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Abstract

This paper presents a multi-state hierarchical approach

for facial feature tracking. A hierarchical formulation of

statistical shape models is proposed to characterize both

global shape constraints of human faces and local struc-

tural details of facial components. Gabor wavelets and

gray level profiles are integrated for effective and efficient

representation of feature points. Furthermore, multi-state

local shape models are presented to deal with shape vari-

ations of facial components. Meanwhile, face pose estima-

tion helps improve shape constraints for the feature search.

Both facial component states and feature point positions

are dynamically estimated using a multi-modal tracking ap-

proach. Experimental results demonstrate that the proposed

method accurately and robustly tracks facial features under

different facial expressions and pose variations.

1. Introduction

Facial feature localization and tracking is important in
application areas such as man-machine interaction, human
identification, and expression recognition. However, accu-
rate and efficient tracking of facial feature points could be
a tough issue due to the potential variability such as facial
expression change and pose variations in image sequences.

Extensive work has been focused on the shape represen-
tation of deformable objects, such as Active Contour Model
(Snake)[9], Elastic Bunch Graph Matching (EBGM)[16],
Active Shape Model (ASM)[6], and Active Appearance
Model (AAM)[3]. Gabor wavelets have also been employed
as feature representation to improve the robustness and ac-
curacy of feature point search [11]. Moreover, to deal with
nonlinear shape space caused by pose variation, [5][4][2][8]
use a collection of 2D local linear models, [10][1][17] ex-
plicitly employ a 3D face model and [12] is utilizing a non-
linear kernel PCA model. To handle appearance variations
due to facial expression changes, [13] proposes a multi-state
facial component model combining the color, shape, and
motion information.

This paper presents a multi-state hierarchical shape
model for facial feature tracking in near frontal-view and
half profile-view image sequences. Based on the active
shape model, a two-level hierarchy in feature points is pro-
posed to characterize global shape of human faces, and lo-
cal structural details of facial components. Gabor wavelet
jets and gray level profiles are combined to represent the
feature points in an effective and efficient way. Multi-
state local shape models are further presented to deal with
shape variations of facial components. Moreover, the use
of three-dimensional face pose estimation improves shape
constraints for the feature search. Both states of facial com-
ponents and positions of feature points are dynamically es-
timated by a multi-modal tracking approach.

The rest of the paper is arranged as follows: Section 2
proposes the multi-state hierarchical shape model, Section
3 presents the multi-state facial tracking algorithm, Section
4 exhibits the experimental results, then our technique is
concluded in Section 5.

2. Multi-state Hierarchical facial shape model

Figure 1. Feature points in the facial model: fiducial
points marked by circles (global) and big black dots (local),
and contour points (local) marked by small black dots.

To represent deformable objects, statistical shape mod-
els assume that the structure for a specific class of objects
can be represented by a set of feature points. Figure 1
shows the layout of feature points in our facial model in-
cluding fiducial points controlling the shape deformation of
human faces (e.g. eye corners and mouth corners) and con-
tour points interpolated between the fiducial points along
the boundary.
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In the ASM, all the feature point positions are updated
(or projected) simultaneously, which indicates that the in-
teractions within feature points are simply parallel. How-
ever, this may not be adequate to describe the sophisticated
structure of human faces. For example, given the corner
points of an eye, whether the eye is open or close will not
affect the localization of mouth or nose. Generally, facial
feature points can be organized into two categories: global
feature points characterizing the global shape constraints for
the entire face, and local feature points capturing the local
structural details. Based on this two-level hierarchy, a hier-
archical formulation of statistical shape model is presented
to characterize possible shape variations of human faces.

The face shape vector s could be expressed as (sg, sl)T ,
where sg and sl denote global and local feature points re-
spectively as shown in Figure 1. The facial model is par-
titioned into four components: eyebrows, eyes, nose, and
mouth. The two eyes (or eyebrows) are considered as one
facial component because of their symmetry.

For the global face shape, a point distribution model can
be learned from the training data.

sg = s̄g + Pgbg (1)

where s̄g is the mean global shape, Pg is a set of princi-
pal orthogonal modes of global shape variation, and bg is a
vector of global shape parameters.

