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Abstract
In this paper, a novel method for accurate subject tracking, by selecting only tracked subject boundary edges in a video stream with a
changing background and moving camera, is proposed. This boundary edge selection is achieved in two steps: (1) removing background
edges using edge motion, and from the output of the previous step, (2) selecting boundary edges using a normal direction derivative of
the tracked contour. Accurate tracking is based on reduction of the effects of irrelevant edges, by only selecting boundary edge pixels.
In order to remove background edges using edge motion, the tracked subject motion is computed and edge motions and edges having
different motion directions from the subjects are removed. In selecting boundary edges using the normal contour direction, the image
gradient values on every edge pixel are computed, and edge pixels with large gradient values are selected. Multi-level Canny edge maps
are used to obtain proper details of a scene. Multi-level edge maps allow tracking, even though the tracked object boundary has complex
edges, since the detail level of an edge map for the scene can be adjusted. A process of ﬁnal routing is deployed in order to obtain a
detailed contour. The computed contour is improved by checking against a strong Canny edge map and hiring strong Canny edge pixels
around the computed contour using Dijkstra’s minimum cost routing. The experimental results demonstrate that the proposed tracking
approach is robust enough to handle a complex-textured scene in a mobile camera environment.
䉷 2006 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction
Tracking of moving objects is a popular issue because
of the huge number of potential applications in computer
vision, including video coding, video surveillance, augmented reality, and robotics. Although many approaches
exist in tracking an object, it still remains difﬁcult to track
an object’s contour under complex scene environments,
where there are many edges around an object’s contour.
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August 2004.
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This paper addresses the problem of selecting boundary
edges for robust contour tracking in video.
Nguyen et al. proposed a method for tracking a nonparameterized object contour, using the watershed algorithm
[1–3]. In Nguyen et al.’s algorithm, a watershed line determined by watershed segmentation and watershed line
smoothing energy become a new contour of an object. They
removed background edges using object motion. However,
many irrelevant edges that prohibit accurate contour tracking are left. To overcome this problem, this paper proposes
a method of selecting only the edges in the boundary of the
tracked object. In order to increase object contour tracking
accuracy, background edges are removed using edge motions. The background edges whose motion directions are
different from that of the tracked subject are removed. This
is applied in a highly textured scene. After background edge
removal, the average intensity gradient is computed in the
normal direction of the previous frame contour, and only the
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edges with high gradient values as the boundary edges of
the tracked object are considered. Multi-level Canny edges
are used to obtain proper detail of a scene. In addition, the
contour of a watershed line is veriﬁed by checking against a
strong Canny edge map around the contour, this is simple and
does not include highly textured edges. The edge map can be
generated using various control parameters of a Canny edge
generator. Final routing is run using the computed contour
pixels and strong Canny edge pixels. Thus, the proposed
contour tracking method is robust even though an object
boundary is not clear due to many textured backgrounds and
objects.
The tracking results are compared with Nguyen et al.’s
tracking results. In addition, the experimental results show
that the proposed contour tracking approach is reliable
enough to handle a sudden change of the tracked subject
shape in a complex scene.
2. Related works
The methods of representing an object contour can be classiﬁed into two categories: parameterized contour and nonparameterized contour. In tracking a parameterized contour,
the object contour is represented using parameters. Many
of these approaches use snake models [4]. Kalman snake
[5] and occlusion adaptive motion snake [6]. In the method
of tracking a nonparameterized contour, a contour is represented by the border of the object. The contour generated by
these algorithms is represented as a set of pixels. Paragios
et al.’s algorithm [7,8] and Nguyen et al.’s algorithm [1] are
popular in these approaches.
2.1. Object contour tracking using deformable templates
Zhong et al. proposed a method for object tracking using
prototype-based deformable template model [9,10]. In order
to track an object in an image sequence, a criterion combining a frame-to-frame deviation of the object shape and
a ﬁdelity of the modeled shape to the input image is used.
In Zhong et al.’s algorithm, deformable template model is
built from the shape information which is extracted from the
previous frame along with a systematic shape deformation
scheme to model the object shape in a new frame. In tracking
stages, (1) edge and gradient information, (2) region consistency, and (3) interframe motion are used. In edge and
gradient information, the object boundary consists of pixels whose gradient value is large. In region consistency, for
the same object, the color and texture is consistent throughout the video sequence. Finally, in interframe motion, the
boundary of a moving object should be characterized by
large interframe motion. However, this approach faces difﬁculty in tracking under fast moving camera and complex
scenes, because it is assumed that the boundary of the moving object can be characterized by large interframe motion
and the edge gradient is sufﬁcient to be discriminated easily.

