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Abstract 

We propose a novel algorithm for robust object de- 
tection and segmentation, which is based on a new ro- 
bust dissimilarity measure called as Radial Reach Cor- 
relation (RRC). The capability of detecting new ob- 
jects from a complex background is one of the most (,I. r ~ t r - e n 2  :%qe (D c-~rren:  scerle (c) RRC imaqe 
important technologie for many vision systems. The 
usual approach for detecting new objects from a back- 
ground is simple background subtraction. However, 
it is strongly influenced of brightness changes such as falge 

positives 

shadows and gain change of the imaging system. The 
RRC is a new robust dissimilarity measure and has 'd's?le '' t k round (e) s y l e  h i  k round ( f )  s le back round 

sub ract lonqth-8) sub ractlonqth-15) s s r a c t l o n ? t h - 3 0 )  

a well-formed probabilistic model of binary or normal 
density. The RRC evaluates the local texture between Figure 1: Overview. 

a background image and the current scene and realize 
robust object detection under poor conditions. Exper- flows [7] have been proposed. However, it is well known 

imental results with real images show the effectiveness that such techniques have problems in stability and cal- 

of the proposed method. culation costs. 
In this paper, we propose a novel algorithm for ro- 

1 Introduction bust object detection and segmentation, which is based 
on a new robust dissimilarity measure. This paper in- 

The capability of extracting new objects from a corn- cludes a theoretical modeling and analysis of the pro- 

plex background is a fundamental and important tech- posed method and some experimental results with real 

nology for human tracking[l], motion analysis [2] and images. 

image sequence understanding [3, 4, 51. The usual 
method for detecting objects from a complex back- 2 Radial Reach Correlation (RRC) 
ground is simple background subtraction. However, 
simple background subtraction is susceptible to illumi- Figure 1 shows the processing result of the RRC and 

nation change such as shadows, and when the bright- the conventional technique. Figure 1 (d)-(f) ~hows a 

ness differences betwwn objects and the background result of simple background subtraction which contains 

is small, it cannot detect the difference. These prob- the following problems: 

lems cause the consequent processes such as tracking, 
recognition, etc., to fail. In order to cope up with these 
problems, some algorithms such as color based subtrac- 
tion technique [6] and the technique based on optical 
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Regions with the small brightness differences are 
undetectable (false negatives). 

Shadows are detected (false positives). 

Figure 1 (c) shows the RRC image. This figure 
shows that such kind of problems are solved, and the 
person's region is detected well. 

The RRC consists of the following two characteristic 
elements: 



background Figure 4: Distribution of frequency of pair selection. 

Figure 2: Radial Reach Correlation. 

In actual calculation, the RRC pairs are determined 
first. The arbitrary positions in the image are given 
by vector p = (x, y)T. The directions which length- 
ens the reach are given by the direction vectors dk 

(k = 0 , 1 , . - . , 7 )  . = ( l , ~ ) ~ ,  dl = ( 1 , 1 ) ~ ,  d2 = 
( 0 , 1 ) ~ ,  d3 = (-1, I ) ~ ,  d4 = ( - 1 , 0 ) ~ ,  d5 = 

(- l , - l )T,  4 = (O,-l)Tl d7 = (1 , -1 )~ .  The{rk}L=, 
which satisfies the following expression is calculated. 

r k  = m i n { r I ~ f ( ~  + ' 1 )  - ~ ( P ) I  t TP(P)I, (1) 

where f is the background image, and Tp(p) is the 
threshold of the brightness difference (see 3.1 for fur- 
ther details about Tp(p)). The set of f (p) and 
f (p+rdk)  with which are satisfied of the expression (1) 

b R .  is called 'RRC Pair'. Figure 3 shows an example of the 

RRC-pairs generated with a real image. The RRC- 
(b) ( c )  pairs with long reach are generated in (c) by which 

brightness is saturated and the texture is lost. On the 

Figure 3: RRC-pairs. other hand, the RRC-pairs with short reach is gener- 
ated in (a) with a fine texture. Figure 4 shows the dis- 
tribution of frequency of pair selection. In the region 

Search for the pixel with the brightness difference 
more than a threshold Tp from the current pixel 
(p). This operation is repeated about eight direc- 
tions in the shape of radiation (see Figure 2), and 
8 sets of the 'RRC pairs' are generated. 

(2) The evaluation value of the current pixel (p) is ob- 
tained by the sign of brightness difference of each 
pairs which are expressed as a binary code (8bit). 

(1) is the rule for obtaining the robustness to  a noise. 
Robust pairs can be obtained by setting up Tp based 
on the noise characteristic of an imaging system (see 
3.1 for further details). And in order to obtain isotropy 
and to introduce majority processing, we use pairs of 
eight directions (see Figure 2). 

