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Abstract

In this paper, we present a framework for automatic fa-
cial gestures recognition in a highly interactive environ-
ment. We propose to use a region-based representation of
the face, and model the interdependencies of these regions
using a graphical model. A parametric modeling of the lo-
cal facial deformations and the use of a graphical model
facilitate the characterization of intra-region dynamic pat-
terns and the inter-region dependencies. We augment this
formalism with a belief propagation algorithm to infer miss-
ing data, as well as correcting for erroneous estimations of
the local deformations. The resulting approach hence han-
dles complete observation and partial occlusion cases in an
unified way, and allows for the recognition of facial ges-
tures in presence of head motion and partial occlusions of
the face. Experimental results on recognizing facial expres-
sion in various real world situations, such as non-frontal
views, moving head, and occlusions illustrate the proposed
approach.

1. Introduction

Automatic facial gestures recognition is a key step to-
ward intuitive human-computer interaction, where the sys-
tem is aware of the user emotional state. Recognizing fa-
cial expressions in presence of head motion is a challeng-
ing problem since we have to differentiate between head
pose variations and local deformations characteristics of fa-
cial expressions. Furthermore, partial occlusions of the face
might occur, as the user head pose vary significantly, or
when the user’s hand occlude the face.

In computer vision, a large number of papers were pub-
lished on the topic of expression recognition, and the field
remains very active (see [2,[13] for a recent review). More
recently, in [15], Zalewski and Gong proposed a hierarchi-
cal decomposition of the human face into three components,
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mouth, left eye, and right eye. To classify the expression,
they first infer the status for each component, and then com-
bine the estimated status of each component for recogniz-
ing the facial expressions. In [1], Bartlett et al. study the
performance of different learning approaches for expres-
sion recognition. They compare various algorithms and the
best result is combining AdaBoost for feature selection with
SVM for classification.

Classifying the expressions of a partially occluded face
is challenging as it requires inference of the emotional state
from incomplete observations. Previous work in the litera-
ture assumes either that the whole face is observable or that
all considered measurements of facial features are reliable.
The proposed classification methods cannot be used in the
case of incomplete measurements, since assumptions such
as fixed head pose and complete observations, prevent the
use of the proposed classification methods in real world ap-
plications such as computer aided tutoring.

In this paper, we address the problem of facial gesture
recognition in presence of head motion and partial occlu-
sions. We propose the use of a region-based representation
of the face, and model the interdependencies of these re-
gions using a graphical model. A parametric modeling of
the local facial deformations in each of the proposed regions
and the use of a graphical model, allows to recognize facial
expressions in presence of head motion. We augment this
formalism with a belief propagation algorithm to infer miss-
ing data, as well as correcting for erroneous estimations of
the local deformations. The resulting approach is a unified
formalism that handles complete observation and partial oc-
clusion cases, and allows for the recognition of facial ges-
tures in presence of head motion and partial occlusions of
the face.

The rest of this paper is organized as follows: Section 2
describes our face model for the expression analysis. We
focus on the construction of the graphical model, the as-
sociated density functions, and learning from the empirical
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data. The proposed classification framework is a unified
treatment for both complete observation and partial occlu-
sion cases, and it is detailed in section 3. Our framework
has been tested in various experiments. These results are
presented in section 4. Finally, the summary and the con-
clusion are given in section 5.

2. The Face Model

Before extracting a meaningful set of features for expres-
sion recognition, we first perform a 3D face registration.
For this purpose, we track the 3D head pose using a 3D
cylinder approximation of the head. The estimated rotation
and translation allow for compensating the global head mo-
tion [8} 14]. After this step, the remaining motion accounts
for the local deformations and correspond to changes in fa-
cial expressions, mouth and eye movements. The only ob-
servation considered by the proposed framework is a dense
optical flow in the area of the face. Different expressions,
generate distinct motion field patterns and we propose to
recognize the facial expressions based on a local affine ap-
proximation of the observed optical flow.

