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Abstract In moving object tracking based on the visual sensory feedback, a prerequisite is to determine which feature or which
object is to be tracked and then the feature or the object identification precedes the tracking. In this paper, we focus on the object
identification not image feature identification. The target identification is realized by finding out corresponding line segments to the
hypothesized model segments of the target. The key idea is the combination of the Mahalanobis distance with the geometrical
relationship between model segments and extracted line segments. We demonstrate the robustness and feasibility of the proposed
target identification algorithm by a moving vehicle identification and tracking in the video traffic surveillance system over images of a

road scene.
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1. Introduction

Visual tracking of an object moving in a 3D space represents one of the
central issues in dynamic scene analysis. In this paper, we mainly concerned
on how to identify the moving target in the image domain to realize the
visual tracking.

A great number of tracking algorithms have been proposed in the recent
years. Deriche and Faugeras[1] tracked line segments along the image
sequence in a stationary environment. They used the Mahalanobis distance
as a similarity function for line matching between inter frame images. Koller
et al.[2] used a model-based object tracking in monocular image sequences
of road traffic scenes for gaze control. They defined five different 3-D
generic-vehicle models, limited that motion takes place on a planar road and
assumed a simple circular motion with constant velocity. Meyer and
Bouthemy(3], and Bouthemy and Francois[4] proposed an elegant algorithm
of motion-based region segmentation for the detection and discrimination of
the target with a static camera for a dynamic scene and of tracking by
pursuit of the extracted region based on the affine motion model. Smith and
Brady[5] demonstrated moving objects tracking using feature-based optical
flow computation in moving platform situation. They found corresponding
corner points over several successive image frames, computed the optical
flow between these corresponding points, and then clustered points with a
similar optical flow. Kass et a/.[6] presented a tracking method by active
contour models, that is. snakes. Once the snake is interactively initialized on
an object contour in the initial frame, it tracks the contour in subsequent
frames by finding a local minimum of an energy function.

We establish a paradigm for a moving target identification by combining
the Mahalanobis distance which analyzes geometric attributes statistically
with the geometrical relationship between line segments of model and data.
The former is based on sound statistical principles rather than on some ad
hoc heuristics for image primitive matching problems. while the later well
describes the topological relationships of matching primitives. Our method
has several advantages such that it works irrespective of small or large
motion, processes only single image frame, identifies the object of interest in
the existence of same objects or multiple objects and works even under
motion discontinuity and partial occlusion. To locate the identified target on
an anticipated position in the image plane in the next frame is performed
based on the motion model of the target. However, the motion parameter
estimation is not within the scope of this paper. And we assume that the self-
occlusion of the viewed surface of the object of interest is not occurred.

We demonstrate the robustness and feasibility of the proposed target
identification algorithm by identifying and tracking a moving vehicle in the
video traffic surveillance system over the road images.

2. Model-based target identification
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In this section, we describe an algorithm identifying the object of
interest among the line segments(data set) extracted by [7]. The object of
interest is identified by selecting line segments best matched to model
segments through the matching process. The matching process starts with the
computation of the Mahalanobis distance[8] as the similarity measure
between model segments and data segments. A matching candidate
set(MCS) for each model segment by selecting line segments with the
Mahalanobis distance smaller than a threshold value is then constructed.
Finally, the data segment among line segments in the MCS well-matched to
each model segment is selected by utilizing the geometrical relationship
between the model segment and a data segment.

