual pixels vary a lot. Since in this experiment we align face pose by manual
landmarking which is quite accurate, we anticipate that effect of pose in an estimated
deformation field can be negligible compared to identity related differences. Therefore,
these findings suggest that non-rigid registration employed as a pre-processor to com-

pensate for identity differences is not necessary if we apply Gabor-based data-driven
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expression analysis. However, in light of the experimental results in Section 4.9.6 and
Section 6.5.7 where 3D pose robustness of Gabor-based and registration-based detec-
tors are investigated respectively, we deduce that Gabor wavelets are sensitive to pose
alignment inaccuracies and can benefit from the better pose alignment that non-rigid

registration offers.

A0 r - lllno ool
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[ INeutral Registration

QB |-rrr el
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Averaged AuCs

Curvature Curvature-GGabor  Luminance-Gabor

Figure 6.20. Average AuC values and 95% confidence interval estimates of three
types of detectors with and without non-rigid registration as a preprocessor.
Registration is done onto a neutral face. “Curvature”: mean curvature data,

“Curvature-Gabor”: Gabor features applied on mean curvature data, and
“Luminance-Gabor”: Gabor features applied on luminance data. SVM classifier with

RBF kernel is used to classify 200 features selected by AdaBoost.
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7. CONCLUSIONS

In this thesis we have dealt with the facial action unit recognition problem via
3D modality, and have concentrated on person-independent data-driven detection using

static images of expressions. The two hypotheses that we had advanced were:

(i) 3D acquisition must be a better data modality as compared to conventional 2D
cameras since the former captures surface information directly;

(i) Tt is possible to utilize detailed face registration in a data-driven way, i.e., without
resorting to any face modeling, in order to improve the state-of-the-art in auto-
matic expression analysis by handling facial features of expressions effectively,

avoiding all the drawbacks of model-driven analysis (see Table 2.1).

In order to validate these two hypotheses, we prepared an extensive 3D face
database covering a range of expressions, and made our evaluations within the frame-
work of the FACS paradigm. This database is a contribution to the open-access reper-
toire of expression databases and its importance stems from the fact it contains up to 54
face scans per subject including various posed expressions (up to 35 per subject) that
are annotated by a certified FACS coder who scored all the AUs with intensity codes.
In addition to expressions, this database includes systematic head pose variations and

different types of face occlusions.

In the following section we summarize the main contributions of this thesis. Then

in Section 7.2 we discuss possible future directions of our study.

7.1. Original Contributions

7.1.1. Novelties

This thesis presents the first comprehensive study on 3D AU recognition in the

literature, dealing with 25 AUs that occur singly or in various combinations. We
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also address the detection of lower intensity AUs and estimation of their intensities.

Previous 3D studies have focused on prototypical expression recognition.

The novel aspects of the methods developed in this thesis are summarized as

follows:

(i) Data-driven Analysis of Expressions on 2D Maps of 3D Facial Surfaces. We
have developed and compared two categories of data-driven algorithms for facial
expression analysis: recognition using the conventional scheme, i.e., applying fea-
ture transform techniques on pose-normalized face images and recognition based
on non-rigid registration. The property underlying the 3D expression recognition
is the use of 2D maps of 3D facial surface properties. Although we are not the
first one to propose 2D mapping of 3D surfaces, the difference of our approach
is the direct use of 2D-resampled surface curvature values in contrast to previous
studies that use 2D luminance texture maps [48, 49]. This technique provides ef-
ficient processing of 3D data. Another advantage is that, after resampling on an
image grid, the analysis is not affected by differences in surface mesh resolution
and topology.

(ii) Regression-based Facial Action Intensity Estimation. We have developed regression-
based AU intensity estimators that are generic in that they are not subject-
dependent. The estimators are based on e-SVM regression on AU-specific Gabor
features. To the best of our knowledge this is the first work employing regression
for intensity estimation, whether in a subject-independent or subject-dependent
scheme.