2.2. Object contour tracking using geodesic active contour
with level set formulation scheme
Paragios and Deriche proposed the geodesic active contour [7]. In this scheme, motion detection is performed using
a statistical framework for which the observed interframe
difference density function is approximated using a density
function. This model is composed of two components, background and a moving object. In this situation, both components represent zero-mean and obey Laplacian and Gaussian
law. This statistical framework is used to provide motion
detection boundaries.
In this scheme, level set formulation is used. Complex
curves can be detected and tracked while topographical
changes for the evolving curves are naturally managed.
In order to reduce the computational cost required by a direct implementation of the level set formulation scheme, a
new approach called Hermes is proposed. Hermes exploits
aspects from the well-known front propagation algorithms,
narrow band and fast marching.
However, their proposed approach demonstrates good results only in static background situations because the difference image is not reliable in a moving background.
2.3. Object contour tracking using occlusion adaptive
motion snake
Fu et al. proposed a method of tracking a contour using occlusion adaptive motion snake [6]. In this scheme, the
active contour model is used [4]. In occlusion of the adaptive motion snake, a contour is segmented into several areas based on color, curvature and motion. The segmented
areas are separated into object area and background area.
The motions of the separated object area and background
area are estimated. In this case, one of the two motions is
selected. The motion caused by occlusion is not selected.
However, the approach requires many parameters to be determined, and furthermore, has difﬁculty in segmenting the
contour.
2.4. Nonparameterized object contour tracking using
background edge removal
Nguyen et al. proposed a method for tracking the nonparameterized object contour in a single video stream [1].
In this algorithm, new tracked contour was determined using the watershed algorithm with a watershed line smoothing energy [1–3] added in the energy minimization function.
The contour is represented by a border between the tracked
object and background areas.
The approach combined outputs of two steps: creating a
predicted contour, and removing background edges using
object motion, Vp (t). The previous edge map is translated
using object motion, Vp (t) and the translated edge map
is compared with the current edge map after conducting
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distance transform of the translated edge map. Nguyen
et al. regarded edges found by looking at the discrepancies
between the translated edges map and the current edge map
as irrelevant edges.
However, Nguyen et al.’s approach left many irrelevant
edges in the following cases: (1) an edge segment that has the
same direction as Vp (t) and length that exceeds the length
of Vp (t), (2) highly textured background and (3) inner edges
of a tracked object. These irrelevant edges prohibit accurate
contour tracking.