2.1 Matching function

Matching between extracted line segments and model line segments is
carried out based on a statistical point of view. Here, we define two sets such
as the data set of g data segments and the model set of n model segments;

D={qg,} j=0.....q—1, M={m} /i=0...n-1. )

Let x=[ X1+ Xgveei Xp ]r be a random vector of n - Gaussian random

variables: each with a mean x4, and a variance o’ . The probability
density function of the random vector x is given by
1 1 7 w—=1
f(x)=~——————-———exp[——(x—y YT x-u )} (2)
(2 ﬂ,)n/Z ’I 2' 2 X X
with the mean vector x4, and the covariance matrix X . The quantity in

the bracket is called the squared Mahalanobis distance[8] from x to

and denoted as /% . We can notice that minimizing /° would maximize
£(x) . It is well known that 7° follows 1,2, distribution [9]. We define
a vector as

v=7m/-—')7t,/. /ieMandjeD 3)
where ¥, and Y, are feature vectors of line segments in the model and
data set, respectively. Assuming ¥, and y , are independent, then the
matching function is formed as:

ri=viglv

4)

where £[v]=0,andZ, =25, +Z, .

The matching function r,f ofavectorvhasa yf distribution.

2.2 Uncertainty modeling
2.2.1 Data segment
Vncertainty modeling of a data segment is done with the similar



approach as in Deriche and Faugeras[i]. Let y, ={Xy 6/} and
% =[x.yx,y,T be two random vectors. ¥, is expressed as a vector
function of X, as follows;

Xs+Xe
2
YstVeo
2

Yo = Ry (%)
tan Sexe

J(xe- xS+ ly —y )
Covariance of random vector Yd is
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According to the error propagation[10], the covariance of Y, is defined as
L, =4, L,

Ya¥s YoXq = XaXq ™ VaXy (7)

where J, s the Jacobian matrix of Yy, for X,. Assuming no

correlation between the end points then

2 2
—_ a)(: GY:Y. — _— U\’l a”(ayl
Zpp, = |: 2 {=Lpp, = 2 | ®

Oxy, Oy, Txy, Oy,

and the same covariance matrix for both end points, that is,

leads to

Ep,p. = Ep.p.

(205, O
T = e . 9
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Hence, Eq.(7) becomes
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where

A=%[azx(}’e' ¥ 0, = x, 420 (xs = xa )y = ys)]'
B=%[<x5-xexye—ysxai-a;>+axy<<xs—xsf—(ye-yﬁ}.
C=-—/%|:a'i(xs— xe)2+ai(ye—ys)2 —Zav(xf XG)(yg_ ys)].

2.2.2 Model segment
A random vector X, is a vector for representing end point of a line
segment in the model set. For a model segment we also assume no

correlation between the end points. The error covariance of X, is

Vv Vi Y 0
o 0

v = | an
0 0 v vg

6 O

where v.andy, are variances, and v, is the covariance of x and y

Vo Vy

coordinates. Actual error covariance P of the state estimation in the motion
model of the target is used as these variances. Then, the uncertainty of Y
is derived as a same way of a data segment:

Ly =y B (12)
2.3 Line matching

We compute the squared AMahalanobis distance /,2-/- of Eq.(4) based on
two uncertainty models of Eqs.(7) and (12). For each model segment we

establish an MCS provided that the /% is less than a threshold value ¢ i
That is,

mes =1/lj €D, f;'<dzz}, ieM (13)
where the threshold o 2 is determined from z° distribution table
considering the 100(1-a)% confidence interval of statistics[9].

We propose two methods to find out the data segment matched to the i-th
model segment.

2.3.1 Line matching by minimum value criterion
A best matching data segment ; to the model segment ; is determined as a

data segment with minimum /% as

VvieM, 2,={jlj eMCS,;. ri<ri. Yk emCS: k=Jj}. (14)
Even though this method is simple, it has two disadvantages. First, it can not
prevent miss matching due to the motion discontinuity between the predicted
motion and the real motion taken place on the way of tracking. Second, this
method can not identify the occurrence of occlusion. Therefore, we do not
use this method.