(iii) Efficient Non-rigid Registration of 3D Surfaces by Deformable 2D Triangular
Meshes. Registration of faces in man-machine interfaces require computational
efficiency and capability to handle large deformations. Our proposed technique
based on the Green-Lagrange strain allows for larger deformations than the clas-
sical linear elastic models used in registration. The algorithm is also compu-
tationally efficient since it solves the deformation strain forces in triangular el-
ements over which deformation gradient tensor is constant. Also, our method

enables adaptive mesh generation for more detailed calculations wherever neces-
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sary. Furthermore, we develop an efficient surface extrapolation technique that
conveniently completes missing correspondences. The types and topologies of
surfaces that can be handled with this method depend on the 3D-to-2D mapping
technique. For instance, in the case of orthogonal projection one cannot work
when a non-negligible portion of the surface has normal direction very different
from the projection direction. For instance, for registration of the whole head
spherical projection could be used. On the other hand, the limitations of the
LSCM method is that the surfaces must possess disk topology (0-genus mesh
with borders). However, some violations to disk topology constraints like holes
can be recovered by surface interpolation as done in our work.

(iv) Non-rigid Registration-based Data-driven Expression Analysis. The most impor-
tant novelty of this thesis is the utilization of non-rigid registration for data-driven
expression analysis. Our method enjoys all the advantages of data-driven analy-
sis, and also benefits from detailed registration that was previously only possible
within a model-driven method. The attractive aspect is that, the registration ad-
vantage does not come at the price of face modeling (see Section 2.2.3), i.e., error
prone model fitting, tedious model preparation, and bias by the assumed models.
There are two key points of the proposed non-rigid registration-based scheme.
First, we achieve detailed estimation of facial feature correspondences, and thus
we are able to suppress confounding effects of mild head pose and subject-identity
related spatial deformations. Second, in our approach we use expression specific
references in order to effectively handle various types of transient features of ex-

pressions like furrows, as well as permanent facial features.
7.1.2. Main Findings
The main findings of 3D modality for expression analysis are as follows:
(i) Usefulness of 3D Surface Data vis-a-vis Light Camera Images. We have system-
atically evaluated the use of 3D data for subject-independent facial action unit

detection and compared with conventional 2D camera images. By means of 3D-

to-2D mapping, we make one-to-one comparisons of the two modalities under the
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same set of algorithms. Furthermore our wholly data-driven analysis precludes
any bias of model-driven techniques, a crucial factor for fair assessment since none
of the modalities are favored by model design. With extensive experimentation
over 25 selected AUs via ROC analyses and evaluating statistical significance we
showed that 3D modality offers significant advantages in AU detection and per-
forms overall better than the 2D. In general, lower face AU detections benefit
more from 3D. A case in point is the considerable improvement in the detection
rate of AU 23, which is difficult even for certified coders [21]. This AU is useful,
for instance, in telling a genuine expression of pain from a faked one [17]. 3D also
proves its value for low intensity expressions. In the case of the next to the lowest
intensity level (level B), while many AUs degrade in 2D, 3D data can maintain
overall higher performance. Nevertheless, there are some upper face AUs where
2D outperforms 3D.

3D+2D Fusion Potential. We have found out that neither 3D nor 2D is uni-
formly better over all AUs. We have showed that for upper face AUs that are
related with actions at the eyes, success rate of 3D is lower than 2D. An expla-
nation for this situation is the fact that 3D sensing noise is excessive in the eye
region, and 3D acquisitions miss the eye texture information. Our experiments
with feature fusion of the two modalities prove advantageous and indicate their
complementary roles since detection of most of the lower and upper face AUs
improves. In particular, feature fusion compensates for weakness of 3D on the
upper face. However, we have also observed a crucial performance drop in AU 23
as consequence of fusion, which points out to the deficiency of 2D modality for
that AU.

Best Features and Best Classifiers. The best 3D representation for AU detection
is the surface curvature, particularly the mean curvature. The most effective
feature set is Gabor wavelets that are selected by AdaBoost. Alternative local
analysis tools such as ICA and NMFSC do not prove as effective. For Gabor
wavelet-based 3D AU detection, RBF-SVM and Naive Bayes classifiers achieve
superior performance than AdaBoost and linear-SVM. RBF-SVM is the choice
classifier since it even improves the results over the state-of-the-art in 2D AU

detection. Finally, if neutral faces are available, use of difference images slightly
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improves the performance for 3D, but for 2D, it does not seem to be beneficial.

