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ABSTRACT

This paper describes a system for learning a face model that is used
for 3D tracking of the human face. The face is modeled as a lin-
ear combination of shape basis vectors and action vectors. Shape
space models the difference in face shape of different people while
action space models the facial expressions. First, real stereo track-
ing data is used to learn the space of these shape and action vectors
using Principal Component Analysis. Then this low-complexity
model is used to simultaneously track shape, pose and expression
from a monocular image sequence. The main contribution of this
paper is in learning shape and action deformation models simulta-
neously from real data. Results of monocular model-based track-
ing for subjects not included in the training set show that the model
derived from data is robust and generalizes well.

1. INTRODUCTION

Face modelling and tracking are important components in systems
for human-computer interaction, video conferencing and model-
based video compression. Many researchers have worked on these
problems over the last ten years [1, 2, 3, 4, 5].

This paper describes a system that learns the face model and
then tracks the face using the learned model. The face model in-
corporates pose, shape and action deformations. The shape defor-
mations model the differences in shape between different people,
while the action deformations model the facial expressions inde-
pendent of the subject. In the training phase, the model is learned
from tracked feature points (eyes, nose, mouth) in the stereo im-
age sequences using Principal Component Analysis (PCA). The
model is then used to track the face in a monocular sequence using
an optical flow based tracking algorithm.

Most researchers doing model-based face tracking have used
hand-crafted models. DeCarlo and Metaxas [1, 6] used optical
flow to track pose and action deformations. Their deformable
model consists of several articulated points and has to be designed
by hand prior to tracking. Eisert and Girod [7, 8] tracked the hu-
man face using a similar model-based approach. Ahlberg [5] used
a hand-crafted model CANDIDE [9].

Principal Component Analysis is a powerful method for es-
timating a low-dimensional representation of data from a higher-
dimensional space. Bregler et al. [10] and Blanz and Vetter [11]
used PCA to approximate non-rigid shapes as linear combinations
of sets of rigid basis shapes.

Cootes and Taylor [4] learn an active shape model from train-
ing data using PCA. They do not, however, distinguish between

shape and action deformations. Also, their tracking algorithm does
not use optical flow.

In previous work [12], action deformation was modelled using
Principal Component Analysis. A different model was computed
for each subject. The models were then used to track that same
subject in a monocular sequence.

The rest of the paper is organized as follows. First, we describe
the details of our system in Section 2. Then, the experimental re-
sults which show the effectiveness and robustness of our approach
are given in Section 3. Finally, we discuss possible extensions for
future work in Section 4.

2. DESCRIPTION OF THE SYSTEM

Figure 1 shows the main components of the system. In the first
stage, the 3D model of the face is learned from stereo image se-
quences. A low-complexity mesh is initialized on the face and then
tracked through the sequence using optical flow techniques. The
sequence of meshes for different subjects are aligned and used to
compute a compact deformable model of the face using Principal
Component Analysis.

In the second stage, the learned face model is used for monoc-
ular tracking. The subject is free to change his pose and facial
expression. The system uses a model-based optical flow technique
to track the face of the subject.

Using real data to construct the model allows us to capture
the shape and action deformation spaces with a small, optimum
number of basis vectors. Also, the generalization properties of the
model can be confirmed by checking the fit of the model and the
tracking performance on test subjects not included in the training
set.

2.1. Deformable Face Model

The face is modelled by a collection ofN = 19 points. The face
reference frame is attached to the head. Therefore, at framen,
Xi

c(n), the coordinates of theith point on the face mesh in the
camera reference frame, is related toXi(n), the coordinates in the
face reference frame, by a rigid transformation.

Xi
c(n) = R(n)Xi(n) + t(n) for i = 1, . . . , N (1)

whereR(n) andt(n) are the rotation matrix and translation vector
for framen. R(n) is uniquely parameterized by a rotation vector
ω(n). The rotation vector and the rotation matrix are related by
the Rodrigues formula [13].
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Fig. 1. Main components of the algorithm.

Let xi(n) be the 2-D image coordinates of the pointXi(n).
The projection of the 3-D point onto the image is a function of the
camera intrinsic and extrinsic parameters.

xi(n) = πc(X
i(n), ω(n), t(n)) (2)

The face is modelled as the sum of a mean shapeX
i

and a
linear combination of shape and action basis vectors.

