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Abstract

Facial expression recognition is necessary for design-
ing any realistic human-machine interfaces. Previous pub-
lished facial expression recognition systems achieve good
recognition rates, but most of them perform well only when
the user faces the camera and does not change his 3D
head pose. In this study, we propose a new method for
robust, view-independent recognition of facial expressions
that does not make this assumption. The system usesa novel
3D model-based tracker to extract simultaneously and ro-
bustly the pose and shape of the face at every frame of a
monocular video sequence. There are two main contribu-
tions of this paper. First, we demonstrate that the 3D in-
formation extracted through 3D tracking enables robust fa-
cial expression recognition in spite of large rotational and
trandational head movements (up to 90 degrees in head
rotation). Second, we show that Support Vector Machine
is a suitable engine for robust classification. Recognition
rates as high as 91 percent are achieved at classifying 5
distinct dynamic facial motions (neutral, opening/closing
mouth, smile, raising eyebrow).

1 Introduction and Previouswork

In search for the “perfect” human-machine interface,

Intel Corporation - SC12-303
Santa Clara, CA 95052, USA

sification of dynamic facial expressions while the subject is
free to move his head in front of the camera. Following this
approach, pose and shape characteristics are naturally fac-
tored into two separated signature vectors through tracking,
leading to good facial expression classification rates even
under extreme head pose configurations.

The initial 2D methods for facial expression recognition
suffer from a high degree of dependence upon camera view-
ing angle [16, 3]. In [5], Cheet al. use learning subspace
method on features obtained from images of subparts of the
face. In [22], Wanget al. use 19 point 2D feature tracker
for the recognition of three emotional expressions. In [14],
Lien et al. use feature tracking with partial affine trans-
formation compensation in order to recognize the move-
ment directions of action units. In [17], Sako and Smith
use color matching and template matching to find the posi-
tions of important 2D features on the face and use the di-
mension and position information about these features for
expression recognition. Another 2D method is due to Hara
and Kobayashi in [12] where they use scanline brightness
distribution to detect six different expressions. One of the
main motivations behind 3D techniques for face or expres-
sion recognition is to be able to succeed in a broader range
of camera viewing angles. In [9], Essa and Pentland devel-
oped a system for observing dynamic facial motions using
model based optical flow method. They show that their sys-
tem is suitable for coding, analysis and recognition of facial
expressions.

many computer vision researchers have been working on
automatic detection, tracking and recognition of the whole  Tracking of the face can provide information regard-
or parts of the face [20, 14]. Most facial expression recog- ing the pose and shape of the face, which can further be
nition systems developed so far require that the subject facesused for expression recognition. A large number of re-
the camera and does not change his 3D pose. In this papersearchers [13, 10, 15, 19, 1, 2, 11] have studied optical flow
we propose a hovel scheme for facial expression recognitiontracking. Black and Yacoob uses the flows of local 2-D face
that is coupled with a novel 3D model-based face tracker in features for recognition purposes. The method does not
a monocular video sequence. This technique enables clasexplicitly cover a large angular degree of head rotations.
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More recently, DeCarlo and Metaxas [7, 6] presented a
model-based tracking algorithm in which face shape model
and motion estimation were integrated using optical flow
and edge information. The deformable model they use for
tracking consists of several articulated parts and has to be
designed by hand prior to tracking. Eisettal. in [8]
tracked the human face in a video sequence using a similar
model-based approach and used the tracking results for ob-
ject based compression. These 3D methods [8, 7, 11] have
potential to produce view-independent recognition systems.

