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Abstract : This paper presents a robust vision algorithm 
for tracking the boundary of an object with an arbitrary 
shape by using monocular image sequences. This method 
consists of a curve registration based optimization 
technique and a deformable contour model (”snakes”) for 
the global and the local motion estimations, respectively. 
By combining techniques, we overcome, among other 
problems, inaccurate estimate of motion parameters in the 
curve registration method (which apparently only occur 
when a rigid or a flexible object is tracked), and the “local 
position variation” of the deformable contour model, 
variations which are due to noisy images and/or complex 
backgrounds. 

The curve registration method uses an iterative 
algorithm to find the minimum normal distance between 
two curves, one before motion and the corresponding 
curve after it. 

Snakes overcome the limitation of the curve registration 
method, which suffers from the inaccuracy of motion 
models. We also propose an internal force, which 
increases local robustness of the deformable contour to 
background noise. By using the refined snakes’ control 
points, the global update of the previous curve is 
performed for the re-location of the registered curve. 

Additionally, we integrate the geometric invariant value 
of the boundary contour and the curve registration method 
to solve the occlusion problem in visual tracking. The 
proposed method is validated through experiments on real 
images. 
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1. Introduction 
Tracking a moving object is important for various tasks 

such as robot applications, traffic monitoring, and 
automated surveillance. The motion parameter estimation 
and visual tracking must be robust in noisy outdoor 
environments, to be applicable in a broad range of fields. 

In this paper, we use a curve template to represent and 
register moving edges between two consecutive frames. 
The object motion between interframes is modeled as an 
affine motion, whose parameters are obtained by an 
iterative least square-based curve registration method. 

By using a template for the curve registration constrained 
by an affine motion model, motion parameters are 
computed without using any feature correspondences. 
Subsequent application of the active contour model 
(ACM)[3,4,5] to the registered template curve yields a 
precise boundary refinement. 

However, snakes have difficulties in tracking objects 
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with noisy and cluttered background or partial occlusions. 
To delete such a shape distortion due to the snake’s local 
behavior, the template is used to give a global constraint to 
snakes. In addition, to limit local variation of the snake 
model, a new internal energy is defined. Thus, we compute 
global motion parameters of the template by using the 
correspondence information between the snake’s control 
points in consecutive frames, which is similar to active 
correction model[ 131 [ 141 for long sequence tracking. 
Bescle[6], working on a similar problem, used a method 
combining texture correlation of the whole internal region 
of tracking object and B-spline contour of object boundary. 

Our visual tracking method uses the boundary regions of 
a moving object because these regions often provide rich 
scene information because of their high-texture and high 
intensity changes. In addition, to reduce motion 
estimation errors due to partial occlusion, a geometric 
invariant[7] is incorporated into the curve registration 
process. Previous works to solve this occlusion problem of 
tracking object appeared in Smith[9], Malik[ 101. 

This paper consists of the following : Section 2 presents a 
global description of proposed tracking system. Section 3 
describes an evaluation function for the curve registration 
and an iterative update of the rigid curve template based on 
the outside-region texture. In Section 4, a boundary 
refinement using snakes and global template update method 
is presented. Section 5 presents a method to solve the 
occlusion problem in visual tracking. In Section 6, 
experimental results on real images and discussions are 
presented. 

2. System 
Tracking a moving object by a template of a fixed shape 

throughout a long sequence of images is very difficult 
because of a variety of error sources - these include 
limitations of motion models, the non-planar and 
deformable object, and image noise. Suppose that an 
apparent view of a moving object by self-rotation is not 
considerably changed over time. A template constrained by 
a motion model can be used to sight and track the boundary 
of this object. However, the rigid-body motion model 
cannot represent the exact motion of the moving object. 
Therefore, errors between a template and the boundary 
accumulate through successive images, with the result that 
we (at least temporarily) lose track of the object. To solve 
this problem effectively, the rigid body tracking technique 
and the boundary refinement technique by snakes are 
combined. The boundary refinement technique can solve 
the boundary error problem of rigid body motion model by 
adjusting the position of a curve template to the exact 
boundary of the moving object. 
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Fig.1 Tracking algorithm consisting of a region based curve 
registration, a snake based boundary refinement and template re- 
update for position relocation. 

