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ABSTRACT expressions. The experiments were performed using the-Cohn

Kanade database and the results show that the above men-

In this paper, anovel class of Support Vector Machines (SVM?ioned system can achieve an accuracy of 98.2% when recog-
is introduced to deal with facial expression recognitiolmeT nizing the six basic facial expressions

system developed performs facial expression recognition i

facial videos. The grid tracking and deformation systentduse

based on deformable models, tracks the grid in consecutive 2. SYSTEM DESCRIPTION

video frames over time, as the facial expression evolvis, ti

the frame corresponding to the greatest facial expression i The diagram of the system used for the experiments is shown
tensity. The geometrical displacement of Candide nodes, dén Figure 1.

fined as the difference of the node coordinates on the first and

the greatest facial expression intensity frame, is used as a
put to a bank of novel SVM classifiers, that are used to reco
nize the six basic facial expressions. The results on th& ol
Kanade database show a recognition accuracy of 98.2%.
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Facial expression recognition has attracted a great Bitere
during the past two decades, due to its importance for hu-

man centered interfaces. A set of six basic facial expressio gjg 1 system architecture for facial expression recognition
(anger, disgust, fear, happiness, sadness and surprise) we, facial videos.

defined as the basic ones [1]. A set of muscle movements

(known as Action Units) that produce each facial expression

when combined following specific rules [2], was created by ) ) ) ) )
psychologists, thus forming the so callEdcial  Action 2.1. Geometrical displacement information extraction

Coding  System (FACS)[3]. Asurvey onautomaticfa- The geometrical information extraction is performed byid gr
cial expression recognition can be found in [2]. . adaptation system, based on deformable models. The Can-
In the current paper, a method for recognizing facial exjide grid is randomly initialized on the first frame of the im-
pressions using a novel class of SVM, is proposed. The ggge sequence, being in its neutral state. The points around
o_metrlca_l d|sp|aceme_nt of the Candide Q”d points throughpe eyes, eyebrows and mouth are the ones with the greatest

time, defined as the difference of each point's coordinages b jmportance, since they are the ones responsible for thesform
tween the first and the last frame of the image sequence, afign of movement according to FACS. The software automat-
used as an input to a novel multi-class SVM system, wherg.a|ly adjusts the grid to the face and then tracks it through
each classification class represents one of the 6 basid facige image sequence, following the facial expression englvi

This work was supported by the "SIMILAR” European Networke- through time [4]. At the end’. the grid adaptation software
cellence on Multimodal Interfaces of the IST Programme of theogean  Produces the deformed Candide grid that corresponds to the
Union (www.similar.cc). facial expression appearing at the image sequence.




Let U/ be the database that contains the geometrical didseen used for a high dimensional feature mapping for obtain-
placement information separated into the 6 different élass ing a linear SVM system in which it should g¢g) = g. This
Ur(k € {1,...,6}), each one representing one of six basicmapping is defined by a positive kernel functidr(g,,g;),
facial expressions . The geometrical information usedés thspecifying an inner product in the feature space and satisfy
displacement of one poirtt’, defined as the difference be- ing the Mercer condition [6]:
tween the last and the first frame’s coordinates:

h(g;:9;) = ¢(gi)T¢(gj)- (5)
di =[Az} Ayl)", ie{l,...,K} and je{l,....N}
_ _ (D 2.4. AModified Two Class SVM
wherei is the number of points taken under consideration,
here K, equal to 104 (Candide grid’s nodes) anis the the  The modified classifier proposed here, is based on a modified
number of image sequences to be examined, here eqgdal to two class SVM formulation proposed in [8].

In that way, for every image sequence to be examined, a
feature vectop; that belongs to one of the six facial expres-5 4 1 The Linear Case
sion classed,, is constructed:

In order to form the optimization problem of the SVM pro-
g, =1d; di ... df]". (2)  posed in [8], the within class scatter matrix of the traingmed
should be defined:

SE =" (gi—m)(gi—m)"+ D (g8i—ni)(gi—pp)"
2.2. Geometrical displacement information classification gi €U} gi €U}
(6)

P . .
The feature vectog; € R is used as an input to a multi- wherep! andp2 are the mean vectors of the clasagsand

class SVM that classifies each set of the grid’s geometricq/l,%’ respectively. The optimization problem of the modified
displacements to one of the six basic facial expressionseMo g\ is [8]:

specifically, as an input for the SVM system, the feature vec-

where the vectog; hasF' = 62 - 2 = 124 dimensions.

tor g; is used, labelled properly with the true corresponding N
facial expression. The output of the SVM system is a label min Wi Shwy, + Ci ijk-’ (7)
that classifies the grid under examination to one of the six wibi.§ j=1

basic facial expressions. In the following, the two-clasd a
multi-class SVM-based classification problem used fordiaci
expression recognition are described.

subject to the separability constraints (4) (in the lineasec
considered here(g) = g). The solution of the optimiza-
tion problem (7) subject to the constraints (4) is given t® th

. saddle point of the Lagrangian:
2.3. Classical Two Class SVM

In order to train a two-class SVM network, the following min-

N
k gk gky _ o Tqk k_
imization problem has to be solved [5]: L{wi, bi, @, 87, €7) = Wi Sy, Wi + Ci Z &i

