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Abstract. We propose an efficient real-time face tracking system that
can track fast moving face and cope with the illumination changes. To
achieve these goals, we use the active appearance model(AAM) to rep-
resent the face image due to its simplicity and flexibility and take the
particle filter framework to track the face image due to its robustness.
We modify the particle filter framework as follows. To track fast moving
face, we predict the motions using motion history and motion estimation,
hence we can reduce the required number of particles. For observation
model, we use active appearance model(AAM) to obtain an accurate
face region, and update the model using incremental principle compo-
nent analysis(IPCA). Occlusion handling scheme incorporates motion
history to handle the moving face with occlusion. We have expanded
our application to multiple faces tracking system. Experimental results
present the robustness and effectiveness of the proposed system.

1 Introduction

Many research groups in the computer vision society have been interested in
the topics related to the human face such as face detection, face recognition,
face tracking, etc. Among them, face tracking is an important work that can
be applied to several applications such as human-computer interaction, facial
expression recognition, and robotics, etc.

There are several works that is related to the face tracking. Bayesian filters
such as Kalman filter [1] and particle filter [2], [3], [4] are the most popular
techniques for face tracking. The Kalman filter assumes that the state transition
model obeys the Gaussian function. On the other hand, the particle filter assumes
arbitrary model. The particle filter shows better performance on face tracking
because the dynamics of the moving face obeys the non-linear/non-Gaussian
function. Particle filter consists of observation model and state transition model.
The observation model has to measure the likelihood of each particle. For this
purpose, we need an appearance model. There are several researches about face
modeling algorithm. Turk et al. [5] use PCA for eigenface analysis. Jepson et
al. [6] introduce an online learning algorithm, namely online appearance model
(OAM), which assumes that each pixel can be explained with mixture compo-
nents, and Zhou et al. [7] modify it. However, these approaches cannot cope
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with the facial variations such as illumination or expression. Cootes et al. [8]
introduce AAM to represent the face using eigenface approach. The drawback of
AAM is that all variations cannot be trained during training phase. Hamlaoui et
al. [9] expand Zhou’s work and use AAM as their appearance model, but there
is no scheme to update the observation model.

The state transition model describes the dynamics of the moving objects be-
tween two frames. There are two ways to approximate the motion model: us-
ing a trained motion model by learning from video examples and using a fixed
constant-velocity model. However, these approaches do not work well when the
objects are moving very fast. The image registration technique introduced by
Lucas and Kanade [10] is another approach that can be used for object tracking.
However, their method is a gradient-based approach, which often traps into the
local minimum. Zhou et al. [7] use adaptive velocity model to track the object
effectively. However, if the particles are insufficient or the variance is relatively
small, fast moving face cannot be tracked.

We propose to use IPCA [11], [12], [13] and motion prediction model to track
the fast moving faces under the illumination change. This tracking system is
expanded to multiple faces tracking for real-time system.

This paper is organized as follows: We review the particle filter in Section
2. In Section 3 and Section 4, we explain the observation model and the state
transition model. We present how to handle the occlusion while the face is mov-
ing in Section 5. Section 6 shows how we expanded our system for multiple
faces tracking. Next, the experimental results are presented in Section 7 and the
conclusions are drawn in Section 8.

2 Particle Filter

The particle filter tries to estimate the states {θ1, . . . , θt} recursively using sam-
pling technique. To estimate the states, the particle filter approximates the pos-
terior distribution p(θt|Y1:t) with a set of samples {θ(1)

t , . . . , θ
(P )
t } and a noisy

observation {Y1, . . . , Yt}. The particle filter consists of two components, obser-
vation model and state transition model. They can be defined as:

State T ransition Model : θt = Ft(θt−1, Ut),
Observation Model : Yt = Ht(θt, Vt).