Xi(n) = X
i
+ Siσ(n) + Aiα(n) (3)

whereSi andAi are matrices of size3× p and3× q respectively
(p and q are the respective dimensions of the shape and action
spaces.) The columns ofSi andAi are the shape and action basis
vectors respectively, andσ(n) andα(n) are the shape and action
parameter vectors for framen.

During tracking, the pose parametersω andt, and the defor-
mation parametersσ andα are estimated from the image sequence
under the model constraints of equations 1, 2 and 3. In the training

phase, the mean shapeX
i

and the shape and action basis vectors
S andA have to be learned from data.

2.2. Stereo Tracking

To train the model, a calibrated stereo camera is used to track the
face of a subject in a sequence in which the subject makes a variety
of facial expressions without changing his pose.

A set of N = 19 points located on the eyes (2), nose (3),
mouth (8) and eyebrows (6) are initialized on the first pair of im-
ages (See Figure 2). These points are then tracked using 3-D opti-
cal flow techniques [14, 15] constrained by space-energy functions
as described in [12]. The result of this procedure is the 3-D trajec-
tory of each pointXi

c(n) through the entire sequence.

2.3. Shape Alignment

The tracked 3-D meshes for every sequence and subject have to
be aligned to each other. The most popular method of aligning
shapes is Procrustes analysis [16]. This method applies a rigid
transformation (rotation and translation) to each mesh to minimize
the sum of distances of each shape to the mean. We use Procrustes
analysis to first align the meshes for each subject separately to the
mesh corresponding to that subject’s neutral face. Then all the
subjects are aligned together using the same method.

Points that are known to be highly deformable (for example,
on the mouth) are weighed less in the transformation. In our ex-
periments, we set the weight to 0.9 for the eyes and nose and 0.1
for the lips and eyebrows. It is our observation that the alignment,
and shape learning, is not very sensitive to the weights.

2.4. Model Computation

The aligned tracked meshes are used to compute the model mean

shapeX
i
, shape matrixSi and action matrixAi. Principal Com-

ponent Analysis is used.
The mean shape is computed as the mean of the neutral expres-

sion meshesXN,s of all the subjects1, . . . , NS . Equal weighting
is given to each subject.

X =
1

NS

NS∑
s=1

XN,s (4)

Next, the mean shape is subtracted from the neutral expression
shapes of all the subjects. We apply Principal Component Analysis
on the matrix each column of which contains the resulting shape
(XN,s − X) for each subject and keep the firstp = 2 principal
vectors as the shape basis vectors in the matrixS.

Then, the mean shape is subtracted from all the meshes of the
subjects, and components orthogonal to the shape basis vectors
are computed. The result is assembled in a matrix and principal
component analysis is used to compute the action basis vectors
from this matrix. The most significantq = 5 vectors are kept in
the action matrixA.

We find the components of the original aligned meshes orthog-
onal to the action basis vectors just calculated. Having removed
the action component from the meshes, the resulting meshes are
used as neutral expression meshes to re-estimate the Mean shape
and the shape matrix as described earlier. The action matrix is then
recalculated and the process is iterated until the solution converges.
The algorithm converges in about 10–20 iterations.

2.5. Monocular Tracking

Optical flow tracking computes the translational displacement of
points in the image given two successive frames [14, 15]. Each
image point is processed independently. In model-based track-
ing, the points are constrained by the parameterized model (see
equation 3). So, the parameters are estimated simultaneously from
image measurements, similar to [12].

The shape parameter vectorσ is initialized only at the start of
the sequence and is not allowed to vary later.

Assume that the face model has been tracked from the first
frame to the(n− 1)th frameIn−1. The objective is to estimate the
optimal pose (ω(n), t(n)) and action parameters (α(n)) that best
fit the subsequent frameIn. The cost function to be minimized for
the purpose is given by

Cn =
∑

i,ROI

{
(1− ε)(In(xi(n))− In−1(x

i(n− 1)))2

+ε(In(xi(n))− I1(x
i(1)))2

}

(5)
Observe that the first term in equation 5 is the standard match-

ing cost used in the Shi-Tomasi-Kanade tracker [14, 15]. The sec-
ond term measures the image mismatch between the current im-
ageIn and the first imageI1. This additional term weakly forces
the facial features to appear the same over the complete sequence.



Hence, it avoids tracking drift and increases robustness. It is re-
ferred to as the drift monitoring term.

3. EXPERIMENTAL RESULTS

In this section, we present and discuss experimental results for
stereo tracking, shape learning and monocular model-based track-
ing.

