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Abstract
This paper proposes a new method of extracting and tracking a non-rigid object moving against a cluttered background
while allowing camera movement. For object extraction we ﬁrst detect an object using watershed segmentation technique and
then extract its contour points by approximating the boundary using the idea of feature point weighting. For object tracking
we take the contour to estimate its motion in the next frame by the maximum likelihood method. The position of the object is
estimated using a probabilistic Hausdorff measurement while the shape variation is modelled using a modiﬁed active contour
model. The proposed method is highly tolerant to occlusion. Unless an object is fully occluded during tracking, the result is
stable and the method is robust enough for practical application.
䉷 2005 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
Keywords: Object tracking; Active contour; Watershed segmentation; Hausdorff distance

1. Introduction
Thanks to the recent surge of interest in computer-based
video surveillance, video-based multimedia service and interactive broadcasting, the problem of tracking objects in
video has attracted a lot of researchers around the world.
Object tracking is so basic and in high demand that it is
an indispensable component in many applications including robot vision, video surveillance, object-based compression, etc. The problem of object tracking can be divided into
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two subproblems, extraction of a target object and tracking
it over time. In general even those subtasks are not easy
because of cluttered backgrounds and frequent occlusions.
However, we can readily ﬁnd a large number of studies on
diverse methods using a variety of features such as color,
edge, optical ﬂow, and contour [1,2].
A target object under tracking involves motion, which we
classify into three types; in the increasing difﬁculty of analysis, they are (1) object motion with a static camera, (2)
camera motion over a static scene/object, and (3) simultaneous movement of camera and objects. To speak in terms of
applications, the ﬁrst type of motion has been heavily studied by the students in video surveillance, while the second
type has been a prime target of analysis in video compression. The last type of hybrid motion, though more involved,
has been an important topic in object-based services, objectbased video compression, and interactive video.
This paper discusses an efﬁcient method of extracting the
contours of and tracking an interesting object in video from
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Fig. 1. The block diagram of the proposed method.

a non-static camera. Contour extraction step ﬁrst estimate
the rough contour of an object, and then locate and delineate the exact contour. Since the initial contour estimation
starts from a given seed or a rough estimate, it is desired to
make the initial error as small as possible. For this, we have
developed a modiﬁed watershed algorithm based on Gaussian weighted edges. The resulting contour is then used to
estimate the motion vectors and locate the objects in the
succeeding frames.
In the object tracking step, there are two subtasks, global
motion estimation using the Hausdorff matching method and
local deformation analysis using the modiﬁed active contour
model. The overall procedure is illustrated in Fig. 1.
The paper is organized as follows: in Section 2 a number
of related works are reviewed brieﬂy with the focus in extracting and tracking non-rigid foreground objects in video.
Section 3 describes functional/system components and algorithms. Section 4 provides experimental results along with
extraction and tracking examples. Then Section 5 concludes
the paper.

2. Related works
This section reviews the representative studies concerning
the techniques of extracting and tracking objects and point
out their advantages and disadvantages.

2.1. Object extraction
The goal of object extraction is to locate and delineate
the area of an interesting object in a given image. The methods for extracting objects differ by the features they use:
temporal features, spatial features, or both.
Wang and Adelson [3] proposed a method of using motion
vectors while assuming motionless static background. The
method can extract any moving objects from the motion
of segmented regions. Since, however, it does not have an
explicit model for camera movement, the method requires
ﬁxing the background and the camera as well.
An alternative type of the object extraction method is to
use spatial domain features, typically, active contour model
or snake [5]. The active contour model is a highly useful
tool for evaluating the boundary of object by minimizing
an energy function. Amongst the various solutions are the
optimization technique [7], the ﬁnite difference method [4],
the ﬁnite element method [5], the dynamic programming [6].
On the other hand Cohen [8] introduced a related model of
the normalized gradient of energy function. Similarly Ivins
and Porrill presented the dual Active Region Models [9] with
which they obtained two initial contours, inner and outer,
of an object, and then minimized their energy functions to
locate objects using a slant descent technique. Astrom and
Kahl required a user’s input as an initial contour of an object
[10]. Similarly Zhong and Chang developed a system AMOS
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Fig. 2. The overview of the proposed method.

