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Active Contour-Based Visual Tracking
by Integrating Colors, Shapes,

and Motions
Weiming Hu, Xue Zhou, Wei Li, Wenhan Luo, Xiaoqin Zhang, and Stephen Maybank

Abstract— In this paper, we present a framework for active
contour-based visual tracking using level sets. The main
components of our framework include contour-based tracking
initialization, color-based contour evolution, adaptive shape-
based contour evolution for non-periodic motions, dynamic
shape-based contour evolution for periodic motions, and the
handling of abrupt motions. For the initialization of contour-
based tracking, we develop an optical flow-based algorithm for
automatically initializing contours at the first frame. For the
color-based contour evolution, Markov random field theory is
used to measure correlations between values of neighboring pixels
for posterior probability estimation. For adaptive shape-based
contour evolution, the global shape information and the local
color information are combined to hierarchically evolve the con-
tour, and a flexible shape updating model is constructed. For the
dynamic shape-based contour evolution, a shape mode transition
matrix is learnt to characterize the temporal correlations of
object shapes. For the handling of abrupt motions, particle swarm
optimization is adopted to capture the global motion which is
applied to the contour in the current frame to produce an initial
contour in the next frame.

Index Terms— Abrupt motion, active contour-based tracking,
adaptive shape model, dynamic shape model.

I. INTRODUCTION

V ISUAL object tracking is an active research topic in
computer vision. In contrast to general object tracking

which uses predefined coarse shape models, such as rectangles
or ellipses, to represent objects [5], active contour-based
tracking [36] provides more detailed object shape information,
but is, in general, more difficult than general tracking of the
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same object in the same real-world situation. This is because
contour tracking aims to recover finer details of the object,
i.e., the boundary of the object, and the determination of
the boundary of the object is susceptible to influences from
the background disturbance. In videos taken by stationary
cameras, object motion regions can often be extracted using
background subtraction, and object contours can be produced
by tracing the edges of the motion regions. But in videos taken
by moving cameras, background subtraction cannot be used to
extract object motion regions, making the contour-based track-
ing more difficult than in videos taken by stationary cameras.
Active contour-based object tracking, no matter whether the
camera is stationary or moving, has attracted much attention
in recent years.

A. Related Work

There are in general two ways to describe object contours:
explicit representations which are characterized by parame-
terized curves such as snakes [1] and implicit representations,
such as level sets [3], which represent a contour using a signed
distance map. The level set representation is more popular than
the explicit representation because it has a stable numerical
solution and it is capable of handling topological changes.
Active contour evolution methods are classified into three
categories: edge-based, region-based, and shape prior-based.

1) Edge-Based Methods: Edge-based methods mainly con-
sider the local information around contours, such as the grey
level gradient. Kass et al. [1] propose the snake model which
is the best known edge-based active contour method. Caselles
et al. [12] propose a geodesic model which reflects more
intrinsic geometric image measures than the snake, using the
prior knowledge that the larger the gradient at a pixel, the
higher the probability that the pixel belongs to an object’s
edge. Paragios and Deriche [13] improve the geodesic model
in [12] using level sets to describe contours and using a
gradient descent algorithm to optimize contours. The merits
of edge-based methods are their simplicity, intuitiveness, and
effectiveness for determining contours with salient gradient.
They have the following limitations: a) They only consider
the local information near to a contour, and thus the initial
contour must be near to the object. b) Contour sections lying
in homogeneous regions of an image cannot be optimized.
c) They are of course sensitive to image noise.

2) Region-Based Methods: Region-based methods usually
divide an image into object and background regions using
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statistical quantities, such as mean, variance, or histograms of
the pixel values in each region. Chan and Vese [9] approximate
an image by a mean image with regions whose boundaries are
treated as object edges. Zhu and Yuille [15] present a statistical
and variational framework for image segmentation using a
region competition algorithm. Yilmaz et al. [16] adopt the
features of both object and background regions in the level-set
evolution model. Mansouri [32] proposes an algorithm for for-
mulating contour tracking as a Bayesian estimation problem.
For the region-based methods, prior knowledge of object color
and texture may be incorporated into the contour evolution
process. Color prior knowledge is usually represented using
object appearance models such as color histograms, kernel
density estimation, or Gaussian mixture models (GMMs). For
example, Yilmaz et al. [16] use kernel density estimation
to model color features for estimating contours. Bibby and
Reid [43] use color histograms to model appearances and
perform contour-based tracking at frame rates. Region texture
features [41], [42] are usually modeled using the Gabor filer,
the co-occurrence matrix, or Markov random fields (MRF),
etc. For example, Sagiv et al. [41] use Gabor features to
perform textured image segmentation. Pons et al. [42] fit an
active contour using texture features which are extracted using
unsupervised learning. Yilmaz et al. [16] use the Gabor filter
to model region texture features for determining contours. The
merit of the region-based methods is that regions’ statistical
information, together with the prior knowledge of object
color and texture, can increase the robustness and accuracy
of contour evolution. The limitation of the current region-
based methods is that the pixel values are treated as if they
were independent for the posterior probability estimation [36].
This independence assumption makes the obtained contour
sensitive to disturbances caused by similarities of color or
texture between the object and the background.

3) Shape Prior-Based Methods: Shape prior-based meth-
ods statistically model object shape priors which are used
to recover disturbed, occluded, or blurred contour sections.
Leventon et al. [18] project orthogonally a set of aligned
training shape samples represented by the signed distance
maps into a subspace using Principal Component Analysis
(PCA). Paragios and Rousson [20] construct a pixel-wise
shape model in which local shape variability can be accounted
for. Cootes et al. [21] propose an active shape model for the
different aspects of rigid objects in a shape prior formula-
tion. Fussenegger et al. [22] propose an online active shape
model to perform region segmentation. The incremental PCA
algorithm in [23] is used to update the active shape model.
Cremers [19] proposes a linear dynamical shape model based
on an autoregressive model for tracking a person with periodic
motions using level sets. Yilmaz et al. [28] propose a statistical
method to learn object shape models which are used to recover
occluded sections of a contour. Rathi et al. [33] combine
the particle filter with level set evolution. Occlusion is dealt
with by incorporating shape information into the weights of
the particles. Raviv et al. [38] utilize the symmetry of rigid
object shapes to deal with partial occlusions. The merit of the
shape prior-based methods is that the disturbed, occluded, or
blurred edges can be recovered. However, the current adaptive

shape-based methods [20] may distort undisturbed contour
sections which can be found accurately using color features
alone, while they globally recover the disturbed contour
sections. In real world applications it is necessary to update
the active shape model continuously in order to adapt to shape
changes. However, the current method [22] for updating the
shape model does not simultaneously handle the multiple new
shape samples, and fails to compute the sample eigenbasis
with sample mean updating. The previous dynamical shape
model in [19] for periodic motions of non-rigid objects is a
simple data fitting process with no high-level understanding of
shape changes. The model assumes that the underlying motion
is closely approximated by a periodic motion, however human
motion is rarely exactly periodic.

Current contour-based tracking algorithms are subject to
additional limitations as follows. 1) Tracking initialization
often relies on a manually drawn closed contour around the
object. Those methods, in which the boundaries of motion
regions detected by background subtraction are the initial
contours of moving objects such as in [13], are only effective
for stationary cameras. In [9], the initial contour can be placed
anywhere in the image, but it may take a long time to converge
to the correct boundary. Quick and automatic initialization
of contour tracking is still underdeveloped and demanding.
2) The existing level set-based tracking methods fail to track
the contour of an object when the object moves abruptly.
Related work in [34], [35] deals with the discontinuities
induced by abrupt motion. However, the robust and effective
handling of abrupt motion for contour-based tracking is still a
difficult open problem.

