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Abstract

This paper presents a novel approach to track multiple moving objects using the levelset method.

The proposed method can track different objects no matter how they are rigid,

non-rigid, merged, split, with shadows, or without shadows.

At the first stage, the system

proposes an edge-based camera compensation technique for dealing with the problem of
object tracking when the background is not static. Through such camera compensation,
different moving pixels can be easily extracted through a subtraction technique.

Thus, a

speed function with three ingredients, i.e., pixel motions, object variances, and background
variances, can be accordingly defined for guiding the process of object boundary detection.
According to the defined speed function, different object boundaries can be efficiently
detected and tracked by a level-set-based method with a curve evolution technique.
Moreover, in order to further understand the video content, this paper creates a relation table
to identify and observe different behaviors of tracked objects.

However, the above analysis

often fails due to the existence of shadows which commonly appear in the analyzed sequence.
Therefore, this paper adopts a technique of Gaussian shadow modeling to remove all
unwanted shadows. Experimental results show that the proposed method is much more
robust and powerful than other traditional methods.

Keywords: Level-set methods, object-relation table, speed function, video surveillance,
background compensation, shadow elimination.
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1 Introduction
Tracking multiple moving objects is an important problem in many applications like video
surveillance [1]-[4], video retrieval [12], teleconference, and so on.

In the past, there have

been a number of researchers [1]-[11] who have devoted themselves to investigating different
methods for solving this problem.

These methods can be categorized according to the

following two issues: how to characterize the tracked objects and how to track them. For
the first issue, we can describe an object with different features like curvatures [2], colors [4],
region textures [13], contours [11], or moments.
feature for object tracking is “contour” [11].

Among them, the most commonly used
However, before tracking, this approach

requires the contours being manually assigned in advance, that is, some markers are
previously required to be set along the boundaries of the tracked objects. More importantly,
the contour-based method cannot handle the problem if the tracked objects have some
merging or splitting activities.

For the second issue, two common schemes are the Kalman

filter [14] and the block matching technique [15].

The Kalman filter is a useful tool for

motion prediction but time-consuming in real-time applications.

The block matching

technique is effective in slow object motion estimation but often fails when images have large
light changes.

Recently, the level set method has become more popular in object tracking.

The technique converts the tracking problem into a higher dimensional space, from which the
desired optimal solution can be more accurately derived.

Thus, better convergence

properties can be found and lead to many successes in various applications [5], [16].

In this

approach, a curve is embedded as a zero level set of a higher dimensional surface function.
Through defining a proper speed function, the desired curve is gradually evolved and
obtained by minimizing a cost function, which is calculated locally based on image gradients
curvatures but globally on shapes and poses of the objects. With a simple initialization, the
moving objects even split can be well tracked.

However, in case that the background is not

static, this approach will fail to track objects since motion information cannot be well
obtained.

On the other hand, if any unexpected shadows exist, the approach also cannot

accurately locate desired objects and result in the failure of consequent analysis works, e.g.,
counting objects, recognizing objects, analyzing the behaviors of these objects, and so on.
In this paper, a novel approach is proposed for solving different problems in tracking
multiple objects by taking advantages of a level-set technique.

In this scheme, an edge-

based camera compensation method is first proposed to estimate desired camera motions
from video sequences for making the background be static.
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Different from other

compensation techniques, this method has better capabilities to stitch images having large
displacements and light changes.
background subtraction.

Then, pixel motions can be easily extracted through a

The motion information can drive a speed function to provide

different pushing or pulling forces for locating desired objects by using a level-set method.
The speed function is parameterized with three ingredients including pixel motions, object
variances, and the variance of background.

Then, desired moving objects can be

successfully detected and tracked through curve evolutions.

Furthermore, an object relation

table is created to analyze different object behaviors. However, the success of all above
video analysis mainly depends on the assumption that analyzed sequences cannot include any
shadows. For most tracking approaches [1]-[11], if some unexpected shadows exist, the
accuracy of following content analysis will be much disturbed and degraded. Therefore, in
this paper, a coarse-to-fine approach is adopted to eliminate unwanted shadows using a
shadow modeling technique. Different from other color or intensity-based methods, this
method takes advantages of shadow geometries to fully remove unwanted shadows from
video sequences.

In this paper, a Gaussian function with three features including

illumination properties, positions, and orientation of shadows is adopted to model various
shadows.

The features can precisely reflect different shadow properties at various

conditions and thus provide good capabilities for completely eliminating unwanted shadows.
Experimental results are provided to prove the superiority of the proposed system.
Section 2 briefly describes the level set method. Details of the proposed method are
described in Section 3. Section 4 describes details of the shadow elimination method and
Section 5 shows the experimental results.