(1)

The transition function Ft approximates the dynamics of the object being
tracked using the previous state θt−1 and the system noise Ut. The measure-
ment function Ht models a relationship among the noisy observation Yt, the
hidden state θt, and the observation noise Vt. We can characterize transition
probability p(θt|θt−1) with the state transition model, and likelihood p(Yt|θt)
with the observation model. We use maximum a posteriori (MAP) estimate to
get the state estimate θ̂t.
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3 Observation Model

The observation model in the particle filter finds the relationship between the
observed data and the state. We use AAM to represent the face image due to its
simplicity and flexibility. We design the observation likelihood using the warped
image and the reconstructed image of AAM. To make the observation model cope
with the illumination change, we use IPCA to update the AAM basis vectors.

3.1 AAM-based Observation Model

We use the AAM for our observation model. Let us define the reconstructed
image at time t as Ît, and the warped image at time t as Ĩt. The AAM tries to
minimize the AAM error, which is the distance between the reconstructed image
and the warped image. Thus, we approximate the AAM error using Mahalanobis
distance between Ît−1 and Ĩt. To prevent the observation likelihood of a good
particle from being spoiled by a few outliers, we use the robust statistics [14] to
decrease the weight of outliers. The observation likelihood looks as :

p(It|θt) ∝ exp

(
−

N∑
l=1

ρ

(
Ĩt(l) − Ît−1(l)

σR(l)

))
, (2)

where ρ(x) =
{

1
2x2, if |x| < ξ
ξ|x| − 1

2ξ2, if |x| ≥ ξ
, (3)

where N is the number of pixels in the template image, l is the pixel index, the
σR is the standard deviation of reconstruction image, and ξ is a threshold that
determines whether the pixel is an outlier or not.

We select the best particle, which has the largest observation likelihood, as
the MAP estimate.

3.2 Update Observation Model

After estimating the state, we perform AAM fitting to get the accurate face
region and then we can get the 2D global pose parameter θ̂t. Then, we need
to update the observation model to cope with the illumination change. Before
we update the observation model, we need to check the goodness of fitting to
determine whether we need to update the observation model or not. The AAM
error is not appropriate for measuring the goodness of fitting, because the ill-
fitted result and the illumination changes both increases the AAM error. For this
purpose, we use the number of outliers using OAM. A pixel is declared as an
outlier if the normalized pixel value, which is normalized by the mean and the
variance of the OAM component, is larger than certain threshold ξ. We get the
number of outliers for each component and take the average number of outliers,
Noutlier . If Noutlier is smaller than certain threshold N0, then we can update the
AAM basis vectors using IPCA with new input image Ĩt.
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4 State Transition Model

The state transition model describes the dynamics of moving object. In our
system, we use motion history and motion estimation to predict the location of
the face with low computation.

4.1 Motion Prediction Model Using Motion History

We implemented the tracking system of Zhou et al. [7] and evaluated the track-
ing performance and operating speed. Fig. 1-(a) shows the tracking performance
when 20 particles are used to track the fast moving face, where the vertical axis
denotes the pixel displacement between two consecutive frames and the circles
denote the cases of failed tracking. We can see that the their tracking algorithm
often fails when the pixel displacement between two consecutive frames is greater
than 20. Fig. 1-(b) shows the average operating speed when the number of par-
ticles is changed. The number of particles should be less than 30 to guarantee
the 15 frame per second. To realize the real-time face tracking, we propose the
adaptive state transition model using the motion prediction model using the
motion history.

(a) Tracking performance.
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(b) Operating speed.