[11] that took user input to reﬁne the contour and predict
its motion. These methods have an advantage of producing
very accurate object contours, although the requirement of
user input is a serious hurdle to achieve a fully automatic
system.
There is still another new group of the object extraction
methods, collectively called an area-based method. They
consider the relation between image pixels. Quite recently,
Gu and Lee proposed an object extraction method using
the watershed segmentation technique [12]. By the same
token Long and Feng [13] proposed dividing an image via
dynamic similarity and then extracting an object through
the differential decomposition of the divided image in the
consecutive frames.

2.2. Object tracking
Object extraction, if efﬁcient and accurate, may entirely
obviate the need for tracking objects. It is deﬁned as the task
of estimating the motion of an interesting object in video
predicting its position in successive frames. What makes the
problem so hard and lowers the performance is the presence
of partial or full occlusion. Although numerous researchers
have struggled with the problem with various proposals,
the problem of occlusion still remains essentially unsolved.
Typical object tracking algorithms employ the technique of
the differential decomposition between two images so as to
minimize the Sum of Squared Differences (SSD) [14] and
use the object feature points or the contour to improve the
tracking accuracy.
Oberti and Regazzoni [15] proposed a method of watching people inside a room. First they detected person’s edge.
They used it to deﬁne the edge area by approximating the
person’s edge. Then they used it as a tracking object. This
method has been successfully applied to tracking indoor ob-

jects free of large abrupt motion. With abrupt illumination
changes, the complex background and the edge may be lost
due to motion blur. In practice, however, this method often
failed by falling into local optima. Zhong et al. [16] proposed
a slightly different method that considered the amount of
occlusion to the deformable shape and minimized it. Nevertheless, they could not solve complete occlusions. Slightly
earlier Freedman and Brandstein [17] proposed a method of
extracting and tracking the contour of a foreground object
moving against cluttered background. They simpliﬁed the
problem by the shape learning technique.

3. Proposed contour extraction and motion tracking
This section explains the proposed method based on brief
theories and algorithms underlying. It starts with a brief
review on watershed segmentation. Then it will move on to
object extraction features, and then to Hausdorff matchingbased object tracking. Refer to Fig. 2 while following the
description of the section.
3.1. Watershed segmentation
The watershed transform is a well-known method of
choice for image segmentation in the ﬁeld of mathematical
morphology. The watershed transform can be classiﬁed as
a region-based segmentation approach. To date a number
of algorithms have been developed to compute watershed
transforms. They can be divided into two classes, one based
on the speciﬁcation of a recursive algorithm by Vincent and
Soille [21], and the other based on distance functions by
Meyer [18]. The details of the watershed algorithm of this
paper is based on the works developed by Nguyen et al.
[22], and Vincent and Soille [21]. The algorithm consists
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of the following steps:
(1) Compute the gradient map by feature points, such as
edge pixels, for all pixels in the image.
(2) Sort the feature points according to gradient values.
(3) Select the pixel with the smallest value.
(4) Label the connected region of the pixel with geodesic
distance to the neighborhood region.
(5) Repeat steps (3), (4) until all pixels are labeled.
(6) Extract the boundaries of the special labels.
(7) Merge the labels to several regions.
The watershed segmentation of an image is described by
the following sequence of deﬁnitions
Deﬁnition 1. The geodesic distance dA (a, b) between feature point a and b within A is the minimum paths within A
from a to b. If B is a subset of A, we deﬁne dA (a, B) =
minb∈B (dA (a, b)).
Deﬁnition 2. Let B ⊆ A be partitioned into k connected
components Bi , i =1, . . . , k. The geodesic region inﬂuence
determined by the set Bi within A is deﬁned as
iA (Bi ) = {p ∈ A|∀j ∈ [1, . . . , k] : dA (p, Bi )
< dA (p, Bj )}.