3. The proposed contour tracking method
3.1. The overview of the tracking method
In the proposed scheme, a nonparameterized object
contour-based method in a single video stream is used. In
the Nguyen et al.’s algorithm, the new tracked contour is
determined by a watershed algorithm with watershed line
smoothing energy added in the energy minimization function [1–3]. The contour is the border between a tracked
object and background areas. Fig. 1 presents an overview
of the proposed tracking method.
In the process of motion tracking, it is required to compute the object motion and edge motion. The object motion
can be computed by taking the inside area of the previous
contour and computing the offset to match the current image
best. The edge motion corresponds to the magnitude and direction of an optical ﬂow for every edge pixel of an image
edge map.
To create a new contour, the watersnake model is used in
the proposed approach [1,3]. Two edge indicator functions,
h(p) (x) and h(I ) (x), are deﬁned to decide a new contour
in the stage of new contour detection. h(p) (x) is an edge
indicator function from the predicted contour, j(p) , and
h(I ) (x) is an edge indicator function computed from the
edge map resulting after background edges are removed by
object motion vector. A boundary edge map, (B) (t), and
h(B) (x) are derived from edge map, (R) (t), and (B) (t),
respectively.
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To track a new contour, both Nguyen et al.’s approach
[1] and the proposed approach use Canny edges selected.
Nguyen et al.’s approach creates an edge map by removing the background edge from a Canny edge map; background edges are removed using object motion, Vp (t). The
edge map is created through two steps. Firstly, background
edges are removed by edge motion and secondly, boundary edge pixels are selected by the image intensity gradient in the normal direction of the predicted contour. The
best part of the proposed algorithm is selecting boundary
edge pixels from Canny edges. Although, it is not easy to
remove background noisy edges in general, the intensity
of the gradient-based method along the predicted contour
allows selection of the most reliable pixels while ignoring
noisy edges.
3.2. Boundary edge selection
The process of boundary edge selection consists of two
steps. First, background edge removal is achieved using edge
motions. Second, boundary edge pixel selection is achieved
using the gradient in the normal direction of the contour.
This section describes how to obtain the boundary edge
map, (B) (t) from the edge map, (R) (t), by removing
irrelevance.
3.2.1. Background edge removal using edge motion
The background edges are removed by comparing motions
of object and background. The tracked subject motion and
background edge motions are computed. The background
edges whose motion directions differ from that of the tracked
subject, are removed. Edge motion is computed using optical
ﬂow from edge maps generated by the Canny edge generator
[11–14].
The tracked subject motion vector is computed to be
Vp (t), and each edge pixel’s motion vector is tested against
Vp (t). If the difference between the two vectors is larger
than a speciﬁed constant Te , it is considered to be a background edge pixel. Let (I ) (t) be the edge map detected
at the current frame. Vector OEdge is the computed optical
ﬂow of an edge pixel in (I ) (t). The dominant translation
vector Vp (t) is estimated by

V(p) (t)= arg min
[I (p, t−1)−I (p+V , t)]2 ,
(1)
V ∈

p∈(t−1)

where  is the velocity space and (t − 1) is the pixels that
belong to an object area in frame (t − 1).
background (t)
= {Edge ∈ (I ) (t) | Vp (t) − OEdge  > Te }.

Fig. 1. Overview of our tracking method.

(2)

(R) (t) is an edge of (I ) (t) subtracted by background (t),
where background (t) is a background edge map. The
background edge removal method using edge motion removes edges with different motions than that of the tracked
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(ii) Separate the pixels inside the ellipse into two parts using
a line along the r/ (s) direction as in Fig. 2(b). (iii) Calculate the mean intensity values of the pixels in two separate
areas separated by r(s) in Fig. 2(b). The result of the com r (si )). Fig. 2(c) presents the contour normal
putation is D(
directions of the pixels belonging to jrT (si ) for calculating
 i (rT (si )).
TD
• Advantages of using a normal direction of a contour.

Fig. 2. Calculating the gradient of contour normal direction in a parametric
contour. (a) A normal direction of the parametric contour r(s). (b) An

ellipse with two inside areas separated by a contour for calculating D.
(c) jrT (si ) and the contour normal directions at the pixels that belong to
 i (rT (si )).
j
for calculating TD
rT (si )

subject, this method is independent of the degree of complexity in the edge map, while accurately removing all background edge pixels with different motions. The edge map
without background edges is used in computing boundary
edge selection.
3.2.2. Boundary edge pixel selection
This section explains the method of only selecting boundary edges, (B) (t), for improving the accuracy of object
contour tracking.
• Calculating an image gradient in a contour normal direction.
The intensity gradient to the normal direction of the contour for each pixel is computed, in order to remove noisy and
irrelevant edges of the object. Let parametrical representation of a contour be r(s) = ( x(s)
y(s) ). The tangent direction of
/
r(s) is r (s) as presented in Fig. 2(a). The orthogonal direc/
tion of r/ (s) is r⊥ (s). The image gradients are considered
/
only in the direction of r⊥ (s). I (m, n) is an image intensity
function.
D(r (s)t) = 