B. Our Work

In this paper, we systematically investigate the aforesaid
main limitations in contour tracking, and present a framework
for tracking object contours, no matter whether the camera is
stationary or moving. The framework adopts the region-based
evolution of contours which are represented using level sets.
At the first frame, the method in [40] is used to compensate
for the camera motion and then the optical flow at each pixel
is estimated. Using the estimated optical flows, one or more
motion regions are detected. The boundaries of these motion
regions are used as the initial contours. These initial contours
are then evolved using color information. Based on the result
of color-based contour evolution, the shape prior is introduced
to deal with noise or partial occlusion etc to obtain more
accurate contours. We consider shape priors for non-periodic
motions and periodic motions, corresponding to adaptive shape
models and dynamic shape models respectively. After contour
evolution is complete in the current frame, there is a check
for abrupt motion which can be estimated using the method
in [39]. If there is no abrupt motion, the evolution result in
the current frame is used as the initial contour of the object in
the next frame. If there is abrupt motion, the affine motion
parameters are estimated using a stochastic algorithm, and
applied to the contour in the current frame to obtain the
initial contour for the next frame. The main components in
our framework include contour-based tracking initialization



1780 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 22, NO. 5, MAY 2013

for the first frame, color-based contour evolution, adaptive
shape-based contour evolution, dynamic shape-based contour
evolution, and abrupt motion handling.

The main components in our framework have the following
contributions:

1) We propose an automatic and fast tracking initialization
algorithm based on optical flow detection. In the algo-
rithm, object motion regions are extracted in the first
frame, and closed initial contours near the boundaries
of object regions are constructed.

2) We propose a color-based contour evolution algorithm.
In the algorithm, correlations between values of neigh-
boring pixels are constructed using Markov random
field (MRF) theory, and incorporated into the estima-
tion of the posterior probability of segmentation. This
ensures that our color-based algorithm is not sensitive to
background disturbances and that it achieves tight and
smooth contours.

3) We propose an adaptive shape-based contour evolution
algorithm. In the algorithm, the results obtained using
the color feature alone and the shape priors are effec-
tively combined, adapting to different contour locations,
to obtain the final contour. A new incremental PCA
technique is applied to update the shape model, making
the shape model updating flexible.

4) We propose a Markov model-based dynamical shape
model. Dominant set clustering is used to obtain the
typical shape modes of a periodic motion. The matrix
of transitions between these modes is then constructed.
In the tracking process, the contour evolved using color
information alone and the shape mode transition matrix
are fused to predict the current shape mode, and then
the contour is further evolved under the constraint of
the predicted shape mode.

5) We propose an algorithm for handling abrupt motion in
the contour tracking process by incorporating particle
swarm optimization (PSO) into the level set evolution.
Although the algorithm in [33] combines the particle
filter with the level set evolution, it cannot handle abrupt
and arbitrary motions. In our algorithm, PSO is used
to estimate the global motion of the object. The initial
contour is obtained by applying the estimated global
motion to the contour of the object in the previous frame.

II. CONCEPTS OF LEVEL SET EVOLUTION

The level set function [3] chosen in our method is the
commonly used signed distance function. The zero value of
this function corresponds to a contour. The shape information
of the contour C is embedded in the signed distance map
represented by φ:

φ(x, y) =
⎧
⎨

⎩

0 (x, y) ∈ C
d(x, y, C) (x, y) ∈ Rout
−d(x, y, C) (x, y) ∈ Rin

(1)

where Rin and Rout denote, respectively, the regions inside and
outside C and d(x, y, C) is the smallest Euclidean distance
from point (x, y) to C. The initial contour is evolved to the

desired boundary by updating φ iteratively with the overall
speed in the normal direction [8]:

φn+1(x, y) − φn(x, y)

�t
+ (F(x,y) + Fcurv) |∇φ(x, y)| = 0

(2)

where F(x,y) is the external force reflecting the data attach-
ment, Fcurv = −εκ(x, y) is the internal force proportional
to the curvature κ(x, y) of the contour and has a smoothing
effect on the contour, n represents the n-th iteration, ∇φ(x, y)
is estimated as the gradient of the level set function at (x, y),
and �t is the evolution step which can be set to a fixed value
such as 0.001. The key problems in level set contour evolution
include the estimation of F(x,y) as well as the initialization of
the contour.

III. TRACKING INITIALIZATION

The tracking initialization in our framework consists of
localization of initial contours in the first frame and modeling
of the object and background regions using color and texture
features.

A. Contour Initialization in the First Frame

In the first frame, we apply optical flow to detect motion
regions whose boundaries are used as the initial contours.
The algorithm in [40] for ego-motion compensation is used
to compensate camera motion. We combine the optical flow
vector magnitude detected using Horn and Schunck’s algo-
rithm [4] and the direction detected using Lucas and Kanade’s
algorithm [11] to obtain the optical flow vector at each pixel,
because from many experiments, we have found that Horn
and Schunck’s algorithm obtains more accurate magnitudes of
optical flow vectors than Lucas and Kanade’s algorithm, but
obtains less accurate directions of optical flow vectors.

The optical flow for each pixel is represented by (u, v),
where u and v are the optical flow velocity vector’s compo-
nents in the x and y directions respectively. For a pixel whose
optical flow magnitude is less than a predefined threshold, its
optical flow is set to (0, 0), i.e. it is assigned to the background.
Then, a shape model such as a circle or a rectangle is moved
over the image and its size is changed, to detect the motion
regions in which pixels have not only large optical flow
magnitudes, but also coherent optical flow directions. The
detection algorithm includes the following steps:

Step 1: The size of the shape model is kept fixed and the
center of the shape model is moved. Then, a series of regions
{Mi }, which are various sets of pixels within the shape model,
are produced. Each such region Mi is assigned a weight ξi

calculated by:

ξi = β

∑

X∈Mi

√

u2
X + v2

X

ϒi
− (1 − β)	arg(u,v) (3)

where X is a pixel within Mi , 	2
arg(u,v) is the variance of the

directions of the flow vectors of the pixels within Mi , ϒi is
the number of pixels within Mi , and β is the weight (ranging
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between 0 and 1) which balances flow vector magnitude which
is indicated by the first part of the right hand side of the
equation and motion direction coherence which is represented
by 	arg(u,v). The greater the magnitudes of the flow vectors
and the more the motion direction coherence, the larger the
weight is.

Step 2: The top N(N ≥ 1) such regions with the largest
weights {ξi }i=1,2,...,N are chosen as the motion regions with
optimal positions. The number N of these regions is deter-
mined based on the principle that the weights {ξi }i=1,2,...,N of
these regions are far larger than the weights of the others.

Step 3: We refine each of these regions by changing its size
while keeping its center position fixed. The dimensions υ,
which control the size of the shape model, such as the radius
for a circle or the length and width of a rectangle, determine
the ϒ in (3), so ξ is a function of υ. The optimal dimension
υ∗ of each motion region is determined by:

υ∗ = arg max
υ

(ξ(υ)). (4)

Step 4: The moving objects correspond to the regions with
largest values of Eq. (3). The edges of shape models (circles
or rectangles) with the optimal centers and sizes are treated
as initial object contours. We compute the level set functions
φ(x, y) of the initial contours from which the object contours
are further evolved using color-based contour evolution.

B. Modeling the Object and Background Regions

In our active contour-based object tracking algorithm, the
object and background regions are both modeled, and both
regions compete for pixels in the image. We present a hierar-
chical method which fuses color and texture features using
a Gaussian mixture model (GMM) which is a variant of
Stauffer and Grimson’s method [7], to model the object and
background regions. The method is outlined as follows:

Step 1: Within the object or background region, a color
GMM model with k Gaussians {η(XC , μC

j ,�C
j )} j=1,2,...,k is

trained, where μC
j and �C

j are the mean and the covariance
of the jth Gaussian probability density function and XC is the
color feature of pixel X.