Some concluding remarks are made in Section 6.

2 Level Set Method
The level set technique was proposed by S.J. Osher and J.A. Sethian [5]. The technique has
been applied into a wide range of applications, including fluid mechanics [5]-[6], combustion
[5], computer animation, image processing [6]-[7],[16]-[19], and so on.

In what follows,

some brief reviews of the level set method are discussed.
2.1 Zero Level Set
Like Fig.1(a), the black circle represents an object’s boundary.
change according to different time like Fig. 1(b).

The object boundary will

The z coordinate is the level set function

f and the set of the curve when f = 0 is named as the zero level set.

When the time

changes, the level set function f and the object boundary will also change. However, the
new boundary can be easily obtained from the zero level set f = 0 .
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2.2 Level Set Equation
In order to track an object boundary, the level set function f is set to be zero, i.e.,

f(X(t ), t ) = 0 ,
(1)
where X(t ) is the vector of any dimension coordinates of an object and will change
according to t . Then, based on the chain rule, we have
ft (X(t ), t ) + Ñf(X(t ), t ) × X¢(t ) = 0 ,

where ft ( X(t ), t ) =

(2)

¶f ( X(t ), t )
and Ñf(×) is the gradient of f(×) . It is assumed that the
¶t

boundary contour moves toward its normal direction with the speed F defined as follows:
v
F = X ¢( t ) × n ,
(3)
r Ñf
where n =
. Then, Eq.(2) can be rewritten as
Ñf
ft ( X(t ), t ) + F Ñf ( X(t ), t ) = 0 .

That is the so-called the level set equation.

(4)

Since f(X (t ), t ) is a continuous form, we use a

uniform mesh of spacing h, with grid nodes (i, j), to obtain a discrete approximation of the
solution f(ih, jh, nDt ) as fijn . Then, Osher and Sethian [5] gave its iterative solution as:
fijn+1 = fijn -Dt × Fij [max ( D- x fijn ,0)2 + min( D + x fijn ,0)2 +max ( D - y fijn ,0)2 + min( D+ y fijn ,0)2 ]1 / 2 , (5)

where Dt is the time difference, D -x and D- y the backward differences in the x and y
coordinates, D + x and D + y the forward difference in the x and y coordinates, max(g) a
maximum function, and min(g) a minimum function.

3 Multiple Object Tracking System Using a Level Set Technique
As discussed before, in this paper, a novel approach is proposed for tracking multiple objects
based on the level set technique. This approach includes five components, i.e., camera
compensation, background subtraction and thresholding, object tracking, shadow elimination,
and object status analysis.

Different from other level-set based methods, the proposed

system can handle the problem when the background is not static and the case when some
unwanted shadows appear in the analyzed sequence.

The whole flowchart of this system is

illustrated in Fig. 2. At the first stage, this approach uses an edge-based algorithm to
estimate possible camera motions from video sequences for camera compensation.
background subtraction technique is used to obtain all desired pixel motions.

Then, a

After that, a

thresholding technique is applied to roughly estimate different variances of tracked objects
and the background.

According to the estimated variances, a speed function F to drive
5

curve evolution can be accordingly defined for detecting desired moving objects with the
level set technique.

Furthermore, for content analysis, an object relation table is then

created to analyze different behaviors of tracked objects. In practice, the analyzed video
sequence often includes many unwanted shadows, which will significantly degrade the
accuracy of video analysis.

Therefore, a shadow elimination scheme is then adopted for

removing all unwanted shadows. In order to keep the readability of this paper, this section
assumes the input sequence has no moving shadow.

Then, the method to eliminate

unwanted shadows is described in Section 4. In what follows, details of each stage of the
system except the shadow elimination are discussed.
3.1 Background Compensation
When analyzing video sequences, if the camera is not static, the background will change at
different time and should be first compensated for well tracking objects.
camera is assumed to have only translation movements ever larger.

In this paper, the

Then, an edge-based

method is proposed to estimate all possible translations between any two adjacent frames.
The proposed method has better capabilities to compensate images if they have large light
changes and large displacements.
Assume I a and I b are two frames prepared for compensation and shown in Fig. 3 (a)
and (b), respectively.

Through a vertical edge detector, the positions of vertical edges in I a

and I b can be obtained and recorded, respectively, as Pav = (100, 115, 180, 200, 310, 325,
360, 390, 470) and Pbv = (20, 35, 100, 120, 230, 245, 280, 310, 390).
detector is simple and can be described as follows.

The vertical edge

Let g x ( p ) denote the gradient of a pixel

p in the x direction, e.g.
g x ( p (i, j )) =| I ( p(i + 1, j )) − I ( p(i − 1, j )) | ,
where I ( p ) is the intensity of p.