1

(dx(s)/ds) + (dy(s)/ds)2


jI dx(s)
jI dy(s)
×
−
.
jn ds
jm ds
2

(3)

 r (si )), along the normal
An average color gradient D(
direction at a pixel point r(si ) on the contour is computed by extending Eq. (3). r(si ) is one of the pixel
 r (si )) is
points of r(s). The computational process of D(
as follows: (i) Make an ellipse with two major axes of
/
r⊥ (s) and r/ (s) directions. The size is adjusted properly.

The gradient values are not affected by intensity changes
different from the normal direction of the contour because
the gradient is computed only in the normal direction of
the contour. This provides the ability to obtain high gradient values around the tracked object boundary, even
in a complex scene. Fig. 3 demonstrates that unwanted
edge values are weakened and boundary edges values are
strengthened. The concept of considering a textured area
divided by the boundary contour is applied. In using average intensity values of an image area, small changes
and edges coming from noise and small texture patterns
are blurred.
• The process of boundary edge pixel selection.
The boundary edge pixels are selected after removing the
background edge by considering the object’s edge motion.
As explained in Section 3.1, (R) (t) is the edge map after removing background edges by edge motion. r(s) is the
parametric representation of a predicted contour, j(p) , and
the total number of pixels on j(p) is N . r(si ) is ith pixel
of j(p) . The boundary edge pixel selection process is done
along j(p) . The selection on every pixel point, r(si ), is
(R)
processed where i = 1, . . . , N, on j(p) . i (t) is considered, which is a part of the edge map, (R) (t), along j(p) .
(R)
i (t) has edges in a circular area centered at r(si ) with radius c , a speciﬁed constant. rT (si ) is one of the edge pixels
(R)
in i (t). rT (si ) can be considered to be one of a pixelpoint of rT (s) = ( yxTT (s)
(s) ), a parametric curve translated from
(p)

r(s) by (rT (si ) − r(si )). jT is a contour translated from
j(p) by (rT (si ) − r(si )). The left side of Fig. 4 presents
j(p) and noisy edge pixels, (R) (t). The right side of
Fig. 4 presents a close up of a circular area of radius c cen(R)
tered at r(si ). This circular edge map is denoted as i (t).
(p)
The gradient of a normal direction of jT at rT (si ) is com(R)
puted at the pixel point of every edge on i (t).
To detect k possible pixels for boundary edges, a gradient
(p)
of a normal direction of jT is computed at every edge
(R)
pixel point of i (t), where k is a speciﬁed constant. jrT (si )
(p)

is a set of pixels of rT (si ) on jT in the circular area
 i (rT (si )) is the sum of
of radius cj centered at rT (si ). TD
 computed along the pixels of j
Ds
rT (si ) with reference at
rT (si ). Fig. 2 (c) presents jrT (si ) and the contour normal
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Fig. 3. Advantages of using a normal direction of a contour. (a) An example of image intensity change around a tracked subject. (b) An image gradient
computed without considering any special direction. (c) An image gradient computed in the normal direction to the actual boundary of a tracked object.
(d) The direction considered as the normal direction.

Fig. 4. A predicted contour and image operations along the contour. The operation is done on every edge pixel in a circular area.

directions at the pixels that belong to jrT (si ) for calculating
 i (rT (si )).
TD
 i ’s with large values in selecting boundary
The biggest TD
edges, is used. Fig. 5 presents the process of selecting pixels
for boundary edges.
 i (rT (si )) =
TD



i (rT (si ))).
(D

(4)

(R)

than Canny num , i (t)level(l) is used in one step lower
level, where Canny num is a constant. In other words, the
detailed Canny edge result is used if the object boundary
is not clear. Therefore, robust tracking results can be obtained although the object boundary is not clear. At the ith
 i values are
computation loop, k edge pixels with large TD
selected.