Stereo sequence of the user deforming his face

Monocular sequence of the user
changing his pose while performing
different expressions

Training Stage l Test Stage

¥
Stereo tracking and
Principal Component Analysis
Sec.2.2

Monocular 3-D Tracking of
facial pose and deformations
Sec. 2.3

Learnt
Shape i
Model

l Shape Vectors

Support Vector Machine
Classification of the shape vector
Sec. 2.4

Support Vector Machine
Training in a
one-to-many scheme Sec. 2.4

|

Expressions are recognized
while tracking the face

We introduced a model-based, markerless face tracker
in [11]. Here, we propose to apply this tracker for the pur-
pose of classifying facial expressions. The recognition sys-
tem consists mainly of two components: a training stage 2-1 ~Deformable F aceModel
and a testing stage. In the training stage, the three dimen-
sional deformable model of the subject’s face is built using

a stereo system. The shape vectors obtained through thid (0 = 1,..., N). See Figure 2. We define the face ref-
stage are used to train the support vector machine classifiereT€nce frame as a reference frame attached to the head of

In the testing stage, the face of the subject is tracked throughthe user. Let\'’(n) andX{(n) be the coordinate vectors of

a monocular sequence in three dimensions using the com-& 9éneric poin®; at framen in the face and camera refer-

pact deformable shape model computed after training. The €NC€ frames respectlvgly. Those two 3—vect9rs are relatet_d to

3D deformation of the face is then encoded in a form of gach other through a rigid body trgnsformatlon characteriz-

a small vector of scalars (also called shape vector) that isind the pose of the user's face with respect to the camera:

used by the support vector machine classifier to recognize ¢(?) = fi(n)X*(n) +t(n), whereE(n) andi(n) are the

the facial expression at every frame of the sequence. rotatlo_n ma_tnx and translation vecto_r_defmlng respectively
the orientation and the absolute position of the center of the

The rest of the paper is organized as follows. In Sec- face in the camera reference frame. Of course, sifiee)
tion 2, we describe the components of the system. In Sec-ig 3 rotation matrix, it is uniquely parameterized by a 3-
tion 3, two set of experiments, one with five dynamic facial vectorw(n) also known as rotation vector(see [10]). The
motions and the other with three emotional expressions areproblem of tracking the face in a monocular sequence cor-
presented. In Section 4, we discuss possible directions fOfresponds then to estimating the quamiﬁgg(n) (shape),
future work and conclude. andw(n) andf(n) (pose) for all pointsP; (i = 1,...,N)
for all frame numbers.

As expressed in its most general form, it is easy to show
that this estimation problem is unsolvable from a monocular
observation. For example, one may pick any rigid pose pa-
rameters{w(n), (n)}, and there will always exist a shape
{)?i(n)} that will result into the same projected points on

Figure 1 shows the flowchart of the system. Similar to the image. However, we can assume some more constraints
other statistical models, the system is composed of train-on the shape unknown in order to make the problem solv-
ing and testing stages. Stereo tracking serves as a basiable. LetX (n) be the resulting N x 1 vector after stack-
for building the three dimensional deformable model of the jng the Coordinategi(n) of all of the points at time: such
subject’s face. Inherently, the learned models serve as thethat)?(n) = [X1(n)... XN (n)]". The key constraint that

training dgta for support vector machine classifier. Mpnoc- makes monocular tracking possible is to assume that at any
ular tracking uses the learned model for robust tracking of time 1, in the sequence, the whole shape coordinate vector

face pose and shape. The shape vector is subsequently use/q(n) is a linear combination of a small number of (known)
by the support vector machine classifier to assign particular3J\,_vectors)-('0 b X, (p < 3N):
J X1, X ;

probability of each expression.

Figure 1. The main components of the algorithm.

The face is modeled by a collection &f = 19 points

2 Description of the System

An overview of the face model used for tracking is given
in Section 2.1. We describe the details of the tracking sys-
tem in Sections 2.2 and 2.3. Section 2.4 describes the Sup-
port vector machine classifier, and presents its applicationwhere the vectorsXy, (k = 0,...,p) are not func-
to our multi-class problem. tions of the frame numben. The p scalar coefficients
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k = 0,...,p are computed using the Singular Value De-
composition (SVD) [4] of the 3D shape trajectory matrix
Here, we choose to compute the basis shape vectors from
several individuals. For this purpose, each subject is tracked
in separate stereo sequences, and then all shape trajectories
are registered (or aligned) in a consistent reference frame
(figure 2). Once the shape sequencek afsers are aligned,