(1)

In addition the set IA (B) is the union set of the geodesic
regions of all connected components of B and deﬁned by

IA (B) =

k


iA (Bi ).

(2)

The watershed WS of image f is the set of points which do
not belong to any catchment basin:

c

W S(f ) = D ∩ 
CBmi  .
(4)
i∈I

3.2. Object extraction using the watershed segmentation
The proposed method to work even in images with complicated background. The basic idea lies in feature point
weighting in the watershed algorithm.
3.2.1. Initial watershed segmentation
Object tracking in general involves a repeated extraction
of an object over a sequence of frames. And the performance
of object tracking as well as extraction in the current frame is
directly related to that of extraction in the preceding frame.
In the case of the ﬁrst frame it is assumed that the user
supplies the initial rough boundary consisting of several key
feature points. We believe that this may be improved with
an effort focused on the problem.
An important feature of proposed method is giving a
Gaussian weight to the initial feature points. This helps removing the need for selecting all detailed feature points of
an object. Let X = (X1 , . . . , Xn ) be an ordered sequence of
feature points Xi = [xi , yi ]t , i = 1, . . . , n. And let us denote the magnitude of the displacement from the origin to
X be m(X), and the Gaussian weight for the feature point X
as G(X). Then the weighted magnitude of the displacement
vector to X for the watershed segmentation is given by
Mnew (Xi ) = G(Xi ) ∗ M(Xi ),

i=1

Note that the complement of IA (B) within A is called
the skeleton. Now we can introduce the deﬁnitions of the
watershed segmentation operation, which may be viewed as
a generalization of the skeleton by inﬂuenced regions.
Let an image f be an element of the space C(D) of real
twice continuously differentiable functions on a connected
domain D with only isolated critical points.
Deﬁnition 3. The topographical distance between a point
p ∈ D and a set A ⊆ D is deﬁned as Tf (p, A) =
mina∈A Tf (p, a). The path with the shortest TF distance
between p and q is a path of the steepest slope.
Deﬁnition 4. According to minima {mk }k∈I , for some index set I which is the number of small geodesic regions,
the catchment basin CB(mi ) of a minimum mi is deﬁned
as the set of points x ∈ D which are topographically closer
to mi than to any other regional minimum mj :
CB(mi ) = {x ∈ D|∀j ∈ I : f (mi ) + Tf (x, mi )
< f (mj ) + Tf (x, mj )}.

(3)

G(X) = √

1
2

e

−x

2 +y 2
22

,

(5)

where ∗ denotes 2D convolution operation. The watershed
algorithm proceeds according to Eq. (5) with a sequence
of weighted feature points. The watershed segmentation algorithm is a region-based technique. The result is a set of
image regions dividing the input image.
3.2.2. Region merging
Since the watershed segmentation in general shows numerous small chaotic regions, there naturally arises a need
to merge them into a single connected component which
will assumedly deﬁne the object boundary. Fig. 3 illustrates
the overall object extraction process, in which a numerous
fragmental regions are produced and then merged into a single complete contour. In the region merging step, we simply
merge the regions one by one until we are left with only two
regions, foreground and background. In each iteration, the
smallest region is found and merged into the nearest region.
The choice of the target neighbor is based on the minimum
gradient magnitude. And the ﬁnal result consists of an object region and background region.
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Fig. 3. Watershed segmentation process steps, (a) an input image and selected feature points, (b) an edge image, (c) initial small regions,
(d) merged region, (e) segmented result and (f) extracted object.