(iv) Contribution of 3D Normalization of Luminance Images. We have shown that
when luminance images are adaptively resampled according to 3D information
(referred to as 3D Lum. in Table 4.2) a significant increase in the detection
performance occurs compared to direct luminance images (referred to as 2D Lum.
in the tables). Resampling the luminance image at the grid points indicated by
the 3D surface data after normalization implicitly corrects for the effects of pose.
Notice that although our data set is comprised in principle of frontal faces, small
pose variations inevitably occur.

(v) Facial Action Intensity Estimation. We have proposed a method for AU intensity
estimation based on regression of appearance features. This method proves to be
superior to the one based on SVM margins, both for 2D and 3D data modalities.
In fact, the only other person-independent AU intensity estimation study in the
literature was that of [25], who use SVM margins and Gabor features, but ad-
dress only eight AUs. Our 3D experiments show improvements on some AUs but
also performance drops on some other AUs, both in the detection and intensity
estimation problems. However, when 3D is fused with 2D luminance images, the
overall performance increases significantly. We have observed that whenever a
modality is better for detection of an AU, its intensity estimation is also superior
in the same modality. However, the performance drop in intensity estimation for
certain AUs with 3D data is more pronounced as compared to the performance
differential for detection. This may be due to the same reasons as discussed above,
i.e., noise on eye regions and importance of eye texture. However, this may also
because ground-truth FACS scores that were created based on 2D appearance

observations causes bias favored to 2D data.

The main findings concerning our hypothesis on non-rigid registration based data-

driven expression analysis can be summarized as follows:

(i) Superiority of Registration-based Detection. We prove the superiority of non-
rigid registration-based detectors for 3D expressions over the state-of-the-art AU

detection based on a multitude of experiments. Notice that registration-based
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detection does not mean its application as a preprocessing step in conventional
methods. In effect, non-rigid registration is the core step to extract features for
classification. To avoid any misinterpretation, Gabor or other feature extrac-
tion techniques need rigid registration for pose normalization as a preprocessing
step, but the discussion here is the contrast between Gabor or the like feature
extraction on pose normalized faces versus the non-rigid registration as feature
extractor per se. We have developed three types of nonrigid registration-based
detectors, namely Rol masking, single-reference scheme and multiple-reference
scheme, which all attained better performance than those of Gabor-based detec-
tors. Among all the competing techniques in this thesis, the best AU detection
performance resulted with the fusion of features coming from non-rigidly regis-
tered surface mean curvature and Gabor features from luminance images. We
want to mention as a side note that quadratic Gaussian Bayes classifier is quite
effective for our registration-based approach whereas it performs very poorly for
Gabor-based analysis. We showed its prominent advantage especially for mono-
type AUs, i.e., for AUs that involved a single deformation type.

Compensation of Pose Differences. Our experiments prove that registration-based
detection is very robust to mild 3D pose inaccuracies. Even though use of 3D
data should in principle overcome the weakness of 2D data to pose effects, we
still have to confront with some residual pose variations since perfect initial pose
alignment is difficult to achieve even with 3D data, especially when an automatic
alignment procedure is applied. When the performances of manual landmarking-
based and automatic ICP-based 3D pose alignment techniques are compared, we
have found that while Gabor-based detectors deteriorate significantly with ICP-
based automatic alignment performance, registration-based detectors maintain
their performance for all AUs. We also showed visually how high degree out-of-
plane rotations can be effectively compensated by non-rigid registration on 2D
orthogonal projections. The non-linear distortions can be corrected appropriately.
Thanks to very detailed correspondence estimation, registration-based methods
are inherently robust to pose.

Compensation of Subject-Identity Differences. We tested whether non-rigid reg-

istration could be adjusted to suppress subject-identity related differences, like
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variations in individual physiognomy, while preserving differences in expression.
When we compared direct use of surface curvature pixels with and without neu-
tral face registration, we recorded improvements by non-rigid registration, even
on top of accurate pose alignment by manual landmarking. This outcome proves
the compensation ability of non-rigid registration for subject-identity related dif-
ferences. However, when we repeated the same experiment with Gabor wavelet
responses of surface curvature pixels, we did not observe improvement on aver-
age performance over 25 AUs. This means Gabor-based detectors are robust to
subject-identity related spatial deformations in contrast to their high sensitivity
to pose differences.