In addition, let S g (i ) denote the sum of g x ( p ) obtained

by accumulating g x ( p ) along pixels in the ith column.

If S g (i ) is larger than a threshold,

the ith column is considered to have a vertical edge. After checking pixels column by
column, a set of positions of vertical edges can be found.
Since the images I a and I b come from the same scene, there should exist an offset d x
such that Pav (i ) = Pbv ( j ) + d x and the corresponding relation between i and j is one-to-one.
Then, the offset d x is the desired translation between I a and I b in the x direction, i.e., d x =
80.

Based on this idea, we can present a novel method to estimate desired translations
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without building any correspondences or involving any optimization processes. In practice,
due to noise, some edges will be lost or undetected. The lost or undetected edges will cause
that the relations between Pav and Pbv are no longer one-to-one.

In order to deal with this

problem, this paper defines a function d v (i , k ) to measure the distance of a position Pav (i ) to
the translation solution k as
dv (i, k ) = minv | Pav (i ) − k − Pbv ( j ) | ,
1≤ j ≤ Nb

where N bv is the number of elements in Pbv .

(6)

Let Td be a threshold and set to 4. Given a

number k, we want to determine the number N pv of elements in Pav whose dv (i, k ) is less
than Td . In addition, the average value of dv (i, k ) for these N pv elements is calculated as
Ekv , which is an index to measure the goodness of k to see whether it is a suitable translation.

If Ekv is smaller enough and N pv is larger enough, the position k can be considered as a good
horizontal translation.

In more precise words, if Ekv ≤ Te and N pv ≥ T p , k is collected as an

element of the set S x of possible horizontal translations, where Tp and Te are two
thresholds and set to 5 and 2, respectively.

Let W denote the width of input images.

Through examining different k for all | k |< W , the set S x can be obtained.
On the other hand, let Pah and Pbh denote as two sets of horizontal edge positions in I a
and I b , respectively.

With Pah and Pbh , we also can define a distance function d h as:
d h (i , k ) = minh | Pah (i ) − k − Pbh ( j ) | ,
1≤ j ≤ N b

(7)

where N bh is the number of elements in Pbh . Let H denote the height of input images.
According to the d h , with the similar method to obtain S x , by examining different k for all

| k |< H , the set S y of possible vertical translations can be obtained. With S x and S y , the
set S xy of possible solutions can be obtained by: S xy = {( x, y ) | x ∈ S x and y ∈ S y } .
Once S xy is obtained, we want to determine the best translation from S xy through
a block matching technique.

In this technique, the measure of sum of intensity

differences is used to denote the difference between two region blocks, i.e.,
D ( p, q ) =

x, y = M

∑

x , y =− M

| I a ( x + p x , y + p y ) − µa − I b ( x + q x , y + q y ) + µb | ,

(8)

where µi is the local mean and variance of I i and (2M + 1) 2 represents the area of
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matching window.

Due to the small size of S xy , the best solution of translation can be

obtained very quickly.

In addition, through edge alignment, the method will restrain

many impossible translations from being the best solution.

Therefore, even under

different light conditions, the proposed method still can perform better than other
methods in finding desired translations. The whole algorithm is summarized in details
as follows.
Edge-based Translation Estimation Algorithm:
Assume I a and I b are two adjacent image frames.
Step 1: Apply a vertical edge detector to find the sets Pav and Pbv of vertical edge
positions from I a and I b , respectively.
Step 2: Determine the set S x of possible horizontal translations from Pav and Pbv
based on Eq.(6).
Step 3: Apply a horizontal edge detector to find the sets Pah and Pbh of horizontal
edges from I a and I b , respectively.
Step 4: Determine the set S y of possible vertical translations from Pah and Pbh based
on Eq.(7).
Step 5: Let S xy denote the set of possible translations, i.e.,

S xy = {( x, y ) | x ∈ S x and y ∈ S y } .
Determine the best solution Ve = (vx , vy ) from S xy through a matching
technique, i.e.,

Ve = arg min D(Pc , Pc - r ),
where Pc

r ÎSxy

(9)

is the central point of I a and D is the measure defined in Eq.(8).

Assume I k and I k -1 are two consecutive frames prepared for camera compensation. With
the proposed camera compensation algorithm, the camera motion vector Vk ,e can be
estimated from I k and I k -1 .
respectively.