_ @ (®) each neutral shap&¥ (u = 1,..., K) is estimated as the
t';'gﬁ"netfé rgfgghhzg Ozslgu%?’ggt?e(sbf; i?it&eets"‘r’lo ‘:f)?;g{:duzidthe initial face shape of the sequence belonging to individual
imagg S the face. jects. pro) Xg = X*(1). whereX*(n) is now the 3D mesh that be-

longs to individual: at framen (after 3D alignment). Ob-

serve that this way, we assume that every stereo sequence

starts with the user being at rest position. Next, the neu-
ar(n) are the only entities that allow for non-rigidity of tral shape is subtracted from the whole aligned trajectory of

the 3D shape across time. As a result, thevector  ger, Each resulting residual shape trajectdfy (n) for

a(n) =[a1(n) as(n) ... ay(n)]’ is called the shape = > g
vector. The integep is referred to as the dimensionality US€r« becomest™(n) = X*(n) — Xg. The new shape

of the deformation space. The shaﬁg is referred to as the trajectory)?“(n) is then used to build the following matrix:
neutral shape’ (at resting position) and the othefectors ~ _ ~ ~ ~
X as the principal movement directions. The shape vector 3] — [)?1(1) X'2) - XYy X2(1) --- XE(WVR)|,
a(n) carries the facial expression information independent

of 3D pose, thus will be our main resource for facial expres- whereN,, is the length of the tracked sequence correspond-
sion recognition. ing to usem:. Next, applying Singular Value Decomposition

In this present work, we propose to use a different mean (SvD) onM, we obtalnM U SVT wherelU andV are
shape vectorX, per subject to account for intrinsic geo- two unitary matrices and is the diagonal matrix of the pos-
metric variations between faces, but the same set principalitive and monotonically decreasing singular valags The
movement direction vector&, ..., X, for every individ- first p column vectors ot/ give the principal movement di-
ual. This corresponds to assumlng that after subtractionrectionsX; (k = 1,...,p). Following this decomposition,
of the mean shape, every individual has approximately the we approximate the genenc sha;Xeof useru as the sum
same modes of facial deformation. As a result, when deal- of its neutral shapel¥ and a linear combination of the
ing with a generic uset, we will sometimes denote his  principal movement direction vectors
corresponding mean shapg.

Given this new formalism, the monocular tracking al- S 2. >
gorithm answers the problem of estimating the deformation X=Xo+ Z X (2)
vectora(n), and the pose parameterg:) andi(n) at every
frame. This procedure is described in Section 2.3. How- once the basis shape vectors are computed, it is straight-
ever, prlor to monOCUIar traCkIng itis necessary to Compute forward to compute the b|end|ng Coeﬁ:|c|em§( ) corre-
the average shapel), and the principal movement direc-  sponding to every frame number This is done by project-
tion vectors (€’s) as discussed in Section 2.2 ing orthogonally each residual shap&*(n) onto the basis

vectorsXy (k=1,...,p) by a standard scalar product op-
erator:

2.2 Stereo T raking

: o : ay(n) = (X" (n), Xi),

We propose to estimate the principal movement direc-
tion vectorsXy, k = 0, ..., p from real tracked stereo data. e sequence of shape vectfus (i)'s) associated with ev-
Here, a stereo sequence is captured while the user make§'y framei of the stereo sequence is then used to train the
a variety of facial expressions without changing his head Support Vector Machine classifier (Section 2.4).
pose. Having initialized the 19 point mesh given in fig-
ure 2, the points are tracked on the stereo image streams2.3 Model-Based Monocular T raking
using standard optical flow techniques [15, 19] constrained
by space energy functions as described in [11]. The out- In its original form, optical flow tracking computes the
come of this procedure is the 3D trajectory of each pbint  translational displacement of a particular point in the im-

