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Local Structure Based Foreground Object Extraction
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Abstract

This paper proposes a novel foreground object extraction
approach, which combines two kinds of feature
information: image color and local image structure. Due
to the highly complementary characteristic of the two
used features, the proposed approach has a fairly good
foreground object extraction ability when being applied
to various situations. Compared with other commonly-
used methods (such as color-based background
extraction, temporal difference and optical flow), this
method has shown two major advantages: (1) it can
extract rather correct and complete object image even
when the foreground objects and their background
present similar colors; and (2) it performs much robust
under the influence of lighting variation and shadow.
Especially, this method is easy to implement and has a
real-time execution performance. Consequentially, this
method has a high practicability to various applications.

1. Introduction

Foreground extraction from video sequence is
important in many tasks, such as video surveillance, face
recognizing, object tracking...etc. For all of these
applications, foreground extraction is the first step. If the
foreground objects can be extracted successfully, it can
significantly help the following processes such as object
tracking or object recognition and achieve more correct
and robust results.

Over the past several decades, many approaches have
been developed for foreground extraction. Three most
general approaches are background subtraction [1,2,3],
temporal difference [4] and optical flow [5]. The
background subtraction approach is to subtract a current
image from the referenced background image. It is in
principle divided into two stages: the learning stage and
the testing stage. In the learning stage, the background
image is constructed from several pre-collected images
without any moving object. Then in the test stage, the
color difference is calculated from the input image and
the background image pixel by pixel. It is needed to
determine a suitable threshold, so pixels will be classified

Cheng-Yuan Tang

Department of Information Management of
Huafan University, Taiwan

as foreground or background. Similarly, temporal
difference also computes the difference of image pixels
from temporally succeeding input images. If the absolute
value of difference is above the threshold, the pixel is
attributed as foreground. The optical flow approach is to
calculate the movement of every pixel between frames. If
there exists object movement, some obvious changes of
optical flow happen.

However, there are some problems in these approaches.
The computation complexity of optical flow approach is
large, so it is not suitable for real-time systems. When
using background subtraction approach, shadow and light
changes may cause the image difference significant
enough to make wrong decision. Also when the color of
foreground object is close to that of background, the
object will be hard to extract correctly and completely.
The light changing effect is reduced in temporal
difference approach but if the object is static it can’t be
extracted at all.

We therefore proposed a new method of foreground
extraction that uses a designed image structure and color
as features. We define the “contrast of neighboring
pixels” which represents the relation between neighboring
pixels, and combine several kind of relations to represent
image structure. We call it “local image structure”.
Experiments have shown evidently that the results of the
proposed foreground extraction performs much better
than all the commonly-used three approaches.

The outline of this paper is as follows. In section 2 we
describe how to construct image structure and perform
matching. A foreground extraction approach by using
both image color and structure information is proposed in
section 3 and some experiment results are presented in
section 4. Finally, in section 5 we summarize our
conclusions.

2. Local Image Structure and Matching

Based on the imaging optics, a contrast operator is
designed to reflect the constituent relation (larger than or
not larger than) between two image pixels. This relation
records a rough but stable image formation of two pixels.
Combining the relation information among one pixel and



a set of its selectively neighboring pixels, a texture-like
feature can be derived which is called the local image
structure (LIS) of this pixel. Apparently, LIS is a useful
image feature description. This section will first introduce
LIS in detail, and an effective matching algorithm based
on LIS will also be presented.

