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Abstract

A novel method basedon fusion of texture and shape information is proposedfor
facial expressionand Facial Action Unit (FAU) recognition from video sequences.
Regarding facial expressionrecognition, a subspacemethod basedon Discriminant
Non-negative Matrix Factorization (DNMF) is applied to the images,thus extract-
ing the texture information. In order to extract the shape information, the system
�rstly extracts the deformed Candide facial grid that corresponds to the facial ex-
pressiondepicted in the video sequence.A Support Vector Machine (SVM) system
designedon an Euclideanspace,de�ned over a novel metric betweengrids, is usedfor
the classi�cation of the shape information. Regarding FAU recognition, the texture
extraction method (DNMF) is applied on the di�erences images of the video se-
quence,calculated taking under consideration the neutral and the expressive frame.
An SVM system is used for FAU classi�cation from the shape information. This
time, the shape information consistsof the grid node coordinate displacements be-
tween the neutral and the expressedfacial expressionframe. The fusion of texture
and shape information is performed using various approaches, among which are
SVMs and Median Radial Basis Functions (MRBFs), in order to detect the facial
expressionand the set of present FAUs. The accuracyachieved in the Cohn-Kanade
databaseis 92.3% when recognizing the seven basic facial expressions(anger, dis-
gust, fear, happiness,sadness,surprise and neutral), and 92.1% when recognizing
the 17 FAUs that are responsible for facial expressiondevelopment.

Key words: Facial expressionrecognition, Facial Action Unit Recognition,
Discriminant Non-negative Matrix Factorization, multi-dimensional embedding,
Support Vector Machines, Radial Basis Functions, Fusion.

1 In tro duction

During the past two decades,facial expressionrecognition has attracted a
signi�cant interest in the scienti�c community, as it plays a vital role in
human centered interfaces.Many applications such as virtual reality, video-
conferencing,user pro�ling and customer satisfaction studies for broadcast
and web services,require e�cien t facial expressionrecognition in order to
achieve the desiredresults [1], [2]. Therefore, the impact of facial expression
recognition on the above mentioned application areas, is constantly grow-
ing. Several research e�orts have beenperformed regarding facial expression
recognition. The facial expressionsunder examination were de�ned by psy-
chologistsas a set of six basic facial expressions(anger, disgust, fear, happi-
ness,sadnessand surprise) plus the neutral state [3]. In order to make the
recognition proceduremore standardized,a set of musclemovements known
asF acial Action Units (F AUs) that produceeach facial expression,wascre-
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ated, thus forming the so called F acial Action Coding System (F ACS) [4].
TheseFAUs are combined in order to create the rules governing the forma-
tion of facial expressions,as proposedin [5]. A survey on the research made
concerning facial expressionrecognition can be found at [6], [7]. Many ap-
proaches have been reported regarding facial expressionrecognition (direct
or basedon FAU recognition). Theseapproachescan be distinguishedin two
main directions, thosethat usetexture information (e.g. pixels intensity) and
the rest that use geometrical or shape-basedinformation (e.g. feature node
displacements).

The most frequently used texture features are Gabor �lter output [8]-[10],
pixel intensities [11]-[16],DiscreteCosineTransform (DCT) features[15] and
skin color information [17]-[19].Accordingly, featureextraction methodsbased
on Principal Component Analysis (PCA) and Linear Discriminant Analysis
(LDA) [13,20]have beenusedin order to enhancethe performanceof texture
information. The classi�cation of the texture information wasperformedusing
Neural Networks (NNs) [7,17,21],empirical classi�cation rules [6,17,19],Bayes
or Adaboost classi�ers [9,10,18],SVMs [9,18,22].

The most frequently used shape features are facial features lines [23], mo-
tion information [8], [24,25], or facial action units [26]. These features are
extracted using 2-D or 3-D facial models [5,27,28].The classi�cation of the
shape information wasperformedusingNNs [17],empirical classi�cation rules
[5,17],dynamic bayesiannetworks [8,24],dynamic time warping [26], template
matching [29], Hidden Markov Models [30], manifold embedding [31], Bayes
or Adaboost algorithms [32] or SVMs [9,33,34].

In [34], a technique for facial expressionrecognition has beenproposed.The
method employedconsidersthe geometricalinformation of the Candidenodes,
acquiredas the coordinatesdi�erences, to usethem as an input to SVM sys-
tems in order to achieve facial expressionclassi�cation for the 6 basic facial
expressions.The method in [34] had the following limitations:

� it is basedon nodedisplacements from the neutral state in order to recognize
a basicexpression,therefore,the recognitionof the neutral state is necessary
as a preprocessingstep applied prior to the classi�cation method

� texture information is not taken under considerationas only shape infor-
mation is used.

In the current paper, a novel method for videobasedfacial expressionand FAU
recognition is proposedthat exploits both the texture and shape information.
The recognizedfacial expressionsarethe sevenbasicones(anger,disgust,fear,
happiness,sadness,surpriseand neutral), while the recognizedFAUs are the
onescontained in the rules proposedin [5] (FAUs 1, 2, 4, 5, 6, 7, 9, 10, 12, 15,
16,17,20,23,24,25and 26). The featuresof the facial texture areobtainedby
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applying a subspacerepresentation method basedon a discriminant extension
of the Non-negative Matrix Factorization (NMF) algorithm [35] (the so-called
DNMF algorithm [36]) on the imagesderived from the video sequence.In the
caseof facial expressionrecognition, the DNMF algorithm is applied directly
on the expressive facial images,while in the caseof FAU recognition, it is
applied on the di�erences images.The di�erences imagesare calculated by
subtracting the neutral frame of the video sequencefrom the fully expressed
one. The di�erences imagesare usedinstead of the original facial expression
images,due to the fact that they emphasizethe facial regionsin motion and
reducethe variancerelated to the identit y speci�c aspectsof the facial image
[37]. We should note that the di�erences imagesare only used in the FAU
recognition processand not in the facial expressionrecognition one. In the
caseof FAU recognition, the neutral state is not taken under consideration,
as no FAUs are present in it. Thus, the calculation of the di�erences images
is, in that case,feasible.The neutral state can be found by using the results
of the proposedfacial expressionrecognition process,in order to derive the
di�erences images.

The recognition of facial expressionsand FAUs when using only either tex-
ture or shape information has certain drawbacks. When only texture is used,
misclassi�cationcasesappeardueto the lack of shapeinformation in somespe-
ci�c facial expressions.For example,angerand fear di�erences imagesare not
signi�cantly di�eren t, implying that they cannot be discriminated well using
only texture information. Such a problem can be solved with the introduc-
tion of shape information. On the other hand, when only shape information
is used, subtle facial movements lead to facial expressionmisclassi�cations.
For example,the mouth/lip movement can lead to a wrong facial expression
recognitionwheneither fearor happinessis recognized.By introducing texture
information, thesefacial expressionsare better separated.Thus, the fusion of
texture and shape information is expectedto provide superior results.Various
methods were used to achieve the fusion of the two independent sourcesof
information. The method that provided the best results was the Median Ra-
dial BasisFunction (MRBF) NNs and thus it will be the only one described
below.