throughout the entire sequence. age given two successive frames (see [15, 19]). In the case
After stereo tracking, the shape basis vectoryy, of model-based tracking, all the points in the model are
Proceedings of the Fifth IEEE International Conference on Automatic Face and Gesture Recognition (FGR’02) CSFI;/IPUTER
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linked to each other through the parameterized 3D mod
(given here by Equation (1)), and the parameters defini
the model configuration are estimated all at once from i
age measurements. In our case, those parametergare
for shape andw(n),i(n)} for pose. Assuming that the

face model has been tracked from the first frame of the < |
quencd; to the(n —1)" framel,,_;, the objective Ls to es-
timate the gptlmal posgw(n) = w(n—=1)+dw(n), i(n) = Figure 3. Five different dynamical motions with the corre-
t(n— 1) +dt(n)} and deformatlon(n) = a(n— 1) +da(n) sponding shape vectors.

of the face model that best fit the subsequent frdmer~or
that purpose, let us define a cost functiop whose mini-

I - | S——— e oo

Neutral Shape Opening Mouth Closing Mouth Smile Raise Eyebrow

mum is achieved at the tracking solution Input Expression Decision

N. l OOM. | C.M. | S. | R.E.

. ' , Neutral(N.)(44) 32| 6 3 0] 3

G ] (1—e) ([n(fg’jl) — [n_l(ﬁl_l)) 3 Opening Mouth(O.M.)(80), 0 76 4 0 0

n— Z N +e (I (izz ) -1 (551))2 (3) Closing Mouth(C.M.)(50) | 0 1 49 0 0

i,ROI n\n 1\ -

. . Smile(S.)(87) 2 0 0 81| 4

#, = (a(n),w(n),t(n)), 4) Raise Eyebrow(R.E.)(21) | 3 0 0 0| 18

. . . T able 1.The input expression vs the decision of the system
wherer; is the model-based image projection map of the put exp Y

face mesh verte®; (pinehole model) that is function only
of the shape and pose parametgi$n),w(n), {(n)}. The
summation in Equation (3) is done over small pixel win-
dows (ROI) around every image poi,, 7, , and 7.
The scalam’® is the cosine of the angle between the point
surface normal and camera viewing direction. As a result,
points that face away from the camera are not weighted
as much as the frontal points. Observe that the first term
in Equation (3) is the standard matching cost used in the
Shi-Tomasi-Kanade feature tracker [15, 19] (tracking cost).
The second term however measures the image mismatch be- a(n)

tween the current imagé, and the first imagd; in the z(n) = { a(n) ] - [ am)—am-3) |+ ©
sequence enforcing every facial feature to appear the same

from the beginning to the end of the sequence (monitoring Observe that, in order to remain robust with respect to noise
cost). For all experiments, we kept= 0.2 to emphasize  in tracking, the difference is calculated using a baseline of
standard tracking cost over monitoring cost. Tracking is three frames. In practice, other kernels for differentiation
equivalent to estimating the optimal pose and deformation could be applied. The resulting vectar&:) are the feature
update vectorslw(n), di(n) andda(n). This is done by  Vvectors for support vector machine classifier. For clarity

setting the derivative of, with respect tada(n), dw(n) purposes, we will sometimes drop the frame numbeén
anddi(n) to zero this section to denote the feature vector.

The first step of statistical classification is to identify
the optimum classifier that corresponds to the facial feature
( vectorsz(n) calculated from the stereo sequences (training
o3 4(”) : () data). The goal is then to find a separation function that
can be induced from the known data points (feature vectors
from stereo tracking) and generalizes well on the unknown
The solution to Equation (5) is obtained by gradient de- examples (feature vectors from monocular tracking). With-
scent iterations as discussed in detail in [11]. The vector out loss of generality, let us first consider two-class clas-
[da(n) dw(n) di(n)]” provides a solution that character- sification problem, i.e. classification between a particular
izes the differential of pose and deformation between frame expression vs. all other expressions. Proposed first by Vap-
n — 1 and framen. It has to be noted that this tracking nik [21], the SVM classifier aims to find the optimal dif-
method solves for the shape vectoindependently from  ferentiating hyperplane between the two classes. The opti-
the pose of the subject. This makes the 3D tracking ap- mal hyperplane is the one that not only correctly classifies