2.1. Local Image Structure

Let x be an image pixel, I/(x), R(x) and L(x) be
individually the image intensity, the reflectance vector
and the illumination vector of x. From the imaging optics,
it exists I(x) = R(x).L(x). This equation describes the
image intensity is just the product of image reflectance
and its illumination vectors. For another image pixel y, it
becomes /(y) = R(y).L(y). Therefore,

I(x) _ R(x)-L(x)

1(y) R()-L(»)
Suppose pixels x and y are neighbors, being close to each

other, so L(x) and L(y) are assumed to be similar or even
the same. Then

(M

1) R
I(y) R(»)

This equation shows that the ratio of two neighboring
pixels is almost independent of illumination vector, and it
approximately keeps constant if only the background
illumination changes and all other factors remain
unchanged. However, besides illumination there are other
factors (such as surface normal and noises) which can
affect the image intensity. Therefore, it is not proper to
directly take the image ratio as features. Instead the
contrast relationship (larger than or not larger than) is a
better and more stable feature description in representing
the relation among image pixels. For any two pixels x and
v, a contrast relationship is defined as

0. iflf)> I
g“(l(x),l(y»:{ 169> 1) 3)

)

1, otherwise.

The relationship obtains a value 0 if pixel x is not darker
than pixel y, otherwise it obtains a value 1. Let @(x) = {P,,
Py, ..., Py} be an N-clement set and each element
correspond to a chosen neighboring pixel of x. This set is
called interestedly selected pixel set, which specifies how
many and what pixels are chosen to derive the local
image structure. It is not difficult to realize that by
integrating a set of relationship §(I/(x), I(p,)), 1<n<N

among pixel x and its neighboring pixels (Py, ..., and Py)
a structure-like information can be constructed. In fact,
the structure-like information semantically represent one
kind of image texture information. With pixel

relationships, the local image structure I'(x) is designed
as

r= 2 2'x{Ux).1(p,) “)

n=0,p;ed(x)

Figure 1 is an example of ®(x) which uses 8 neighbors
of x to construct its local structure. Obviously, with this
configuration the corresponding I'(x) has in total 256

possibilities ranging from 0 to 255, and each possibility
corresponds to one specific image structure. For
example, when I'(x) is 0, it means that x is the brightest

pixel among it’s 8 neighbors. For another example,
when I'(x)is 7, it means that among its 8 neighbors

only Py, P, and P, are darker than x. This structure
representation is very robust to many kinds of variations,
especially the illumination variation. Figure 2 shows an
illustrative example of the local structure to the images
under various illuminations, which is visualized as
index image where the structure index determines the
pixel intensity. Figures 2(b)-(e) are generated from
Figure 2(a) by using an image processing software with
the following parameters: light value —75, contrast
value —50, gamma value 2.0, and gamma value 0.4,
respectively. It reveals that the designed image structure
is not affected by the illumination variation.

Ps | P2 | Py
P, | X | P
Ps | P | P

Figure 1: One example of the interestedly selected pixel
set d(X), where 8 neighbors of X, Py, Py, Py, P3, Py, Ps,
Ps and P, are chosen to construct the local image
structure of pixel X.

Figure 2: Images with different illumination are shown in
the first row, and the corresponding images of derived
local structures are shown in the second row.



In order to obtain a richer structure information, not
only one but also several interestedly selected pixel sets
can be designed. That is M sets (®y,...,Dy) are used to
construct M kinds of local image structures, which is
certainly more powerful in distinguishing different image
structures. Figure 3 shows an example with M = 3, where
pixels with indices 1, 2 and 3 are chosen for®,, ®@,, and
@; respectively. It is clear that the set number of LIS and
the constituent pixels of each set can be very flexibly
designed in order to produce the best performance for
various encountered applications.

Figure 3:An example of designing a 3-set local image
structures, where pixel x is the kernel processed pixel,
pixels with indices 1 , 2 and 3 are chosen for @, ®,,
and ®; respectively.

2.2. Matching of Local Image Structure

Due to different factors of variations, the image
intensity of the monitored background probably will
change slightly from time to time. Therefore, for pixel x,
its corresponding LIS may be not unique. For
constructing the representative background LIS, a training
stage from a set of collected images not containing any
foreground objects should be performed. After training
for each @, the number r of appeared image structures,
the derived structure values I',,(1<i<r) and their

(1<i<r) can be obtained

straightforwardly for each image pixel. Let S,, denote the
trained result of D, Then

S,®)={(T,.7,)|1<i<r and 7, > 7,,, 20}, where

mi+1

appeared probabilities 7

mi

7, 1s the probability of I',, and Z;r i =1. If there are M
i=1

interestedly selected structure sets, it will certainly

generate M training results, S,..., and Sy;.

