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Abstmcf-This paper presents a region-based approach for 
background modeling to economize the use of space. In order 
to he immune to noise and changes resulting from illumination 
or motion, the partial directed Hausdorfl distance is adopted 
while subtracting the foreground objects from the scene robustly. 
Instead of determining the threshold values manually, we use an 
adaptive method tu automatically choose the threshold values. 
Finally, experimental results of appljing our approach on a 
sequence of an indoor scene are provided to demonstrate the 
effectiveness of the proposed method. 

1. INTRODUCTION 

Detecting foreground regions from static scene is an im- 
portant and essential technique applied in many visual appli- 
cations, such as video monitoring system, intelligent traffic 
monitoring system, intrusion surveillance, airport safety, etc. 
It was firstly proposed in 1988 [131 to segment foreground 
objects from static background scene. 

In the simplest approach [7], the background model is 
considered as the long-term average image. As compared 
with the background model, the pixels that have great color 
difference are taken as the foreground pixels. However, this 
method will result in considerable false detection due to 
changes or noise in environment. 

A. Related Works 

In case of traffic surveillance, Fridman [6] modeled the pixel 
intensity as a weighted mixture of three Gaussian distributions 
corresponding to road, vehicle, and vehicle distribution. An 
incremental version of the EM algorithm was used to leam and 
update the parameters of the Gaussian mixture models. In [4], 
IS], a nonparametric background model and the background 
subtraction process based on nonparametric kernel density 
estimation were proposed to handle the situations where the 
background is non-static and contains small motions. In 2000, 
Haritaoglu and Hanvood [8] modeled the background scene 
by representing each pixel by its minimum and maximum in- 
tensity values and the maximum intensity difference. Another 
appraoch that represents the color of each pixel by a group of 
clusters was proposed in [ I ]  to adapt to noise and background 
variation. 

These proposed methods are pixel-based approaches that 
represent each pixel by a individual model. The models for 
different pixels are independent of one another (no context). 
Without taking the contextual information into consideration, 
the pixel-based approaches have a tendency toward false 
detection even applying some sophisticated methods when 
changes or noise occur. 

For the sake of overcoming this shortcoming, block-based 
approaches have been used for modeling the background . 
In [IO], each block was represented by its median template 
and block standard deviation. Moreover, blocks with too much 
difference relative to its template are considered as foreground. 
However, the major drawback of block-based approaches is 
that they are only suitable for coarse detection. 

In this paper, we propose a region-based approach to 
model the background scene as a set of regions. And, each 
region contains only small number of homogeneous colors. By 
modeling background this way, we can reduce false detection 
successfully without sacrificing any benefits from pixel-based 
approaches. 

E. Organizations 
The remainder of this paper is organized as follows. In 

section 2, we describe how to segment the background image 
to a set of regions. In section 3, the means for region 
representation and the algorithm for automatically determining 
threshold values is proposed. In section 4, the partial directed 
hausdorff distance is introduced to extract foreground objects 
from the background scene. Finally, we conclude this paper 
with some experimental results and conclusions. 

11. COLOR SEGMENTATION 
The color segmentation algorithm that divides the back- 

ground scene into a set of regions is the first step in region- 
based background modeling. In the first place, colors in the 
image are quantized without degrading the color quality by 
using the k-means clustering algorithm. After quantization, the 
two passes algorithm described by Rosenfeld and Pfaltz [I  I] 
is used to find the connected components. The result is taken 
as the initial input for the J color segmentation algorithm. 
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A. Ci-ireria 

We define a segmentation SEG' = {RI,  RZ;  ._, Rm J of an 
image I as a set of mutually exculsive regions that compose 
the entire image. In other words, R1 n RJ = 0 for i # j 
and U:, Ri = I .  In our application, we expect that each 
region R' E SEG' resulting from segmentation should have 
the following properties: . The number of quantized colors contained in a single 

region should he a few. 
The pixels that have the same quantized color in a 
segmented region should distribute over the region uni- 
formly. 

The purpose for imposing these two properties to the color 
segmentation algorithm is aimed at finding a set of regions 
that can represent the background scene in an appropriate 
manner. In the next subsection, we will introduce a quanti- 
tative J measure for the color segmentation algorithm called 
J segmentation algorithm. The regions resulting from the 
J segmentation algorithm would well suit to the proposed 
properties. 

B. J Measure 

The idea of J measure is the same as Fisher's linear dis- 
criminant [3] [Z]. It measures the distances between different 
classes So against the summation of the distances among the 
members within each class Sa. J measure will be explicitly 
defined in the following. Let R be a region that contains NR 
two-dimensional pixels. And, m = (m.,mD) is the mean of 
all N R  pixels in the region R, i.e., 

1 m = - x C P  
hrR PER 

Suppose that all NR pixels in region R are classified into 
T classes, R;, i = 1,2 ,  ..., T .  And, let mi, i = 1,2,  ..., T he 
the mean of the NR, pixels in class Ri, respectively, i.e., 

1 
mi = - p 

h'R< 

The total distance S, within the region R is defined as 

and the within class distance is 

Ip 

~ 
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The segmentation measure Jssc for a segmentation 
SEG = {R',  R Z ,  ..., R"} is the weighted sum of J for each 
region R' E SEG. 

m 

J ~ E C  = NnL x J R ~ ,  ( 5 )  
1=1 

where Nn. is the number of the pixels in the region R', and 
JR. is the J measure for the region R', respectively. This 
measure will be used to determine the more suitable number 
of regions for the J segmentation algorithm. 