In the final step, the curve template is reupdated using 
the refined contour by snakes. By repeating these three 
steps, continuous tracking is achieved (see Fig.1). In the 
following sections, we explain in detail an iterative region 
based optimization technique for curve registration as a 
rigid body motion model, a snake based boundary 
refinement technique, and a global template re-update. 

3. Curve Registration Process 
Tracking by the rigid model uses two curves - one before 

motion and one after motion - to estimate motion 
parameters[2]. We assume that an object does not rotate 
and its shape is roughly planar. Even if a deformable 
motion of an object exists, the method can be used under 
the assumption that the motion between frames is 
appcoximated as a rigid body transformation. After 
locating a set of N pairs of corresponding points, called 
control points, in two consecutive images, p ,  E P and 
q, E Q, i = 1 ,..., N ,  a transformation is determined by 
minimizing 

i=l 

where P , Q  is two sequential views of the same object, 
and T is the transformation matrix between two 
curves P, Q. However, this correspondence information is 
often difficult to obtain for arbitrary curves. As an 
alternative, we minimize the distances from points on one 
curve to the other : 

Using eq.(3), it is possible to obtain refined motion 
information through repeated calculation. 

If the distance between the camera and an object is quite 
large, then affine assumption, which is the linear 
transformation between two curves, can be used to simplify 
the transformation as : 

(4) 

where a,b,c ,d ,e , f  represent affine motion parameters. 
Then, p ,  becomes a pixel point (x, , y, ,l)‘ on the image 
plane, where t represents the transpose of a vector. The 
distance between a point p ( x , , , y o )  and a line 
Ax + By + C = 0 is given by: 

(5 )  

We then set a line along the normal direction at a control 
point on the curve before motion to define a distance on the 
image plane as shown in Fig.2. The normal line intersects 
the curve after motion at a point at which the tangential line 
is defined. The distance applied on a rigid curve has the 
following iterative form : 

Ax, +By, +c 
d K - 3  d =  

normal 

Fig.2 Distance measures between P and Q 

The distance between the tangential line and the control 
point of the registering curve defines a new error function : 

1. (A, [ ax:-’ + by:-’ + e I+ 6, [cxf-’ + dy:-’ + f 1 )‘ 1 
If we know an initial transformation To  that brings P in - 

- ?A:+B: 
near registration with Q, an approximation of the ,“\ 
algorithm by iterative method can be used. At each ( 1 )  

If many points on the curve are used, the partial 
derivatives of the error function with respect to the motion iteration k , we use the previous value Tk-’ to find q: : 

parameters give a least square form solution[ 1][ 121. We 
can iteratively refine the motion parameters using eq.(6) 
and eq.(7). In most cases, the curve before motion 
converges to the curve after motion in 2-3 iterations. 

Experimental results for a test image are shown in Fig.3, 

(3) 
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an average error of 0.68 pixel was achieved in 2 iterations. 
The number of control points was 123 points. Measured 
error is mean value of distances from points on one curve 
to the minimum image gradient points along normal 
direction. 

affine distortion after convergence 
Fig.3 Evaluation function test for curve registration and motion 
estimation for a plane box image. 

To obtain the exact motion parameters, the curve 
registration method should find the exact edge position on 
object boundary after motion. 

The curve registration method, we assume that an edge 
point with the maximum magnitude corresponds to a point 
on the object boundary of the current frame. If a point 
having a large edge magnitude value cannot be found on 
the object boundary due to cluttered background or noise, 
the registration technique may provide inaccurate motion 
parameters. 