Fig. 1. Tracking experimentation results of Zhou et al.[7] algorithm

We assume that the dynamics of moving face obeys the constant acceleration
model. Then, the velocity vt−1 and the acceleration at−1 at the time t − 1 is
obtained as:

vt−1 = θ̂t−1 − θ̂t−2, (4)
at−1 = vt−1 − vt−2, (5)

where θt−1 is the motion state that is the global 2D pose parameter of the
AAM fitted image at the time t − 1. The motion velocity at the current time is
predicted by the motion velocity and the acceleration at the previous time. Then,
the velocity of moving face at the time t and the effective velocity v̄ between the
two consecutive frames can be obtained as:

ṽt = vt−1 + at−1, (6)

v̄t =
vt−1 + ṽt

2
. (7)
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In real situation, the actual motion of moving face does not obey the constant
velocity model. So, the effective velocity obtained from the motion history model
may be overestimated or underestimated. To overcome this problem, we suggest
to use the motion prediction model that performs the motion estimation tech-
nique [15] around the estimated motion state θ̄t = θ̂t−1 + v̄t.

In the motion estimation technique, each macroblock in the current frame
is compared to a macroblock in the reference frame to find the best matching
macroblock. To achieve this goal, block matching criterion such as the mean
absolute error(MAE) or the mean squared error(MSE) are usually used. The
computational load of finding the best matching macroblock is proportional to
the size of macroblock.

To reduce the computation, we use the face detector based on Adaboost [16].
We can obtain the predicted motion state of the face θ′

t by applying motion esti-
mation technique around θ̄t. If the face detector fails, we use θ̄t as the predicted
motion state of the face as:

θ̃t =
{

θ̄t, if the face is detected,
θ′

t, if the face is not detected. (8)

The particles are distributed around the predicted motion state of the face θ̃t

as in the following state transition model.

θ
(p)
t = θ̃t + U

(p)
t , (9)

where Ut is the system noise that follows Gaussian distribution N(0, σ2
t ).

Optionally, we can include the adaptive velocity model into our state tran-
sition model. Since we can obtain the predicted motion state of the face using
motion estimation technique, only a small number of particles is required. So,
we can apply the adaptive velocity model without suffering from the heavy com-
putational load. The particles are generated as:

θ
(p)
t = θ̃t + VLS{It; θ̃t} + U

(p)
t , (10)

where VLS{It; θ̃t} is a function that computes the adaptive velocity at the start-
ing point θ̃t in the input image It.

4.2 Noise Variance and Number of Particles

We adaptively changes the noise variance and the number of particles. They are
proportional to the Mahalanobis distance, Dt, between Ît and Ĩt at θ̂t.

σt = σ0 × Dt

D0
, Pt = P0 × Dt

D0
. (11)

We restrict the range of standard deviation as [σmin, σmax] and the number of
particles as [Pmin, Pmax] to ensure certain degree of frame rate and performance.
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5 Occlusion Handling

Our system detects occlusion using the number of outliers. If the face is occluded,
the number of outliers Noutlier is larger than certain threshold, N0, because the
occlusion makes large number of outliers. When the occlusion is declared, we
will get a bad tracking result if we use adaptive velocity model or face detector.
Hence, we stop these methods and use only motion history with maximizing the
number of particles and the variance. We can generate a new set of particles
based on the Eq. (12).

θ
(p)
t = θ̄t + U

(p)
t . (12)

6 Multiple Faces Tracking

We presented single face tracking algorithm so far. We have expanded our single
face tracking algorithm to multiple faces tracking.

To check a new incoming face, we periodically invoke face detector. We use
face detector based on Adaboost [16] learning. If we find a new face, then we
detect eyes in the face region. With geometric information of eyes’ position, we
initialize the parameters of AAM, and perform AAM fitting. The result of the
AAM fitting is used to initialize a new tracker. The overall procedure of multiple
faces tracking algorithm is not quite different from the single tracking case. We
use motion prediction model, and perform AAM fitting on the MAP estimate,
then update the observation model if possible, for each tracker.