Insensitivity to FElasticity. We showed that our registration-based detectors are
practically not sensitive to elasticity level since the results produced with selec-
tion of the elasticity parameter p in a wide range were very similar. More impor-
tantly, we found out that enforcing elasticity is not necessary for our deformable
triangular-based registration algorithm, and in fact the highest performances were
obtained when we did not apply elasticity at all (p = 0). This finding is interesting
because elasticity means regularization, which is required to estimate plausible
shape differences. We also had a similar observation when we developed our de-
tectors based on deformation fields, i.e., estimated shape differences, rather than
curvature fields; the best results were obtained without regularization. There-
fore, we conclude that for registration-based expression recognition on 3D data,
realistic shape estimation hence regularization is not required.

Benefits of Multiple Reference Scheme. We have experimentally proved the useful-
ness of multiple registration references. We first showed that, even for monotype
AUs (in the absence of non-additive deformation combinations), incorporating
references representing other deformation types improves the AU detection re-
sults significantly. Second, gradual improvements are observed with additions
to reference pool. An explanation of the improvement with increasing number
of references is as follows. In AU detection problem high degree of within-class
variations are inevitable. First of all, negative classes comprise various types
of deformations not belonging to target AU. Second, an AU can appear differ-

ently, especially when combined non-additively with other AUs, hence one has
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to confront the within-class scatter also in positive classes. Since the rationale
of registration onto expression specific references is to generate more suitable
expression features, by utilizing more references that bear variants of the same
expression we can better cope with different types of deformations existing in a

class.

7.2. Future Directions

There are several interesting future research avenues following the present state

of this study:

(i)

(i)

(iii)

3D Video Data. This work can be extended for automatic encoding of AUs in
3D facial video streams. Video data carry more information on facial expressions
especially due to the dynamics and interactions between the AUs. Therefore, one
can expect improvements with 3D video over 3D stills as well as over 2D video.
As 3D expression videos become publicly available, we intend to extend non-rigid
registration-based scheme to video.

3D Spontaneous Ezxpressions. One of the current trends in expression analysis
is to study spontaneous expressions. Spontaneous expressions differ from posed
ones by involving higher degree of out-of-plane head movements, involvement of
more subtle expressions, and not clearly delineated onset and offset instances.
This is the next challenge in automatic expression analysis, and 3D with non-
rigid registration seems to be the most promising candidate method, especially in
view of its capability for 3D pose handling and subtle low intensity AU detection.
3D video expression databases have just started appearing, albeit not yet for
3D spontaneous expressions [71]. Notice that the requirement for 3D acquisition
devices are not only to be accurate, to operate in real-time but also to be non-
invasive (not disturbing the subjects by visible light). With recent progress in 3D
sensing technology [100, 86] spontaneous databases will be more feasible.

AU Intensity. Detection of low intensity expressions and estimation of AU in-
tensity is a topic which has not been sufficiently explored. As we have shown,

person-independent low-intensity detection and intensity estimation performances
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are quite low and there must be room for further improvements. This topic is
important because intensity differences of the same AU can lead to different in-
terpretations, e.g., FACS codes of some expressions given in EMFACS depend
also on the AU intensities. To predict AU intensities we have used features op-
timally selected for AU detection. It is possible to redesign features specifically
for intensity estimation.