where

3.3. Contour tracking
An object in an image is deﬁned by a contour. A contour
is sufﬁcient for our task. The proposed tracking method
takes the contour generated in preceding step to analyze the
object contour’s motion. The motion estimate is based on
probabilistic Hausdorff distance measurement between the
previous contour and all possible current candidate regions.
3.3.1. Motion tracking with Hausdorff distance
For the candidate feature set in the next frame, we use the
feature map which is calculated by multi-level canny edge
detector (see Fig. 4).
These level edge maps are used to calculate the Hausdorff
distance, then each level has the different weight. If we use
three level edge map, the real distance can be calculated by
the following equation:
H D = HL1 (M, R) ∗ 1 + HL2 (M, R) ∗ 2
+ HL3 (M, R) ∗ 3 ,

(6)

where i is the weight coefﬁcient and HL1 , HL2 and HL3 ,
are the Hausdorff distance calculated from the ﬁrst, second,
and third level edge map, respectively.
The Hausdorff matching score is the Hausdorff distance
between two ﬁnite feature point sets [20]. The Hausdorff
distance is used to measure the degree of similarity between
the extracted contour and a search region in video frames.
Let us assume that we are given a sequence of reference feature points, M = (m1 , m2 , . . . , mk ) computed in the preceding frame, and let a new sequence of image feature points,
R = (r1 , r2 , . . . , rn ) from the current frame. The Hausdorff
distance between M and R can be written by
H (M, R) = max(h(M, R), h(R, M)),

(7)

h(M, R) = max min m − r,
m∈M r∈R

(8)

where   is the distance between two points, e.g., Euclidean
norm. This distance is sensitive to noise and occlusion, we
extend the function h(M, R) so that the modiﬁed Hausdorff
can measure the partial distance between a reference feature
and an image feature. We use the likelihood function to ﬁnd
the position of the object.
First, to estimate the position of the model using the maximum likelihood, we deﬁne the set of distance measurements
between reference feature points and input image feature
points. Let d(m, R) be the partial distance, we use some
measurements of the partial distance. We consider the following distance measurements:
D1 (M, R) = min d(m, R),
m∈M

(9)

th
D2 (M, R)=75 Km∈M
d(m, R),

(10)

th d(m, R),
D3 (M, R)=90 Km∈M

(11)

where the partial distance is deﬁned as d(m, R) =
th
minr∈R m − r and x Km∈M
represents the K th ranked
distance that K/mk = x% [20].

[I (m) − I (R)]2 ,
(12)
D4 (M, R) = min
m∈M

D5 (M, R) = min

m∈M

W



|I (m) − I (R)|.

(13)

W

There are several distance measurements to estimate the
partial distance, e.g., Euclidean distance, city-block distance, the distance transform, the sum of squared difference,
optical-ﬂow feature tracking method which can be used for
the distance measurement deﬁned as Eq. (12).

2378

S.-C. Park et al. / Pattern Recognition 38 (2005) 2373 – 2384

Fig. 4. Multi-level canny edge: (a) an input frame, (b) the 1st level edge, (c) the 2nd level edge and (d) the 3rd level edge.

3.3.2. Probabilistic Hausdorff measurement
Let s be the position of an object in the current frame, then
distance measurements are denoted D1 (s), D2 (s), . . . , Dl (s).
We use these distances to match maximum likelihood. In
order to estimate the contour motion problem, we use the
Olson’s maximum-likelihood matching method [19]. Then
the joint probability of the distance measurements Di (s)
can be written as
p(D1 (s), . . . , Dm (s)|s) =

l


p(Di (s)),

(14)

i=1

where p(Di (s)) is the probability density function of
normalized distance of Di (s) at the position s, that is,
p(Di (s)) = (1 − Di (s)), p must be maximized by Eq. (14).
The likelihood for p is formulated as the product of the prior
probability of the position s and the probability in Eq. (15):
L(s) = p(s)

m


p(Di (s)).

(15)

i=1

For convenience, we will take the logarithm of Eq. (15)
as follows:
ln L(t) = ln p(t) +

m


ln p(Di (t)).