In this paper, the normalized correlation method[8] finds 
the position of a region having intensity values similar to a 
given template instead of searching an edge pixel along the 
normal direction. This method is based on the assumption 
that the boundary region of moving object in cluttered 
environments has features such as intensity variations 
and/or textures. We set a MxN template at a control point 
on the previous curve as shown in Fig.4. A region with a 
similar intensity distribution is found along the normal 
direction. Similarity is defined by the normalized 
correlation[8]: 

(8) N C I ,  M ,  - ( X I ,  ).(X M , )  

method is less sensitive to image noise than a simple edge 
search. 

Normal searches on each control point of the curve 
before motion give each corresponding point on the object 
boundary of the curve in the next frame. Thus, by 
repeating the curve registration, the curve gradually 
approaches to the object boundary of the next frame. 

4. Deformable contour 
4.1 Boundary refinement 

Our proposed iterative curve registration technique 
described in Section 3 has the following problems : 
(i) Inaccuracy of affine motion model : in cases where 
actual objects have three dimensional shapes; 
(ii) Deficiency of texture or intensity variation at the 
boundary region : since local search by the proposed 
curve registration uses the normalized correlation, this 
search may fail if no texture or intensity variation exists; 
(iii) Moving objects may be flexible. 

/ 
/ 

(a) (b) 
Fig. 5 Modified internal force ; (a) an opposite movement 
increases the intemal energy level; (b) the same displacement 
along the normal direction of the contour has less energy 
potential 

Note that some boundary regions of objects as to which 
the estimated shape of a template by the curve registration 
does not fit the object’s edge exactly. To obviate this 
limitation, we adopt an active contour model 
(snakes[3,4,5]) as a boundary refining tool. Our snake is 
a modified version of dynamic programming method[4]. 
Instead of classical internal and external energies, we use 
new energy terms. Proposed internal force enforces the 
same direction and displacement for control points (see 
Fig.5) : 

E,,,,,,,=6.Id,+,-d,(, where d, = c , ( t ) - v l ( t - l )  (9) 

Fig.4 Corresponding point search by using texture-region 
template 

If the correlation coefficient value i s  greater than a 
threshold at any position along the normal direction, this 
position is set as an edge on the object boundary after 
motion. Since correlation uses a small sized window, the 

where c, ( t  ), v, ( r  - 1) are control points that denote, 
respectively, the current search candidate position and 
center position before movement. 6 is energy ratio 
constant, t is time index. We avoid the partial variation of 
the contour by image noise, because this energy form gives 
“local globality” constraining the movement of points to 
the same direction and distance. External forces consist 
of image edge force and the intensity similarity measure 
between interframes : 

where y, 7) are ratio constants and Corr( cc ( t  ), v, ( t  - 1)) 

779 



denotes a normalized correlation of intensity between 
frames. 

This method is compared to original snakes as shown in 
car tracking test of Fig.6. 

(C) 
Fig. 6 Gradient edge is only used as extemal energy. (a) contour 
before motion; (b) after convergence of original snakes[3], 
boundary missing and shape distortion by cluttered noise appear; 
(c) our method gives exact boundary and continuous curve. 

We use the position of template obtained by the curve 
registration as an initial position of snakes. Since active 
contour models pernlit local deformation, snakes fit well 
the boundary edge of moving object. Also, we can control 
the local behavior of snakes with a global constraint given 
by the curve registration and the model energy defined by 
an invariant value. 