The use of the DNMF algorithm for facial expressionrecognition has been
motivated by the fact that it can achieve a discriminant decomposition of
faces,asnoted in [36]. In the frontal faceveri�cation problem [36], the DNMF
method achieves a decomposition of the facial images,whosebasis images
represent salient facial features,such as eyes,eyebrows or mouth. We believe
that the preservation of thesesalient featuresin the learningprocessof DNMF
is causedby the classinformation taken into account by the algorithm, since
thesefeaturesare of great importance for facial identit y veri�cation. We also
believe that the extensionof the DNMF algorithm to facial expressionsand
FAU recognition problem is well motivated, since the algorithm is capable
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of decomposing the imagesinto facial parts that play a vital role to facial
expressionand FAU recognition [38],[39].In the facial expressionrecognition
problem, the classis composedof the imagesthat belong to the samefacial
expression.Hence,there is a correlation between the featuresdiscovered by
DNMF algorithm and the facial expressionclassi�cation framework. This is
indeedshown in the Section6, whereit is demonstratedthat the DNMF basis
imagesaresalient facial parts that preserve discriminant information for every
facial expression,likesmile,loweredeyebrowsetc, in contrast to the NMF basis
imagesthat do not display spaciallocality of such high quality and Local-NMF
(LNMF) basisimages[40] that do not correspond directly to facial parts, even
though they have better spacial localization than the equivalent basisimages
of NMF algorithm.

In the caseof facial expressionrecognition,the shape information is calculated
extracting the deformedCandidefacial grid that correspondsto the facial ex-
pressiondepicted in the video sequence[34]. A spaceis created(via multidi-
mensionalscaling[41]-[43])taking underconsiderationthe distancescalculated
for every node to node correspondencebetweenthe training and testing grids.
An SVM systemis then usedfor the classi�cation of the extractedshape infor-
mation. In the caseof FAU recognition, the shape information is extracted by
calculating the Candide node displacements betweenthe neutral and the ex-
pressive frame [34] that forms the facial expression.The FAU classi�cation is
obtained using a bank of two-classSVM systems.For facial expressionrecog-
nition, both the texture and shape information extraction subsystemshave
as output the facial expressionclasswhosecenter has the least distancefrom
the test sampleexpressionunder examination. For FAU recognition, the set
of FAUs that are adequatefor facial expressionrepresentation are detected
[5]. The experiments performed using the Cohn-Kanadedatabaseindicate a
recognition accuracyof 92.3%when recognizingthe seven basicfacial expres-
sionsand 92.1%when recognizingthe 17 basic FAUs. The FAU recognition
is almost 10% better than the corresponding FAU recognition rate achieved
when this set of FAUs and the Candidegrid wereusedin [34].

Summarizing,the contributions of this study are:

� The extensionof the DNMF algorithm presented in [36] for facial expression
and FAU recognition.

� The introduction of a novel classi�cation framework for facial grids that
involves the de�nition of a new Euclidean space,basedon metric multidi-
mensionalscaling, and its application to the Candide grids for facial ex-
pressionrecognition. This framework constitutes the recognition of seven
facial expressionfeasibleunlike [34] where the neutral state could not be
recognized.

� The combination of texture and shape information for facial expressionand
FAU recognition.
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The proposedmethod is di�eren t to the method in [34] since:

� facial expressionrecognition involves7 facial expressions,the 6 basic ones
(anger,disgust,fear,happiness,sadnessand surprise)plus the neutral state.
In [34], only the recognitionof the 6 basicfacial expressionsis feasiblesince
the knowledgeof the neutral state is mandatory. In the proposedsystemthe
whole Candide grids are used instead of the nodescoordinates di�erences
that wereusedin [34].

� A novel classi�cation framework for grids that is comprisedof two parts,
an initial Euclidean embedding and a following multiclass SVM system,is
proposed.

� Texture information is alsousedand its results are fusedwith shape infor-
mation results to achieve better classi�cation rates.

The rest of the paper is organized as follows: The systemsused for facial
expressionand FAU recognition are outlined in Section2. The DNMF algo-
rithms for facial expressionand FAU recognition are described in Section3.
The methods usedfor shape information extraction is presented in Section4.
The procedurefollowed in order to achieve the fusion of the extracted texture
and shape information, is described in Section 5. The databaseusedfor the
experiments and someobservations regardingthe resultsare described in Sec-
tion 6.1.The recognitionaccuracyratesachievedfor facial expressionand FAU
recognitionarepresented in Sections6.2and 6.3, respectively. Conclusionsare
drawn in Section7.

2 System description

The systemis composedof three subsystems:texture information extraction,
shape information extraction and their fusion for �nal classi�cation. A facial
expressionimagedatabaseis createdfor the experiments. Regardingfacial ex-
pressionrecognition, for each imagesequencethe fully expressive imagefrom
every video sequenceis taken under consideration.In the caseof FAU recog-
nition, the di�erence images(seeFigure 1), createdby subtracting the neutral
image intensity values from the corresponding valuesof the fully expressive
image, are used for the texture information extraction subsystem.The dif-
ferencesimagesare usedinstead of the original facial expressionimages,due
to the fact that they emphasizethe facial regionsin motion and reducethe
variance related to the identit y speci�c aspects of the facial image for FAU
recognition[37].The sameimagesequencesarealsousedasinput to the shape
extraction information subsystem.

The grid tracking systemusedwas the one described in [44]. An exampleof
the Candidegrids for every facial expressioncan be seenin Figure 2.
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Fig. 1. Di�erences imagesbetweenneutral poseand fully expressive one. They are
split into facial regionscontaining the most expressive di�erence information.

Fig. 2. An exampleof the Candide grid for every facial expression.

In the caseof facial expressionrecognition,the extracted information is usedas
an input to the information processingsubsystemthat includesan Euclidean
embedding. Finally, the information classi�cation subsystemconsistsof a 7-
classSVM systemthat classi�es the embeddeddeformedgrid into oneof the
7 facial expressionclassesunder examination. The subsystemusedfor facial
expressionrecognition is shown in Figure 3.

For facial expressionrecognition,the output information from both the texture
and shape classi�ers consistsof the distancesof the test video sample from
the winning class.Thesedistancesare fed to the fusion subsystemto provide
the �nal classi�cation result, i.e. the facial expressionclassthe video sequence
belongsto.

Facial expressionscanalsobe describedascombinations of FAUs, asproposed
in [5]. As can be seenfrom the rules (Table 1), the FAUs 1, 2, 4, 5, 6, 7, 9,
10, 12, 15, 16, 17, 20, 23, 24, 25 and 26 are necessaryfor fully describingall
facial expressions(seeFigure 4). Therefore,we concentrate on the detection
of these17 FAUs. The operators +, or in Table 1 refer to the logical AND,
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Fig. 3. System architecture for facial expressionrecognition in facial videos.

Table 1
The FAU to facial expressionsrules as proposedin [5].

Expression FAU coded description [5]

Anger 4 + 7 + (((23 or 24) with or not 17)or (16 + (25 or 26)) or (10 + 16+ (25 or 26)))

with or not 2

Disgust ((10 with or not 17) or (9 with or not 17)) + (25 or 26)

Fear (1 + 4) + (5 + 7) + 20+ (25 or 26)

Happiness 6 + 12+ 16+ (25 or 26)

Sadness 1 + 4 + (6 or 7) + 15+ 17+ (25 or 26)

Surprise (1 + 2) + (5 without 7) + 26

OR operations, respectively.

When FAU recognitionis attempted, the extracted information obtained from
the grid tracking system is used to calculate the Candide nodes di�erences
betweenthe neutral and fully expressive frame.The nodesdi�erencesareused
as an input to a bank of 17 two-classSVM systems,each one corresponding
to a FAU to be detected.Each SVM systemis able to recognizeif the FAU
under examination is present or absent in the video sequencebeingexamined.
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FAU 1 FAU 2 FAU 4 FAU 5 FAU 6 FAU 7 FAU 9 FAU 10 FAU 15 FAU 17FAU 16 FAU 23FAU 20 FAU 24 FAU 25 FAU 26FAU 12

Fig. 4. Set of FAUs to be recognizedand the corresponding part of the facial grid.