jr

T (si )

3.3. Contour tracking with selected boundary edges
In order to obtain a clear edge from complex edge image around the boundary of the object, a variety of Canny
edge detection depending on a variety of Gaussian parameters is used. For Canny edge maps generated with lower
image intensity gradient values, the Canny edge map and
(R)
i (t) are computed at each level. Multi-level Canny edges
are results of Canny edge detection depending on the given
thresholds. Fig. 6 presents the results of Canny edge detections in three different levels, given a single image. The level
of detail of a scene is controlled using multi-level Canny
edge maps. The detailed Canny edge map of a scene confuses tracking, and a very simple edge map loses tracking
(R)
information. Let Num(i (t)level(l) ) be the number of edge
(R)
pixels in i (t)level(l) , and levelnum be the number of level
(R)
(R)
of Canny edges computed. i (t)level(l) is i (t) calcu(R)
lated at level l. i (t)level(l) has edges in a circular area
centered at r(si ) with radius c in level l. At the ith compu(R)
tation loop, if the number of Num(i (t))level(l) is smaller

In the steps of contour detection, using the concept of
topographical distance, the watershed segmentation is done
by minimizing [1,3]. For this algorithm, two edge indicator
functions, h(B) (x) and h(p) (x) are used. Two edge indica(B)
tor functions, h(B) (x) and h(p) (x), are derived from i (t)
(p)
and j , respectively. The detailed algorithm for the edge
indicator function is presented in Nguyen et al.’s paper [1].
(B)
The boundary edge map, i (t), is obtained using the algorithm proposed in Ref. [1]. j(p) is obtained by translating j(t − 1) by Vp (t). A watershed line, extracted using
two edge indicator functions, h(B) (x) and h(p) (x), becomes
a new contour in the current frame.
3.4. Final routing with strong Canny edges
In order to obtain a detailed contour, ﬁnal routing is conducted. A strong Canny edge map has a relatively small
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Fig. 5. The process of boundary edge selection.

Fig. 6. Results of Canny edge detections at three different levels given a single image.

number of pixels in the edge map. The edge map is made
using only the large gradient value of the intensity changes
in a scene. Final routing on strong Canny edges as well as
the computed contour of watershed line is achieved. Let I be
a pair of (, Υ ) consisting of a ﬁnite set of pixels, , and
a mapping, Υ , that assigns a value Υ (t) to each pixel t in
, where Υ (t) is assigned 1 or 2. 1 represents strong Canny
edge pixels, and 2 represents computed contour pixels. An
adjacency relation A is an irreﬂexive binary relationship between pixels of . I can be interpreted as a directed graph
whose nodes are the pixels and whose arcs are the pixel pairs

in A. sAt depends only on the four-connected neighbor of the
pixels in I, and (s, t) ∈  × Υ . A path is a sequence of pixels  = t1 , t2 , . . . , tk , where (ti , ti+1 ) ∈ A for 1 i k − 1.
t1 is the origin, and tk is the destination of the path. It is
assumed that f () represents a totally ordered set of cost
values, where f is a given function which assigns a path
cost to each path . The set of cost values contains a maximum element denoted by +∞. The additive cost function
satisﬁes
fsum ( · s, t) = fsum () + w(s, t),
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where (s, t) ∈ A,  is any path ending at s, and w(s, t) is a
ﬁxed nonnegative weight assigned to the arc (s, t).
⎧
+∞
if s and t are not
⎪
⎪
⎪
adjacent pixels,
⎪
⎪
⎨
Υ (s) × Υ (t) if s and t are adjacent
w(s, t) =
×Υ (t)
pixels and Υ (s) = Υ (t),
⎪
⎪
⎪
⎪
if (s) and (t) are adjacent
⎪
⎩1
pixels and Υ (s) = Υ (t).
This weight function guarantees to take stronger Canny
edges in the optimum path routing. The routing is done
using Dijkstra’s minimum cost routing algorithm. The result
of the routing becomes a ﬁnal contour of a tracked image.
Fig. 7(a) is the computed contour of a watershed line created
in Section 4, and this is used as an input to the ﬁnal routing.
The resulting ﬁnal contour is presented in Figs. 7(b) and 8.
Fig. 9 presents an example of ﬁnal routing. Pixel A is
the beginning of the computed contour and pixel Q is the
end of the computed contour. Numbers denote LOD values of either strong Canny edges or the computed contour.