For data acquisition, we used the DigiclopsTM camera sys-
tem [17] at an average frame rate of 10fps, with color images
of size640 × 480. We acquired stereo image sequences for 11
subjects (8 male, 3 female). Four sequences per subject were
recorded: two for the training set, without any rigid motion of the
head; and two for testing where the subject could move his head
freely. Each of the sequences was 380 frames long.

3.1. Stereo Tracking

Stereo tracking was performed on the sequences in which the sub-
ject exhibits various facial expressions without changing his or her
pose. Initialization of these sequences was done manually. As dis-
cussed in Section 2.2, the tracking algorithm as well as the tuning
parameters were the same as in [12]. The quality of the tracking
was judged visually based on the reprojection of the mesh points
on the left and right camera images. Figure 2 shows the tracking
results for one image pair. The maximum reprojection error of the
mesh onto the left and right images was estimated to be less than
2 pixels.

(a) Left image (b) Right image

Fig. 2. Stereo sequence used for shape learning.

3.2. Shape Learning

The stereo tracking data was used to learn the model (given by
equation 3) as described in Section 2.4. All the subjects’ data was
used in the computation of the model. To find out if the computed
model covers the space of the shapes in our training set, we calcu-
lated the 2-dimensional shape parameterσ for all the frames of the
subjects. The plot inσ-space is shown in Figure 3. It can be seen
that each subject’s shape parameter points are somewhat clustered
together. This shows that the shape vector represents the differ-
ences in shape between people in some form. It should also be
noted that the computed shape parameters can be useful for recog-
nizing faces.

In another experiment, we calculated the error between the
neutral face shape of every subject and its approximation by the
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Fig. 3. Projections of all the meshes inσ space.

model where that subject was not included in the training. The
rms error of the model points with respect to the actual mesh points
was 3.53mm. Figure 4 shows the projection of the models on the
left and right images of two subjects (circles) and the actual mesh
points (shown as plus signs).

Fig. 4. Model estimates for a few subjects. The+ is for model
approximation and the circle for actual mesh points.

To check robustness, we excluded one subject at a time from
the training set and computed the model in each case. There is
no obvious method to measure similarity of two linear subspaces.
For our task, we used the inner product as a measure of the simi-
larity of the basis vectors. Since the basis vectors are unit magni-
tude, therefore inner product being equal to±1 means the vectors
are equivalent. We calculated the similarity measure between the
“all subjects in training set” model and each of the models where
one subject was excluded. The average similarity measure for the
shape matrixS and the action matrixA were 0.988 and 0.948 re-
spectively while the mean shapeX varied by an average of 1.7%.

3.3. Monocular Tracking

The model was initialized semi-automatically on the first frame of
the monocular sequence. Then the monocular tracking algorithm,
discussed in Section 2.5, was used to compute the pose (ω and
t) and the action parameter vectorα for every frame. The shape
parameter vectorσ was computed at initialization and was not up-
dated during tracking. The value of the drift monitoring coefficient
was set toε = 0.2 for all our experiments to emphasize standard
tracking cost over drift monitoring cost.

Figures 5 and 6 show images from two test sequences each
consisting of 380 frames. The subjects being tracked were not in-
cluded in the training data set for model computation. Throughout
the sequence, the subject rotates and moves his head covering a



working volume of10cm × 10cm × 10cm while doing a variety
of facial expressions. It can be seen that the tracking of the face is
maintained over the length of the sequence.

Fig. 5. Monocular tracking results on subject 1.

Fig. 6. Monocular tracking results on subject 2.

4. CONCLUSION AND FUTURE WORK

In this paper, we presented a system for building a simple 3D
model of the face from real data and use of that model for 3D
tracking of the pose and action deformations of the human face
in monocular image sequences without the use of special markers.
There are three main contributions of this paper. First, we demon-
strated that a data-driven approach for model construction offers
an elegant and practical alternative to the task of manual construc-
tion of models using 3D scanners or CAD modelers. Second, we
showed that both shape and action deformations can be learned
simultaneously from real data. Third, we demonstrated that the
learned model is robust and generalizes well to subjects not in-
cluded in the training set. We also showed that this model gives
good results for face tracking in monocular image sequences.

There are many possible directions for future work. The use of
shape parameter vector to recognize faces can be investigated. We
also intend to work on a real-time implementation of the tracking
algorithm. For that purpose, we need to develop an automatic ini-
tialization procedure. Further investigation into the dimensionality
of shape and action spaces is also planned. It will also be interest-
ing to extend this model of face geometry to a model using both
geometry and appearance.
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