Let Wk and H k denote the width and height of I k ( x , y ) ,

Based on Vk ,e , the background can be compensated as follows:

 I k −1 ( x − Vkx,e , y − Vky,e ), if Vkx,e ≤ x ≤ Wk ,Vky,e ≤ y ≤ H k ,
(10)
I k ( x, y ) = 
 I k ( x, y ), else,
where I k ( x , y ) and I k -1 ( x, y ) are the kth and ( k -1)th frames after compensation and
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(Vkx,e ,Vky,e ) the coordinates of Vk ,e .

Fig. 4 shows the result of camera compensation, where

(c) is the result by applying the above camera compensation method to (a) and (b).
3.2 Background Adaptation
After camera compensation, the background of a surveillance scene can be considered still.
However, due to different light changes, the background will gradually change at different
time.

In order to overcome this problem, a background adaptation scheme should be

adopted for well tracking objects. Assume I k ( x , y ) and Bk ( x, y ) are the kth frame and the
background respectively.

Using the previous L images, the background can be adapted by:
L

Bk = ∑ wi I k −i ,

(11)

i =1

where L is set to be 100 in this paper and wi is the weighting factor.

Let µ k be denoted as

Then, the wi can be determined according to the distance between µ k

the mean of I k .

and µ k −i and the time difference of I k −i to current frame I k as follows:
i
wi = (1 − )(1+ | µ i − µ i −1 |)−1 Ω −1 ,
L

where Ω =

L

∑ 1+ | u
i =1

i

i
1
(1 − ) .
i −1
−u |
L

3.3 Image Difference and Binarization
In this paper, the level set technique is used to detect and track different moving objects.
The success of this technique strongly depends on a proper speed function F for guiding the
process of curve evolutions.

This paper uses three ingredients for defining the F, that is, the

pixel motions, object variances, and background variances.

In what follows, details of

methods to obtain the above three ingredients are described.
Assume dI k ( x, y ) is the k th differencing image, i.e.,
dI k ( x, y ) = I k ( x, y ) - Bk ( x , y ) .

(12)

Then, according to dI k ( x, y ) , a thresholding technique [21] is applied to obtain possible
variances of objects and background, respectively.

Let s g denote the global variance of the

image like Fig. 5. In addition, s1 and s2 are the variances of inside and outside parts
separated by the dotted line.

The optimal threshold T for binarizing an image can be found

by minimizing the within-group variance as follows:

t = arg min sw2 (t ) and sw2 (t ) = q 1s12 (t ) + q 2s22 (t )
t
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(13)

where q1 (t ) = å P(i ), qt (t ) =
t

i =0

and

G

å P(i ) = 1 - q (t ) ,
1

i =t +1

G the maximum gray value of dI k ,
The global variance s g2

P(i ) the occurrence probability of intensity i in dI k ( x, y ) .

is defined as:
G

sgt (t ) = å | i - mg (t ) | P (i ) ,

(14)

i =0

where mg (t ) =

G

å iP(i ) .
i =0

From Eq.(14), after some calculations, we have

s g2 (t ) = sw2 (t ) + q1 (t )q2 (t )[ m1(t ) - m2 (t ) ] .
2

Then, we have

sg2 (t ) = s w2 (t ) + s 2 (t ) ,

(15)

where s 2 (t ) = q1(t )q 2 (t )[m1(t ) - m2 (t )]2 . Since the s g2 is a constant, the problem to find a
threshold T that minimizes sw becomes finding a threshold T which leads to the maximum
of s 2 .

Since the number of possible values of T is small, the optimal T can be easily found

by trying all the possible values of T which maximizes s 2 .

With this idea, details of

finding the optimal threshold T can be illustrated as follows:
Set Old _ σ 2 ( t ) = 0;

For t = 0 to G
Compute q1 , µ1 , q2 , and µ2 ;
Compute new _ σ 2 (t ) = q1 ( t )q2 ( t ) [ µ1 ( t ) − µ 2 ( t ) ] ;
2

If New_σ 2 (t ) > Old_σ 2 ( t ), then

Set T = t;
Old_σ 2 ( t ) = New_σ 2 (t );

End If
End For
Once T has been obtained, rough boundaries between objects and backgrounds can be
2
2
estimated and thus their variances s object
and s background
can be, respectively, calculated.

3.4 Object Detection
2
2
Once the variances s object
and s background
have been obtained, in what follows, we will

describe a level-set method to detect and track different moving objects from video sequences.
As defined before, dI(x,y) is the different image between two consequent frames. According
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2
2
to s object
, and s background
, we define a speed function F as this equaiton:

F ( x , y ) = 1- exp(

ìï sobject ,
if dI ( x , y ) ³ T ;
and s = ïí
ïïîsbackground , if dI ( x , y ) < T ,

Max- | ∇dI ( x , y ) |
)
2σ 2

where |∇dI ( x , y )| is the gradient of dI(x, y),
the threshold obtained from Eq.(13).