Local Boundary 
Refinement, while 
Maintaining a Global 
Shape Large Mot ion 

k frame ( k t l )  frame 
Fig.7 Curve update system 

Suppose a curve before motion is 

Snake) 

r,k, and Mb 
represents global motion parameters obtained by the curve 
registration technique as shown in Fig.7. Then, an initial 
curve of snakes is determined by 

r, = M~ .r,k 

4.2 Global template update 
Active contour models find the exact boundary if an 

object’s edges are near the registered curve - this curve’s 
position is determined by rigid motion model as described 
previously. However, by the local behavior of snakes and 
the noise around the boundary, the refined shape easily 
becomes distorted and may be considerably different from 
the shape of the previous frame. Suppose that the 
distorted contour is used as a template for the next frame. If 
the local variation of the shape by snakes is accumulated - 
if distortions “add up” -, the template in long image 
sequences gradually deviates from the tracking region. 
This problem occurs frequently when motion or 
deformation between frames is very large or when there is 
background noise. 
For continuous tracking throughout long image sequences, 

the transformed template must be re-located to the exact 
boundary of moving objects. Motion parameters are 
refined again using correspondences between the refined 
snakes’ control points and the contour points of the 
previous frame. 

represent, 
respectively, a curve before motion and a refined contour 
of r, by snakes. We can obtain a motion model M’ by 
minimizing the following weighted sum[ 111 : 

Suppose that two similar curves r,k and 

Using the computed motion parameters, a global update 
r,k+lof the previous curve T,k is obtained by 

This contour is used as a model template of the next frame. 

5. Occlusion problem 
A normal search in the curve registration technique for 

finding a corresponding boundary may fail when the object 
becomes occluded. Since the robustness of the technique 
depends on the accuracy of local search, the curve 
registration technique gives an inaccurate motion model 
when the partly occluded boundary region increases.. 

Using five points on the object plane and the 
corresponding 5 points on the image plane as shown in 
Fig.6, we can define the following 2-D invariant[7] : 

where det(qlq2q3) is a determinant value of a matrix 

[q, q 2  q 3 1 .  
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The method is applied to two images shown in Fig.1 l(a) 
and (b), where the lower part of a can is occluded by a 
paper cup. The correlation-based search method 
successfully finds some boundary points which are 
highlighted in Fig.lO(a). 

Using those boundary points, the position of the 
occluded point is recovered to minimize the difference 
between an invariant value of the previous frame and that 
o f t  

Suppose that each of five control points(P1-P5) in the 
previous frame corresponds to each of five control 
points(Ql-Q5) in the current frame as shown in Fig.9 - 
these points are determined by the normalized correlation- 
based search. Assume that some parts of an object 
become suddenly occluded, see for example, the fifth 
control point, Q5, in Fig.B(b). Set a searching region 
around an occluded pixel to form an accumulator array as 
shown in Fig.9(b). For each point in the accumulator, 
compute invariant values using Q1, Q2, 43 and Q4. 

In an ideal situation, one point in the accumulator will 
obviously correspond to Q5, because the point, among 
others in the accumulator, will have an invariant value 
identical to that of Q5. However, the positions of 
points(Q1-Q4) found by correlation matching may be 
sensitive to images noises. Therefore, all the observed 
bouadary points are used to find an exact position of an 
occluded point in the accumulator. 

For example, the current four points(Ql-Q4) are shifted 
by one-pixel along the boundary to form a new set of points, 
denoted as Ql'-Q4' in Fig.9(b). 

Corresponding model points are also shifted to new 
positions, Pl'-P4' as in Fig.B(a). A new invariant value of 
five model points of Pl' ,  P2', P3', P4', and P5 is computed 
and stored. Then, for each point in the accumulator we 
compute new invariant values using Ql', Q2', Q3' and Q4'. 
We increment a point in the accumulator if the difference 
between model and current invariant value is minimum. We 
repeat until all the observed boundary points are processed. 

Then, we compute the position of an occluded point by 
taking a weighted average of the values of the accumulator 
arrav. 

(a) the previous frame (b) invariant values search 

(a) (b) 
Fig. 10 Finding of occluded boundary applying invariant theory. 

Even if the features of a moving object are partially 
occluded, our invariant-based method provides some 
robustness to occlusion. In Fig. 1 1,12, continuous tracking 
of an occluded object in a noisy real scene demonstrates the 
performance of our algorithm. The white curves represent 
the 

on the next frame (dl (e) 
Fig.9 Finding correspondence of occluded boundary using 
invariant theory 

Fig. 11 Tracking of an occluded coffee can throughout image 
sequences under static and noisy background. 
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Fig.12 Tracking of an occluded vehicle throughout image 
sequences under moving and noisy background. 