(2) is the rule for obtaining the robustness to  illumi- 
nation change such as shadows. In order to obtain the 
characteristic which does not detect an offset of bright- 
ness, only signs of brightness differences are used. 

in which brightness is saturated under the influence of 
lighting, it turns out that the pair point is concentrat- 
ing around it. Also in the region on a desk with a 
weak texture, it turns out that the pair point is con- 
centrating on the surrounding edge portion. However, 
in the region with a dense texture, the pair point is 
distributed uniformly. 

Next, the RRC evaluation value is calculated using 
the RRC Pair. 

~ o ( P )  = { 1 (if f (p+doro )  2 f ( p ) )  
0 (otherwise) 

(2) 

b7(P) = { 1 ( i f f ( p + d 7 r 7 ) t f ( p ) )  
0 (otherwise) 

Let bo(p)--b7(p) (8bit) be the evaluation value of the 
interest pixel of the background image. The evalua- 
tion value bb(p)-b:(p) of the current scene (g(p)) is 
calcuIated in the same procedure. 



Figure 5: Settings of Tp. 

La) scene wl th (b)RRC imam with (b)RRC imam with . . . . 

flickering light ~ ~ ( ~ ) = 5 -  (const.) ~ ~ t i m a l - ~ ~ ( ~ )  

Figure 6: Scene with flickering light. 

Next, in order to evaluate the similarity of the RRC 
evaluation value between the background image and 
the current scene, B is defined as follows: 

where Z = 1 - x. Then, the RRC image R(p) is ob- 
tained by comparing B(p)  with judgment threshold TB 
(see 3.2 for further details). 

1 (B(P) > TB) 
0 (otherwise) (5) 

Figure 1 (c) shows the RRC image. The pixels with 
C(p)  = 1 are shown as white pixels and the others 
(C(p) = 0) are shown as black pixels. This figure shows 
that the human region has detected well. 

3 Design of thresholds 

3.1 Brightness difference threshold : 

TP ( P I  
Tp(p) specifies the minimum brightness difference in 

the RRC pair. Figure 5 shows the examples of the RRC 
images with the constant Tp (0, 4, 8) for all pixels. In 
the case of Tp(p) = 0 (Figure 5 (a)), false positives 
have occurred in the region with weak texture because 
the RRC pairs are generated regardless of the bright- 
ness differences. If the brightness difference is small, it 
will be easy to  be influenced of a noise. On the other 
hand, in Figure 5 (c), the influence of noises are re- 
duced by suitable reach length being set up according 
to the texture conditions. 

P, :m density 
for ffi to ffi 

Figure 7: Probability distributions of pl , pz. 

As a simple way, constant value can be used as the 
value of Tp(p) for all p as mentioned above. However, 
usually Tp can be rationally determined according to 
the noise characteristic of an imaging system. Tp(p) 
should be set as 20 of the distribution of the measured 
noise histogram of the position p. Theoretically, the 
RRC pair is not influenced about 95% of the noise by 
this setup. 

Figure 6 (a) shows a scene with a flickering light. 
Supposing Tp is constant a t  all pixels, false positives 
will occur in the flickering regions (Figure 6 (b)). In 
Figure 6 (c), since optimal Tp is automatically given 
for every pixel, false positives are not seen. 

3.2 Judgment threshold : TB 

TB is the threshold for judging whether the pixel p is 
similar or not between current scene and background 
image. We can utilize the statistical decision theory 
[9] to design TB. Expressions (3) and (4) judge match 
between bk(p) and bL(p). B takes the value of 0 to 8 
according to the number with which bk(p) and b',(p) 
matched about eight directions. Because the probabil- 
ity or frequency that any dk(p) equals 1 is expected 
to be q, the probability density of B(0 5 B 5 8) is 
derived as follows: 

where 6() is the Delta or impulse function [8]. In the 
image sequence from a fixed view point, background 
regions are ideally expected to be similar, and when 
no noise, all dk(p) should be 1, resulting B = 8. In 
real data, however, as shown in Figure 7, p~ is ex- 
pected to have the profile pl as the one for similar 



I Pz :hstgrarn of RRC 
for BG to BG n l I  

Figure 8: Actual measurement of pl , pz . 

image pair, where the profile of distribution of B is 
depicted as an analog function although B is really a 
discrete quantity. Otherwise, a frame of the sequence 
including events should have the corresponding region 
having B around 4 (q = 0.5) as uncorrelated portions 
to the background image. This profile correspond- 
ing to this case can be represented by pz in Figure 
7. The threshold TB should be set up to discrimi- 
nate these two peaks as shown in the figure. Then two 
kinds of error probability can be considered as follows: 
the first kind of error PI = Jp pl (B)dB representing 
the error such that background pixels might be rec- 
ognized as objects (over detection), while the second 
one P2 = JJB p2(B)dB corresponding to the case such 
that objects can be misled as background pixels (un- 
der detection). The loss function derived from these 
error probabilities can be calculated as the averaged 
risks cl . PI + c2 . Pz, where cl and c2 are costs for the 
respective mistakes. We can minimize the loss function 
according to d(cl PI + c2P2) /dT~  = 0 for obtaining the 
optimal threshold TB. The following condition can be 
derived. 