(16)

Max the maximum of |∇dI ( x , y )| , and T

If |∇dI ( x , y )| approaches the maximum, then the

desired object curve gradually attains a zero speed as it gets closer to object boundaries.
The gradient operator is a direction-dependent operation.

For detecting any object motions,

it is better to use a direction-invariant operator to calculate |∇dI ( x , y )| . Thus, we calculate

|∇dI ( x , y )| with this form:
|∇dI ( x , y )|=
+

1
∑ (| dI ( x + i, y + i) − dI ( x − i, y − i ) | + | dI ( x + i, y − i ) − dI ( x − i, y + i ) |) (17)
8 i =1,2

1
∑ (| dI ( x + i, y + j ) − dI ( x − i, y − j) | + | dI ( x + i, y − j ) − dI ( x − i, y + j ) |) .
8 (i , j )=(1,2)or (2,1)

Assume X (t ) and C(t ) are an object point and the desired object boundary at time t.

If

the level set function f(X (t ), t ) is a distance function of X (t ) to C(t ) , C(t ) can be
detected from f(X (t ), t ) by tracing all points satisfying f(X (t ), t ) =0.

Let dCB denote the

chess board distance as:

dCB [(i, j ),(h, k )] = max(| i - h |,| j - k |) .

(18)

Then, the discrete approximation of f(X (t ), t ) is then represented by

fijn +1 = minn dCB [(i, j ),(h, k )] ,

(19)

(h,k )ÎC

where C n is the approximation of the zero level set { f = 0 } from fijn .

Initially, when

n=0, the value of fijn is set to negative if the point (i,j) is inside the initial curve C 0 and to
positive if (i, j) is outside C 0 . Like Fig. 6(a), the red curve is the initial curve C 0 .

All

points on the curve C 0 are set to zero, negative, and positive if they are on, inside, and
outside C 0 , respectively.

When evolutions, the narrow-band updating technique [5] is

used here for speeding up the efficiency of object tracking.

The whole object detection and

tracking algorithm can be summarized in details as follows:
Step 1: Initialize the level set function fij0 and set n=0.
Step 2: Calculate fijn+1

with the speed function F, C n , and fijn according to Eqs.(5),

(16) and (19), respectively.
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Step 3: Find the curve C n +1 from fijn+1 =0 with the narrow-band technique [5].

Set n

= n+1.
Step 4: If C n +1 is not changed (the same as C n ) or the iteration is enough, then stop;
otherwise go to Step 2.
Fig. 6 and Fig. 7 and show the results when different pedestrians appear in the video
sequence.

Different from other tracking techniques, the proposed level-set method has good

capabilities in tracking objects even they have been split or merged. Fig. 16 shows the
results when observed objects have some merging and splitting conditions.
3.5 Analyzing Object Statuses
Once different moving objects have been extracted, we should analyze their statuses across
different frames based on an object relation table for observing their behaviors.

The

analysis can provide important information for achieving different security-related
applications, like stealer detection, home security maintenance, parking management, and so
on.

The object relation table is a 2-D matrix Ri , j , where i denotes the i th object in the

current frame and j is the j th object in the previous frame.

The value of Ri , j is set to

one if the objects i and j have some overlapping; otherwise, Ri , j is zero.

For example,

Fig. 8 shows two objects found in two adjacent frames, where objects with gray color denote
they appear in the previous frame and the white color denotes they are in the current frame.
Then, an object relation table can be created as Table 1.

In this table, two measures

SOC (Sum of Column) and SOR (Sum of Row) are used to analyze different object

behaviors.

The SOC and SOR are defined, respectively, as follows:

SOC (i ) = å Ri , j and SOR( j ) = å Ri , j .
j

i

According to the values of SOC and SOR , we can categorize object behaviors into six
different statuses as follows:
Case 1: if SOC (i ) is zero, the object i in the current frame is a new object.
Case 2: if SOC (i ) is one, the object i appears both in the current and previous frames.
Case 3: if SOC (i ) is larger than 1, there are SOC (i ) objects appearing in the previous
frame and merging together into the object i in the current frame like the case in
Fig. 9.
Case 4:

if SOR( j ) is zero, then the object j in the previous frame disappears in the
current frame.
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Case 5: if SOR( j ) is one, the object j appears both in the current and previous frames.
Case 6: if SOR( j ) is larger than one, the object j in the previous frame is split into
different objects in the current frame like the case shown in Fig. 10.
According to the above analysis, different strategies can be applied for handling different
surveillance situations.

4. Object Shadow Elimination
In the previous section, through the level set method, different objects have been extracted
from video sequences.