2.1. Construction of the Graphical Model

We propose a region-based analysis of the local defor-
mations measured by the optical flow. The human face is
divided into 9 non-overlapped regions [3]. These regions
correspond to the forehead, eyes, the nose, left and right
cheeks, and the chin. Figure 1(a) shows the predefined face
regions and figure |1(b)| shows the mapping to the human
face, using the estimated head pose using a 3D cylinder
modeling of the shape of the head [8}/14]. The reason for us-
ing this face model is, when people perform expressions, the
local deformations of the whole face are not homogeneous.
However, within each of the regions defined by the model,
observed deformations are more homogeneous. Therefore,
we propose to divide the face into several regions and fo-
cus on characterizing the intra-region dynamic patterns and
the inter-region dependency. Inside each region, we use an
affine motion model to capture the underlying dynamic pat-
tern. To model the interrelation between different face re-
gions, we propose to use a graphical model.

A graphical model is defined by G = (V, E), where V
is the set of vertices and E is the set of edges. Each vertex
represents a face region and the edge between two vertices
represents the interdependency between two regions. Fig-
ure |1(c)| shows the topology of the graph. Such topology
preserves the spatial structure and the symmetry properties
of human faces.

For expression analysis, we use a latent variable model.
The observation z; is the set of optical flow and the state
vector x; is the affine motion parameters in region 7. Let
P, P,y the 2D position of a point at time ¢ and ¢ + 1 re-

(©
Figure 1. The region-based face model. (a) The template for the
human face. (b) The corresponding face regions. (c) The topol-
ogy of the graphical model associated to 9 face regions for facial
gesture analysis.

spectively. After compensating for variations of the head
pose, we represent the local deformations using an affine
motion model within each region:
_ | a1 a2 _ b1

Pt+1_APt+B7 A_|:a3 a4:|’B_|:b2:| (1)
and Py, = P;+V; where V; = (uy,v;)7 is the optical flow
at this point. The matrix A could be further decomposed
into rotation and scaling using a SVD decomposition:
A=USWT =(UWTYWSWT —R(6) R(—¢) { uY ]R(@

2
The resulting state vector of vertex ¢ is
x; = (0,¢,51,52,b1,b2)T.  Bach component of this
state vector has a geometric meaning for the motion in this
region and thus encodes the underlying dynamic pattern.
Under this graphical model, the joint probability of all

observations Z = (21,22,...,29)7 and full state vector
X = (z1,29,...,m9)7 is:
1
P(z.X) =2 [I vz [[oizz) @
(i,j)eEE i€V

where K is the normalization constant, v and ¢ are nonneg-
ative potential functions.

The function ¢ describes the observation model and
measures the compatibility between the state vector and the
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observation, while the function i) models the interdepen-
dency between neighboring nodes. In the context of the pro-
posed latent variable model, ¢ measures the error between
the observed optical flow and the underlying motion para-
meters. Therefore, we design ¢ as a Gaussian for the av-
eraged residual between the optical flow and the estimated
motion from the motion parameters:

¢i(xi7 Z’L) = PN(T|070—)7 (3)

r=% Z;\;l Vi — Vi||o. Here V7 is the optical
flow of point j and \A/; is the estimated motion based on the
motion parameter x;, all for vertex 7. The ||.||2 stands for
the Euclidean norm and Py (.|0, o) is the Gaussian density
function with zero mean and standard deviation o.

The function ¢ models the joint density between two
neighboring nodes. Clearly, such joint density is usually
non-Gaussian and multi-modal. Thus, we propose to ap-
proximate the empirical joint distribution by a Gaussian
mixture modeling (GMM):

) = ZamPN(Iian‘MWMEWL) “4)

where

Vi (i,

where the subscript m is the index of each Gaussian in this
mixture, (Qp, thm, 2m ) is the weight, mean vector, and co-
variance matrix for the m-th Gaussian, and Zm Q= 1.

We adapt the supervised learning to train the pro-
posed graphical model. Learning the observation model is
straightforward since it consists of only one Gaussian. For
GMM, the well-known EM algorithm could be used to es-
timate the model parameters [9, [10]. However, even in the
training stage, the collected data may not be perfect. Part
of the human face may be occluded when the person is per-
forming the expression. This results in an incomplete obser-
vation data set. We used a modified EM algorithm to learn
the parameters of the GMM [4]. It measures the probabil-
ity on observable dimension in expectation stage, and then
performs the maximization to update the estimation. To de-
termine the number of Gaussian needed for GMM, we use
the Akaike’s Information Criterion (AIC) for modeling the
selection [8]. Thus, we learn the graphical model empiri-
cally from the training data set.