2.4 Statistical Classification Using Sup-
port Vector Machine Classification

For recognizing dynamic expressions (e.g. open-
ing/closing month), it is necessary to augment the shape
vectora(n) with its first temporal derivativé(n). Numeri-
cally, a finite difference equation is used to approximate the
derivative operator. The resultirtp x 1 feature vector at
framen is:

proach very suitable for facial expression recognition. the data, but also maximizes the margin of the closest data
Proceedings of the Fifth IEEE International Conference on Automatic Face and Gesture Recognition (FGR’'02) CSFK/[PUQTER
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SVMwith | SVM with | Clustering | N-Nearest| N-Nearest

kernel erbf| kernel rbf with N=9 | with N=5
Same Person 176/182 170/182 161/182 173/182 173/182
Total Performance 256/282 253/282 242283 255/282 | 253/282

points to the hyperplane.

the training sefS of pointsz; € R™ withi = 1,2,..., N.

T able 2.The total number of correctly classified frames for five different classification algorithms.

new data to that hypersurface using the distance measure in
Mathematically, we consider the problem of separating equation (7). Let; be the distance of the new data point to
theith class’s hyperplane. The probability that the new data

Each data pointz; belongs to either class and thus is belongs to théth class is then given b#;:

given a labely; € {—1,1}. Support vector machines %

(SVM) [21, 18] implicitly transform the given feature vec- P = TR (8)
torsz; into new vectors(z) in a space with more dimen- i®

sions, such that the hypersurface that separates te- Once the probability function is obtained for each class, the
comes a hyperplane in the spaced¢df:)’'s. Finding the most probable expression is given as the final decision of
optimal hyperplane is then an optimization problem where the system.

the distance of the margin points to the hyperplane is max-

imized. In this optimization problem, only inner products 3 Experiments

of the formK (z;, z;) = ¢(x;)¢(x;) ever need to be com-

puted, rather than the high dimensional vectp(s) them- In this section, we present and discuss results achieved
selves [18]. In our study, we used exponential radial basis on two sets of experiments: recognition of dynamical mo-
functions (erbf) and radial basis functions (rbf) which are tjons and recognition of emotional expressions. Three sub-
explicitly given by: jects were used in both experiments. Two of these subjects
2 were included in the training set (stereo tracking) and all
three were included in the test set (monocular tracking).

.. . o In the first set of experiments, we aimed to differenti-
whereo? is the variance parameter. In the classification ate between the five distinct facial movements: Opening

process, only the vectors that are very close to the sepayq4h closing mouth, smile, raise eyebrow and neutral

rating hypersurface need to be considered when computingsh e The training set (sequences) included a total of 235
kernels. These vectors are called the support vectors. ONCc8ames from the stereo sequences of two subjects. After

the support vectorsy;,’s are computed, the distance of &y 4ining of the SVM, the number of support vectors were
vectorz from the optimal classifier has the following form: 82(35%),51(22%),54(23%),53(23%) and 74(31%) for neu-
S ovesvrs B yr K (zp, ) + b Fral shape, opening mouth, closing mouth, smiling and rais-

o] (7) ing eyebrow respectively. The obserya}tlon that more sup-

port vectors are needed for characterizing the neutral shape

Observe that the summation is done over the support vec-class reflects the fact that this class is the most ‘difficult’ to
tors only. Computing the coefficient,, b is a relatively separate from the other four. Intuitively, this comes from
expensive procedure (see [21]), but needs to be performedhe fact that in the training sequences, the face often takes
only once during training. During the classification process, its neutral shape during the transitions between the other
only Equation (7) needs to be computed. expressions.