Smaller Amount of Training Samples. Due to the variability in the sample sets,
the size of training sets has great importance for data-driven methods. For in-
stance, Whitehill09 [40] predicted based on their recent experiments on real world
data that, for robust AU detectors 1,000 to 10,000 example images per target
AU are required in order to capture the variability in personal characteristics
and illumination. In this respect, use of 3D data and non-rigid registration ap-
proach may be advantageous. As we have illustrated, 3D data does not get
affected much from variations like pose, illumination and facial albedo. Also, the
proposed registration-based approach reduces variations originating from phys-
iognomy traits, and better compensates for initial alignment inaccuracies and for
out-of-plane motion. Therefore, we conjecture that smaller training set sizes will
suffice thanks to both the 3D modality and our non-rigid registration technique.
Registration-based Recognition on 2D Luminance Images. A non-rigid registration-
based approach may also be utilized for luminance data. However, this would be
a more challenging problem than the use of surface curvatures. This is because lu-
minance image is not direct indicator of surface deformations and exhibits higher
appearance variability due to illumination and confounding albedo variations as
in facial hair. To work with luminance images we should first do some modifica-
tion in the registration algorithm. Rather than using sum of squares error in the
matching term Equation (6.2), we can employ other measures to mitigate light-
ing effects, such as normalized cross-correlation metric and mutual information
measure. Obviously judicious preprocessing will help to mitigate illumination
effects.

Non-rigid Registration-based Lip Reading. The proposed non-rigid registration-
based approach can also be applied to 3D lip reading for improved speech recog-

nition. Similar to phonemes which are acoustic units of speech, visemes are the
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visible units of visual speech, hence lip reading requires recognition of visemes. AU
recognition and viseme recognition share a common ground since both problems
involve recognition of facial deformations. However, visual speech recognition
differs from expression recognition in several aspects. First of all, dynamics of
deformations are very crucial for speech recognition in contrast to expressions.
While in expressions co-articulations of AUs are in spatial domain, viseme co-
articulations occur in time domain. Also, visemes appear and disappear very
rapidly. Another important difference is that, visemes happen only in lower face,
described mainly by lip shapes, tooth and tongue. Moreover, deformations during
speech usually are not as large as in expressions. Having found that 3D modality
is very effective in coping with lower face AUs, especially with high detection
rates even for low intensity instances of certain AUs that are closely related with
visemes, such as AU 25 (Lips Part) and AU 22 (Lips Funneler), we anticipate that
visual speech recognition can benefit considerably from 3D data. Effectiveness of
3D modality for lower face as well as robustness to head pose and illumination
points out to its potential in visual speech recognition if we incorporate also the

dynamics.
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APPENDIX A: GRADIENTS OF THE STRAIN TENSORS
ON TRIANGLES

The gradients of the norm of the strain tensors with respect to triangle vertex
coordinates can be derived in a straightforward manner. Before deriving the gradients,
let’s first write the derivatives of the mapping function over a triangular element, which
is given in Equation (5.4) and (5.5), with respect to spatial coordinates (u,v). This
gives the Jacobian matrix of the mapping function. It is called as deformation gradient
tensor in elastic theory. The same notation used in Section 5.1 is followed here. Area

of a triangle can be obtained by

Area(pip2ps) = [(uz — u1)(vs — v1) — (ug — wr)(v2 — v1)]/2. (A1)

Thus we obtain the derivatives of a mapped coordinate q = (z,y)? = ¢(p) as

oq 1 <
u = 24 Z CukQx
k=1

0q 1 <
9 YR chka
k=1
Cyl = V2 — VU3, Cy1 = U3 — U2

where Cy2 = Uz — V1, Cy2 = U — U3

Cy3 = V1 — V2, Cy3 = U2 — U

Equation (A.2) shows that dq/du and dq/0v do not depend on the spatial coordinates
(u,v). This means that the Jacobian matrix of the mapping function over a triangular
element is constant, i.e., is not varying with the coordinates (u, v). Therefore, compared
to quadrangle or higher order elements, which do not have constant Jacobian matrix,
using triangular elements greatly simplifies the calculation of deformation energy and

its gradients.
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A.1. Gradients for Green-Lagrange Strain

Gradients of the Froebenius norm of the Green-Lagrange strain tensor over a
triangle ¢, | E||%, are as follows. The gradients with respect to triangle vertex coordi-
nates, qx, are obtained by using the expressions in Equation (A.2).
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A.2. Gradients for Cauchy’s Strain

Gradients of the Froebenius norm of the Cauchy’s strain tensor over a triangle

t, ||e¢]|% are as follows. The gradients with respect to triangle vertex coordinates, qy,

are obtained by using the expressions in Equation (A.2).