3. The Classification Framework
3.1. The Complete Observation Case

Classifying the expression based on the observation is
formulated by the Maximum A Posteriori (MAP) estima-
tion. Let ¢ denotes the expression indicator variable and ¢
is the estimated expression. The MAP estimation is:

¢ = argmax P(c|Z) %)

Based on the latent variable model, the probability can be
written as:

P(c\Z)z/ P(c,X|Z)dX:/P(c|X, Z)P(X|Z)dX (6)

P(X|2)= ZPXC|Z ZP X|Z,¢)P(c|Z) (7)

Equations (6) and (7) are 1nterdependent, and to compute
one of these two functions, we need the other. Thus, we
propose to use the following two-stage Gibbs sampling ap-
proach:

1. Initialize a set of expression indicator variables

{c™O}N_ | set the iteration index ¢t = 1

2. Apply the iterative updating approach:
2a. Generate {X™!'}_| from P(X|Z,c™t~1)
2b. Generate {¢™!}N_, from P(c|X™, Z)
3. t «— t+ 1. Repeat steps 2a. and 2b. until convergence

In step 2a, sampling X™ from P(X|Z, c") is feasible, since
P(X|Z,c) x P(X Z|c) and by equation (2),

H wZJ xz,x]| H¢z Zzaxz| (8)

(m)EE eV

P(Z, X]e)

where K is the normalization constant. Hence, Sampling
from P(X|Z,c") could be interpreted as, given the obser-
vation Z and current estimation of the expression ¢, infer-
ring the most likely latent state vector X based on the pro-
posed graphical model. There are several approaches for
probabilistic inference on graphical model, and we adopt
the belief propagation algorithm. Section 3.2/ addresses this
inference problem in detail.

In step 2b, the key component is computing the
complete-data posterior P(c|X™, Z):

P(X™, Z|e)P(c)
> P(X™, Z|e)P(c)

The joint likelihood P(X™, Z|c) could be computed from
the graphical model using equation (8).

P(c| X", Z) = )

3.2. The Inference Mechanism

Inference using Belief Propagation (BP) method is best
suitable for situations where the exact inference is infea-
sible. In BP framework, a message m;;(z;) is a function
of x; representing the node ¢’s belief for ;. It has a lo-
cal message passing process to integrate messages between
neighboring nodes. The message updating equation is:

” ZCJ /MJ T, Tj Wi (zi, x; XH m ZCz )dzx; (10)
keN()\j
where the superscript ¢ denotes the iteration and N (i) de-
notes the neighbors of node i. After T iterations, the mar-
ginal distribution P(z;|Z) can be computed from the up-
dated messages as follows:
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P(;12) o @i (2, ;) H mi(x;) an
kEN (1)

The message updating process could be divided into 2 steps:
evaluating incoming messages with the local observation z;
and then integrating the potential function v;;. With a slight
abuse of the term, the resulting function of the first step
could be considered as the conditional density of x; and it
is denoted as f(.). From this point of view, the Monte Carlo
approximation of equation (10) could be derived:

mt(z;) /ww oy o) (@i = By oy [ (@i, 7))

N = wl](xz ’ajJ)

where  f(z) = ¢i(21,2:) [lrenqin, mzl(;vz) One
problem of such formulation is, for a continuous valued
non-Gaussian graphical model, it is usually difficult to sam-
ple from an arbitrary f(.). Recently, several variations of
the belief propagation algorithm were proposed to address
this limitation, such as Non-parametric Belief Propagation
(NBP) [12], Particle Message Passing (PAMPAS) [7, [11]],
and Belief Propagation Monte Carlo (BPMC) [5], data-
driven BPMC (DDBPMC) [6]. Instead of sampling from
f(.), the proposed DDBPMC draws a set of weighted sam-
ples from a proposal function g(.) and this proposal is con-
structed from the bottom-up image cue.