Step 2: Each pixel within the region is labeled based on the
trained color GMM model, where the label of each pixel is
the label of the Gaussian which has the maximum value for
this pixel among all the Gaussians in the mixture.

Step 3: The texture features for all the pixels in the
region are estimated using a gray level co-occurrence matrix
method [6]. The texture features for all the pixels with the
same label are modeled as a Gaussian η(XT , μT ,�T ) where
μT and �T are the mean and covariance of the Gaussian and
XT is the texture feature of pixel X.

Step 4: The estimated probability density function at pixel
X in the joint color-texture space is formulated as:

p
(

X|ω,μC ,�C , μT ,�T
)

=
k∑

j=1

ω j η
(

XC , μC
j ,�C

j

)
η

(
XT , μT

j ,�T
j

)
(5)

where {ω j } j=1,2,...,k are the weight parameters of the GMM
model. The method for updating the GMM parameters is
similar to that in [7].

IV. COLOR-BASED CONTOUR EVOLUTION

The task in contour evolution is to adjust an initial
contour until the image is partitioned optimally by the
contour [15], [16] into a foreground region and a background
region. Let �(I ) represent a partition of image I. In accordance
with Bayes’ rule, the posterior probability P(�(I )|I ) can
be represented as: P(�(I )|I ) ∝ P(I |�(I ))P(�(I )). The
prior probability P(�(I )) encodes a motion/dynamical model
or shape information for the region. In various implementa-
tions, P(�(I )) acts as a smoothing regularization term which
depends on the length of the contour [14], [17]. Since the aim
of the partitioning is to separate image regions whose proper-
ties are different, it is assumed that certain statistical properties
of the foreground and background regions are independent.
According to [36], for posterior probability and likelihood
estimation, current methods assume that the pixel values in the
object region or the background region are independent [15],
[16]. Then, the following equation is obtained:

P(I |�(I )) =
∏

Xi∈Rin

P(v(Xi )|Xi ∈ Rin)
∏

X j ∈Rout

×P(v(X j )|X j ∈ Rout) (6)

where Rin and Rout denote the regions inside and outside the
contour respectively corresponding to the partition �(I ), and
v(X) represents the value of pixel X. The terms P(v(X)|X ∈
Rin) and P(v(X)|X ∈ Rout) are estimated using the color
and texture distributions of the object and background regions
respectively. However, the hypothesis of independence of pixel
values for posterior probability and likelihood estimation is too
strong, especially when there are local associations between
pixels, such as for textured regions or regions with repeated
patterns [36]. As a result, it is easy to misidentify pixels around
object boundary sections where the contrast between the object
and the background is low.

To avoid the above problem, we apply the Markov random
field (MRF) theory to take account of the correlations between
the values of neighboring pixels for posterior probability and
likelihood estimation. According to the MRF theory, the value
of a pixel is only correlated with the values of the pixels in
its neighborhood [10] which is assumed to be a square pixel
region centered at it, i.e., its value is independent of the values
of the pixels outside the neighborhood. Then, the posterior
probability can be written as:

P(�(I )|I ) =
∏

X∈I

P(�(X)|v(X), NX)

∝
∏

X∈I

P(v(X), NX|�(X))P(�(X)) (7)

where NX means the value of the neighborhood pixels of X.
For the prior probability P(�(X)), it is assumed that

P(�(X)) = P(X ∈ Rin) = P(X ∈ Rout). (8)
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Formula (7) is rewritten as:

P(�(I )|I ) ∝
∏

Xi∈Rin

P(v(Xi ), NXi |Xi ∈ Rin)P(Xi ∈ Rin)

×
∏

X j ∈Rout

P(v(X j ), NX j |X j ∈ Rout)P(X j ∈ Rout).

(9)

It is obvious that

P(v(X), NX|X ∈ Rin)P(X ∈ Rin)

∝ P(X ∈ Rin|v(X), NX) (10)

P(v(X), NX|X ∈ Rout)P(X ∈ Rout)

∝ P(X ∈ Rout|v(X), NX). (11)

Given the value of a pixel and the values of the pixels
in its neighborhood, its object or background attribute is
determined. This leads to P(X ∈ Rin|v(X), NX) + P(X ∈
Rout|v(X), NX) = 1. Using Bayes’ rule, the following
equations are obtained:

P(X ∈ Rin|v(X), NX)

= P(X ∈ Rin|v(X), NX)

P(X ∈ Rin|v(X), NX) + P(X ∈ Rout|v(X), NX)

= (P(v(X), NX|X ∈ Rin)P(X ∈ Rin))/

(P(v(X), NX |X ∈ Rin)P(X ∈ Rin)

+ P(v(X), NX|X ∈ Rout)P(X ∈ Rout))

= P(v(X), NX|X ∈ Rin)

P(v(X), NX|X ∈ Rin) + P(v(X), NX|X ∈ Rout)
(12)

P(X ∈ Rout|v(X), NX)

= P(v(X), NX|X ∈ Rout)

P(v(X), NX|X ∈ Rin) + P(v(X), NX|X ∈ Rout)
. (13)

According to the equation for conditional probability, it
follows that

P(v(X), NX|X ∈ Rin) = P(v(X)|X ∈ Rin)

×P(NX|v(X), X ∈ Rin) (14)

P(v(X), NX|X ∈ Rout) = P(v(X)|X ∈ Rout)

×P(NX|v(X), X ∈ Rout). (15)

The terms P(v(X)|X ∈ Rin) and P(v(X)|X ∈ Rout) can be
estimated, respectively, using the parameters of the object
GMM and the background GMM: {ωin, μ

C
in,

∑C
in, μ

T
in,�

T
in}

and {ωout, μ
C
out,

∑C
out, μ

T
out,�

T
out} in (5). The terms P(NX

|v(X), X ∈ Rin) and P(NX|v(X), X ∈ Rout) measure the
correlations between the values of the neighboring pixels and
the value of the center pixel. For a neighborhood centered
at pixel X, let NO be the number of the neighboring pixels
which belong to the object, i.e., the pixel’s probability of
belonging to the object is greater than the probability that
it belongs to the background; and let NB be the number
of the neighboring pixels which belong to the background.
We heuristically approximate P(NX|v(X), X ∈ Rin) and

P(NX|v(X), X ∈ Rout) by:

P(NX |v(X), X ∈ Rin)

∝ exp

(

sign(NO − NB) ∗
(

max(NO , NB )

NO + NB

)2
/

σ 2

)

(16)

P(NX |v(X), X ∈ Rout)

∝ exp

(

sign(NB − NO ) ∗
(

max(NO , NB )

NO + NB

)2
/

σ 2

)

(17)

where σ is the parameter controlling how fast the exponential
function converges to zero. The more NO exceeds NB , the
larger P(NX|v(X), X ∈ Rin); and the more NB exceeds NO ,
the larger P(NX|v(X), X ∈ Rout).

It is noted that selection of an appropriate size of the
neighborhood is a tradeoff between accuracy and smoothness
of the tracking results. The larger the size, the smoother the
contour we can obtain, but the more the details of the contour
are lost. By constructing correlations between the values of
the neighborhood pixels as described in (16) and (17), the
probability of misidentifying the background pixels whose
colors are similar to the object colors is reduced, making the
algorithm more robust to background disturbance.