ox 2 dy > 1 (0 dy 2
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llel|z = <8u 1> + ((% 1) + 5 (81} + 8u) : (A.7)

Then, via the chain rule
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Thus, the derivatives with respect to each vertex coordinate becomes
Olelz

ox |: Cuk (8u ) Cok ((% 8%)}
k

1
24
olels 1 [, (o or  dy
o 24 |2\ gp 1) T (G T




150

APPENDIX B: NON-RIGID REGISTRATION EXAMPLES

Reference: neutral I,

Subject S:R

Inputs I; Inputs I;

Lower Face, S:A Registrations [; o ¢y Lower Face, S:B

Figure B.1. Registration (p = 500) of different identity and expression faces onto

neutral reference. The dominant deformations from second (top) row to fourth row

are pulled lip corners, open mouth, raised eyebrows and squinted.
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Reference: neutral [

Subject S:R

Inputs I; Inputs I;

Lower Face, S:A Registrations I; o ¢y Lower Face, S:B

Figure B.2. Registration (p = 0) of different identity and expression faces onto
neutral reference. The dominant deformations from second (top) row to fourth row

are pulled lip corners, open mouth, raised eyebrows and squinted.
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Reference: pulled lip corners I,

Subject S:R

Inputs I; | Inputs I;

Lower Face, S:A Registrations I; o ¢y Lower Face, S:B

Figure B.3. Registration (p = 500) of different identity and expression faces onto
pulled lip corners reference. The dominant deformations from second (top) row to

fourth row are pulled lip corners, open mouth, raised eyebrows and squinted.
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Reference: pulled lip corners I,

Subject S:R

Inputs I; | Inputs I;

Lower Face, S:A Registrations I; o ¢y Lower Face, S:B

Figure B.4. Registration (p = 0) of different identity and expression faces onto pulled
lip corners reference. The dominant deformations from second (top) row to fourth

row are pulled lip corners, open mouth, raised eyebrows and squinted.
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Reference: open mouth I,

Subject S:R

Inputs I; Inputs I;

Lower Face, S:A Registrations I; o ¢y Lower Face, S:B

Figure B.5. Registration (p = 500) of different identity and expression faces onto
open mouth reference. The dominant deformations from second (top) row to fourth

row are pulled lip corners, open mouth, raised eyebrows and squinted.
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Reference: open mouth I,

Subject S:R

Inputs I; Inputs I;

Lower Face, S:A Registrations I; o ¢y Lower Face, S:B

Figure B.6. Registration (p = 0) of different identity and expression faces onto open
mouth reference. The dominant deformations from second (top) row to fourth row

are pulled lip corners, open mouth, raised eyebrows and squinted.
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Reference: raised eyebrows I

Subject S:R

Inputs I; Inputs I;

Lower Face, S:A Registrations I; o ¢y Lower Face, S:B

Figure B.7. Registration (p = 500) of different identity and expression faces onto
raised eyebrows reference. The dominant deformations from second (top) row to

fourth row are pulled lip corners, open mouth, raised eyebrows and squinted.
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Reference: raised eyebrows I

Subject S:R

Inputs I; Inputs I;

Lower Face, S:A Registrations I; o ¢y Lower Face, S:B

Figure B.8. Registration (p = 0) of different identity and expression faces onto raised
eyebrows reference. The dominant deformations from second (top) row to fourth row

are pulled lip corners, open mouth, raised eyebrows and squinted.
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Reference: squinted I,

Subject S:R

Inputs I; Inputs I;

Lower Face, S:A Registrations I; o ¢y Lower Face, S:B

Figure B.9. Registration (p = 500) of different identity and expression faces onto
squinted reference. The dominant deformations from second (top) row to fourth row

are pulled lip corners, open mouth, raised eyebrows and squinted.
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Reference: squinted I,

Subject S:R

Inputs I; Inputs I;

Lower Face, S:A Registrations I; o ¢y Lower Face, S:B

Figure B.10. Registration (p = 0) of different identity and expression faces onto
squinted reference. The dominant deformations from second (top) row to fourth row

are pulled lip corners, open mouth, raised eyebrows and squinted.
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