The subsystemusedfor FAU recognition is shown in Figure 5.

Fig. 5. System architecture for FAU recognition in facial videos.

For FAU recognition, the output information from both the texture and shape
classi�ers consistsof a set of activated FAU in the examinedvideo sequence.
This set is fed to the fusionsubsystemto provide the �nal classi�cation result,
i.e. the set of activated FAUs in the examinedvideo sequence.
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3 Texture information extraction and classi�cation

In this Section,the extensionof DNMF for facial expressionand FAU recog-
nition will be provided, starting by revisiting the NMF algorithm.

3.1 Facial expressionrecognition using texture information

For facial expressionrecognition, each expressive imagey 2 Y belongsto one
of the 7 basic facial expressionclassesfY 1; Y2; : : : ; Y7g. The facial image is
scannedrow-wiseto form a vector x 2 RF

+ .

Let x = [x1; : : : ; xF ]; q = [q1; : : : ; qF ] be positive vectorsx i > 0; qi > 0, then
the Kullback-Leibler (KL) Divergence(or relative entropy) betweenx and q
is de�ned [45] as:

K L(xjjq) ,
X

i

(x i ln
x i

qi
+ qi � x i ): (1)

NMF tries to approximate the facial expressionimage x by a linear combi-
nation of the elements of h 2 < M

+ such that x � Zh , where Z 2 < F � M
+ is a

non-negativematrix, whosecolumnssumto one.In order to measurethe error
of the approximation x � Zh the K L(xjjZh ) divergencecan be used[35]. In
order to apply NMF, the matrix X 2 < F � L

+ = [x i;j ] should be constructed,
wherex i;j is the i -th element of the j -th image.In other words,the j -th column
of X is the x j image. NMF aims at �nding two matrices Z 2 < F � M

+ = [zi;k ]
and H 2 < M � L

+ = [hk;j ] such that :

X � ZH : (2)

After the NMF decomposition, the image x j can be written as x j � Zh j ,
where h j is the j -th column of H . Thus, the columns of the matrix Z can
be consideredas basisimagesand the vector h j as the corresponding weight
vector. The h j vectorscanalsobe consideredasthe projectedvectorsof lower
dimensionality representing the original facial expressionvector x j .

The de�ned cost for the decomposition (2) is the sum of all KL divergences
for all imagesin the database.This way the following metric can be formed :

DN (X jjZH ) =
X

j

K L(x j jjZh j ) =
X

i;j

(x i;j ln(
x i;j

P
k zi;k hk;j

) +
X

k

zi;k hk;j � x i;j )

(3)
asthe measureof the costfor factoring X into ZH [35].The NMF factorization
is the outcomeof the following optimization problem :
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min
Z ;H

DN (X jjZH ) subject to (4)

zi;k � 0; hk;j � 0;
X

i

zi;j = 1; 8j :

NMF hasnon-negative constraints on both the elements of Z and of H . These
nonnegativity constraints permit the additive combination of multiple basis
imagesin order to represent a facial expression.In contrast to PCA, no basis
imagessubtractionscanoccur.For thesereasons,the nonnegativity constraints
correspond better to the intuitiv e notion of combining facial parts in order to
create a complete expressive face. By using an auxiliary function and the
Expectation Maximization (EM) algorithm [35], the following update rules
for hk;j and zi;k guarantee a non increasingbehavior of (3):

h(t )
k;j = h(t � 1)

k;j

P
i z(t � 1)

i;k
x i;jP

l
z( t � 1)

i;l h( t � 1)
l;j

P
i z(t � 1)

i;k

(5)

�z(t )
i;k = z(t � 1)

i;k

P
j h(t )

k;j
x i;jP

l
z( t � 1)

i;l h( t )
l;j

P
j h(t )

k;j

(6)

z(t )
i;k =

�z(t )
i;k

P
l �z(t )

l ;k

: (7)

wheret is the iteration number. Sincex j � Zh j , a natural way to computethe
projection of x j to a lower dimensionalfeature spaceusing NMF is �x j = Zyx j

whereZy is the pseudo-inverseof Z, given by Zy = (ZT Z)� 1ZT .

In order to incorporate discriminant constraints [36] in the NMF cost function
and �nd the discriminant facial regions that are activated in the image for
each di�eren t facial expression,let the vector h j that corresponds to the j th
column of the matrix H be the coe�cien t vector for the � -th facial imageof
the r -th facial expressionclass,which will be denotedas� (r )

� = [� (r )
�; 1 : : : � (r )

�;M ]T .
The meanvector of the vectors� (r )

� for the facial expressionclassr is denoted

by � (r ) = [� (r )
1 : : : � (r )

M ]T , the mean of all classesby � = [� 1 : : : � M ]T and the
cardinality of each facial classYr by Nr , respectively. Then, the within scatter
for the coe�cien t vectorsh j is de�ned by:

Sw =
7X

r =1

N rX

� =1

(� (r )
� � � (r ))( � (r )

� � � (r ))T (8)

whereasthe betweenscatter matrix is de�ned as:

Sb =
7X

r =1

Nr (� (r ) � � )( � (r ) � � )T : (9)
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A modi�ed divergencecan be constructedinspired by the minimization of the
Fisher criterion. This is done by requiring tr[ Sw ] to be as small as possible,
while tr[ Sb] is required to be as large as possible.The new cost function is
given by:

Dd(X jjZD H ) = DN (X jjZD H ) + 
 tr[ Sw ] � � tr [Sb]; (10)

where 
 and � are positive constants. Following the sameEM approach used
by NMF [35] and LNMF [40] techniques, the following update rules for the
weight coe�cien ts hk;j that belong to the r -th facial expressionclass are,
j 2 Fr = f

P r � 1
� =1 N � + 1; � � � ;

P r
� =1 N � g [36]:

h(t )
k;j =

T1 +
r

T2
1 + 4(2
 � (2
 + 2� ) 1

N r
)h(t � 1)

k;j
P

i z(t � 1)
i;k

x i;jP
l
z( t � 1)

i;l h( t � 1)
l;j

2(2
 � (2
 + 2� ) 1
N r

)
; (11)

whereT1 is given by:

T1 = (2
 + 2� )(
1

Nr

X

�;� 6= l

hk;� ) � 2� � k � 1: (12)

The update rules for the basesZD are the sameas in NMF and can be given
by (6) and (7). The above decomposition is a supervisednon-negative matrix
factorization method that decomposesthe facial expressionimagesinto parts,
while enhancingclassseparability. The matrix Zy

D = (ZT
D ZD )� 1ZT

D , which is
the pseudo-inverseof ZD , is then usedfor extracting the discriminant features
as �x = Zy

D x. It is interesting to note here that there is no restriction on how
many dimensionswe may keepfor �x and that the DNMF basesare common
for all the di�eren t facial expressionclassesin the database,contrary to the
DNMF algorithm applied for FAU recognition, wherethe extracted basesare
classspeci�c.