However, due to sunshine or other light conditions, some undesired

shadows will appear in these sequences and lead to the failure of consequent analysis works
like counting objects, estimating object locations, analyzing object behaviors, and so on.
For tackling this problem, in this paper, a coarse-to-fine approach is used to eliminate all
unwanted shadows.

This technique also has been discussed in our previous work [20].

Firstly, at the coarse stage, a moment-based method is applied to estimating different
orientations of each detected object.

Then, according to the orientation and silhouette

features of these objects, a line-based approach is used to roughly separate moving regions
into objects and shadows.

At the refined stage, the rough approximation is further refined

through a Gaussian shadow modeling technique.

The major difficulty in shadow

elimination is the choice of a proper model that can reflect various appearances of shadows at
different orientations and lighting.

According to our analysis in [20], the best model is

parameterized by three features including shadow illuminations, positions, and orientation.
With these features, no matter how many shadows or what pedestrian-like shadows appear in
the analyzed sequence, all the appearing shadows can be completely eliminated. In what
follows, details of the proposed method are discussed.
The first thing to detect shadows is to find the orientation of a moving shadow region.
Like Fig. 11, with the line determined by the orientation θ R and the gravity center PG of the
shadow object, the unwanted shadow can be roughly detected.

The orientation of an object

can be estimated from the properties of object moments. Given a two-dimensional function

f ( x, y ) , the central moment of f(x, y) at order ( p + q ) can be defined as:
( µ p ,q ) R =
where ( x , y ) = (

∑

( x − x ) p ( y − y )q

( x , y )∈R

1
1
x,
∑
∑ y ) and R is the area of R . Then, the orientation θ R
| R | ( x , y )∈R | R | ( x , y )∈R

of R can be obtained by this equation:
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θ R = arg min
θ

Setting the term

1
∂θ

∑ ( x − x ) sin θ − ( y − y ) cosθ 

2

.

(20)

( x , y )∈R

∑ ( x − x ) sin θ − ( y − y ) cosθ 

2

to zero, we obtain

( x , y )∈R

2 µ1,1
1
θ R = Tan −1 (
).
2
µ2,0 − µ0,2

(21)

Then, according to Eq.(21), the orientation of R can be obtained.
After calculating the orientation of the detected object, in what follows, we want to
present a method to detect one boundary line for roughly cutting the shadows from the
background.

This paper assumes the shadows, wanting to be removed, touch the person at

the person’s feet. Then, a straight line can be used to roughly separate shadows from the
detected object.

As shown in Fig. 12(a), the shadow region R2 expects to be cut from the

object region R by the line PRQR .

Since the line PRQR is used to roughly cut a shadow

into two different parts, the point PR can be chosen as the maximum vertical difference
between two adjacent points along the silhouette of the region R .

The silhouette curve

CR ( x) of R can be obtained by tracking the vertical position of the first touched pixel of the
region R when we track all the pixels along the xth column from top to bottom.

Then,

the coordinate ( x p , y p ) of the point PR can be obtained as follows:

x p = argmin | CR ( x ) − CR ( x + 1) | and y p = CR ( x p ) .
x

Let θ R be denoted as the orientation of the object region R .
line that passes through PR with the orientation θ R .

(22)

PRQR can be defined as the

Therefore, without deciding the point

QR , the equation of PRQR can be decided as
y = mx + c,

where m = tanθ R and c = y p − x p tan θ R .
With PRQR , the region R will be separated into different two parts, i.e., R1 and R2 .
Since the pixel intensities of a shadow region tend to be black, it will look more uniform and
have a smaller intensity variance than its corresponding object region.

Therefore, according

to this observation, the shadow region R2 can be easily identified by choosing one of the
separated regions if it has a smaller variance.

However, the line PRQR cannot completely

detect all shadow pixels from R since the boundary between R and the associated shadow is
not a regular curve.

The goal at this stage is to find a rough approximation of the shadow
14

region from R as a base for modeling shadows. Then, with the modeling process, all the
unwanted shadows can be removed more accurately at the refined stage.
In order to completely eliminate the unwanted shadow of R, we need to build a proper
shadow model to model the pixels in R2 .

Due to different lighting sources, shadows can

have different orientations. Clearly, if the orientation of the shadow is not considered in
modeling, small pieces of non-shadow regions near shadow boundaries will be misclassified.
In order to model shadows more accurately, it is better to map the original coordinates into
elliptic coordinates as follows:
 s   cosθ R2
  =  sinθ
R2
t 

− sinθ R2   x − µ x 

,
cosθ R2   y − µ y 

(23)

where µ x and µ y are the means of the x and y coordinates of pixels in R2 , respectively,
and θ R2 is the major orientation of R2 .