2.3.2 Line matching by geometrical relationship

We overcome limitations of the minimum value criterion by utilizing the
geometrical relationship between line segments. The procedure to select the
best matched data segment to a model segment 7, where / €M is as
following.
(1) Model transformation

We transform the model to a data segment g, where A € YCS;

based on the geometrical relationship between the o, andthe ;.
Xs Xe

pr=Trans(_y, .~y JP. P=|y, y, .|
1T

2n

P =Rot(z.g,)p:. (15)
Py = Trans(a.. o, P2

where P is matrix formed with end points of mode! segments, (x_.y_)is

the start point of ;;, @, is a difference in orientation between g, and

m; as shown in Fig. 1(a). A,and A, are differences in displacement

between mid points of , and transformed p;; in P, as shown in Fig.
1{c).

x5

@ ®
Fig. 1. Model transformation

(2) Building a search region for data segments
For a transformed model segment /p,, we build a data segment search

region (), as shown in Fig. 1(d) based on the estimation of 100(1-a)%
confidence interval[9).
Q=(p.p) jeMand =/,
p?~={n1n(pf(X).p‘§(x))—z.,/2 x Vx'mn(pj(y)'pi(y))_Za/ZXJ'V_}’}' (16)
p, = {Mad{ 55 (x). SUOM Zoo x v 8B B W Zare x Juy

where {p5(x).p5(x)) and (p%(x). p?(¥)) are start and end points of
m,; in P3, y,andy, are uncertainties of a model segment of Eq.(11),
and 7,,, is taken in standard normal distribution table.

(3) Matching quality and best matching candidate set
For a transformed model segment ;. we check whether a data
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segment o, where / € gfCg, satisfies the following four conditions:
@ Existence condition
Vitmer,NQ, ¢,/ eMandj =/

a7
0 otherwise

EX/S’(/./):[

where MBR,, is the minimum building rectangle encompassing the g,

as shown in Fig. 2.
@ Distance condition

Dist(j.1) = {1 1I8tm; 00) £ Zasauitvy (18)
0 otherwise
where p,_, is the intersection point between x=min{ gi(x), 5 {x)}- Za/zx‘/;

defined in Eq.(16) and , and dist(m,.p,,) is distance between

and p,, asshown in Fig. 2.

Fig. 2. The existence of a data segment, o, in Q,

® Angle condition

1 if|4 mi- zd,| <6

Ang(/./)={ 19

0 otherwise
where & is the minimum angle for which these two lines are corresponding.
@ Length condition

1 if|/en(m,)— /en(d,)| <&

Len(j./)=! 20)

0 otherwise
where /en(m;) and /en(g,) are the line lengths of m,; and g,
respectively. ¢is considered as the minimum length which does not exceed if
these two lines are corresponding.
We define a geometrical relationship between m;, and g, as
Geo( /1)Y= Exist(j,/1)+Dist(j./+Ang(j./)+Len(j./). (1)
When Geo(/,/) equals to four, we consider the matching quality is
satisfied. For all model segments except for ;. we investigate the
geometrical relationship of Eq.(21) and check for the existence of the data
segment satisfying the matching quality. If there is a data segment satisfying
the matching quality we formulate the best matching candidate set, &, as;
VieM 3k epmcs: Ru=1{/IALLeMj=i}
/fGeol(j./)=4, / : 22
where AL/ ] = (/./) € MCS; (22)
-1 elsewhere

(4) Line matching
We define

mag (R, ) = number elements which Al/]=-1. Aljlewn,. We

search for the g, with a maximum magnitude andlet R .

a magnitude of the matching candidate set as

2.4 Matching condition

If an A/] in ® makes a set R 4./ #/, and an element
Aljlj =/ in R, ecquals to A[j] of R, R becomes the best
matching set. &R, -

When there exist multiple sets satisfying the matching condition we choose a
set as the best matching set as following. Let one of them be %7, and

compute the sum. g of the Mahalanobis distance, /f,,, and the
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Mahalanobis distances of elements in ®,, ., %, where Alj]l=-1.
That is
P=f2pk+:f€A[/}, A[/]empk and A[/]1#—1. 23)

The set, 9,, with the minimum g becomes the best matching set. After
the ®&,, is found out the line correspondence between mode! and data is
realized as

di.=m,,
. . . 24)
dan=m; fALjlew,, and A[j]=—1

2.5 Line matching under occlusion

We analyze the following two cases for matching lines when occlusions
exist.
1) Case 1