In order to make a decisionabout the facial expressionclassthe test image
belongs to, the image is projected to the lower dimensional feature space
derived from applying the DNMF algorithm. The Euclideandistancebetween
the projection �x = Zy

D x and the center of each facial expressionclassm i is
calculatedand the imageis classi�ed to the closestfacial expressionclass:

r x = min
i =1 ;:::;7

kZy
D (x � m i )k: (13)

3.1.1 FAU recognition using texture information

For FAU recognition,the di�erences imagesof each videosequence,calculated
by subtracting the neutral framefrom the expressiveone,areused.Each di�er-
encesimagebelongsto oneof the 2 classesrepresenting the presence/absence
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of k-th FAU fY (1)
k ; Y (2)

k g. Each di�erences imagecalculatedis initially normal-
ized. The smallest intensity value for every image is de�ned and its absolute
value is added to each pixel, resulting that way in a positive image. In both
cases,the input imageis afterwardsscannedrow-wiseto form a vectorx � 2 < F

+
of dimensionF . As in the DNMF for facial expressionrecognition, we form
the matrix X � that has as columnsthe x � images.The corresponding weight
matrix H has columnsthe vectors � (1)

i for the presenceof the FAU and � (2)
i

for its absence.

For a two-classproblem (like the k-th FAU recognition problem), we should
de�ne the within classscatter matrix of the training set as:

Sk
w =

X

� (1)
i 2Y (1)

k

(� (1)
i � � (1)

k )( � (1)
i � � (1)

k )T +
X

� (2)
i 2Y (2)

k

(� (2)
i � � (2)

k )( � (2)
i � � (2)

k )T (14)

where � (1)
k and � (2)

k are the mean vectors of the classesY (1)
k and Y (2)

k (i.e.,
the presenceand absenceof the k-th FAU), respectively. The betweenscatter
matrix is de�ned as:

Sk
b =

X

� i 2Y (1)
k

N (1)
k (� (1)

k � � )( � (1)
k � � )T +

X

� i 2Y (2)
k

N (2)
k (� (2)

k � � )( � (2)
k � � )T

= N (1)
k N (2)

k (� (1) � � (2) )( � (1) � � (2) ) (15)

whereN (1)
k and N (2)

k , are the cardinalities of the presenceand absenceof the
k-th FAU classes,respectively. The DNMF cost function to be minimized is
given by:

Dd(X � jjZk
D H ) = DN (X � jjZk

D H ) + 
 tr [Sk
w ] � � tr [Sk

b]: (16)

where 
 and � are positive constants. Following the sameEM approach used
by NMF [35] and LNMF [40] techniques, the following update rules for the
weight coe�cien ts hk;j that belong to one of the two classes(existenceor
absenceof a FAU) are derived from:

h(t )
k;j =

T2 +
r

T2
2 + 4(2
 � (2
 + 2� ) 1

N ( i )
k

)h(t � 1)
k;j

P
i z(t � 1)

i;k
x i;jP

l
z( t � 1)

i;l h( t � 1)
l;j

2(2
 � (2
 + 2� ) 1
N ( i )

k

)
; (17)

whereT2 is given by:

T2 = (2
 + 2� )(
1

N (i )
k

X

�;� 6= l

hk;� ) � 2� � k � 1: (18)

The update rules for the basesZk
D are the sameas in NMF and can be given

by (6) and (7). It is interesting to note here that the extracted DNMF bases
are now classspeci�c (di�eren t basesfor each FAU).
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In order to �nd if a FAU is activated in the facial di�erences image x, the
image is projected to the lower dimensional feature spacederived from the
DNMF algorithm. The distanceusedfor the classi�cation of the k-th FAU is
given by:

uk
x = min

i =1 ;2
kZk

D
y
(x � � m (i )

k )k (19)

wherem (1)
k and m (2)

k are the meandi�erences imagesof the �rst and second
class(presenceand absenceof k-th FAU), respectively.

4 Shape information extraction and classi�cation

4.1 Shape information extraction subsystem

The shape information extraction systemis composedof two subsystems:one
for Candide grid node information extraction and another one for grid node
information classi�cation. The grid node information extraction is performed
by a tracking system. Candide node tracking is performed by a pyramidal
variant of the well-known Kanade-Lucas-Tomasi(KLT) tracker [46]. The loss
of tracked features is handled through a model deformation procedure that
increasesthe robustnessof the tracking algorithm. The algorithm, initially
�ts and subsequently tracks the Candide facial wireframe model in video se-
quencescontaining the formation of a dynamic human facial expressionfrom
the neutral state to the fully expressive one.The facial featuresare tracked in
the video sequenceusing a variant of the KLT tracker [46]. If needed,model
deformationsare performed by mesh�tting at the intermediate stepsof the
tracking algorithm. Such deformationsprovide robustnessagainstnode losses
and increasetracking accuracy. The algorithm automatically adjusts the grid
to the faceand then tracks it through the imagesequence,as it evolvesover
time. The grid initialized in semi-automaticway. That is, elasticgraph match-
ing [47] is applied and afterwards somenodesthat may have beenmisplaced
are correctedmanually. At the end, the grid tracking algorithm producesthe
deformedCandide grid that corresponds to the formed facial expression.A
poserwith the corresponding grid for the six basic facial expressionsplus the
neutral state is shown in Figure 6.

4.2 Facial expressionrecognition using shape information

The extracted grids are afterwards normalized.The normalization procedure
ensuresthe commonscaling,orientation and coordinatessystem,sothat their
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Fig. 6. An example of each facial expressionfor a poser from the Cohn-Kanade
database.

comparisonis feasible.The grids are initially moved so that the tip of the
nosefor every grid is the center of the coordinates system.Afterwards, their
scaling is processedin such a way that the length and the width of the grid
is constant. Finally, the angle that is de�ned using the horizontal line that
joins the inner eyescornersand the vertical line that joins the center of the
forehand with the tip of the nose,is checked so that is also common for all
grids. The normalizedgrids are then usedasan input to the shape extraction
information subsystemwherea metric-multidimensional scaling is performed
in order to createa new Euclidean feature space.The projection of the input
data on that new spaceis then usedas an input to a SVM classi�er for the
classi�cation of the shape information.

4.2.1 Metric-multidimensional scaling

Given two Candide grid point sets:A = f a1; : : : ; apg and B = f b1; : : : ; bpg,
we proposethe following metric in order to measurethe similarit y between
deformedgrids :

dH (A ; B) =
1
p

X

ai 2 A;bi 2 B

kai � b i k: (20)

It canbe easilyproven that the proposedmeasuresatis�es the following prop-
erties:

� re
ectivit y i.e., dH (A i ; A i ) = 0
� positivit y i.e., dH (A i ; A j ) > 0 if A i 6= A j
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� symmetry i.e., dH (A i ; A j ) = d(A j ; A i )
� triangle inequality i.e., dH (A i ; A j ) � dH (A i ; C) + dH (C; A j ) whereA i ; A j ; C

grids.

Thus, the proposeddistanceas a proper similarit y measure[48]. We will use
this similarit y measurein order to de�ne a metric multidimensional scaling
[41]-[43].