Through the transformation, the new Gaussian

model uses the center of R2 as the new origin and the major axis of R2 as the new x axis.
Since the Gaussian model has three parameters affecting the results of shadow modeling,
different weights should be added to each parameter for improving the model validity and
elasticity. Then, the suggested Gaussian object model is defined as follow:

Gsuggest ( s, t, I ( s, t )) = e

−(

ws s2 wt t 2 wI ( I ( s ,t ) − µ I )2
)
+ 2 +
σ s2
σt
σ I2

,

(24)

where ws is the weight for the s coordinate, wt the weight for the t coordinate, wI the
weight for the intensity component, σ s the variance of s , and σ t is the variance of t .
Here, different weights to each parameter are used for improving the validity and elasticity of
this model. In this model, ws , wt , and wI are set to 0.2, 0.3, and 0.5, respectively.

In

what follows, details of the complete procedure for removing unwanted shadows are
described:
Shadow Elimination Algorithm
Step 1: Apply the level set technique to extract a set of moving objects

{Rk }k =1,...,M .

Step 2: For each object Rk , repeat the following steps:
2.1: Use Eq.(21) to calculate the orientation θ Rk of the object Rk .
2.2: Find the separating line PRk QRk based on Eq.(22).
2.3: With the help of PRk QRk , separate the object Rk into two regions Rk ,1
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and Rk ,2 .

Then, the region with a smaller variance is chosen as the

shadow region Rk ,2 .
2.4: Obtain the Gaussian shadow model GRk from Rk ,2 based on Eq.(24).
2.5: Eliminate each pixel (x, y) in Rk if the pixel satisfies the following rule:
GRk ( s, t, I ( s, t )) > Ts ,

where ( s, t ) is obtained from Eq.(23) and Ts is set to 0.8.

4 Experimental Results
In order to demonstrate the superiority of the proposed scheme, three sets of experiments
were used.

All the used sequences were obtained by a general video camera and with the

same image size 320 × 240.

For the first experiment, a static camera was used to capture a

series of image frames for examining the effectiveness of the proposed object detection
scheme.

As to the second experiment, a moving camera was used for testing the proposed

camera compensation method. For the last experiment, a series of images were used for
evaluating the performances of our proposed shadow elimination algorithm.
For the first set of experiments, Fig. 13 shows the results when the background is static
and only a single object appears in the monitored environment. Fig. 14 shows the case
when the analyzed sequence includes multiple pedestrians. Fig. 15 shows another case
when multiple pedestrians appear and connect together. Clearly, no matter what kinds of
cases are handled, the proposed method works well to track all desired moving pedestrians.
On the other hand, the observed objects often have some interactions like talking or
saying hello to each other. In this paper, we use an object relation table to analyze such
interactions.

Fig. 16 shows the case when two moving pedestrians move closely.

they have some conversations.

It seems

Thus, through building this object relation table, different

tracking statuses can be clearly identified and analyzed even though the objects merged and
split several times.

Fig. 17 shows another case when two groups of pedestrians appear.

The next experiment is to deal with the problem when the background is not static.
Fig. 18, (a) is the original sequence captured by a moving camera.

In

Through the proposed

camera compensation, all the images in (a) can be compensated for keeping the background
static (as shown in (b)).

Then, according to the level set algorithm, the moving pedestrians

can be successfully extracted from (a) and shown in (c).
The third set of experiments is used to show the performances of our shadow elimination
algorithm.

Fig. 19 shows the case when one pedestrian appears in the analyzed sequence.
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(b) is the extracted moving object from (a). (c) is the result obtained using the suggested
model (Eq.(23)) with weights ws = 0.2 , wt = 0.3 , and wI =0.5. On the other hand, the
proposed method can also be used to eliminate multiple shadows.

Fig. 20 shows two

pedestrians walking along a road. (b) is the detected object from (a). (c) is the result of
shadow elimination with the suggested model.
pedestrian tracking and shadow elimination.

Fig. 21 shows the whole sequence of

The pink regions mean the detected shadows.

Clearly, whatever the surveillance environment is, all unwanted shadows can be completely
removed with the proposed method.

From these experiments, the superiority of the

proposed method can be clearly verified.

5 Conclusions
In this paper, we have presented a novel approach for tracking multiple objects using
the level set technique.

The framework first uses the camera compensation technique and

the background subtraction to obtain desired object motions.

Then, through defining a

proper speed function, all desired object boundaries can be efficiently and effectively
detected by using a level-set method. Furthermore, an object relation table is created to
analyze different behaviors of detected objects. In addition to the tracking technique, this
paper also proposed a shadow elimination method for eliminating unwanted pedestrian-like
shadows from the analyzed sequence.