In order to apply support vector machines to expression  The test data included monocular sequences of the three
recognition problem, we need to generalize the method to subjects. Figure 3 shows examples of the five dynamical
more than two classes. L€Y; be the class belonging to the  motions along with the corresponding shape vecidrs).
ith expression. Using SVM, the best differentiating hyper- Here, the first five components correspond to the shape vec-
surface can be deduced for each class. This hypersurface isor «(n) and the remaining five components correspond to
the one that optimally differentiates the data belonging to its derivative f = 5 in Equation 2). Table 1 summarizes the
the particular clas§’; , from the rest of the data belonging results of the experiments in categories of different expres-
to anyC'; wherej # i. sions. Exponential radial basis function (erbf) with standard

Having obtained the hypersurface for each class, a testdeviation ofc = 4 was used in this experiment. These re-
shape vector (coming from monocular face tracking) is clas- sults show that all the movements are easy to distinguish
sified. First, the location of the new data is determined with except for the neutral shape. The neutral shape is some-
respect to each hypersurface. For this, the learnt SVM for times confused with the expression that occurs just before
the particular hyperplane is used to find the distance of the or just after in the sequence.

lz;—jl

Kerbf(xiaxj):ei 207

(zi—=j)

Kppp(zi,x5) = e 242

z(x) =
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Figure 4. (a) An example of missclassification (b-d) Examples of correct classifications with various head poses.

(@

Figure 5. (a-d) Examples of correct classifications with various head poses.

Figures 4-7 show several examples of facial expressionthe structural risk in a classification problem therefore po-
classifications. The probabilities assigned to each expres+tentially scale better to new data (different subjects and ex-
sion are also given in a form of a bar plot below each picture pressions). Second, classification with SVM takes less time
with the following order of expressions(left to right): neu- since SVM uses only the support vectors.
tral, opening mouth, closing mouth, smiling, raising eye-
brows. The set of experiments demonstrates that our recog-
nition system is robust to changes in head pose. Indeed4. Conclusion and Future Work
Figure 4b shows that the system classifies correctly even
when the subject faces away from the camera (rotation of ) ) o o
nearly 90 degrees). The system is also able to recognize fa- Facial expression recognition is a necessary application
cial expressions in the case where some of the features ardéor many future human-computer interaction scenarios. In
not fully visible. For example, in Figure 4d, in spite of the this paper, we proposed a new method for robust recogni-
fact that the right corner of the mouth and half of the eye- tion of facial expressions. The system uses the 3-D monoc-
brow are not visible, the raised eyebrow movement is still ular, markerless face tracker to extract a shape vector that
correctly identified. In Figure 4a, however, a misclassifica- is demonstrated to be a robust feature for classification pur-
tion occurs mainly since a transition of expressions occurs POS€ES.
at this frame. In Figures 5a and 6d, two examples of tran-  There are two main contributions of this paper. First,
sitions between two expressions are given. In these caseswe demonstrated that the 3D information extracted through
the system assigns nearly equal probabilities to the two ex-3D tracking enables robust facial expression recognition in
pressions. On Figures 7bcd the same correctly classifiedspite of large rotational and translational head movements
expression (smile) is shown when the head of the user is at(up to 90 degrees in head rotation). Second, we showed
different locations (depths). that Support Vector Machine is a suitable engine for robust

Table 2 gives a Comparison of recognition performances classification. Recognition rates as h|gh as 98 percent were
of five different classification algorithms. The performance achieved at classifying 3 distinct emotional expressions and
criteria are also divided into two groups with test subject in 91 percent at classifying 5 distinct dynamic facial motions.
the training set (same person row), and total performance In the future, we would like to perform another set of
(including an additional unfamiliar test subject). We ob- experiments with more subjects and expressions. One im-
serve that SVM performs considerably better than the clus- portant objective is then to build a generic parameterized
tering algorithm, but is rather equivalent to the N-nearest static face model and use it along with the principal move-
neighbor algorithm. Although the N-nearest classification ment directions for tracking and expression recognition of
and the SVM classification produce similar results for this any generic person. Another direction is to investigate ap-
particular set of experiments, SVM has two major advan- plications of our tracking approach to different recognition
tages over N-nearest classification. First, SVMs minimize problems such as face recognition, and lip reading.
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Figure 6. (a-d) Examples of correct classifications with various head poses.
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