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ABSTRACT
In this paper, we present a robust face tracking system for video
indexing and retrieval. Our face tracker is designed based on the
condensation algorithm. The strength of our face tracking system
is in the incorporation of Lucas-Kanade feature tracker in the
measurement stage of condensation. Skin color and facial feature
points are used for tracking. The pros and cons of using color and
facial feature points complement each other and ensure the
effectiveness of our system. We also adopt a bi-directional
tracking approach lo enhance the robustness. We demonstrate the
efficacy of our technique in the challenging task of tracking faces
in various video sources.

1. INTRODUCTION
Face tracking is a subject of great interest in recent years due
to its wide applications in digital video management, surveillance,
and human-computer interactions. Most face tracking methods use
only visual information, while several methods [11,14] use both
visual and acoustic cues. The visual based methods are either
color-based [3,8.9], model-based 12,161 or facial feature-based
15.71.
The majority of visual-based face tracking methods consider
only color feature [3,8,9], which has been shown to offer several
significant advantages over geometric features for certain tasks in
visual perception 1131. It has been demonstrated that human skin
colors are clustered in the color space and the distribution of
human skin colors can be represented by a two-dimensional
Gaussian function in the normalized color space [15]. Therefore,
skin color can be considered for face tracking. The use of only
color cues, however, is susceptible to false alarms especially when
there are large skin-like-color regions in the background. Thus,
there is a need to incorporate other features for robustness and
accuracy.
One approach for robustness is to use model-based
techniques [2,161. This approach employs a deformable face
model and defines some parameters representing the head
position, facial features and facial expression appearing in the
video frames. Most of the model-based methods target at
applications like human-computer interactions, in which the face
and shoulder regions occupy a large portion o f the frame 12,161.
These methods, however. are hard to be adopted for video
indexing task where the size, location and appearance of faces are
not known a priori. Moreover, the size of the faces is normally too
small for detailed shape analysis.
Another approach for robustness in face tracking is to track
the specific feature points i n the face regions I5,71. The tracking

0-7803-7965-9/03/$17.00 02003 IEEE

of these facial features is precise and reliable in the case of planar
movement. It is however very sensitive to out of plane rotation,
occlusion, scale or resolution changes. Once the tracker loses the
feature points, it is hard to regain proper tracking.
Other approaches based on stochastic theories such as
Kalman filtering are also used [IZ]. Kalman filtering is however
inadequate in video indexing tasks because it has the uni-model
Gaussian assumption and therefore cannot represent simultaneous
altemative hypotheses.
Our face tracking system is designed to improve upon the
existing tracking algorithms. We adopt the particle filtering, or
condensation framework. The condensation framework has the
ability to represent simultaneous altemative hypotheses of face
position. Since the tracking is propagated stochastically over time,
temporal information is fully utilized for robustness.
In order to use the condensation framework effectively to
track faces from frame to frame, the choice o f sample set and the
design of propagation steps should be established. The strength of
our face tracking system is in the incorporation of Lucas-Kanade
feature tracker in the measurement stage of condensation. The
features we used are skin color and facial feature points. I t has
been demonstrated that the color cue is able to handle partial
occlusion 1131, and is tolerant to rotation in depth and scale
changes etc. However, using only color cue will not give accurate
face location. On the other hand, facial feature point tracking
gives accurate location of face but it is not as robust as color cue
especially when the pose of face changes. The combined use of
color and facial feature points therefore complement each other.
Our face tracking system is designed based on this consideration,
n i s paper is organized as follows: section 2 introduces the
condensation algorithm. Section 3 describes our face tracking
system. Section 4 presents the experimental results. Finally,
section 5 concludes the paper and discusses future work.

2. THE CONDENSATION ALGORITHM
Our face tracking algorithm is based on the condensation
framework. The name condensation stands for conditional density
propagation. It is based on factored sampling and has been used to
iteratively analyze successive images in a video sequence [41. The
algorithm was presented in [4],in which a successful tracking of
a w e s in dense visual clutter was demonstrated. The condensation
algorithm keeps multiple hypotheses of the likelihood of the
interested object location by a set of weighted samples. The
process at each time-step is a self-contained iteration of factored
sampling, and is composed of three stages: selection, prcdiction
and measurement.
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At time-step f , the input is a weighted sample set from timestept-/, i.e. I p u r , =(:::s ,n,!:,n = 1,... N ), where 5;:: is ihe f
sample at time-step t - / with the weight n::,'.'The output of time-