The contributions of this paper can be summarized as

follows:
(a) A camera compensation technique was proposed for compensating the background.
Then, different object motions can be well extracted through a subtraction technique.
(b) A proper speed function was proposed for tracking desired moving object.

Thus,

different objects can be quickly detected and tracked through curve evolutions.
(c) When analyzing the moving objects, an object relation table was proposed for
efficiently analyzing object’s behaviors.
(d) A shadow elimination method was used for removing unwanted shadows using
Gaussian shadow modeling.

Through properly parameterizing this model, all

unexpected shadows can be completely detected and eliminated from the analyzed
scenes.
Experimental results have shown the proposed method work very well to track all the
pedestrian-like objects no matter how many moving objects and shadows appear in the
analyzed sequences.
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TABLES
Current

C

D SOR

A

0

0

0

B

1

0

1

SOC

1

0

Previous

Table 1 presents the relationships of moving objects in Fig. 8.
Current

B SOR

Previous

A

1

1

C

1

1

SOC

2

Table. 2 presents the relationships of objects in Fig. 9.
Current

A

C SOR

B

1

1

SOC

1

1

Previous

2

Table 3 presents the relationships of objects in Fig. 10.
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FIGURES

Fig.1 (a) Object boundary (b) Relations between the level set
function f and the object boundary.
Input Image
Sequence

Camera
Compensation

Shadow
Eliminaiton

Fig. 2

(a)

Object Tracking
with
Level Set Technique

Image Subtration
and Thresholding

Object Status
Analysis

Flowchart of the proposed system.

(b)
Fig. 3 Edge results of two images.

(a)

(b)

(c)

Fig. 4 Result of camera compensation.

(a) Original

background. (b) The current video frame. (c) Background
after camera compensation.
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(a)
Fig. 5 (a) Source image.

(a)

(b)
(b) Result after thresholding.

(b)

(c)

(d)
(e)
(f)
Fig. 6 Tracking results when the sequence has only one single object.
(a) Initial frame. (b)-(d) Evolutions of the tracking curve.

(a)

(b)

(c)

(d)
(e)
(f)
Fig. 7 Tracking results when the sequence has two persons. (a)
Initial frame. (b)-(d) Evolutions of the tracking curve.
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Fig. 8 Statuses of moving objects between two frames

Fig. 9 Moving objects A and C in the previous frame have occlusion in the current frame.

Fig. 10 Moving object B in the previous frame is split into two different object A and C.

Fig. 11 Object R and it’s gravity center and orientation θ R
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(a)
(b)
Fig. 12 Object and it’s contour information.

(a)

(b)

(d)

(c)

(e)

Fig. 13 The tracking results of the sequence with a single moving
pedestrian.

(a)

(b)

(d)

(c)

(e)

Fig. 14 The tracking results of a sequence including several moving
pedestrians.
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(a)

(b)

(c)

(d)
(e)
(f)
Fig. 15 The tracking results of the sequence when multiple moving
pedestrians appear and connect together.

(a)

(b)

(c)

(d)
(e)
(f)
Fig. 16 The tracking results of the sequence when the moving pedestrians have
interactions.

(a), (d), and (f) show the cases when two objects separate.

(b),

(c), and (e) show the cases when the observed objects merge together. It seems
these two objects have conversations.
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(a)

(b)

(c)

(d)
(e)
(f)
Fig. 17 The tracking results of the sequence when groups of pedestrians
appear into and have some interactions. (a), (b), and (f) show the cases when
two objects separate.

(c), (d) and (e) show the cases when two objects merge

together.

(i)

(ii)

(iii)
(iv)
(v)
(a) Original sequence

(vi)

(vii)

(i)

(ii)

(iii)
(iv)
(v)
(b) Background after compensation

(vi)

(vii)

(i)

(ii)

(iii)
(iv)
(v)
(c) Results of object tracking

(vi)

(vii)

Fig. 18 The tracking results of the sequence when the background is not
static. (a) Original sequence.

(b) Results of (a) after camera compensation.

(d) Final results of tracking by using the level set method.
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(a)

(b)

(c)

Fig. 19 Results of single shadow elimination when the shadow orientation is
left.

(a) Original image.

(b) Extracted moving object from (a).

(c)

Shadow elimination with the suggested model.

(a)

(b)

(c)

Fig. 20 Result of shadow elimination when two moving pedestrians appear
in the video sequence. (a) Original image. (b) Extracted moving object.
(c) Result of shadow elimination with the suggested model.

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 21 Results of a video sequence after object tracking and pedestrian shadow
elimination. The regions with pink color mean the detected shadows.
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