On the other hand, NBP and PAMPAS approximate the
potential functions as a Gaussian mixture. PAMPAS fo-
cuses on the case of a small number of Gaussians while
NBP looks at more general settings and consider a more
complicated Gaussian mixture. In this work, we will con-
sider v is a mixture of a small number of Gaussians, we
basically follow the same approach as the one proposed in
PAMPAS.

To update the message m;;, a weighted particle set
{27, wP}N | is sampled as follows:

xy ~ H m}gl(x
EEN(i)\j (12)
w" = ¢(x7'; 2)
and since v;; (x;, ;) is a Gaussian mixture, the ;; (x;; 2;)
is a mixture of conditional Gaussian. Thus, each message is
represented as a Gaussian mixture.

The sampling strategy in (12) could be interpreted as,
first integrating the belief from neighbors, and then weight-
ing the integrated belief by the local observation. Another
strategy is using the opposite order: drawing samples from
the observation model and then weighting these samples by
the incoming messages:

xi ~ o5 2)
w" = H m’,:l(xl) (13)

keN(i)\s

Such sampling will integrate the bottom-up cues from the
local observations. Based on the observation model (3),
given a set of optical flow z;, the best estimation of z; is
provided by the least-square estimation of the affine para-
meters. Thus, if we add a small noise to the real optical
flow measurement, another least-square estimation could be
computed. If the noise term is generated by the equation (3),
this new state vector could be regarded as a sample drawn
from the observation model. The resulting samples are a
mixture of equations (12) and (13).

3.3. The Incomplete Observation Case

For the incomplete observation case, the proposed
framework is still applicable with a slight modification.
Suppose some regions of the face are occluded and let
Vv C V is the set of all non-occluded vertices. The ob-
servation Z = (Zobs, Zmis)*. Here Zyys is the set of all
measurable observation and Z;; denotes the missing ob-
servation. The classification rule defined by Eq. (5) now
becomes:

¢ = arg max P(¢|Zobs) (14)

and the equations (6) and (7) become:

P(c|Z0bs):/P(c, XlZobs)dX:/P(dX, Zows )P (X | Zops)d X
(15)
X|Zob§ ZP XCIZ0b§ ZP XZOIDS? (CIZObs) (16)

Thus, the two—step Gibbs samphng approach is still applica-
ble based on equations (15) and (16). The computation of
the joint likelihood defined by equation (8) becomes then
computing P(X, Zobs| ) for partial observation cases:

P(X Zobsl H qu (EZ,(IZJ‘ H (ZSZ Z“gjl
(1 J)EE i€V
where )
T (o m) — ¢i(zi,x;), 1€V
d)z(zul'z) = { k. others

and k is a given constant.
To infer the latent state vector X, message updating
equation (10) and the marginal probability (1 1) are then re-
formulated as:
mﬁj(xj)e/@Dij(o:i,xj)xgbi(z,;,x,;) X H mz_:

keN (i)\j

< I miie)

ke
This means that the message updating p§0)cess is performed

as the complete observation case for observed nodes.
Whereas, for nodes where observation are not present, the
message updating process only integrates the belief from
its neighboring nodes and thus only equation (12) is used to
generate samples. The resulting estimation only depends on
its neighbors. Such strategy enables our framework to infer
the state vectors of occluded regions, and then performs the
classification.

and,
(x1|Zobs) X ¢z Ziy T
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Figure 2. Classification result. These images come from a test sequence with a surprise expression. The top row shows tracking results.
The arrow points to the facing direction and the green points denote the points in the cylinder surface of our head tracker. The bottom row
shows the classification results and the histogram report the recognition rate of each of the 6 gestures the system was trained on.

Anger | Disgust Fear Sadness | Happiness | Surprise
Anger 72.67 0.85 1.70 1.53 16.98 6.28
Disgust 1.52 67.85 4.67 3.69 14.44 7.82
Fear 0.42 0.71 80.45 0.71 9.63 8.07
Sadness 2.03 1.35 2.57 66.22 19.46 8.38
Happiness 0.75 1.17 1.49 1.92 88.26 6.40
Surprise 0.37 0.25 0.87 0.75 9.99 87.77

Table 1. The Confusion Matrix of the proposed classification
framework. The rows indicate the true class and the columns indi-
cate the classified results.