7 Experimental Results

We implemented the proposed system in Windows C++ environment. Our sys-
tem processes at least 15 frames per second for single face tracking in Pentium 4
CPU with 3.0 GHz and 2 GB RAM with Logitech Web Camera. All the experi-
ments in this section uses the parameters in the following manner. We captured
the test sequences of size 320 × 240 with 15 fps. The size of AAM template
image is 45 × 47, and we used 5 shape/appearance basis vectors each. We set ξ
as 1.7 to declare outlier, and N0/N as 0.18 to declare occlusion. We performed
3 experiments to prove the robustness of the proposed face tracking system. In
the first experiment, we showed that the proposed system is robust and effective
in terms of the moving speed of faces, the required number of samples, and the
tracking performance. The second experiment showed the performance of the
tracking system under the occlusions. In the last experiment, we showed that
our system can also handle the multiple faces tracking problem.

7.1 Tracking Fast Moving Face

We captured the test sequences with high/medium/low speed of moving face.
We compared the face tracking system that uses the motion prediction model
and the adaptive velocity model.
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Fig. 2. The pixel displacement of the face in test sequences with high/medium/low
speed of moving face

We obtained the pixel displacement of the face for each sequence as in Fig. 2.
Tracking is performed using 20 particles. The horizontal axis denotes the frame
number, and the vertical axis denotes the pixel displacement of the face. To
measure the tracking accuracy, we compute the error between the estimated

location and the ground truth of the face as eg =
√

(qx − gx)2 + (qy − gy)
2,

where qx, qy are the horizontal/vertical translations of the estimated location of
the face, and gx, qy are the translations of the ground truth. Fig. 3 compares the
graph of eg from each velocity models. As you can see, eg of the motion prediction
model shows lower value when the face moves fast. Fig. 4 shows the result of
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(a) High speed.
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(b) Medium speed.
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(c) Low speed.

Fig. 3. Tracking accuracy under the various speed of moving face

the face tracking using the test sequence with high speed of moving face. The
motion prediction model successfully tracks the face, while the adaptive velocity
model fails to track the face.

To compare the required number of particles, we performed another tracking
experiment using the range of the number of particles as [10, 60] and use 20
particles at initialization. Fig. 5 shows the required number of particles and the
AAM error of the tracking systems with the two velocity models.

As shown in Fig. 5, we need fewer particles with the motion prediction model
due to its better tracking performance, so we can save computations.

7.2 Occlusion Handling

We present the performance of our occlusion handling method. As shown in
Fig. 6, the moving face is heavily occluded. On the upper right corner of each
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Fig. 4. 1st row : original test sequence, 2nd row : tracking result of the adaptive velocity
model, 3rd row : tracking result of the motion prediction model, 1-5 column : frame
155, 158, 161, 164, 167
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(a) Particle number.
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Fig. 5. The required number of particles and the AAM error

Fig. 6. Occlusion handling, 1st row : frame 43, 56, 65, 2nd row : frame 277, 281, 285,
3rd row : frame 461, 463, 465

Fig. 7. Tracking results, 1st row : frame 190, 200, 210, 2nd row : frame 230, 330, 350
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image, we can see small template image that displays outliers with white pixels.
Our occlusion detection scheme detected outliers and occlusion successfully.

7.3 Multiple Faces Tracking

In this section, we present our multiple faces tracking system. Fig. 7 shows that
our system is expanded to a multiple faces tracking system. We can see that scale,
rotation, and translation of three faces are changing, but our system shows good
tracking performance.

8 Conclusion

We presented a face tracking system that can track the fast moving face. The
proposed system takes IPCA and motion prediction model to make the obser-
vation model and the state transition model adaptive. With these approaches,
the face is successfully tracked using a few particles and small variance. We have
found that these approaches generate particles more efficiently, and saved un-
necessary computational load, and improved tracking performance. In the case
of occlusion, we include only motion history to approximate the dynamics of the
occluded face.

Our system has implemented and tested in real-time environment. The ex-
perimental results of the proposed face tracking system show the robustness and
effectiveness in terms of the moving speed of faces, the required number of sam-
ples, the tracking performance, and occlusion handling. Also, we have applied
our system and found that the system can handle the multiple faces properly.
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