,

step t is Ourput, ={ s:"'.n:"'. = I,. ..N I.
At the selection stage, the task is to select N samples from
[ :!s, ) according to their probabilities [ n::: ). Some elements,
especially those with high probabilities, may be chosen several
times leading to identical copies of elements in the new set.
Others with relatively low probabilities may not be chosen at all.
The selected sample set is denoted as ( s ' y 1 .
At the prediction stage, s:"' is generated from sly using a
specific rule. Usually, the rule is defined based on a piecewise
linear assumption. Assuming that the movement of
is linear,

sy

it could be written as:

,

SI.,,= sllll,

where

c,

+c,+w

is the displacement from time-step 1-1 to 1, and w is a

Gaussian white noise.
At the measurement stage, the probabilities of all the N
samples [ n,'"'
) are updated based on the evidence given by the
features chosen for the sample set. AS these will be the
probabilities used in stage I (i.e. selection stage) of the next
iteration. it is therefore important to design good measurement
metric and methodology. In our system, we measure skin color
and the reliability of Lucas-Kanade tracker for the tracking of
facial feature points.

3. OUR FACE TRACKING SYSTEM
Our face tracking system is based on the condensation
algorithm and requires the support of an existing face detection
method to provide the initial estimation. A generic skin color
model is built in advance from a large number of faces collected
from different video streams. The entire system is composed of
four pans as shown in Figure 1.
In the first step. we
employ a well-established
Video frames
frontal face detector [ I ] to
detect faces on every other
I-frames. Possible faces are
Face detection and
searched at every possible
skin color modeling
positions and scales. Once
a face is detected, the frame
that
contains
it
is
considered a seed frame.
The pixels in the detected
Tracking faces using.
condensation with
. . face regions are also used
to train a specific skin color
Lucas-Kanade
model.
In the second step, the
is conducted
tracking
Face localization
forward and backward from
every seed frame until it
meets another seed frame
or a video boundary. We
employ the condensation
algorithm
to
identify
locations
with
high
Results
Figure 1: System overview

probability of Occurrence of faces. The skin color probability
evaluates the likelihood of the samples falling within a face
region. In parallel, some distinct facial features are selected in
every seed frame and they are tracked using the Lucas-Kanade
method. The position of these vacked features and their matching
e m r offers a complementary measurement to skin color for the
condensation algorithm. The incorporation of Lucas Kanade
vacking helps to increase the robustness of the condensation
tracking algorithm.
In the third step, a Gaussian function is applied to smooth the
weighted samples evaluated in the condensation algorithm. It
generates a continuous 3D probability map, from which we could
figure out the likelihood of the number and location of possible
faces in every frame.
In the last step, a post-processing is conducted. As a result of
our bi-directional tracking strategy, every frame has two possible
sets of tracking results coming from the previous and the
following seed frames respectively. The more reliable result is
selected according to the cumulative Lucas-Kaiade tracking error.
Facial features of the same face are used to identify the
corresponding face within a tracking sequence.

3.1 Face detection and skin color modeling
Recent research has discovered that human skin colon tend
to be clustered in a transformed two-dimensional color space and
the distribution of them can be represented by, a 2D Gaussian
function in the normalized color space [15]. In our system, we
collect the skin color regions from various video frames and build
a generic skin color model. We use the chromaticity
transformation where the color pair ( r , b ) is defined as:
R
B
b=j-R+G+B'
R+G+B
We model the skin color distribution as N ( m , C ) , where
x = ( r b ) r , m = €(x]

andC = € [ ( x - m ) ( x - r n l r ) . Given a
chromatic pair (r.b) , the likelihood for it to be a skin color is
defined as:

P(r,b)=exp[-0.5(x-m)~C-'(x-~)l
(3)
In the first part of our face tracking system, we employ a
well-established face detector developed in [I] to get the primal
face location in every other I-frame. This face detector is able to
detect frontal or slightly slanting faces with as least 32x32 pixel in
size.
All the face regions detected are collected and the pixels in
these regions are used to train a specific skin color model
N((m',C').
This model adapts to the lighting condition and the
skin color of faces that are detected in this video sequence. This
adaptive model makes it more accurate for feature tracking than
the generic color model.
Since the face detector we are using may not be able to detect
significantly tilted faces, or faces of very small size, there is a
possibility that faces could not be detected in the I-frames. In this
case, a generic skin color model will be adopted.