(16)

We search s that maximizes this likelihood function, then
this result uses to estimate the global motion for an interesting object.
3.3.3. Active contour motion model
The conventional active contour model consists of two
terms, internal and external energy terms. The discrete energy function in the active contour model is deﬁned as follows:


i

+ Eimg (vi (t)) + Ematch (vi (t))],

[Eint (t) + Eext (t)].

(17)

t

In this paper we propose a modiﬁed active contour motion model that adds an external motion term. The proposed
energy function contains four terms: continuity, curvature,

(18)

where contour energy functions, continuity energy,
Econt (v(t)), curvature energy, Ecurv (v(t)), image force
(edge/gradient), Eimg (v(t)) and motion estimation conﬁdence, Ematch (v(t)). This last term in the above equation
measures the motion variation between feature points in
current frame and those in the previous frame. It can be
deﬁned as
Emacth (t) =

n

i

|v̄(t) − vi (t)|2 ,

(19)

where v̄ is the average motion vector at time t, vi is the
motion vector of the ith feature point in frame t.
The position of the contour must be predicted for the
efﬁcient tracking. To predict the position of the contour in
the next frame, we calculate the following prediction energy,
the predicted position of the contour at time t + 1

vi
vi
Epre (t + 1) = Ereal (t) +
[ · (Ereal
(t) − Ereal
(t − 1))
vi ∈V
v

i
(t) − Epre (t))],
+ (1 − ) · (Ereal

i=1

E(t) =

image force, and motion estimation conﬁdence as follows:

E(t) =
[Econt (vi (t)) + Ecurv (vi (t))

(20)

where Epre (t + 1) is the predicted position of the contour at
time t + 1 and Ereal (t) is the real energy term of the moved
contour at time t and  is the matching rate between Ereal (t)
and Epre (t). We proposed the probabilistic method to extract and to track an object using watershed and Hausdorff
matching.
4. Experimental results and analysis
We have proposed the object tracking method using the
modiﬁed Hausdorff distance matching and active contour
algorithm. It has been tested over a set of VHS video clips
recorded. The background includes streets, cars, indoor laboratory scenes. All the deformable targets are humans movement freely. The test images have been in monochrome
MPEG-1 format with the dimension of 320 × 240. For comparison of the performance, we will refer to the method of
Kass’s active contour [5].
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Fig. 5. Astrom and Kahl’s test images [10].

Fig. 6. The comparison to the tracking performance using Fig. 5.

4.1. Simple tracking
Fig. 5 shows the three frames of a video sequence
used in the work of Kass et al. [5]. We took the clip
to compare the tracking performance with their method.
The background of the video is relatively simple. The
target objects include a cup, a pimento, a banana, an
archetype and several polygonal objects. They are stationary, but the camera moves, apparently panning, tilting
and zooming.
For the tracking performance tr(t) at time t, we calculated the ratio of the number of pixels of the real area npr (t)
to that of the segmented area npe (t). Also, for occlusion
rate, occ(t), at time, t, we used the pixel difference between pixels of the real area np r (t) and that of the occluded
area np o (t).
tr(t) =

npe (t)
,
npr (t)

occ(t) =

npo (t)
.
npr (t)

(21)

(22)

Fig. 6 shows the value of tr(t) over the sequence of
the video clip. The two straight lines downward show the
performance degradation averaged over the entire sequence.
4.2. Tracking with occlusion
The next set of tests concerns the performance of tracking
under occasional occlusions, partially or fully (see Fig. 7).
When an object is occluded by a nearer object, then the
tracking problem becomes harder. Therefore it is natural to
consider the degree of occlusion alongside the tracking rate.
We deﬁne a simple complementary measure, the occlusion
rate occ(t) that denotes the percentage of the area occluded:
Test using videos involving occlusion was carried out
over several samples. The result is summarized graphically
in Fig. 8. The average tracking rate of Kass’s method is
68%, while that of the proposed method is 93%. As it can
be seen in Fig. 8, the object tracking rate falls as the target
get occluded by another object. The difference occurs when
the degree of fall becomes signiﬁcant. In the case of Kass’s
degradation starts as soon as the occlusion starts; on the
other hand the proposed method begins to fail only when
there is a substantial overlap of over 65%.
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Fig. 7. Tracking experiment with a partial occlusion.