Fig. 7. Final contour ﬁxed using strong Canny edges: (a) computation
result of a watershed line; (b) ﬁxed contour using strong Canny edges.

Q.2

P.2

O.

N.

M.1

L.2

K.2

J.2

H.2

G.1

F.

E.2

D.

C.1

B.1

A.2

Fig. 9. A LOD Canny edge map and LOD values: an alphabet denotes a
Canny edge pixel and its corresponding number denotes LOD value.

Fig. 8. Tracking results of a ball sequence by the proposed algorithm.
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Pixels without any numbers denote pixels which are not the
Canny edge. The strongest Canny pixel has level number
1, while the computed contour has level number 2. The
computed contour is always four-neighbor connected while
there is no guarantee of the strong Canny edge connection.
The routing cost between adjacent pixels are as follows:
routing cost from pixel A to B is 2 × 1 × 1 = 2, while
routing cost from pixels B to C is 1 × 1 × 1 = 1, because
the proposed routing favors strong Canny edges. The routing
cost from pixels C to D is huge. There is no direct routing
cost assigned between nonadjacent pixels. Therefore, the
ﬁnal route determined will be A → B → C → G → L →
M → Q.

seconds to few minutes, depending on the size and complexity of the contour boundary.
4.2. Results of boundary edge selection
Fig. 10 shows the background edges removed by Nguyen
et al.’s approach, and boundary edges selected by setting the
parameters of the approach as Cannynum = 10, levelnum = 3,
cj = 20 and c = 15. Figs. 8, 12–15 present contour tracking
results for several video clips by the proposed method. The
boundary edges with k = 2, is selected. Compared with the
Nguyen et al.’s approach (Fig. 11), the proposed approach
removes many more irrelevant edges that disturb accurate
contour tracking.

4. Experimental results and analysis

4.3. Tracking results with boundary edge selection

4.1. Experimental environments

Fig. 8 presents ball tracking from a pingpong sequence,
using the proposed algorithm. The result demonstrates that
accurate tracking is achieved while an object moves rapidly
and the size of the object changes. Fig. 12 presents the
tracking results with boundary edge selection in a subway foyer. The hall tiles generate many complicated edges
as does the man’s cross striped shirt. People moving in

For experiments, some test video sequences are collected
from web sites and some are taken under complex scene
environments using a hand-held camera. Microsoft Visual
C + + 6.0 and the Intel Open Source Computer Vision Library is used. The computational time takes from a few

Fig. 10. Results of boundary edge selection. (a) Two consecutive frames and a contour determined at the previous frame. (b) An output of background
edge removal by Nguyen et al.’s approach. (c) Outputs of boundary edge selections with k = 1, 3, 5.
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Fig. 11. Tracking results of human body by Nguyen et al.’s.

Fig. 12. Tracking results of human body by the proposed method.
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Fig. 13. Face tracking results by the proposed method: (a) tracking result for a sequence which has complicated background; (b) tracking result for a
sequence of several moving objects.