By converting the problem of maximizing P(�(I )|I ) in
(9) to an energy minimization problem, the following energy
equation is obtained:

E = − log P(�(I )|I )
≈ −

∫∫

Xi∈Rin

log P(Xi ∈ Rin|v(Xi ), NXi )dXi

−
∫∫

X j∈Rout

log P(X j ∈ Rout|v(X j ), NX j )dX j . (18)

Let X(x,y) represent the pixel at location(x, y). Let
Ha(φ(x, y)) be a Heaviside function:

Ha(φ(x, y)) =
{

0 φ(x, y) ≥ 0
1 φ(x, y) < 0

(19)

which takes “1” if (x, y) is inside the contour and “0” if
(x, y) is on or outside the contour. By minimizing the energy
function shown in (18) through solving the correlated Euler–
Lagrange equations (See [16] for details), we obtain the level
set evolution speed model Fx,y in (2). It is represented in the
following way when the neighborhood of each pixel is defined
as a (2l + 1) × (2l + 1) square region centered at the pixel:

Fx,y = −
l∑

i=−l

l∑

j=−l

log P(X(x+i,y+ j ) ∈ Rin|

v(X(x+i,y+ j )), N(x+i,y+ j ))Ha(φ(x + i, y + j))

+
l∑

i=−l

l∑

j=−l

log P(X(x+i,y+ j ) ∈ Rout|v(X(x+i,y+ j )),

N(x+i,y+ j ))(1 − Ha(φ(x + i, y + j))). (20)

The contour is evolved to the desired boundary by modifying
φ iteratively using the equation obtained by substituting Fx,y

in (20) into Eq. (2).
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V. ADAPTIVE SHAPE-BASED CONTOUR EVOLUTION

Object shape information can be used to improve the results
of color-based contour evolution. We propose a hierarchical
shape-based contour evolution algorithm which combines both
the global shape information and the local color information
to obtain a contour closer to the true contour. On the basis
of shape registration and construction of a shape subspace,
the Mahalanobis distance-based criterion is used to determine
whether the shape model is introduced into the contour evo-
lution process. If so, a shape-based evolution which adapts
to different contour locations is used to further evolve the
contour. A novel incremental PCA is applied to update the
shape model in a more flexible way than in the previous shape
model updating algorithm [22].

A. Shape Registration

The shape of each contour is represented using its corre-
sponding level-sets signed distance map φ. Shape registration
from shape A to shape B involves scaling, rotating, and trans-
lating shape A to obtain a new shape which best matches shape
B. We use Paragios’ variational method [26], to implement the
shape registration.

B. Construction of Shape Subspace

The contour shape subspace is constructed in the following
way which is similar to that of [18]. From a training sequence,
we manually obtain a series of training shape samples of
the object which is to be tracked in the test sequence. All
the signed distance maps of each sample are aligned using the
shape registration. The level set embedding function values
in each distance map are flattened into a column vector [19].
The mean vector μ is obtained by taking the mean of the
column vectors for all the samples. A matrix X whose columns
are obtained by subtracting μ from each sample column
vector is constructed. Using the singular value decomposition
(SVD) for X, the diagonal matrix �k with the first k largest
singular values and the corresponding singular column vector
matrix Uk are obtained. The shape model is represented by
{μ, Uk,�k}.

C. Mahalanobis Distance-Based Criterion

If there is no background disturbance, motion blurring,
partial occlusion, etc, then the color-based evolution alone
can obtain a contour very close to the true contour in the
image. The introduction of the shape prior into the contour
evolution may even draw the obtained contour away from
the true contour. In this paper, we use the Mahabanobis
distance between the contour φc obtained using the color-based
evolution alone and the shape model to determine whether the
shape prior should be introduced into the contour evolution.

The contour φc is aligned with the signed distance map
φT [18] corresponding to the mean shape μ in the shape
subspace using the shape registration. The level set embedding
function values of the aligned contour are flattened into a
column vector x, and then projected into the subspace, forming
a k-dimensional vector α: α = U T

k (x − μ).

The Mahalanobis distance is applied to measure the dif-
ference between x and μ. Let C be N times the covariance
matrix C ≈ Uk�

2
k U T

k , where N is the number of samples.
The Mahalanobis distance between x and μ is formulated as:
γ 2 = (x − μ)T C−1(x − μ). Then, according to the definition
of α, the following equation is obtained:

γ 2 ≈ (x − μ)T Uk�
−2
k U T

k (x − μ) = αT �−2
k α. (21)

If γ 2 is larger than a predefined threshold, then the color-
based evolution result φc does not accurately represent the
object shape information, and the shape prior is introduced
into the tracking process; otherwise φc is considered as the
final tracking result.

D. Shape-Based Contour Evolution

The signed distance map φT [18] corresponding to μ
is inversely transformed to the image plane based on the
transformation parameters for shape registration between φc

and φT to form a signed distance map φs , i.e., the contour φs

is obtained by scaling, rotating, and translating φT so that φs

best matches φc.
The shape prior φs can be used to globally recover the con-

tour sections which are disturbed by the background, blurred
by motion, or even occluded by the background, but it may
distort contour sections which have been obtained accurately
using color features alone. The task of our algorithm is to
fuse φc and φs to form a contour closer than either to the true
contour.

We determine whether a contour section on φc is closer to
the true contour section in the image than the corresponding
contour section on the shape prior, according to the distance
between the contour section on φc and the corresponding
contour section on the shape prior, as simple and known
properties of the object are included in the shape prior. A large
distance means that the contour section on φc is erroneous due
to background disturbance, motion blurring or occlusions, etc.
A small distance indicates that the contour section obtained
on φc is closer to the true contour section in the image.

In contrast with previous methods [20], [31], we add a shape
distance weight into the contour evolution equation to balance
φc and φs :

φn+1(x, y) − φn(x, y)

�t
= −2(φn(x, y) − φs(x, y))

×
[

1 − exp

(

−
(

φn(x, y) − φs(x, y)

τ (x, y)

)2
)]

(22)

where τ is the parameter controlling the speed that the
exponential function converges to zero, and the definitions of
n and �t are the same as in (2). The initial value of φ is set to
φc. The weight in the square bracket in (22) is a function of the
difference between φ(x, y) and φs(x, y). It has the following
characteristics:

1) For a pixel location (x, y), if the difference between
φ(x, y) and φs(x, y) is not large, then the weight is close
to zero and thus the value of φ(x, y) changes only very
slightly, i.e., approximating to φc(x, y).
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2) If the difference between φ(x, y) and φs(x, y) is large,
then the weight is close to 1, and thus the evolution
process for φ(x, y) goes on until its value approximates
to φs(x, y).

The iterations using (22) are repeated for a given number
of times or until the mean of differences between φ(x, y)
and φs(x, y) at each location (x, y) is less than a predefined
threshold.

For a pixel location (x, y) where the difference between
φ(x, y) and φs(x, y) is large at the beginning of the iterations,
if φ(x, y) converges too soon, inaccurate results are obtained.
Then, we adjust the parameter τ in the following way to
control the evolution speed at different pixel locations:

τ (x, y) = β exp(−(φc(x, y) − φs(x, y))2) (23)

where β is a positive constant. Thus, at each pixel location
(x, y) where the difference between φc(x, y) and φs(x, y) is
large, the evolution of φ(x, y) can still continue when the
difference between φ(x, y) and φs(x, y) is getting smaller and
smaller. At each pixel location (x, y) where the difference
between φc(x, y) and φs(x, y) is small, the evolution of
φ(x, y) stops soon. In this way, the result obtained using
the color feature alone and the shape prior are combined
effectively to bring the final contour closer to the true contour
in the image.

E. Incremental Updating of the Shape Model

Online updating of the shape model using the contours
obtained from the recent frames is necessary for shape-based
contour tracking, as the recent frames provide more accurate
information about the current shape of the object. To date, the
only published algorithm for updating the shape model online
is the one described in [22]. The subspace-based contour
shape model in [22] uses the incremental PCA algorithm
in [23] to update the shape model online. The limitations
of the incremental PCA algorithm in [23] are as follows:
1) Each update includes only one new sample, rather than
multi-samples, making it necessary to update the shape model
at every frame. 2) The update is obtained by successive
approximations, and it is not accurate enough for applications.