Since it is difficult for a single-state statistical shape
model to handle nonlinear face deformations due to ex-
pression changes, multi-state local shape models are fur-
ther presented to deal with shape variations of facial com-
ponents. In our facial model, there are three states (open,
closed, and tightly closed) for the mouth, two states (open
and closed) for the eyes, and one state for the other two
components (eyebrows and nose). Since the global feature
points are relatively less influenced by local structural vari-
ations, it is assumed that the state switching of facial com-
ponents only involves local shape models. For the ith facial
component under the jth state, the shape vector becomes
sgi,li,j

= (sgi
, sli)

T . The local shape model is expressed by
the multi-state formulation:

sgi,li,j = s̄gi,li,j + Pgi,li,j bgi,li,j (2)

where s̄gi,li,j , Pgi,li,j , and bgi,li,j are the corresponding
mean shape, principal shape variation, and shape parame-
ters. Thus the multi-state hierarchical shape model consists
of a global shape model and a set of multi-state local shape
models.

3. Multi-state facial feature tracking
For each facial component, both the component state and

positions are tracked by a dynamic multi-modal approach.

3.1. Multi-modal component tracking

In this work, a switching hypothesized measurements
(SHM) model [15] is applied to enable switching the com-

ponent state st and to estimate the hidden state zt (i.e. fea-
ture point positions) of each facial component at time in-
stant t. The hidden state transition can be modeled as

zt+1 = Fzt + n (3)

where F is the state transition matrix, and n represents the
system perturbation. The switching state transition is mod-
eled by a first order Markov process to encourage the tem-
poral continuity of the component state. Since the compo-
nent state is unknown, feature point positions are searched
once under each possible component state. Under the as-
sumption of the jth state of the component, a hypothesized
measurement ot,j represents the feature point positions of
the facial component obtained from the feature search pro-
cedure at time t. Given st, the corresponding hypothesized
measurement ot,st could be considered as a proper mea-
surement centering on the true feature positions, while ev-
ery other ot,j for j �= st is an improper measurement gen-
erated under a wrong assumption. The improper measure-
ment should be weakly influenced by true feature positions
and have a large variance. To simplify the computation, the
measurement model is formulated as

ot,j =
{

Hzt + vt,j if j = st

w otherwise
(4)

where H is the measurement matrix, vt,j represents the
measurement uncertainty assuming as a zero mean Gaus-
sian, and w is a uniformly distributed noise. The state tran-
sition matrix F, system noise n, and measurement matrix H
are defined in the same way as in a Kalman filter [7].

Given the state transition model, measurement model,
and measurement data, the hidden state zt as well as the
switching state st can be recursively estimated by the SHM
filtering algorithm [15]. Since the measurement under the
true hypothesis of the switching state usually shows more
regularity and has smaller variance compared with the other
hypothesized measurements, the true information (the fa-
cial component state and feature point positions) could be
enhanced through the propagation in the SHM filter. More-
over, for a facial component with only one state, the multi-
modal SHM filter degenerates into a unimodal Kalman fil-
ter.

3.2. Facial tracking algorithm

For each frame, the face region is normalized to a 64×64
image using the knowledge of eye centers obtained by an
eye detector [14]. Given the multi-state hierarchical shape
model, the facial feature tracking algorithm performs an it-
erative process at time t:

• Project the global mean shape s̄g , and the local mean
shape s̄gi,li,j

using the estimated face pose from the
previous frame. The modified mean shapes are more
suitable for the current pose and provide better shape
constraints for the feature search.
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• Localize the global feature points individually, and up-
date the global shape parameters to match sg with the
constraints on bg .

• Generate sg as Eq. (1), and then return to previous step
until convergence.

Enumerate all the possible states of the ith facial com-
ponents. Under the assumption of the jth state:

– Localize the local feature points individually
,and update the local shape parameters to match
sgi,li,j

with the constraints on bgi,li,j
.

– Generate the shape vector sgi,li,j
as Eq. (2) and

then return to previous step until convergence.

• Take the feature search results (sgi
, sli,j

)T for the ith
facial component under different sate assumptions, as
the set of hypothesized measurements ot,j . Estimate
the state of the ith facial component and the positions
of its feature points at time t through the SHM filter.

• Estimate the 3D face pose by the tracked global facial
feature points sg .

3.3. Hybrid facial feature representation

Two different means of feature representation, multi-
scale and multi-orientation Gabor wavelet jets [16] and gray
level profiles normal to the object boundary [6], are utilized
in this work to model the local information of fiducial points
and contour points respectively. Gabor wavelet based fea-
ture representation provides rich information of local ap-
pearances and lead to accurate feature point localization, but
with relatively high computation complexity. The profile
based representation is computationally efficient, but is not
sufficient to identify all the facial feature points. Compared
to wavelet based representation for all the feature points, the
hybrid representation achieves similar feature search accu-
racy and enhances the computation speed by 60% in our
experiments.