In the case uniform cost cl = c2, we have the sim- 
pler version of the equation pl (TB) = pz(TB). Figure 
8 shows the example histogram corresponding to the 
densities pl and p2, which were actually observed us- 
ing real images shown in Figure 1 (a),(b). These show 
the feasibility of our approximation of the RRC by a bi- 
nary probability distribution. Figure 9 shows the RRC 
images obtained by changing TB. Since the distribu- 
tion of pl and pz has overlapped, over detection and 
under detection are seen depending on a setup of the 
value. In this example, it is desirable to set TB = 6. 

(a) TB-3 (b) TB-5 ( c )  Tw.7 

Figure 9: Tuning of' TB. 

4 Experimental results 

The experimental result under the normal condi- 
tions was already shown in Figure 1. Figure 10 shows 
experimental results under poor conditions. The back- 
ground image was obtained where a window blind was 
closed. Figure 10 (a),(d) were obtained a t  the locations 
which receive direct sunlight. Figure 10 (b),(e) show 
the results of simple background subtraction.These fig- 
ures show that detection has failed owing to the bright- 
ness change. On the other hand, although many noises 
are included, a person's domain can be viewed in the 
RRC images (Figure (c),(f)). The following reasons 
can be considered as cause of the noises. 

(1) Reversal of the sign of brightness difference in the 
regions containing highlights or shadows. 

(2) Saturation of the brightness in gloss parts or strong 
shadow parts. 

When the influence of these false positives cannot 
be disregarded, updating of the background ima.ge is 
needed. However, updating the background image is 
a very difficult problem. Since the RRC is robust to 
brightness change, the frequency of updating the back- 
ground image can be reduced. 

Next, we describe about the experiment that used 
the stereo omni-directiona.1 system (SOS). The SOS 
(Figure 11) developed at our laboratory [lo] provides 
real time omni directional images, stereo images and 
range information of surroundings in a sphere view. 
Figure 12 shows the mosaic panomma image obtained 
from the SOS. The parameter TB = 6 was given and 
the RRC image (c) was obtained. The persons are 
detected well not related to their clothes and the back- 
ground condition. Figure 12 (d) shows the extracted 
regions which obtained by Figure 12 (c) with dilation- 
erosion process. 

Figure 13 zooms in near a portion shown with the 
rectangle in a Figure 12 (b). As for simple background 
subtraction, the region of a breast has not been de- 
tected because of its brightness distributions (Figure 
13 (c)). Furthermore, shadow is strongly detected. On 
the other hand, the RRC image has detected the per- 
son's region well (Figure 13 (b)). And there are almost 
no influences by the sha.dows. 
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Figure 10: Detection of objects under poor illumina- 
tion. 

Next, the experiment which measures the height of 
a person who walks along 1 to 1.5m distance from the 
SOS was conducted using the distance information ob- 
tained from the SOS. Figure 14 shows the result of the 
experiment. The dashed line shows the true value. The 
result that used the RRC is stable. On the other hand, 
the result that used the simple background subtraction 
includes the substantial margin of error. These errors 
are caused by false negatives like shown in Figure 13 

(c). 
The calculation time per an image (900 x 298 pixels) 

with Pentium4 2.2GHz PC was as follows: Generation 
of the reach: around 0.6 (s). Generation of a RRC 
image: around 1 (ms). Although calculation cost of 
the generation of the reach is large, it is performed 
only once first. Therefore, the application to the real 
time processing can be considered. 

5 Conclusions 

We have proposed a novel algorithm for robust 
object detection called as Radial Reach Correlation 
(RRC), which is based on a new robust dissimilarity 

Figure 11: Stereo Omni-directional System (SOS). 

measure. Theoretical consideration and the experi- 
mental results showed the effectiveness of the proposal 
method. As future work, we would like to design a 
method for updating the background image. 
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Figure 12: Experiment with panorama image. 
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Figure 13: Predominancy of RRC. 
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Figure 14: Measurement of person's height. 

O:RW3 
x : sinple backgrourd subtraction 

X X 
X 

0 0 0  0 0 0  .. Q... Q .................................. 

X 
X 