4. Experiments

To evaluate the classification performance of the pro-
posed approach, we collected a data set in an indoor office
environment. The data set contains 10 subjects. Each sub-
ject is instructed to perform a set of expressions with head
motion. For each subject, we recorded 5 sequences for each
expression, and a total of 300 sequences in our data set.
The length of each sequence varies from 10 to 40 frames
depending on the subject. In this evaluation, for each ex-
pression, we randomly selected 4 sequences from each sub-
ject, total 200 sequences as the training set, and then used
the remaining sequences for testing.

4.1. The Classification Result

The proposed framework was examined in various as-
pects. We first estimate the 3D head pose and then classify
the expression. The occluded face region was determined
by the estimated 3D head pose. Table |1/ shows the confu-
sion matrix based on the classification of each frames. To
demonstrate the performance of the proposed framework
in detail, we report the classification result on a set of se-
quence containing various head motions and facial expres-
sions. Figure 2/ shows the classification result of a ”Sur-
prise” expression sequence. The top row shows the head
pose tracking result (through the use of the blue arrow cor-
responding to the estimated head pose) and the bottom row
shows the classification result. The histogram illustrates
the estimated probability of each expressions: 1-Anger, 2-
Disgust, 3-Fear, 4-Sadness, 5-Happiness, 6-Surprise. As
expected, the classification has higher error rate during tran-
sition phases, while it is more accurate at the apex of the fa-

cial gesture. The reason is, in the beginning, the expression
is closer to neutral and hence more likely to be confused
with the other expressions.

We have also tested this framework on some other oc-
clusion scenarios. Figure |3 shows the classification results
on a ”Surprise” expression with occlusion of the mouth by
hand. The inference mechanism is ran with 100 samples
and 30 iterations. 6 frames from a total 23 frames sequence
are presented here. The subject starts with a neutral expres-
sion and performs a ”Surprise” expression where his hands
are occluding the mouth. In frame 12, the hand starts to oc-
clude some parts of the face and then completely occlude
the mouth. The classification in frame 11 is accurate, while
in frame 12, it is confused with other expressions. Since
the proposed belief propagation driven framework could in-
fer the missing data, the classification in frame 13 and 18
is correct though the confidence is not high. This sequence
is very challenging since in the last half of the sequence,
the mouth remains occluded by the hand. This illustrates
the advantage of the proposed framework, where although
important regions such as the mouth remain occluded the
method is able to recognize the facial expression albeit with
a low confidence.

Another challenging scenario tested here is the recogni-
tion of facial gestures of people not belonging to the train-
ing data set. We tested our framework on some video clips
downloaded from the internet. Figure 4 shows the classi-
fication result on an interview video. We manually seg-
mented the video into subsequences containing the expres-
sion change and run our classification method. The 3D head
pose is automatically tracked and the inference mechanism
run with 100 samples and 30 iterations. 6 frames from
a total 33 frames subsequences are presented here. Such
sequence is challenging since the background and the en-
vironment are totally different from the training database.
Besides, it is a spontaneous expression instead of the con-
sidered expression recorded in the studio. Comparing the
classification result to those of the collected data in the stu-
dio, even when the classification is correct, the confidence
of classification is lower.
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(a) Frame 05

(d) Frame 13

Figure 3. Classification result. These images come from a testing sequence and depict a surprise expression in presence of partial occlusion.

of the face.

(a) Frame 13

(b) Frame 17 (c) Frame 21

(d) Frame 24 (e) Frame 29 (f) Frame 33

b b wle ol al il

Figure 4. Classification result obtained on a video sequence not belonging to the training data. The top row correspond to the estimated
3D head pose, the bottom row depict the obtained recognition rates. Here again, facial gestures during transition phases are not recognized

robustly, while at gesture apex, good recognition is achieved.
5. Conclusion

In this work, we have addressed the problem of classify-
ing the expression in a highly interactive environment. We
proposed a belief propagation driven framework for classi-
fying the expression in presence of occlusions. The graph-
ical model and the belief propagation based approach en-
ables us to infer the missing data and correct the unreliable
measurements. Future work will focus on integrating tem-
poral information in the classification process to increase
the performance of the proposed approach.
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