We apply the incremental PCA algorithm in [24] to learn
the changes in the shape of the object during tracking. The
result of incremental PCA in [24] for a matrix is the same
as the result of the PCA for the matrix in batch mode,
provided that the incremental PCA retains all the singular
values and singular vectors at each step. If the singular vectors
associated with the smaller singular values are discarded,
then the algorithm for the incremental PCA becomes faster,
with little loss of accuracy. Hence, the subspace learned
using this incremental PCA is very accurate. Furthermore,
this incremental PCA updates the subspace using a number
of new samples simultaneously. It includes an update of the
mean, removing the assumption [25] that the mean of the
previous data is equal to the mean of the new data. When
the contour shape changes determined using the Mahalanobis
distance-based criterion are small in a number of consecutive
frames, the shape model is updated once using the contour

evolution results in these frames. When the change is large,
the shape model is updated more frequently, as much as once
a frame. In this way, we obtain not only more accurate but
also more flexible and more rapid shape updating.

VI. DYNAMIC SHAPE-BASED CONTOUR EVOLUTION

Dynamic shape models are more appropriate than the adap-
tive shape models to deal with large changes in shapes of
non-rigid object contours. In the following, we cluster shape
samples of non-rigid object contours to obtain the typical
shape modes and the mode transition matrix which is used to
predict the shape mode. With the constraint of the predicted
shape mode, the contour obtained by the color-based evolution
is further evolved to obtain the final contour.

A. Construction of Shape Models

1) Distances Between Samples: The shape information
about each training contour is contained in the signed distance
map φ. We define the distance between shape samples φi and
φ j which are aligned using shape registration by:

d(φi , φ j ) =
∑

x,y

∣
∣Ha(φi (x, y)) − Ha(φ j (x, y))

∣
∣ (24)

where Ha is a Heaviside function defined in (19). This distance
is symmetrical and it is irrelevant to the contour size due to
shape registration.

2) Sample Clustering and Shape Mode Construction: We
construct a graph whose vertices are the aligned shape sam-
ples and whose edges are the distances between the aligned
samples. The dominant set clustering algorithm [27], which
is a novel graph-based clustering algorithm, is used to cluster
the samples in order to construct the typical shape modes.
The clustering is an iterative bipartition procedure, where a
dominant set corresponding to a cluster is split out from the
current graph in each iteration step. The number of clusters
is automatically determined. Each cluster is a set of similar
shapes, corresponding to a typical shape mode.

For each shape mode, a Gaussian is constructed for mod-
eling the level set values at each pixel location [20] using the
shape samples corresponding to this mode. This shape model
accounts for local variations in shape. The Gaussian probabil-
ity density function of φ(x, y) at pixel location (x, y) is:

p(φ(x, y)) = 1√
2πσ(x, y)

exp

(

− (φ(x, y) − φM (x, y))2

2σ 2(x, y)

)

(25)

where φM (x, y) and σ(x, y) are, respectively, the mean and
the variance of the shape deformations at location (x, y).

3) Shape Mode Transition Matrix: The temporal correla-
tions of shape changes in a periodic motion are modeled
using a shape mode transition matrix T which is a K × K
matrix, where K is the number of shape modes. The matrix
is estimated based on the clustering results. Each element Ti, j

in the matrix where i and j index the row and the column of
the matrix records the number of the pairs of the consecutive
frames where the first frame is assigned to cluster i and the
second frame is assigned to cluster j. The elements in each
row of T are normalized such that they are summed to unity.
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It is noted that matrix T contains the global understanding
of the shape changes during a periodic motion, and it per-
mits a more accurate prediction of shapes than the existing
autoregressive model-based algorithm [19] which uses local
information about shape changes to predict shapes.

B. Shape Mode Prediction

We use the color-based evolution result φc in the current
frame, the shape mode in the previous frame, and matrix
T to predict the shape mode in the current frame. This
prediction is obtained by maximizing a posterior probability.
Let P(St |Ot , S1:t−1) be the posterior probability of the shape
mode St in the current frame, given the observations Ot in
the current frame, where Ot is represented by φc in this paper
and the shape modes S1:t−1 in the previous frames. Then, the
optimal shape mode S∗

t in the current frame is determined by:

S∗
t = arg max

St
(P(St |Ot , S1:t−1)). (26)

In accordance with Bayes’ rule, P(St |Ot , S1:t−1) can be
represented as:

P(St |Ot , S1:t−1) ∝ P(Ot |St , S1:t−1)P(St |S1:t−1). (27)

We choose to consider Markov chains of order 1 for
P(St |S1:t−1), i.e., it is assumed that P(St |S1:t−1) is equal to
P(St |St−1). Then, (27) is transformed to:

P(St |Ot , S1:t−1) ∝ P(Ot |St )P(St |St−1). (28)

The term P(St |St−1) reflects the temporal transition relations
between shape modes and it is obtained from matrix T. The
term P(Ot |St ) is the likelihood function which measures
the comparability between the predicted shape mode and the
current observation. Let φ

St
M be the mean shape of shape mode

St . As the less the distance d(φc, φ
St
M ), the more probable it

is that St matches the current observation, it can be assumed
that the square of the distance d(φc, φ

St
M ) approximately obeys

the exponential distribution with a parameter λ. Then, the
likelihood function P(Ot |St ) is estimated as:

P(Ot |St ) ∝ exp
(
−λd(φc, φ

St
M )2

)
. (29)

We calculate the square d2
i of the distance from each shape

sample i in the cluster of St to the mean shape φ
St
M . According

to the maximum likelihood evaluation, parameter λ is esti-
mated as:

λ = n
∑n

i=1 d2
i

(30)

where n is the number of samples in the cluster of St . Using
(26), the optimal shape mode S∗

t in the current frame is
selected from all the shape modes.

C. Contour Evolution With the Shape Constraint

The Gaussian models shown in (25) for the mode S∗
t are

used to constrain the evolution of the contour. According

to [20], [28], the level set speed function under the shape
constraint is formulated as

Fshape(x, y) = (φ(x, y) − φM (A(x, y)))2

σ(A(x, y))2 + log σ(A(x, y))

(31)
where A is the affine parameters for shape registration, and
φM and σ are the Gaussian parameters in the shape model.
The contour is evolved to the boundary with the overall speed
(Fcurv + Fshape) in the normal direction:

φn+1(x, y) − φn(x, y)

�t
= (Fcurv + Fshape(x, y)) |∇φ(x, y)|

(32)
where the definitions of Fcurv, n, and �t are the same as in
(2). The initial value of φ for the iteration is set to φc, as φc

contains local information about the true contour in the image.
The iterations of (32) continue until a predefined number of
iterations is reached or the level set value at each pixel location
(x, y) lies within [φM (x, y)−2σ(x, y), φM(x, y)+2σ(x, y)].

VII. ABRUPT MOTION

We use the method in [39] to detect abrupt motion between
the current frame and the previous frame. If abrupt motion is
detected, the affine motion parameters are estimated using the
particle swarm optimization (PSO) [29], and applied to the
contour obtained in the previous frame to obtain the initial
contour in the current frame; otherwise the evolution result in
the previous frame is used as the initial contour in the current
frame. The initial contour is then further evolved to provide
the segmentation of the object.