When the MCS of a model segment, ), is null, thatis, MCS; = {¢}
fora /€M or A[/]=~1 in the best matching set. &,, we conclude

that a partial occlusion is occurred. If the partial occlusion is recognized, the
model transformation is carried out as:

p =Rot(z,0)P
p =Trans(s,.5,)P
where P is the same matrix in Eq. (15), & is average difference in

orientation between model segments and their corresponding data segments
of Eq. (24). and 5,.5, are average differences in displacement between

(25)

mid points of matched data segments and their corresponding model
segments in P . Then, the i-th transformed model segment in p s
considered as the data segment corresponding to the /-th unmatched model
segment, m;.
2) Case 2

When MCS, = (¢} for VieM orthereisno %, we conclude

that the full occlusion is occurred. In full occlusion, each segment in the
predicted shape model is considered as the matched data segment.

3. Experimental results

In this experiment, we want to track the vehicle surrounded by an ellipse
shown in Fig. 3(a) without the motion model of the vehicle. Initially, we set
a simple model composed of four line segments which represent the roof of
the vehicle as shown in Fig. 3(b).

(a) Raw image (b)Hypothesized model
Fig. 3. Image of road vehicle and its model

Target identification is carried out by finding corresponding line segments of
given model segments and the model is updated by intersection points of
corresponding line segments. This updated model becomes the new model to
the next image frame. To explain the target identification process based on
the proposed algorithm in detail, we take the image frame #2 as an example
image. The extracted line segments and target model of the example image
are shown in Fig. 4(a). The MCS corresponding to each model segment
obtained using Eq. (12) are yCS5, ={1.3.7.8,9,14,41,46,50}, mMCs, =

£1,3,7.8.9,14,16,19.41,46,50,52.56,58}, S, ={0.2,6,7.18,22,23,24.25,
28,29.42.43.45.47.49,50,53.68.69}. 1CS ; ={0,2.6,7.14,42,43.45,4,48.49.
53.68.69}. These MCSs are shown in Fig. 4 (c), (d). (e) and (f).
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(g) Best matching candidate sets (h) Matching result
Fig. 4. Target identification process in road vehicle image

The minimum Mahalanobis distance to each model segment is the data
segment 8 for model segment 0, the data segment 41 for model segment 1,
the data segment 42 for model segment 2, and the data segment 43 for model
segment 3. This result is presented in Fig. 4(b) and can be easily notified that
this result fails to identify the target. Fig. 4(g) is another representation of

the best matching candidate set. R, ,, = {41,46,42} is an example and
this set satisfies the matching condition. Fig. 4(h) shows the exact matching

result by the proposed method. We show the target identification for a series
of images in Fig. 5.
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‘ Fig. S. Target 1demlﬁcanon in successive road vehicle images
of frame 1 to frame 4

4. Conclusion

We developed a target identification algorithm to track a target moving
in 3-D space. In fact the target identification results in the correspondence
problem of finding out corresponding line segments among extracted line
segments to the hypothesized model of the target. We establish the successful
paradigm for a moving target identification according to the integration of
the Mahalanobis distance which analyzes geometric properties statistically
to the geometrical relationship between line segments of model and data.
The Mahalanobis distance as the measure for the statistical analysis doesn’t
guarantee to provide the best matching result in the motion discontinuity,
which normally takes place by an unpredictable motion change, or
occlusion. We overcome these limitations by introducing the matching
quality of geometrical relationship. The proposed algorithm has two
advantages. First, it can prevent the miss matching or multiple matching due
to the motion discontinuity between the predicted motion and the real
motion. Second, this method can detect the occurrence of occlusion and
solve the occlusion problem.

We showed the robustness and feasibility of the proposed target
identification algorithm by experiments. The algorithm has successfully
identified the target even though the partial occlusion or abrupt motion
change exist. We expect this work will contribute in many areas of computer
vision such as motion analysis, scene analysis, stereo vision and so on.
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