3.2 Tracking with multi-measurement
condensation algorithm
In the second part of our system, we use the condensation
algorithm to perform the tracking. Samples in the condensation
algorithm are defined over IOXIO-pixel windows in each frame.
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The weight of a sample is the probability of it belonging to a face
region.
In the prediction stage of condensation, the position of new
samples are predicted by equation (I)in which the displacement
c, is estimated as:
c,

= c,., - c,.>

where C, =

ZR,""~:"'
, is the
,,=,

(4)

weighted average of samples in

time-step r . The validity of this estimation is based on the
assumption that the movement of faces in consecutive frames is
minor and can be modeled as piece-wise linear.
In the measurement stage, we use the skin color model
derived from the face regions, as well as the good features
extracted from the detected face regions. We measure the skin
color and facial features of all the samples.
As explained earlier, the pixels in a11 the detected face
regions are used to train a specific skin color model 5((.k",C)
For a single sample point s;'. which covers a I O by I O region,
the skin color likelihood of this sample is:

To complement the skin color measurement, we also measure
the facial feature positions. For each of the detected faces in the
seed frame, we divide the region into four equal sub-regions and
select a good feature in each sub-region. We adopt the feature
selection method introduced by [IO].
These facial features are then tracked using the LucasKanade algorithm [6]. At each tracking step, an error value is
obtained for each feature to provide an indication of tracking
confidence. I f the error cxceeds a given threshold. the tracking of
this feature is taken as unsuccessful and the feature will he
removed from the feamrc ret. I n measuring a sample s;''', we give
high weightage to those samples with small tracking errors. We
define the weight of 3,'"' as:

is the i"' feature. e: is the tracking error of
at timewhere
step I , c, is a constant introduced to avoid singularity.
After the two features are evaluated, we normalize the two
likelihood values respectively as:
f!

We then combine the two measurements as follows:
R,"" =

W,

I , ' (5,"") + (1 - W , )/, ' (S:''' )

(8)

Here we set w,, =0.5, i.e. set equal weigh1 10 both features. It
could he easily verified that Er:"'= I . Until now. wc have
,,=I

completed one itcration ofthe condensation algorithm. The output
of this time-step 1 is Oerpur, =( s:"',A,"" 1. The tracking
procedure continues until the next seed frame or video boundary
is met.
We stress that our system performs backward tracking as
wcll as fanvard tracking from evcry seed frame. Thus. for every

frame between two seed frames, there will be two tracking results
coming from the previous and the next seed frame. The strategy 10
choose the more reliable result is presented in section 3.3.

3.3 Face localization
The output of each tracking step is a set of weighted samples.
The weight of a sample indicates the probability of this sample
falling within a face region. Given this information, we need to
figure out where the faces are located.
As the data in Ourpar, is discrete. we use a Gaussian kernel
to construct a continuous probability map over the entire frame so
that the positions of faces will be identified easily. The Gaussian
function will distribute the weight of every sample to its
neighborhood. The weight of any pixel in a frame is defined by:

(9)
where U = ( i , j)' is the position in a frame with coordinate ( i , j ) ,
and Cg is a covariance matrix. The value of Cg determines the
range o f pixels that are affected by a sample.
From the probability map prob(x, y ) , we could identify the
location and size of the faces. Figure 3 shows an example of a
continuous probability map and its corresponding face locations:

Figure J: Probability map and corresponding face

locations

3.4 Post-processing
Recall that our system has bi-directional tracking sequence.
Therefore, there would be two sets of tracking results for every
frame in-between two seed frames. We need to choose the more
reliable result as the final output.
For any T-step tracking procedure starting from frame i (a
seed frame). the tracking error of each step is calculated:
rrroq, =O; error, =error,-, +C,e,'
(10)
where r = I.,..T , and e-' i s the tracking error of k" feature in the
Lucas-Kanade method.
For every frame, the tracking result associated with the
smaller cumulative error is chosen as the final result. Each result
may contain one or more face locations. These face locations are
linked along the timeline into sequences of faces, denoted as
I S , . S 2 ....S , ) .

4. EXPERIMENT AND RESULT
We need to test the performance of our face tracking system
on a variety of video clips. Since there is no standard evaluation
suite. we selected 15 video clips from different sources to test our
system. The video clips chosen are: 7 from movies: 2 from TV
serial; 2 from MTV; 2 from documentary and 2 from live concert
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The average length of each test clip is 454 frames. The average
face appearance is 1.22 faces per frame.
We adopt the following methodology to evaluate the
accuracy of the face tracking results. Given that there are Q face
sequences { S,, S 2 . . . . S a 1 tracked from a video clip, we define

L(S,) as the length of face sequence St, i.e. the number of
frames in S, . If the location of the tracked face in CO frames of
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