different directions in the background make contour tracking
complicated. The contour shape changes as the man wearing a cross striped shirt rotates turning back and the size of
the contour changes with the man’s location to the camera.
It becomes larger when he comes closer to the camera and
becomes smaller when he moves away from the camera.
Fig. 12 shows that tracking by the proposed method is
achieved successfully while the result of Nguyen et al.’s approach fails for the same frames (Fig. 11).
Figs. 13–15 show experimental results for various video
clips using the proposed method. In Fig. 13(b), the target
woman is walking with other people who are walking in
the same direction, and it makes the contour tracking hard
because of different speeds of the moving people and the
different textures. However, the proposed method achieved
good results because many edges around the object were
eliminated easily. In Fig. 14(a), accurate contour tracking is
achieved although the edges of the bag are complex due to
the striped shirt. A fast ball which has two colors is tracked
well in Fig. 14(a). Fig. 15(b) shows an example where the

proposed contour tracking is not as good as other experimental results shown above. Since the proposed method
does not follow the drastic changes of the contour’s curvature, boundary selection is not achieved well, while tracking is successful. Some experimental results can be found
at http://image.korea.ac.kr/tracking/demo.html.

5. Conclusions and further research
In this paper, a novel contour tracking method for improving the accuracy of a textured object in a video stream with
a nonstatic camera is proposed. In order to overcome the
noisy edge problem due to a complex scene, the proposed
method selects valid edges around a tracked object boundary. The proposed boundary edge selection scheme consists
of two steps. First, background edges are removed using the
differences between the object’s and background edge’s motion. The edges that have different motions are regarded as
redundant and background edges and are removed. Second,
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Fig. 14. Object tracking result by the proposed method: (a) tracking results of a nonrigid object with highly textured background; (b) tracking results of
a fast moving object.

boundary edges are selected by calculating the normal
direction derivative of the tracked contour from the output of
the ﬁrst step. The gradient of image intensity to the normal
direction for the contour and the edges which are selected as
boundary edges are computed, and the edges with different
normal vectors from those of the object boundary’s are eliminated considering only the normal direction of the contour.
In the proposed method, the contour’s edges are selected
accurately without being affected by noisy edges or small
cross striped textures. In order to represent the updated contour, the watersnake model is used and detailed edges are
extracted using multi-level Canny edges with various Gaussian parameters. Even though object boundaries are complex, the edges are extracted well enough.
The experimental results demonstrate that boundary edge
selection by the proposed method is sufﬁcient to handle

changes of the object’s shape in complex scene and tracking
based on boundary edge selection is done successfully. Without interference from the texture of object and background,
the method can select the appropriate edges and contour.
Since the proposed method cannot preserve the contour
which has high curvature as we presented in Fig. 15(b),
we are going to improve the tracking and representation
of the unsmoothed object in future work. The proposed
method can be also improved by carefully considering the
edge motion by statical tracking method e.g. the Kalman
ﬁlter. The ﬁlter can yield a better estimation of the motion
vector. Moreover, there is no reliable frame of reference
in measuring tracking quality. This paper did not conduct
measurements of current work. Therefore, we are going to
research on standard measurement and the results will be
compared.
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Fig. 15. Tracking results by the proposed method: (a) tracking results of a highly textured object; (b) tracking results of a rigid object.

6. Summary
In this paper, we propose a space-variant image representation model based on properties of magnocellular
visual pathway, which performs motion analysis, in human retina. Then, we present an algorithm for the tracking
of multiple objects in proposed space-variant model. The
proposed space-variant model has two effective image representations for object recognition and motion analysis,
respectively. Each image representation is based on properties of two types of ganglion cell, which are the beginning of
two basic visual pathway; one is parvocellular and the other
is magnocellular. Through this model, we can get efﬁcient
data reduction capability with no great loss of important
information. And, the proposed multiple objects tracking
method is restricted to the space-variant image. Typically,
an object-tracking algorithm consists of several processes
such as detection, prediction, matching, and updating.

In particular, the matching process plays an important role
in multiple objects tracking. In traditional vision, the matching process is simple when the target objects are rigid.
In space-variant vision, however, it is very complicated
although the target is rigid, because there may be deformation of an object region in the space-variant coordinate
system when the target moves to another position. Therefore, we propose a deformation formula in order to solve
the matching problem in space-variant vision. By solving
this problem, we can efﬁciently implement multiple objects
tracking in space-variant vision.
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