C. J Segmentation Algorithm 

The major idea for color segmentation proposed in this 
paper is to merge two adjacent regions into a large one until the 
number of the regions is smaller than a desired value m. At 
first, each connected component generated from Connected- 
Component-Finding algorithm is taken as a single region. 

Then, we sort all regions according to their size in ascending 
order. The smallest region is selected and merged with the 
adjacent region that will result in the lowest J value. The 
great details of the color segmentation algorithm is shown in 
Algorithm 1. 

Algorithm 1 J Segmentation Algorithm 
Input (m): the expected number of regions 

in the resulted segmentation. 
So t Connected-Component-Findmg(IB) 

The next coming problem is how to determine the most 
suitable value m. In the following, we propose a systematic 
way to determine it. The process stam by repeatedly invoking 
the J color segmentation algorithm with different input values 
m ranging from 1 to 100 to obtain the different segmented 
image SEG(m). Figure 1 shows the plot of segmentation 
measure .Jssqm) versus the value m, the number of regions 
in segmentation SEG(m). 

From Figure 1, the segmentation measure JsEc(,,) is in- 
versely proportional to the number of regions m. For example, 
in the extreme over-segmentation case where colors of all 
pixels in a region are the same, the segmentation measure 
is equal to zero. On the contrary, the segmentation measure 
will be large when we merge all regions into a single region. 

Let the above 100 segmentation measure values be one- 
dimensional samples, q ,  ZZ, ..., z10o in order. The global stan- 
dard deviation ag for all samples and local standard deviation 

(4) 

A higher J indicates that the pixels with different color are 
more separated from each other. On the other hand, J is low 
if the pixels with different color are uniformly distributed over 
the region. 



P i ^_ ,̂. 
. C is a 3 x 3 covariance matrix. For simplicity, we assume 

independence among three different color channels, so 
that 

1 1 1  21 11 * I  5 1  61 7 1  81 ilm 
where OR,  UG, and OB are the standard deviation values 
of red, green, and blue color channels, respectively. 

Fig. 1. 
number of resulted regions m after segmentation. 

The chan shows a plot of segmentation measure J s E G ( ~ ~ )  VI. the 

Fig. 2. The Row chan ofthe background modeling process. 

q ( i )  for each sample 5; are 

Under such representation, we adopt Mahalanobis distance 
[3] r for measuring the color distance between a pixel p = 
(PR,PG,PB) and a cluster C = ( p , E ) .  

Assume that a region R is represented by the IC clusters 
Cl, CZ , ..., CK,  the distance from a pixel p to the region R is 
defined as: 

dR@) = min{r@,Ci)li = 1 , 2  ,..., K } ,  (8) 

where K is the number of quantized colors in region R 

We take the most suitable value m for background modeling 
as the index of the first sample whose local standard deviation 
is smaller than the global standard deviation. 

111. REGION-BASED BACKGROUND MODELING 

After color segmentation, the background scene is parti- 
tioned into a set of mutual exclusive regions that may contain 
several different quantized colors. In this section, we propose 
a method to represent each region by a group of clusters with 
two parameters, threshold 6 and fraction f. The detailed flow 
chart for background modeling is shown in Figure 2. 

A. Region Representation 

In order to keep a record of color information in a region, 
the pixels with the same quantized color are modeled by a 
cluster C. Each cluster is represented as C = ( p ,  E). . p = ( p ~ , p ~ , p ~ )  is a 3 x 1 mean vector. p ~ ,  pc, and 

p~g are the mean values of red, green, and blue color 
channels of all pixels in the cluster, respectively. 

B. Adaprive Thresholding 

The objective of adaptive thresholding is to select a thresh- 
old value for further background subtraction process. We 
propose a histogram-based approach in this paper. By using 
the next 10 backmound scenes, the distances between the 

(6)  - 
pixels in a region and the correspondent region model are 
used to generate a distance histogram for each region. We 
make an assumption that some noise pixels in each region 
may result in an additive Gaussian distance distribution. Under 
such assumption, the mixture probability density function of 
the distance histogram can be formulated as 

where PI and p2 are the mean values of the distance distribu- 
tions resulted from background and noise pixels, respectively. 
And, UI  and u2 are'the standard deviation values of two 
distance distributions. 