The global motion is represented by a six dimen-
sional affine vector mt = (xt , yt , θt , st , αt , βt ) [37] where
xt , yt , θt , st , αt , βt denote x, y translation, rotation angle, scale,
aspect ratio, and skew direction at frame t. The particles
{mi

t }N
i=1 sample the affine parameters mt at frame t, where

i indexes a particle and N is the number of particles. The
particles {mi

t }N
i=1 at time t are initialized by sampling from

a Gaussian distribution η(mt−1,�), where the mean mt−1 is
the estimated global motion at time t − 1, and the covariance
� is usually set manually. The fitness value of each particle is
calculated using f (mi

i ) = P(Oi
t |mi

t ) where Oi
t is the image

region specified by particle mi
t . The probability P(Oi

t |mi
t ) is

estimated using the observation model in [24]. Values of pixels
in an object image region in a frame are flattened to a vector.
An incremental SVD is applied to the vectors for the frames
in which the object has been tracked, to incrementally learn
the low-dimensional subspace which represents the appearance
model of the object. The reconstruction error of Oi

t to the
subspace is used to estimate P(Oi

t |mi
t ). Please refer to [24]

for details.
Traditional particle filtering algorithms use re-sampling to

ensure the quality of the particle set, so that there is a higher
probability of finding the object motion [33]. However, a
simple re-sampled particle set cannot cover abrupt and arbi-
trary motions. Thus, we evolve the particles with an adaptive
velocity in PSO to deal with abrupt and arbitrary motions.
For each particle i, the individual best state di

t which has the
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maximum fitness value is updated in the n-th PSO iteration
using the following Eq.

di
t =

{
mi,n

t , if f (mi,n
t ) > f (di

t )

di
t , else.

(33)

The global best state gt among all the particles is defined as:

gt = arg max
di

t

f (di
t ). (34)

Then, the process for evolving the particles with an adaptive
velocity vt is expressed using the following equations:
{

v i,n+1
t = wv i,n

t + c1u1(di
t − mi,n

t ) + c2u2(gt − mi,n
t )

mi,n+1
t = mi,n

t + v i,n+1
t

(35)

where the weight w is adopted to control the influence of the
previous velocity v i,n

t , c1 and c2 are positive constants, and u1
and u2 are random values uniformly distributed in [0, 1].

The iterations defined by Eqs. (33)–(35) continue until
convergence. The output is the global best state gt which is
the global motion we need to obtain. In this way, the particles
cooperate with each other according to their observations to
capture the abrupt motion.

We use the contour Ct−1 at frame t-1 and the estimated
global motion gt = (xt , yt , θt , st , αt , βt ) at frame t to estimate
the initial contour C̃t at frame t. Each point (x, y) ∈ Ct−1 is
transformed into point (x

′
, y

′
) ∈ C̃t using the following Eq.

[
x

′

y
′

]

=
[

st cos θt stαtβt cos θt − αtβt sin θt

st sin θt stαtβt sin θt + αtβt cos θt

] [
x
y

]

+
[

xt

yt

]

.

(36)

The level set embedding function values φ̃t corresponding
to C̃t are computed using (1). Then, the level set evolution
based on φ̃t is conducted using the color-based or shape-based
contour evolution to obtain the final contour.

VIII. EXPERIMENTAL RESULTS

All the above algorithms in our framework are implemented
using MATLAB on the Windows XP platform. In the following,
the performances of our tracking initialization algorithm, our
color-based contour evolution algorithm, our adaptive shape-
based contour evolution algorithm, our dynamic shape-based
contour evolution algorithm, and our algorithm for handling
abrupt motions, are evaluated in succession.

A. Contour-Based Tracking Initialization

In all the experiments, the contour-based tracking is suc-
cessfully initialized based on the optical flow detection result
in the first frame. Some of the results of the initialization are
selected and shown below.

Fig. 1 shows the automatic initialization of the tracking
of a walking person, in which (b) is the result of optical
flow detection applied to the image (a). The rectangle shown
in (a) is the detected motion region with center coordinates
(100, 118) and height and width 96 and 34 pixels respectively.
The detected motion region is acceptable and the boundary of
the rectangle is a good enough initial contour for the color-
based contour evolution.

(a) (b)

Fig. 1. Initialization of the tracking of a walking person. (a) Image and
detected motion region. (b) Detected optical flow.

(a) (b)

Fig. 2. Initialization of the tracking of an open hand. (a) Image and detected
motion region. (b) Detected optical flow.

Fig. 2 shows the automatic initialization of the tracking of
a moving open hand, in which (b) is the result of optical flow
detection applied to the image (a). The rectangle shown in (a)
is the detected motion region with center coordinates (95, 165)
and height and width 79 and 60 pixels respectively. The edge
of the rectangle is a good enough initial contour for the follow-
up color-based contour evolution.

B. Color-Based Evolution

To verify our color-based contour evolution algorithm, we
have performed a number of experiments on various sequences
captured using moving cameras. In the following, we only
show some examples of the tracking results, and then illustrate
some comparison results.

In our experiments, we incorporate the fast narrow band
approach [2], which constructs a narrow band around each
contour and only updates the level set functions of the pixels
within the band, to accelerate the evolution of level sets. For
all the sequences, the parameter σ in (16) and (17) is set to
0.21 and l in (20) is set to 2.

1) Results on Real Videos: In the first example, a Mickey
Mouse head is tracked from frame 1 to frame 155. The
challenging point in the video is that the strips, which have
the same color as the Mickey Mouse head, strongly perturb
the evolution of the contour sections adjacent to the strips.
Fig. 3 shows the tracking results. It is seen that the contour
of the head is successively tracked: the disturbance from the
strips in the background does not influence the evolution of
the contour of the Mouse head.

The second is an example of non-rigid object contour
tracking. A walking person in an outdoor scene is tracked
from frame 1 to frame 74. The colors of some areas in the
background are similar to those of the person: for instance,
in frame 74, a black region of the background is adjacent to
the black hair of the person. The tracking results are shown
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Fig. 3. Tracking results of our color-based algorithm for the Mickey Mouse
sequence. The frame numbers are 28, 96, 118, and 153, respectively.

Fig. 4. Tracking results of our color-based algorithm for the outdoor person
walking sequence. The frame numbers are 24, 55, 68, and 74, respectively.

Fig. 5. Tracking results of our color-based algorithm for the indoor human
walking sequence. The frame numbers are 16, 36, 70, and 114, respectively.

in Fig. 4. The contour of the person is successfully tracked.
Our algorithm is not sensitive to the background disturbance.
In particular, the head, the arms and legs of the person are
accurately tracked.

In the third example, a person in an indoor scene is tracked
from frame 1 to frame 114. The background is cluttered with
some regions similar in color to parts of the person. Fig. 5
shows the tracking results. The contour of the walking person
including the arms and legs is still tracked accurately in spite
of the background clutter.

2) Comparisons: To show the advantage of employing the
MRF in our color-based contour evolution, we compare our
algorithm with Yilmaz et al.’s algorithm [16], [28], which
does not consider correlations between pixel values. We add
a smoothing regularization term which depends on the length
of the contour into Yilmaz et al.’s algorithm to act as a prior
probability P(�(I )): P(R(I )) = exp(−L(C)/λ) where L(C)
is the contour length [30] and λ is a parameter whose change
corresponds to the change in the weight of the length prior.

Figs. 6 and 7 show the tracking results of Yilmaz et al.’s
algorithm and the algorithm with the length prior for the
Mickey Mouse head sequence, where λ is set to 400.
From the comparison between Figs. 3, 6, and 7, it is seen
that the contours obtained using Yilmaz et al.’s algorithm
and the algorithm with the length prior are less accurate:
the contours obtained using our color-based algorithm are
much smoother than the contours obtained using the two
competing algorithms. The disturbance from the strips in the
background obviously influences the tracking results of the
two competing algorithms.

We contrast the tracking results of our algorithm,
Yilmaz et al.’s algorithm, and the algorithm with the length
prior with the ground truth which we have labeled by hand. We
use the common area rate AR to evaluate the accuracy of the
obtained contour in each frame: AR = (Scom − S1 − S2)/Struth,

Fig. 6. Tracking results of Yilmaz et al.’s [28] algorithm for the Mickey
Mouse head sequence.

Fig. 7. Tracking results of the algorithm with the length prior for the Mickey
Mouse head sequence.