Let fA 1; : : : ; A N g be the set of training facial grid database.The similarit y
matrix of the training is de�ned as:

[D ]i;j = dH (A i ; A j ): (21)

We will usethe dissimilarity matrix D in order to de�ne an embedding X 2
< k� N , where k � N is the dimensionality of the embedding and the i -th
column of X , denoted as x i , corresponds to the feature vector of the facial
grid A i in the new Euclidean space.In order to �nd the embedding X , the
matrix B is de�ned as:

B = �
1
2

JDJ (22)

where J = I N � N � 1
N 1N 1T

N 2 < N � N is the centering matrix, where I N � N is
the N � N identit y matrix and 1N is the N-dimensionalvector of ones.The
matrix J projects the data sothat the embeddingX haszeromean.The eigen-
decomposition of the matrix B will give us the desiredembedding.The matrix
B is positivesemi-de�nite (i.e., it hasreal and non-negativeeigenvalues),since
the distancematrix D is Euclidean.Let p bethe number of positiveeigenvalues
of matrix B . Then, the matrix B can be written as:

B = Q�Q T = Q�
1
2

2

6
4

M

0

3

7
5 �

1
2 QT = GT MG (23)

where � is a diagonal matrix with the diagonal consisting of the p positive
eigenvalues,which are presented in the following order: �rst, positive eigen-
values in decreasingorder and �nally the zero values. The matrix Q is an
orthogonal matrix of the corresponding eigenvectors.The matrix M is equal
to M = I p� p where I p� p is the identit y p � p matrix. The matrix G is the
embedding of the set of facial grids in the Euclideanspace< [48]:

G = �
1
2
k QT

k (24)

where � k contains only the non-zerodiagonal elements of � and Qk is the
matrix with the corresponding eigenvectors.

In this case,the new embedding is:

G � = �
1
2
� QT

� (25)
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where � � is a diagonal matrix having as diagonal elements the magnitude of
the diagonalelements of � l , in descendingorder. The matrix Q � contains the
corresponding eigenvectors. For the dimensionality � of the new embedding,
the following inequality holds: � � p � N . As already mentioned, the vector
gl

i , i.e. the i -th column of the matrix G l corresponds to the feature vector of
the grid A i in the Euclideanspace.

4.2.2 Multiclass Support Vector Machinesin the new space

For every facial expressive grid A i 2 < � , a feature vector g�
i is created.The

feature vectorsg�
i labelledproperly with the true corresponding facial expres-

sionsare usedas an input to a multi-class SVM. SVMs were chosendue to
their good performancein various practical pattern recognition applications
[34][49]-[52]and their solid theoretical foundations.A brief presentation of the
optimization problem of the multi-class SVMs will be given below. The inter-
estedreader can refer to [53]-[56]and the referencestherein for formulating
and solving multi-class SVM optimization problems.

The training data are (g�
1; l1); : : : ; (g�

N ; lN ), whereg�
j 2 < � l j 2 f 1; : : : ; 7g are

the corresponding facial expressionclasslabels. The multi-class SVM solves
only one optimization problem [55]. It constructs 7 facial expressionsrules,
wherethe k� th function w T

k � (gj ) + bk separatestraining vectorsof the class
k from the rest of the vectors,by minimizing the objective function:

min
w ;b ;�

1
2

7X

k=1

wT
k wk + C

NX

j =1

X

k6= l j

� k
j (26)

subject to the constraints:

wT
l j � (gj ) + bl j � wT

k � (gj ) + bk + 2 � � k
j (27)

� k
j � 0; j = 1; : : : ; N; k 2 f 1; : : : ; 7gnl j :

C is the term that penalizesthe training errors. b = [b1 : : : b7]T and � =
[� 1

1; : : : ; � k
i ; : : : ; � 7

N ]T are the bias and slack variable vectors, respectively. For
the solution of the optimization problem (26), subject to the constraints (27),
the readercan refer to [53,55,56].

The nonlinear mapping � has beenusedfor a high dimensionalfeature map-
ping for obtaining a linear SVM systemin which it should be � (g) = g. This
mapping is de�ned by a positive kernel function, h(gi ; gj ), specifying an inner
product in the feature spaceand satisfying the Mercer's condition [53,57]:

h(gi ; gj ) = � (gi )
T � (gj ): (28)
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The functions usedas SVM kernelswere the d degreepolynomial function:

h(gi ; gj ) = (gi
T gj + 1)d (29)

and the Radial BasisFunction (RBF) kernel:

h(gi ; gj ) = exp(� 
 k gi � gj k2): (30)

where
 is the spreadof the Gaussianfunction.

The decisionfunction is:

p(g) = argmax
k=1 ;:::;7

(wT
k � (g) + bk): (31)

The question that remainsis how novel grids can be classi�ed using the pro-
posedembedding and multiclass SVM.

4.2.3 ClassifyingNovel Grids

For testing, let fG1; : : : ; Gng be a set of n testing (novel) facial grids. The
matrix D n 2 < n� N is created, with [D n ]i;j = dH (Gi ; A j ). The matrix D n

represents the similarit y between the n test facial grids and all the training
facial grids. The matrix B n 2 < n� N of inner products that relates all the
new (test) facial grids to all facial grids from the training set is then found as
follows:

B n = �
1
2

(D nJ � UDJ ) (32)

where J is the centering matrix and U = 1
N 1n1T

N 2 < n� N . The embedding
Gn 2 < � � n of the test facial grids is de�ned as:

Gn = �
� 1

2
� QT

� B T
n : (33)

The columns of the matrix G n are the features used for classi�cation. Let
gi;n 2 < � be the i -th columnof the matrix G n , i.e. the vector that contains the
featuresof the grid Gi . A test grid deformationfeaturevector is classi�ed to one
of the seven facial expressionsusing (34). Once the seven-classSVM system
is trained, it can be usedfor testing, i.e., for recognizingfacial expressionson
new facial videos.Gi to oneof the seven facial expressionclassesis performed
by the decisionfunction:

f (Gi ) = arg max
k=1 ;:::;7

(wT
k � (gi;n ) + bk); (34)

wherewk and bk have beenfound during training. The distancethat de�nes
the facial expressionclassthe grid deformation vector belongsto is given by:

sg = max
k=1 ;:::;7

(wT
k � (g) + bk) (35)
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which is the distancefrom the classseparatinghyperplane.

4.3 FAU recognition using shape information

For FAU recognition, the shape information produced from the j -th video
sequenceis the Candide node displacements d i

j of the Candide grid nodes,
de�ned as the di�erence betweencoordinates of this node in the neutral and
expressive frame [34]:

d i
j = [� x i

j � yi
j ]

T i 2 f 1; : : : ; 104g: (36)

where� x i;j , � yi;j are the x, y coordinate displacement of the i -th node in the
j -th imagerespectively. This way, for every facial imagesequencein the train-
ing set,a featurevector gj is created,calledgr id def ormation f eature vector
containing the geometricaldisplacement of every grid node:

g�
j = [d1;j d2;j : : : dE ;j ]T ; j = 1; : : : ; N (37)

having Q = 104� 2 = 208dimensions.We assumethat each grid deformation
feature vector g�

j j = 1; : : : ; N .

Let V be the databasethat is consistedof the di�erences of grids between
the neutral and expressive states as extracted from the video sequences.For
the k-th FAU recognition, the databaseis clustered into 2 di�eren t classes
fV (1)

k ; V(2)
k g each one representing one possiblek-th FAU state (presenceor

absence).The grid deformation feature vector g�
j 2 < Q is used as an input

to 17 two classSVM systems,each one detecting a speci�c FAU (the FAU
set includes FAUs 1, 2, 4, 5, 6, 7, 9, 10, 12, 15, 16, 17, 20, 23, 24, 25 and
26). Each SVM system,usesthe Candide node geometricaldisplacements to
decidewhether a speci�c FAU is activated for the test grid under examination
or not. The k-th SVM, k = 1; : : : ; 17 is trained with the examplesin V(1)

k =
f (g�

j ; yk
j ); j = 1; : : : ; N; yk

j = 1g as positive onesand all other examples

V(2)
k = f (gj ; yk

j ); j = 1; : : : ; N; yk
j = � 1g as negative ones.The feature

vectorsgj 2 < Q labelledproperly with the correct label (l j = 1 whenthe FAU
under examination is activated and l j = � 1 when it is not activated) are used
as an input to a set of two-classSVM systems.