Fig. 8. Tracking rates changing with partial and full occlusion.

Fig. 9. Tracking result for a hand.

4.3. Tracking a deformable object
This experiment was tested to measure the object tracking
to the degree of images using the afﬁne transformation. The
target object’s shape changes by time. In this test the target
object changes shape or the outer boundary over time. Fig.
9 shows the experimental result for the deformable object
in the consecutive frames.
4.4. Tracking a human face
For another test, we took a face against background of
studio using announcer’s face motion images; in this condi-

tion, not only could we saved time required to process texture, but also the quality of tracking results was very good.
Fig. 10 shows a typical case to which the tracking module
was applied.
4.5. Long sequence tracking performance
In realistic settings, the time span of moving object tracking tends to increase beyond a few or tens of frames. It is
especially true when the camera moves to follow a moving
target object. Hence a practical system is required to operate in extended sequences of video. The current experiment
involves long sequence video data.
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Fig. 10. Tracking an announcer’s face in studio.

Fig. 11. Human body tracking in a parking lot.

Table 1
Experiment over a long sequence video

Snake model
Adaptive template
Proposed method

Average number of
mis-tracked pixels

Tracking rate (%)

255
287
174

88
86
93

Fig. 11 shows selected samples from a video of 180
frames (numbered from 946 to 1126) where the human upper body is the target of tracking. The object boundary in
the ﬁrst frame was manually given by a user. It consists of a
sequence of feature points appropriately deﬁning the boundary. Note that the boundaries of subsequent tracking frames
are highly accurate. The performance of tracking over the
long sequences is summarized in Table 1 and Fig. 12.
The proposed method records 5% over the standard snake
and template models. Moreover the accuracy degrades much
slowly compared with those of snake and template.
The object boundary was manually selected by a user in
the ﬁrst frame, several feature points of a object were simply selected by a user. Furthermore, a human body sequence
captured in our lab was used to check the performance experiment in the different environment.

People in motion usually involves changes in pose or face
direction. Such variations do not pose any problem in the
proposed method. Fig. 13 shows a successful result under
the pose variation of the man and Fig. 14 shows the experimental result under the size variation of the target object.
In order to compare the experimental results quantitatively,
we measured the successful tracking rate and the mistaken
pixels of tracking process from each frame in Fig. 12.

5. Conclusions and future works
This paper proposed an effective contour tracking method
for a deformable object which was described by a set of
feature points. The proposed method works successfully in
spite of non-static camera and non-linear deformation over
time with cluttered backgrounds. The extracting result has
shown that the proposed method separates well target foreground objects from the background by analyzing the background texture.
Through a series of experimental results, we could conﬁrm that the proposed method was quite stable and produced
good results under object shape deformation and non-static
camera motion. One problem with the implementation of
the proposed system is that it sometimes fails if an object
moves too fast. Another problem is that its processing time

2382

S.-C. Park et al. / Pattern Recognition 38 (2005) 2373 – 2384

Fig. 12. Tracking rate and mis-tracked pixels for each frame.

Fig. 13. The experimental result of a person tracking in a room.

Fig. 14. The experimental result of a knapsack tracking.

S.-C. Park et al. / Pattern Recognition 38 (2005) 2373 – 2384

is so slow and, in its current form is not suited to realtime
application. We believe that these problems can easily be
overcome. The real issue of the paper is the performance and
robustness of extracting and tracking deformable objects.
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