6. Experiments 
In this section, we show experimental results of the 

proposed system. Using the curve registration technique 
constrained by a motion model under noisy background, 
contour tracking of an arbitrary shape is possible. 

First, tracking by the rigid model based method only is 
tested for a moving object in the sequential images having 
object deformation and background noises. Fig. 13 shows 
tracking results for "Foreman" images which have noisy 
backgrounds, large motions between frames, self rotation, 
and variations of camera parameters. Because the curve 
registration model, as rigid tracking model, can not 
accommodate the object deformation, sequential tracking 
fails due to error accumulation between interframes as seen 
in Fig.l3(a). As shown at right-under position of the 
Foreman head, tracking contour deviates from object 
boundaries - the registration process only depends on the 
accuracy of block matching of the object boundary, the 
process does not include a boundary adaptation technique 
like as the snakes. The idea behind, of our method 
(ACM-corrected rigid model) is similar to active 
predictiodcorrection mechanism for robust motion tracking 
in the long-term image sequences. Fig.l3(b) shows the 
robust tracking results. 

framc 10 frame 13 

frame 15 

frame 10 frame 13 

frame 15 
(b) 

Fig.13 Comparing the curve registration method with ACM- 
corrected rigid model. Frame 10 is the initial frame. (a) tracking 
by only the rigid model - the boundary deviations appear; (b) the 
combined method - active correction by ACM reduces the 
boundaries errors, the method is reasonable for long-sequence 
tracking. 

Fig.14 shows results when some parts of an object 
becomes temporarily occluded. As shown in Fig. 14(a), 
original snakes fail to track the moving object due to the 
occlusion. However, our proposed algorithm robustly 
tracks the moving. obiect. 
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(a ) original snake case 

( b ) proposed algorithm case 

Fig.14 Object edge tracking when large motion and local 
occlusion occur simultaneously. 

Fig.15 shows tracking results for head of the Foreman 
image. Results of original snakes and the proposed 
method are shown : snakes can not track the continuous 
motion of human head, but the proposed method does 
successfully track head motion while maintaining the 
template’s shape. 

frame 1 frame2 

frame 3 frame 4 
(a) original snake case 

frame 1 framc 2 

frame 3 frame 4 
(b) proposed algorithm case 

Fig. 15 Comparison of tracking result between snakes algorithm 
and proposed system. 

In Fig.16, tracking of human head is shown. Despite some 
serious distortions of shape due to flexible head motions, a 
manually selected initial shape is well preserved and 
trackina is successful. 

frame 8 frame 10 

frame 12 frame 13 
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frame 15 
.. . . . - . . 

frame 18 
Fig. 16 Tracking results when large motion between frames is 
present 

7. Conclusion 
As shown in experimental results in Section 6, the curve 

registration technique based on affine motion model does 
indeed track a moving object with an arbitrary shape under 
noisy backgrounds. We introduce the normalized 
correlation-based method to solve the limitation of an edge- 
based search in normal directions under noisy environment. 
Geometric invariant theory is combined with the curve 
registration technique to solve the occlusion problem. 

The result is used to constrain an initial position of 
snakes. Considering non-planar and flexible objects, which 
may introduce projective distortion, snakes are used to find 
refined edge or boundary. The internal energy of snakes 
assesses curve continuity to the registered contour, and the 
external energy attracts the curve to the boundary of object. 
Thus, snakes refine the object boundary. Finally, to delete 
the shape distortion of refined boundary and to re-locate 
the registered curve, global template update is performed. 

As shown in experiments using real images, the proposed 
method yields good results despite large motion and 
deformation of object, noise, cluttered background and 
local occlusions. 
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