Two classSVM systemsare usedin order to detect the activated FAUs. The
grid deformation feature vector g�

j 2 < Q j = 1; : : : ; N is used as an input
to 17 two-classSVM systems,each one detecting a speci�c FAU from the
onesdepicted in Figure 4. Each SVM systemusesthe grid node geometrical
displacements to decidewhether a speci�c FAU is activated at the grid under
examination or not. In order to train the k-th SVMs network, the following
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minimization problem has to be solved [54]:

min
w k ;bk ;� k

1
2

wT
k wk + Ck

NX

j =1

� k
j (38)

subject to the separability constraints:

yk
i (wT

k � (g�
j ) + bk) � 1 � � k

j ;

� k
j � 0; j = 1; : : : ; N; (39)

wherebk is the bias for the k-th SVM, � k = [� k
1 ; : : : ; � k

N ] is the slack variable
vector and Ck is the term that penalizesthe training errors.

After solving the optimization problem (38) subject to the separability con-
straints (39) [53,57],the function that decideswhether the k-th FAU is acti-
vated by a test displacement feature vector g� is:

f k(g) = sign(wT
k � (g� ) + bk): (40)

The distanceof the grid to the decisionsurfaceof the k-th FAU (k = 1; : : : ; 17)
in the test video that producedthe grid deformation vector is :

vk
g = wT

k � (g� ) + bk : (41)

5 Fusion of texture and shape information

5.1 Fusion for facial expressionrecognition

Various methods were usedin our study to achieve fusion of the texture and
shape information results (SVMs and many variations of NNs). However, only
the one that provided the best results (MRBF NN) will be described below,
due to spacelimitations. The DNMF algorithm, applied to the imagex, pro-
ducesthe distance r x as a result, while SVMs applied to the Candide grid
g, produce the distancesg as the equivalent result. The distancesr x and sg ,
de�ned in (13) and in (34), respectively, werenormalizedin [0; 1] using Gaus-
siannormalization [58].Thus,a newfeaturevector c, c = [r x sg ]T , is de�ned
containing information from both texture and shape information sources.The
feature vector c was usedas an input to a RBF NN system.The output of
this systemis the facial expressionclasslabel l . Many variations of RBF NNs
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were tested in our experiments, such as the generalRBF NNs, Generalized
RegressionNNs (GRNNs) and MRBFs.

5.2 Fusion for FAU recognition

The DNMF algorithm, applied to the di�erence image x � , producesa score
uk

x (de�ned in (19)) as a result, which speci�es whether the k-th FAU exam-
ination was activated in the imagex � . The SVM application to the vector of
geometricaldisplacements g� , producesthe scorevk

g � (de�ned in (41)) as the
equivalent result. A new feature vector ck = [uk

x vk
g � ]T is de�ned containing

information from both texture and shape information sourceswas created.
The featurevector c wasusedasan input to a MRBF NNs systemto produce
the �nal decisionon FAU recognition.

5.3 Median Radial Basis Function Neural Networksfor Fusion

In this Section,weshall describe the bestsolution found in our experiments for
fusingthe scoresof the texture andshapeclassi�ers.The bestsolution hasbeen
an RBF NN [59]basedon robust statistics, the so-calledMRBF. The useof the
MRBF for fusing the scoreshas beenmotivated by its successfulapplication
in fusing the scoresof various modalities in the personidenti�cation problem
[60].

An RBF network is a two-layer feed-forward neural network, in which various
clustersare grouped together in order to describe classes,thus making it ap-
propriate for nonlinear functional approximation [61]. The inputs of the RBF
network are the previously described vectorsc. Each hidden unit implements
a Gaussianfunction which modelsa cluster:

� j (c) = exp[� (c � p j )T S� 1
j (c � p j )] (42)

wherec is the entry vector, p j is the meanvector, Sj is the covariancematrix,
and j = 1; : : : ; L , where L is the total number of hidden units. Each hidden
unit modelsthe location and the spreadof a cluster. The output unit consists
of a weighted sum of hidden unit outputs, which are fed into a sigmoidal
function:

 (c) =
1

1 + exp[�
PP

j =1
� j � j (c)]

(43)

where� j are the output weights associated with the hidden units. The output
consistsof a decisionfunction  (c) 2 (0; 1).

21



A very commonapproach for estimating the parametersof an RBF network
consistsof an adaptive implementation of the k� meansclustering algorithm
[62]. Another approach is to usehybrid SVMs plus a RBF system,wherethe
centers of the classesare estimated using initially a SVM system (i.e., we
use as the RBF centers the learned SVs (Support Vectors) [63]). In [59], a
robust statistics algorithm wasproposedfor estimating the parametersof the
RBF networks. It was proven that this algorithm provides better parameter
estimateswhen the clustersare overlapping or in the presenceof outliers [59].
MRBF assignsan incoming data vector to a cluster which has the smallest
Euclideandistance:

kci � p j k = min
k

kci � pkk: (44)

After assigninga set of vectorsto the samecluster, we calculate the center of
the cluster using the marginal median algorithm

p j = medf cj ;0; cj ;1; :::; cj ;ng (45)

wherecj ;i for i = 0; : : : ; n are the data samplesassignedto the hidden unit j .
In order to limit the computational complexity, we consideronly a limited set
of data samplesand the formula (45) is calculated from a running window.
For the dispersionestimation weemploy the medianof the absolutedeviations
from the median algorithm:

Sj =
medfj cj ;0 � p j j; : : : ; jcj ;n � p j jg

0:6745
: (46)

The covariance matrix Sj is consideredto be diagonal. The output weights
are calculatedfrom the back-propagation algorithm:

� j =
nX

i =0

[H (ci ) �  (ci )] (ci )[1 �  (ci )]� j (ci ) (47)

whereH (ci ) is the decisionfunction associated with each data samplein the
training set (i.e, H (ci ) is the label of ci ).

MRBF networks use the secondorder statistics. The radial basis functions
modelling the clusters are not in
uenced by the presenceof outliers in the
MRBF training algorithm, due to the useof the robust medianoperators[64].
Therefore, MRBF networks are expected to have good classi�cation perfor-
mance.
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6 Exp erimen tal results

6.1 Databasedescription

The Cohn-Kanadedatabasehasbeenusedin the experiments. This databaseis
annotatedwith FAUs. Thesecombinations of FAUs weretranslated into facial
expressionsaccordingto [5], in order to de�ne the corresponding ground truth
for the facial expressions.All the available subjects and videos were taken
under considerationto form the databasefor the experiments.

The most frequently usedapproach for testing the generalizationperformance
of a classi�er is the leave-onecross-validation approach [65]. It was devised
in order to make maximal use of the available data and produce averaged
classi�cation accuracy results. The term leave-oneout cross-validation does
not correspond to the classicalleave-one-outde�nition, as a variant of leave-
one-out was used (i.e., leave 20% of the samplesout) for the formation of
the test dataset in our experiments. However, the procedurefollowed will be
called leave-one-outfrom now on for notation simplicity without lossof gen-
eralization. More speci�cally, all image sequencescontained in the database
are divided into 7 facial expressionclasses(or 17 FAU classes).Five setscon-
taining 20% of the data for each class,chosenrandomly, were created. One
set containing 20%of the samplesfor each classis usedas the test set, while
the remaining setsform the training set. After the classi�cation procedureis
performed,the samplesforming the test set are incorporated into the current
training set, and a new set of samples(20% of the samplesfor each class)
is extracted to form the new test set. The remaining samplescreate the new
training set.This procedureis repeated�v e times. A diagramof the leave-one-
out cross-validation method canbeseenin Figure 7. The averageclassi�cation
accuracyis de�ned as the meanvalue of the percentagesof the correctly clas-
si�ed facial expressionsover all data presentations.