For a threshold value 8, PI, p2, ul, and 02 are given, 
respectively, by 
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Fig. 3. The Row chan of background subtraction process 

where m ( d )  is the probability of the distance value d. The 
threshold value for each region is found by minimizing the 
mean squared error e between the mixture probability density 
function P ( d )  and m(d). 

m 
e = ( P ( d )  - m ( d ) ) 2  

d=O 

Another parameter f is defined as W I  x Pl(d). Intu- 
itively, the fraction f stands for the percentage of the actual 
background pixels in a region. 

IV. BACKGROUND SUBTRACTION 
In order to be immune to noise and changes, the partial 

Hausdorff distance is adopted to detect the regions that contain 
the foreground objects. Then, after obliterating some pixels in 
these regions, the foreground objects are extracted from the 
image. Figure 3 shows the details of the subtraction process. 

A. Partial Directed Hausdorf Distance 
The Hausdorff distance HD is one of commonly used 

measures for object matching 191 [12]. The classical HD 
between two pixel sets A = {al, a2, ..., a N l ]  and B = 
{b, ,  bz, ..., b N B }  of size NA and No, respectively, is defined 
as 

H ( A , B )  = madh(A,  B ) ,  WB, A)), (12) 

where h(A, B)  is called the directed HD from the point set A 
to B. 

The partial directed HD is defined as 

h f f ( A , B )  = K::AdB(a), (13) 

where d B ( a )  is the function measuring the minimum distance 
from the point a E A to the point set B and K; iA  denotes 
the Kth ranked value of &(a). 

In this paper, the partial directed HD is used to measure the 
distance between the regions Rf in the input image and the 
regions RA in background scene represented by a group of 
clusters. Substituting for &(a) by dn@) defined in Eq.(8), 
the partial directed HD between two regions, Rj and R, is 

The value K used in the paper is f x Nn;, where f is the 
fraction parameter of the region RL. The region Rf is taken 
as the potential region that contains the foreground objects if 
the value hx(R4, R,) is greater than the threshold parameter 
8 of the region R,. 

B. Foreground Extraction 
After determining the potential regions, the next step is to 

identify which pixels belonging to the foreground object. The 
following is the strategy adopted in this paper for foreground 
extraction. . In the potential regions, the pixels that have the distance 

less than the value 0 are considered as the background 
pixels. 
A fraction (1 - f )  of the pixels that have the minimum 
distance greater than the value 6' are also taken as the 
background pixels. 
The remainder of the pixels are extracted as the fore- 
ground pixels. 

From the above, our approach can tolerate noise or slight 
camera vibration. 

V. EXPERIMENT 
Some experimental results of our approach proposed in this 

paper are shown in this section. The size of images acquired 
by AXIS 2310 PTZ Network Camera is 352 x 240. And, the 
camera is set up on the ceiling for monitoring the front door of 
our e-home demo site in the Intelligent Robotics Laboratory 
of National Taiwan University. The number of the regions 
after applying the J segmentation algorithm to background 
scene is between 57 to 65. Three cases are used to exhibit the 
effectiveness of our proposed approach. 

In case one, a scene containing a person walking through 
the comdor is used to show that our approach can detect the 
foreground objects correctly under normal condition. Figure 
4(d)(f) shows the experimental results that a person is detected 
successfully. 

In the second case, the images captured by the camera are 
manually shifted up by several rows to test our approach. 
Figure 5(b)(d) show that our approach can cope with the 
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Fig. 4. (a) is the background xene of our e-home demo Site. (b) is the result 
af ta  detection when the xene conmins no foreground objects. ( d )  and (0 are 
the results after applying our approach to the scenes (c) and (e). 

Fig. 5. 
and three rows, respectiuely. 

(a)@) are the images after shifting the aiginal images up by one 

camera displacement situation. On the upper part of Figure 
5(b)(d), only a few pixels that reside in the boundary between 
two regions are misclassified as the foreground pixels. 

Finally, the images resulting from inclusion of a zero mean 
Gaussian noise to RGB color channels independently are 
shown in Figure 6(a)(c)(e). Two Gaussain noises with different 
standard deviations, N(O,u*) and N ( O , d 0 ) ,  are added for 
verifying our approach. Even under noisy condition, our sys- 
tem is still able to detect the foreground objects successfully 
as shown in Figure 6(e)(f). 

VI. CONCLUSION 

In this paper, we present a region-based approach to model 
the background scene. The background scene is first parti- 
tioned into a set of representative regions by applying the 
J segmentation algorithm. And each region is modeled by 
a group of clusters to economize the use of space. The partial 
directed Hausdorff distance is adopted for subtracting the 
foreground objects from the background scene robustly even 
under noisy or non-static environment. The background scene 
under three different conditions are. provided to demonstrate 
the effectiveness of the proposed method. In the near future, 
boundary variation and the relations among the differen1 

Fig. 6. 
Gaussian noise N(0,  lo2) is added to generate the image (e). 

(a)@) are the images compted hy a Gaussian noise N ( 0 , Z 2 ) .  A 

regions will be taken into consideration to adapt to the 
background changes in a more robust way. 
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