4. Experimental results
The global shape model, multi-state local shape models,

Gabor wavelet jets of fiducial points, and gray level pro-
files of contour points are trained using 500 images from
two hundred persons with different races, ages, and expres-
sions. Both feature point positions and facial component
states are manually labeled in each training image. The
principal orthogonal modes in the shape models stand for
95% of the shape variation. The testing sequences consist
of ten sequences, each of which consists 100 frames. The
test sequences contain six subjects, which are not included
in training data. Our C++ program can process about seven
frames per second on a Pentium 4 2.8GHz PC.

Figure 2-5 exhibit the results of facial feature tracking
under pose variations and face deformations. To make the
results clear, only the fiducial points are shown, since they

are more representative than the contour points. Figure 2
shows the results by the proposed method with and without
modified mean shapes. Compared to the results in Figure
2(b,d), the feature points are more robustly tracked in Fig-
ure 2(a,c) under large pose variations, which demonstrates
that the projection of mean shapes helps improve shape con-
straints. Figure 3 shows the results by the proposed method
with and without the multi-state local shape models. It can
be seen from Figure 3 that the multi-state models substan-
tially improve the robustness of facial feature tracking, es-
pecially when eyes and mouth open or close. That demon-
strates the state switching in local shape models helps deal
with nonlinear shape deformations of facial components.

(a) (b) (c) (d)

Figure 2. Feature tracking results: (a,c) proposed
method, (b,d) without using modified mean shapes.

(a) (b) (c) (d)

Figure 3. Feature tracking results: (a,c) proposed
method, (b,d) without using the multi-state local shape
models

(a) (b) (c) (d)

Figure 4. Feature tracking results: (a,c) proposed
method, (b,d) without using the hierarchical shape model

Figure 4 shows the results by the proposed method with
and without the hierarchical shape model. Compared to the
results in Figure 4(b,d), the feature points are more accu-
rately tracked in Figure 4(a,c) using the hierarchical shape
model, since the two-level hierarchy in the facial shape
model provides a relatively sophisticated structure to de-
scribe the interactions among feature points. Figure 5 com-
pares the feature tracking results of the proposed method
with the results of the elastic bunch graph matching ap-
proach respectively. The mean shapes are projected to the
estimated face pose for both the methods. It can be seen that
overall the proposed multi-state hierarchical method outper-
forms EBGM under pose and expression variations.

The results of facial feature tracking are evaluated quan-
titatively besides visual comparison. Fiducial and contour
feature points are manually marked in 1,000 frames from
the ten sequences for comparison. For each feature point,
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the displacement (in pixels) between the estimated posi-
tion and the corresponding labeled position is computed as
the feature tracking error. Figure 6 shows error distribution
of the feature tracking results by different methods. Com-
pared to the feature tracking result using single state local
model and using multi-state local models without hierar-
chical models, the use of the multi-state hierarchical shape
model averagely reduce the feature tracking error by 24%
and 13% respectively. Moreover, besides the comparison
of the average pixel displacement, Figure 7 illustrates the
evolution of the error over time for one image sequence,
which demonstrates the proposed method substantially im-
proves the robustness of facial feature tracking using the
multi-state hierarchical shape model.

(a) (b)
Figure 5. Feature tracking results: (a) proposed method.
(b) EBGM approach

0

5

10

15

20

25

30

35

40

45

0 1 2 3 4 5 6 7 8 9 
Pixel displacement

Pe
rc

en
ta

ge

Multi-state hierarchical

Multi-state local models

Single-state models

Figure 6. Error distribution of feature tracking. Dia-
monds: proposed method. Triangles: without the multi-
state local shape models. Squares: without the hierarchical
shape model.
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Figure 7. Error evolution of feature tracking for an im-
age sequence. Diamonds: proposed method. Bars: without
the multi-state local shape models. Squares: without the
hierarchical shape model.

5. Conclusion
In this paper, there are four main contributions for the

proposed facial tracking approach. First, a multi-state hi-
erarchical shape model is presented to characterize the
global shape constraints and local structural details of hu-
man faces. Second, Gabor wavelet jets and gray level pro-
files are integrated for effective and efficient feature repre-
sentation. Third, mean shapes are modified through robust
face pose estimation to improve shape constraints for the
feature search. Fourth, feature point positions are dynami-
cally estimated with multi-state local shape models using a

multi-modal tracking approach. Experimental results show
that the proposed method significantly improves the accu-
racy and robustness of facial feature tracking under pose
variations and face deformations. Future work will be fo-
cused on facial feature detecting and tracking in sequences
with profile-view images.
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