Fig. 8. Common area rates of our color-based algorithm, Yilmaz et al.’s
[28] algorithm, and the algorithm with the length prior for the Mickey Mouse
head sequence.

where Struth is the pixel area within the ground truth contour,
Scom is the common area within both the ground truth contour
and the evaluated contour, S1 is the area within the ground
truth contour and outside the evaluated contour, and S2 is
the area within the evaluated contour and outside the ground
truth contour. The higher the common area rate, the more
accurate the evaluated contour. Fig. 8 shows the common
area rate curves of our algorithm, Yilmaz’s algorithm, and
the algorithm with the length prior for the Mickey Mouse
head sequence, where each curve is obtained by connecting
the points representing the common area rates for each frame
in the sequence order. It is obvious that our algorithm has a
higher common area rate than both the competing algorithms
in each frame, while the algorithm with the length prior has
a higher common area rate than Yilmaz’s algorithm.

Fig. 9 shows the results of Yilmaz et al.’s algorithm for
the outdoor person walking sequence. It is seen that Yilmaz’s
algorithm does not effectively handle the background distur-
bance such as in frame 74. Fig. 10 compares the common area
rate curves of our algorithm and Yilmaz’s algorithm for the
outdoor person walking sequence. It is shown that the contour
obtained using Yilmaz et al.’s algorithm is less accurate than
the contour obtained using our color-based algorithm.

C. Adaptive Shape-Based Contour Evolution

Our adaptive shape-based contour evolution algorithm is
tested on videos which are captured using mobile cameras.
The videos contain partial occlusions besides background
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Fig. 9. Tracking results of Yilmaz et al.’s [28] algorithm for the outdoor
person walking sequence.

Fig. 10. Common area rates of our algorithm and Yilmaz et al.’s [28]
algorithm for the outdoor walking person sequence.

Fig. 11. Tracking results of our adaptive shape-based algorithm for the
Mickey Mouse head sequence.

Fig. 12. Results of tracking a face occluded by a hand using the color-based
evolution alone. The frame numbers are 243, 247, 251, and 254, respectively.

disturbance and motion blurring. The shape samples are regis-
tered and then transformed to 3000-dimensional vectors, and
the first 20 singular vectors are chosen as the eigenbasis. The
threshold for the Mahalanobis distance-based criterion is set
to 16. The contour tracking results are used to update the
shape model every four frames when the shape model is not
introduced into the contour evolution, and once a frame when
the shape model is introduced.

In the first example, the Mickey Mouse head sequence is
used. The parameter β in (23) is set to 100 for this sequence.
As shown in Fig. 11, although there is background disturbance
making the contrast between object and background in some
contour sections very weak, and around the 151th frame there
is severe motion blur, the contour of the head is still tracked
accurately and robustly. On comparing Figs. 3 and 11, it is seen
that our adaptive shape-based algorithm yields more accurate
results than our color-based algorithms. So, introduction of the
shape model can improve the tracking accuracy.

In the second example, a moving face is tracked. In this
sequence, the camera zooms and moves when the person
changes her face’s pose continuously: for example, from frame

Fig. 13. Results of tracking the face using our adaptive shape-based evolution.
The frame numbers are 59, 65, 107, and 118, respectively.

Fig. 14. Results of tracking the face and the hand separately using our
adaptive shape-based evolution.

Fig. 15. Tracking the contour of a face occluded by another face. From left
to right, the frame numbers are 387, 432, 440, and 470, respectively.

50 to frame 118, the face pose changes from looking ahead to
looking downwards, leading to shape changes. In a number of
frames, the face is seriously occluded by a moving hand which
has a color similar to that of the face. The parameter β in (23)
is set to 200 for this sequence. Fig. 12 shows the results of
tracking the face occluded by the hand using the color-based
evolution alone. During the occlusions, the face and the hand
are tracked as a single region bounded by one contour. Fig. 13
shows the results of tracking the face using our adaptive
shape-based evolution algorithm. It is clear that the face’s
contour section which is occluded by the hand is recovered
successfully using the shape prior, and due to the incremental
updating of the shape model, the shape changes of the faces
are effectively learned by the shape model. Fig. 14 shows the
results of tracking the face and the hand separately using our
adaptive shape-based evolution algorithm. During the time that
the face is occluded by the hand, the contours of the face and
the contours of the hand are successfully tracked: the contours
tightly enclose the face and the hand respectively.

The third example is widely used to test general object
tracking algorithms. A girl changes her facial pose over time
under varying lighting conditions. In the middle of the video,
the girl’s face is severely occluded by a man’s head. Fig. 15
shows the results of our adaptive shape-based algorithm for
tracking the face of the girl. It is seen that our algorithm tracks
the contour of the face successfully. Fig. 16 shows the results
of tracking the two faces separately. The contours of the two
faces are both successfully tracked, during the time that the
face of the girl is occluded by the face of the man.

The fourth example in which large shape changes occur
is used to stress the learning ability of our adaptive shape
model. In this sequence, an open hand moves where in
many frames it is occluded by an object. The fingers are
initially separated. They are brought together as the sequence
progresses. Although the palm stands out by its color cue,
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Fig. 16. Results of tracking two faces separately using our adaptive shape-
based evolution algorithm. From left to right, the frame numbers are 423,
441, 463, and 469, respectively.

Fig. 17. Tracking results of our adaptive shape-based algorithm for the open
hand sequence. The frame numbers are 38, 45, 110, and 117, respectively.

Fig. 18. Tracking results of our color-based algorithm for the open hand
sequence.

very large shape changes make this sequence very suitable for
testing the robustness of the shape models. The parameter β in
(23) is set to 150 for this sequence. First, the shape samples for
the palm with separated fingers are used to construct the shape
model. Second, the trained shape model is used to conduct
contour evolution and recover the occluded part of the contour,
and the shape model is updated online. Third, when the shape
of the palm gradually changes to the new one with fingers
brought together, the new shape is learned online by the shape
model and the updated model is used to recover the occluded
part of the contour of the palm with the new shape. Fig. 17
shows the tracking results. The contour is correctly tracked in
all the frames. It is seen that even though the new shape with
fingers brought together appears as shown in frames 110 and
117, a good track of the contour of the occluded palm is kept,
showing the good adaptability of our shape model.

Fig. 18 shows the tracking results of our color-based contour
evolution algorithm for this moving palm sequence. It is seen
that only the un-occluded part of the contour is tracked: the
occluded part of the contour is not recovered. The color
feature alone is not sufficient to perform tracking during partial
occlusions, and the shape priors are needed. Fig. 19 shows
the tracking results with the shape prior but without shape
subspace updating during the tracking. At first, as the shape of
the object does not change very much, the tracking results are
satisfactory. However, when the fingers are brought together
from frame 100 onwards, the shape prior cannot provide the
correct information, and the contour of the fingers is not
correctly tracked. From this comparison, it is seen that our
algorithm with an adaptive shape subspace model keeps good
track of objects which undergo large changes in shape.

D. Dynamic Shape-Based Contour Evolution

For testing our dynamic shape-based contour evolution,
contours of walking persons are tracked under noise, partial

Fig. 19. Tracking results of the algorithm without shape subspace updating
for the open hand sequence.

Fig. 20. Tracking results for the sequence disturbed by salt and pepper noise.
The frame numbers are 17, 23, 28, and 32, respectively.

Fig. 21. Tracking results for the sequence with occlusions by ellipses. The
frame numbers are 17, 23, 28, and 32, respectively.

Fig. 22. Tracking results of our dynamic shape-based algorithm for the
indoor walking person sequence. The frame numbers are 69, 76, 93, and 96,
respectively.

occlusions, and background clutter, etc. In the following, we
demonstrate dynamic shape-based tracking results on real
videos, and then illustrate some comparison results.