The accuracy achieved for each facial expressionis averagedover all facial
expressionsand doesnot provide any information with respect to a particu-
lar expression.The confusionmatrices [34] have been computed to handle
this problem. The confusion matrix is a n � n matrix containing informa-
tion about the actual classlabel labac (in its columns)and the label obtained
through classi�cation labcl (in its rows). The diagonal entries of the confu-
sion matrix are the number of facial expressionsthat are correctly classi�ed,
while the o�-diagonal entries correspond to misclassi�cations.The abbrevia-
tions an; di; f e; ha; sa; su and ne represent anger,disgust, fear, happiness,
sadness,surpriseand neutral, respectively.
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Training test Test set}
Neutral Neutral 20% Neutral 20% Neutral 20% Neutral 20%...

Fig. 7. Diagram of leave-one-outmethod usedin classi�cation assessment.

6.2 Facial expressionrecognition

In this Section, facial expressionrecognition experiments are described. The
facial expressionsunder examination are the six basic onesplus the neutral
state. Only the best accuraciesachieved for any method usedare taken under
considerationto make the �nal conclusions.

6.2.1 Facial expressionrecognition from texture

The basis imagesextracted when the NMF, LNMF and DNMF algorithms
were applied are depicted in Figure 8. The accuracyrates obtained for facial
expressionrecognition using texture information and applying several meth-
ods, such as PCA, PCA followed by LDA, NMF, LNMF and DNMF, are
shown in Figure 9. DNMF clearly outperformsthe rest imagerepresentations.
The number of dimensionskept after applying PCA plus LDA, wereequal to
the number of facial expressionclassesminus 1, thus equal to 6. The confu-
sion matrix obtained when using DNMF on texture information is presented
in Table 2.a. The best accuracyachieved was equal to 74.3%.

As can be seenfrom the confusion matrix, sadnessseemsto be the most
ambiguous facial expression.More speci�cally, it is misclassi�ed the most as
neutral and anger(23.3%and 7.7%of the cases,respectively). The facial ex-
pressionthat follows in misclassi�cation rate is fear, which is mainly confused
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with neutral (21% of the cases).The facial expressionmisclassi�cation de-
scendingordering continueswith happiness(misclassi�ed asneutral in 15.6%
of the cases),disgust (misclassi�ed as neutral in 20% of the cases),surprise
(misclassi�ed asneutral in 18.6%of the cases),anger(misclassi�ed asneutral
in 14%of the cases)and neutral (misclassi�ed asangerin 5.5%of the cases).

(a) (b)

(c)

Fig. 8. Basis imagesextracted for (a) NMF, (b) LNMF and (c) DNMF algorithms.

6.2.2 Shape information extraction using SVMs

The confusionmatrix obtained when using SVMs on shape information using
the method described in Section 4, is presented in Table 2.b. The accuracy
achieved was equal to 84.8%. In Figure 10, the accuracy rates achieved for
facial expressionrecognition when using SVMs with polynomial and RBF
kernelsare shown.

As canbeseenfrom the confusionmatrix, fearseemsto bethe mostambiguous
facial expression.More speci�cally, fear is misclassi�edthe most ashappiness,
followed by disgust and neutral (11.8%,7.3% and 7.2% of the cases,respec-
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Fig. 9. Recognition accuraciesobtained for (a) facial expressionand (b) FAU recog-
nition using NMF, LNMF and DNMF algorithms.

tiv ely). The facial expressionthat follows in misclassi�cation rate is sadness,
which is mainly confusedwith anger(10.8%of the cases).The facial expression
misclassi�cation descendingordering continueswith neutral (misclassi�ed as
surprise in 5.8%of the cases),disgust (misclassi�ed as anger in 14.3%of the
cases),anger and happiness(misclassi�ed as disgust and neutral in 6% and
9% of the cases,respectively) and surprise(misclassi�ed asfear in 7.1%of the
cases).

Table 2
Confusion matrices when using (a) texture (74.3%) and (b) shape (84.8%)informa-
tion, respectively.

lab ac % n lab cl % an di fe ha sa su ne

an 77 0 0 5.6 7.7 1.4 5.5

di 0 74 3.6 3.3 1.5 0 0

fe 3 0 68.2 2.2 1.5 1.5 1.1

ha 0 3 3.6 73.3 1.5 1.4 1.1

sa 6 0 0 0 61.5 1.4 0

su 0 3 3.6 0 3 75.7 2.2

ne 14 20 21 15.6 23.3 18.6 90.1

lab ac % n lab cl % an di fe ha sa su ne

an 91 14.3 0 0 10.8 0 4.8

di 6 85.7 7.3 0 0 0 0

fe 0 0 68.2 0 0 7.1 2.4

ha 0 0 11.8 91 4.6 0 0

sa 0 0 5.5 0 80 0 2.4

su 3 0 0 0 0 92.9 5.8

ne 0 0 7.2 9 4.6 0 84.6

(a) (b)

6.2.3 Fusion of texture and shape information for facial expressionrecogni-
tion

The confusionmatrix obtained when fusion using MRBF NNs is presented in
Table 3. The accuracyachieved when MRBF NNs wereusedfor the fusion of
the texture and shape results, wasequal to 92.3%,which is better than using
either texture or shape information alone. The combination of texture and
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Fig. 10. Facial expressionand FAU recognition accuraciesusing shape and SVMs
for various kernels (a) polynomial kernels (b) RBF kernels.

shape information increasesthe classi�cation rate for all facial expressions.
More speci�cally:

� For anger, the �nal accuracy achieved when fusion is applied is equal to
93.6%,while the equivalent onesbeforefusionwere77%and 91%for texture
and shape information classi�cation, respectively. The confusion of anger
with fear and neutral that appearswhen only texture information is used
no longer exists, while the confusionof anger with sadnessremainsbut is
signi�cantly reducedwhen fusion is introduced.Regardingshape informa-
tion, the confusionof anger with surprise no longer exists when fusion is
introduced,while the confusionof angerwith disgust remainsbut is signif-
icantly reduced.

� For disgust, the �nal accuracyachieved when fusion is applied is equal to
89.5%, while the equivalent ones before fusion were 74% and 85.7% for
texture and shape information classi�cation, respectively. The confusionof
disgust with surpriseand neutral that appearswhen only texture informa-
tion is usedno longerexists.Regardingshape information, the confusionof
disgust with angerno longer exists when fusion is introduced.

� For fear, the �nal accuracy achieved when fusion is applied is equal to
84.3%,while the equivalent onesbefore fusion were equal to 68.2% both
for texture and shape information classi�cation. The confusionof fear with
disgust, happiness,surprise and neutral that appears when only texture
information is usedno longerexists.Regardingshape information, the con-
fusion of fear with disgust, happinessand neutral no longer exists when
fusion is introduced, while the confusion of disgust with sadnessremains
but is signi�cantly reduced.

� For happiness,the �nal accuracyachieved when fusion is applied is equal
to 97.5%,while the equivalent onesbefore fusion were 73.3%and 91% for
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texture and shape information classi�cation. The confusion of happiness
with anger,disgust and fear that appearswhen only texture information is
usedno longerexists,while the confusionof happinesswith neutral remains
but is signi�cantly reduced.Regardingshape information, the confusionof
happinesswith neutral remainsbut is signi�cantly reduced.