=1
) N N N
min wiw, + 0 > ek 3) = ki (whe —be) -1+ 8-> ke (8)
T 2 = i=1 i=1
subject to the separability constraints: wherea® = [of,... ok ] andB" = [3F,...,0%] are the
vectors of Lagrangian multipliers for the constraints (4).
yF(WEp(g;) +bk) >1—€F ¢8>0, j=1,....N The linear decision function is:
whereby, is the bias for the two-class SVNF = [¢F, ... &F] _ T N Lk el
is the slack variable vector an@, is the term that penalizes fr(g) = sign(w), g+by) = Slgn(§ Z Yia;g; Sy, 8+bk)-
the training errors. =1 )

After solving the optimization problem (3) subject to the
separability constraints (4) ([6]), the decision functisn

2.4.2. The Non-Linear Case
: T
= w b 4 . . - .
Ti(g) = sign(Wy. #(9) + b @) The nonlinear multi-class decision surfaces can be created

where is an arbitrary dimensional Hilbert space [7] andthe same manner as the one proposed in [8]. By applying
¢ : RY — H. In this formulation, a nonlinear mappirghas  the nonlinear functiom to the vectorsS* ™2 g;, it is derived

w



that (S ’%g- Sk ’%g ) = ¢(Sk *%g.)ng,(sk *%g ) [8] The modified constraint optimization problem is:
w 29 Mw J w 2 w J .

Then, kernel functions are applied in (10) as:
min ZwkS wk—i-CZ Z{k (16)

1 1 ,b,é
Za _‘Zzakaky h(Sy *gi,SL g)) e J=1 kAl

=14=1 (10) subject to the separability constraints in (13) (in the dine

case considered herdg) = g). The solution of the above
constraint optimization problem can be given by finding the
saddle point of the Lagrangian:

L(w,b.€ . B) = 32}y Wi Suw + +C L, 301 €~
- Zﬁ\?l 25:1 of(wi, — wi)Tgs + by, — b, — 2+ &F]
2.5. Classical Multi-class SVM — i D BFEF

The corresponding non-linear decision function is given by

N
! 3, gk}
=5 D _vioth(Sy “g; S, e +be (1)
—

(17)
The multi-class SVM problem solves only one optimizationwherea = [a1,...,aF, ... o] andd = [3],...,6F,...,8%]
problem [9]. It constructs facial expressions rules, where are the Lagrangian multlpl|ers for the constraints (13hwit
the k—th function w{q&(gj) + by separates training vectors
of the classk from the rest of the vectors, by minimizing the di=0,¢i=2 gi=0i=1,...,N  (18)

objective function: )
and constraints:

w,b, 1 kL
7T After a series of manipulations, the search of the saddlet poi

subject to the constraints: of the Lagrangian (17) is reformulated to the maximizatién o
the Wolf dual problem:

Wi (gs) + by, > Wi d(g) + b +2— & (13) W) QZN 56 (i
; o) = af + 1 i c i+
>0, j=1,...,N, ke{l,....6}\} Vatal bok al )gksllg 1 22,5,k 726 (20)
[t ? J
whereg is the function that maps the deformation vectors to a hich is a quadratic function in terms of with the linear
higher dimensional space, where the data are supposed to i\)lgnstraints
linearly or near linearly separabl€.is the term that penalizes '
the training errors. The vectds = [b;...bs]” is the bias i .
vector and¢ = [¢],...,¢F, ... €%]T is the slack variable doay =Y kA, k=1,....6. (21)
vector. Then, the decision function is: i i

The above optimization problem can be solved using opti-

h(g) = %{%T%z((wk o(g) + br). (14) mization packages like [9]. The corresponding decision hy-
perplane is:
2.6. A Modified Class of Multi-class SVM f(g) = argmax,_, (wlg+by) =
26.1. TheLinear Case = argmax,_, [} EN (ckA; — ab)gl'sy g+bk]( |
22
Let that the within class scatter matrix of the grid deforiorat
feature vectorg; is defined as: 26.2. The Non-Linear Case
T The nonlinear multi-class decision surfaces can be created
Sw = Z Z (& — 1) (8 — 1) (15)  the same manner as the two class non-linear decision sur-
k=1giclx faces that have been proposed in [8]. The fact that the term

where Mis the number of facial expression classes (herd equ% Sw g; can be written in terms of dot products as

to six), u1,, is the geometrical displacement vector for the clasdSu’2:)7 (Su’g;), is exploited. Then, kernels can be ap-
k. In this Section, the within class scatter matfi is as-  plied in (20) as:

sumed to be invertible, which holds in the under examination N 6 - L

case, since classically for the deformation, the featuotove W(a)=2>"1>, fl)fz' + 7 ;i,j,k(_ﬁcj] AiAj+ (23)

dimension is smaller than the available training examples.  +afal — LaFab)h(S.%g:, Suw>g;),



the corresponding decision surface is: . . . . .
Table 1. Confusion matrix for facial expression recognition

L using the modified SVM to the Candide grid
k n -3 -3
= argmax — ;A —al)h(Sw?8i, Sw?g) + bi)- i
1e) k:gl,...,ﬁ 2 [7;( Jh(Sue g)+ bl tab, NP [ an | di | fe [ ha| sa | su
(24) an 122 0] 0 0] 00
di 7 135| O 0 0 0
3. EXPERIMENTAL RESULTS fe 0 | 0345/ 0 | 00
ha 0 0 0 375| 0 0
The Cohn-Kanade database [3] was used for the experiments sa 211 0 0 0 270 O
regarding facial expression recognition in 6 basic facial e su L O I I L

pressions classes. These combinations of FAUs this databas
is annotated with, were translated into facial expressams

cording to [2], in order to define the corresponding groundexpression recognized from the image sequence. The above

truth for thg fac'?' expressions. All the subjects were take mentioned system achieves a recognition rate of 98.2%.
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