1) Results on Real Video Sequences: The first sequence is
captured from an outdoor scene. With respect to this sequence,
shape samples are trained to obtain 6 typical and representative
shape modes. Figs. 20 and 21 show the tracking results of
our dynamic shape-based contour evolution algorithm for the
sequences with two computer generated perturbations: the first
is that the frames are disturbed by salt-pepper noise and the
second is that the person is partially occluded in each frame
by an ellipse which is placed randomly around the tracked
person. It is seen that for both the noise perturbation shown
in Fig. 20 and the partial occlusion perturbation shown in
Fig. 21, our algorithm keeps good track of the contour of the
walking person. Our dynamical shape model is thus effective
for recovering missing or perturbed sections of the contour of
the tracked object.

The second sequence used corresponds to Fig. 5. Nine shape
modes are discovered using the dominant set clustering and the
shape mode transition matrix is calculated. Fig. 22 shows the
tracking results of our dynamic shape-based algorithm for this
sequence. It is shown that the walking person is successfully
tracked in all the frames.

2) Comparison With the Autoregressive Model: We com-
pare our dynamic shape-based algorithm with the autoregres-
sive model-based algorithm [19] which is the only exist-
ing algorithm for contour tracking using a dynamic shape
model.
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Fig. 23. Tracking results of the autoregressive model-based algorithm for
the sequence with salt and pepper noise.

Fig. 24. Tracking results of the autoregressive model-based algorithm for
the indoor walking person sequence. The frame numbers are 69, 76, 93, and
96, respectively.

Fig. 25. Common area rates for the indoor walking person sequence.

Fig. 23 shows the results of the autoregressive model-based
algorithm for tracking the outdoor walking person in the
sequence with salt and pepper noise, where the autoregressive
model is updated in batch mode using the final contour evolved
in each frame. From the comparison between Figs. 20 and 23,
it is seen that the results obtained using the autoregressive
model-based algorithm are less accurate than the results
obtained using our dynamic shape-based algorithm.

Fig. 24 shows the tracking results of the autoregressive
model-based algorithm for tracking the walking person in
the indoor scene. From the comparison between Figs. 22
and 24, it is seen that the results of the autoregressive model-
based algorithm are much less accurate than the results of
our algorithm. We have manually constructed the ground
truth contours for this sequence. Fig. 25 shows the common
area rates of our algorithm, the autoregressive model-based
algorithm, and our color-based algorithm for this sequence. It
is seen that the area rate of our dynamic shape-based algorithm
is much higher that those of the autoregressive model-based
algorithm and the color-based algorithm. It clearly illustrates
that our dynamical shape-based algorithm effectively models
the shape changes in periodic motions.

The reasons why our algorithm obtains more accurate
results than the autoregressive model-based algorithm are as
follows. The autoregressive model-based algorithm uses an
autoregressive model to approximate the temporal relations
between the shape samples. The object shape in the current
frame is dependent on the shapes in a few previous frames
and it is predicted using the shapes in these previous frames.
This algorithm models the samples only using data fitting,
supplies the shape prior using the local temporal information,

Fig. 26. Results of our PSO-based algorithm for tracking a face undergoing
rapid motion. The frame numbers are 3, 13, 19, and 25, respectively.

Fig. 27. Results of the algorithm without abrupt motion handling for tracking
a face undergoing rapid motion.

Fig. 28. Results of the particle filter-based algorithm [33] for tracking a face
undergoing rapid motion.

and depends heavily on the periodic property of data. When the
shapes obtained in the previous frames have some deviations in
contrast to the closest matched shape samples, the shape may
be inaccurately predicted (See frames 76 and 93 in Fig. 24).
However, our algorithm clusters shape samples into several
shape modes. The temporal correlations of shape changes are
modeled using a shape mode transition matrix which contains
a high level of understanding of the shape samples and their
temporal changes. Our algorithm predicts the object shape
using the global temporal information and then obtains a more
accurate shape prior.

E. Contour Evolution With Abrupt Motion

For validating the effectiveness of our PSO-based algorithm
for handling abrupt motion, a number of tracking experiments
as well as comparison results are carried out on both abrupt
motion and low frame rate videos. The covariance matrix
of the Gaussian used to initialize particles is set to � =
diag(82, 82, 0.022, 0.012, 0.0022, 0.0012), and the number of
particles is set to 200.

The first video sequence contains a human face with a
rapid motion. Fig. 26 shows the results of our PSO-based
algorithm for tracking the face. The contour obtained using
our algorithm fits tightly to the face throughout the whole
tracking process. The successful tracking rate is 100%. To
show the advantage of our PSO-based algorithm, we compare
the results of our PSO-based algorithm with the results without
abrupt motion handling and the results of the particle filtering-
based algorithm. Fig. 27 shows the tracking results without
abrupt motion handling. The algorithm quickly loses track of
the object in frame 3 and never recovers the track. The contour
of the face is tracked successfully for only two of the 26
frames, giving a success rate of 7.6%. So, special handling of
abrupt motion is necessary for videos with abrupt motions. We
replace the PSO algorithm in our algorithm with the particle
filtering algorithm [33] to construct the initial contour which is
further evolved using our color-based algorithm to produce the
final contour. Fig. 28 shows the tracking results of the particle



HU et al.: ACTIVE CONTOUR-BASED VISUAL TRACKING 1791

Fig. 29. Tracking results of our PSO-based algorithm for the low-frame-rate
video. The frame numbers are 4, 13, 21, and 27, respectively.

Fig. 30. Tracking results of our color-based algorithm without abrupt motion
handling for the low-frame-rate video.

Fig. 31. Tracking results of the particle filter-based algorithm for the low-
frame-rate video.

Fig. 32. Common area rates of the algorithms with or without abrupt motion
handling.

filter-based algorithm [33]. It is apparent that the contour of
the face is tracked successfully for only 7 frames; the contour
of the face is mistakenly tracked for 13 frames; and the face is
lost for tracking for 6 frames. The successful tracking rate of
the particle filter-based algorithm is 26.9%. This means that
the particle filtering algorithm cannot deal effectively with
abrupt motions. This is because it does not have the PSO
algorithm’s adaptive velocity which is the essential element
for dealing with abrupt motions.

We use the low frame rate to simulate abrupt motion for
the Mickey Mouse head sequence. One frame is sampled
from every 10 frames in the original sequence to form a new
sequence with a low frame rate. Fig. 29 shows the tracking
results of our PSO-based algorithm for this sequence. It is
seen that the information discontinuity between consecutive
frames in this video does not affect our proposed algorithm: a
smooth contour is obtained in each frame. Fig. 30 shows the
tracking results of our color-based contour evolution algorithm
without abrupt motion handling. This algorithm cannot adjust
to the information discontinuity between consecutive frames,

leading to failures in the tracking. The reason for this is
that the low frame rate causes that the evolved contour in
the previous frame contains a small part of the true contour
in the current frame. As a result, the evolved contour runs
into a local minimum. Fig. 31 shows the tracking results
of the particle filter-based algorithm [33] for this video.
The obtained contours are unsatisfactory. Fig. 32 shows the
common area rates of the algorithms with and without abrupt
motion handling for this sequence. It is seen that the common
area rates of our PSO-based algorithm are much higher than
those of the algorithms without abrupt motion handling.

IX. CONCLUSION

In this paper, we have presented an effective framework for
tracking object contours. We have the following conclusions:
1) Our color-based contour evolution algorithm which applies
the MRF theory to model the correlations between pixel values
for posterior probability estimation is more robust to back-
ground disturbance than the region-based method which does
not consider correlations between the values of neighboring
pixels for posterior probability estimation. 2) Our adaptive
shape-based contour evolution algorithm, which efficiently
fuses the global shape information and the local color infor-
mation and uses a flexible shape model updating algorithm, is
robust to partial occlusions, weak contrast at the boundaries,
and motion blurring, etc. 3) Our dynamical shape prior model
effectively characterizes the temporal correlations between
contour shapes in periodic motions, and thus it obtains more
accurate contours than the existing autoregressive model.
4) Our PSO-based algorithm can deal effectively with contour
tracking for videos with abrupt motions, and it outperforms
the particle filter-based algorithm.
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