� For sadness,the �nal accuracyachieved when fusion is applied is equal to
94.3%,while the equivalent onesbeforefusion were61.5%and 80%for tex-
ture and shape information classi�cation. The confusion of sadnesswith
anger, disgust, fear, surprise and neutral that appears when only texture
information is usedno longerexists.Regardingshape information, the con-
fusion of sadnesswith angerand neutral is now absent.

� For surprise, the �nal accuracyachieved when fusion is applied is equal to
95.6%,while the equivalent onesbefore fusion were 75.7%and 92.9%for
texture and shape information classi�cation. The confusionof surprisewith
anger, fear and happinessthat appears when only texture information is
usedno longer exists, while the confusionof surprisewith neutral remains
but is signi�cantly reduced.Regardingshape information, the confusionof
surprisewith fear is now absent.

� For neutral, the �nal accuracyachieved when fusion is applied is equal to
91.3%,while the equivalent onesbefore fusion were 90.1%and 84.6%for
texture and shape information classi�cation. The confusionof neutral with
fear and happinessthat appearswhen only texture information is usedno
longer exists. Regarding shape information, the confusionof neutral with
anger, fear and sadnessis now absent, while the confusionof neutral with
surpriseremainsbut is signi�cantly reduced.

As can be seenfrom the confusionmatrix (Table 3), all facial expressionsare
correctly recognizedin more caseswhen texture and shape information are
used.This is dueto the fact that all facial expressionsdependto a great extent
on the posers'expressive abilit y. For example,anger can appear only with a
gazechangerather than the equivalent mouth movement, somethingthat can
only be detected by the human eye (therefore being visible as a change in
texture information), while disgust includesa frown that can not be perfectly
represented by the Candide grid due to the lack of enoughgrid vertices that
should be placed at the wider nosearea. Fear can include extremely minor
facial movements in combination with gazechanges,thusmaking it di�cult to
recognize(also being visible as changesin texture information). Sadnessmay
beexpressedasa di�erence in gazeanda subtlemouth movement andof course
neutral doesnot includeany movement at all. Thusall of the abovementioned
facial expressionsare greatly a�ected by the presenceof texture information
whenit comesto their recognition.The remainingfacial expressions(happiness
and surprise)includemoreimportant changesin the form of facial movements.
Their existencehowever results in major texture changes,e.g.when a person
smilesa white areacorresponding to his teeth appears,while whena personis
surprisedand openshis mouth a big black areaappears.Thus, the recognition
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of happinessand surprise can be also improved when texture information is
available.
Table 3
Confusion matrix achieved fusing texture and shape information using MRBF NNs
for seven facial expressions.The facial expressionrecognition rate has been92.3%.

lab ac (%) n lab cl (%) an di fe ha sa su ne

an 93.6 0 0 0 0 0 6.7

di 1.6 89.5 0 0 0 0 0

fe 0 0 84.3 0 0 0 0

ha 2.6 10.5 0 97.5 5.7 0 0

sa 2.2 0 15.7 0 94.3 2.5 0

su 0 0 0 0 0 95.6 2.0

ne 0 0 0 2.5 0 1.9 91.3

A comparisonof the recognition rates achieved for each facial expressionwith
the state of the art [65]-[68],when six facial expressionwere examined(the
neutral state wasnot taken under consideration)is depictedin Figure 11.The
total facial expressionrecognitionof the proposedfusedarchitecture hasbeen
94:5% for the six facial expressions.Unfortunately, their is no direct method
to comparethe rates achieved by other researchers [65]-[68],sincetheir is not
standard protocol (every one use his own testing protocol). Moreover, some
of the methods like [66{68] have beentested only of the six facial expressions
therefore,the performanceof thesemethods in casethe seventh facial expres-
sion(ie.neutral) had beenincludedremainsunknown. Only the method in [65]
hasbeentested for the seven facial expressionsand their recognition rate has
been78:52%which is signi�cantly lower than the performanceof the proposed
method that achieved 91:3% for neutral.

6.3 FAU recognition

In this Section,FAU recognition is described. We expected the FAUs 1, 2, 4,
5, 6, 7, 9, 10, 12, 15, 16, 17, 20, 23, 24, 25 and 26, as proposedin the facial
expressionrecognition rules in [5] (17 FAUs in total).

6.3.1 FAU recognition using texture information

The accuracy rates obtained for FAU recognition using texture information
and by applying several methods, such asPCA, PCA followed by LDA, NMF,
LNMF and DNMF are shown in Figure 9.b. Only one dimension was kept
after applying PCA and LDA, this number being equal to the number of
classi�cation classes(presenceor absenceof a FAU) minus 1. Only the DNMF
method that provided the best accuraciesis taken in consideration for the
fusion experiments. The total classi�cation accuracy achieved was equal to
84.4%.
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Fig. 11. Comparison with recent dynamic facial expressionrecognition methods.

6.3.2 FAU recognition using shape information

The total accuracyachieved was equal to 86.7%.In Figure 10, the accuracy
ratesachievedfor FAU recognitionwhenusingSVMsareshown. The functions
usedas SVM kernelswere the polynomial and RBF functions.

6.3.3 Fusion of texture and shape information for FAU recognition

The total accuracyachieved for both caseswas equal to 92.1%,which is sig-
ni�can tly better than the one obtained when using either texture or shape
information. The accuracyrate was increaseddue to the useof both texture
and shapeinformation. The introduction of texture eliminatessomeof the con-
fusionsobserved whenusingshape information only. This happensasin many
FAUs, the shape information is not enoughto fully describe its presence.In
many cases,the available grid nodesfail to describe all possibletexture char-
acteristics, such as furrows and wrinkles that may appear on the face.To be
morespeci�c, whenFAU 12 is observed (seeFigure 12), somevertical furrows
appear between the noseand the cornersof the mouth (emphasizedwith a
cloud of black dots). Thesefurrows cannot be fully described by the Candide
grid deformation due to the absenceof properly placedgrid nodes.The same
happens with FAU 23 (also shown in Figure 12), where horizontal furrows
appear betweenthe chin and mouth (emphasizedwith a cloud of black dots).
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Texture cancaptureall the necessaryinformation wherethe shape description
would fail, thusmaking the fusionof the two kinds of information morepower-
ful. For FAU 9, the accuracyrate achievedwhenusingtexture information was
equal to 86.4%,the equivalent onewhen using shape information was 91.7%.
Fusion produced an accuracyof 95.8%.The proposedmethod increasedthe
accuracyby more than 12% when comparedto the accuracyachieved when
only shape information is used(82.7%) [34].

Fig. 12. Furrows that appear when FAUs 12 and 23 are observed and two of the
sparseDNMF basesthat correspond to the furrows.

7 Conclusions

A novel and complete(i.e., usesboth shape and texture information) method
for facial expressionrecognition is proposedin this paper. The recognition is
performed by fusing the texture and the shape information extracted from
a video sequenceusing a subspacerepresentation method and an Euclidean
embedding in combination with a SVMs system,respectively. The results ob-
tained from the abovementioned methodsarethen fused.Variousmethodsare
usedfor fusion, including SVMs and MRBF. The systemachievesan accuracy
of 92.3%when recognizingthe seven basicfacial expressionsand 92.1%when
recognizingthe 17 basic FAUs. Conclusionsregarding the most misclassi�ed
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facial expressionsare drawn and the way fusion aids to their easierand most
accuraterecognition is indicated.
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