To extract objects, an input image has to first compute
its M kinds of LIS based on specified @y,...,Dy;. Let ty,...,
and ty denote the corresponding computed outcomes,
where t,, is derived from®,,. Then a measurement Q to
index the degree that a pixel x belongs to background is
computed as

0= w, (1-ucte) 5)

where w,, and N,, denote respectively ®,,’s contribution
weight and element number, and G(S,,,t, ) computes the

least number of bit difference between ¢, and I',, with
1<i<r,thatis

G(S

m

t,) = min BitCount(T,,, ®1,) (6)

where @ is the bit exclusive OR operation. Obviously, by
definition BitCount(y) computes the number that the bit

of y is not 0. It is worthwhile to mention that when
¢, belongs to S, , ¢, is then the same as one instance of

m?> “m

@1, ) becomes 0.

mi

I',, and consequently m_1]n BitCount(T’

It is clear that the value of G(S,,,?,,) is between 0 and Ny,
and to divide G(S

»t,) with N, makes the ration
between 0 and 1. For an unknown pixel x, if it is a
background pixel, its derived structure values ty,..., and ty
will very probably coincide with some values existed in

r,,---,I', respectively. According to Equation (5), Q

becomes a large value approaching 1.0. On the contrary,
if pixel x belongs to a moving object, its derived structure
values ti,..., and ty will have high possibility to be
different to all values existed in TI7,---,I

Consequentially, Q becomes a comparatively small value
approaching 0. Therefore, from the derived value of Q,
pixel x can be attributed to background or foreground. In
essence, the larger the value of Q is, the more probable a
pixel belongs to background. For avoiding rarely
appeared image structures decrease the discrimination
ability of foreground and background, only those
structures with large enough appearance probabilities are
used to compute G(S,,?, ), that is

m

m’tm

m

G(S,,.t,,) = min BitCount(T',, ®1,) ,
where 7, > threshl (7)

where r is the total number that their individual
appearance probabilities are larger than threshl.
Beneficially, by using only the frequently appeared image
structures, G(S,,¢, ) can be computed faster.

m’tm



2.2. Extraction by Using Image Intensity and
Structure

Besides image structure information, image color can be
regarded as the most important image feature. Therefore,
it is really appropriate to use both color and structure
information to extract foreground objects. For color, the
background model can be simply constructed by using a
mixture Gaussian model (GMM) from a set of collected
training background images. Let f denote the color value
of pixel x, 4 denote the constructed color background

model, ie. A={p,u;,2,}, i=12,..,C where C is the
total number of mixture models, and p;, u; and X, are the

weight, mean and covariance variance of mixture model i
individually. The GMM probability p(f | 1) that pixel x

belongs to background becomes

Hy_ P lz}
p(f‘ ) ;(272_)N/2|2i|1/2 exp{ Z(f /ul) I(X ﬂl)
(8

Combining Equations (5) and (8), an integrated likelihood

LK({T\A, S;,..., S, indicating x to be background
becomes
M
LK(ft, oty | A.S,,S,,) :wc*p0"|ﬂ)+w5*2wm*(17M)
m=1 m

9)

where f is the color value of x,
t1,...,tm are the M structure values of x,
Si,...,Smare the M sets of structure statistics of x,
A is the color background GMM model,
N, is the element number of @,
W, i the contribution weight of @,
w, is the combination weight of color information,
wy is the combination weight of structure

information.

With a suitable threshold T, the decision of x becomes

0 ,whenLK(ft,,---,t,, | 4S,,....S5,)2T;

1 , otherwise.

D(x) = {

(10)

When D(x)=0, x is assigned to be a background pixel, and
when D(x)=1, then x is assigned to be a foreground pixel.

3. Experiments

In order to find out the extraction ability of the
proposed method, two experiments were performed. In
the first, videos are taken from an office site and in total
there are 350 image frames. Among them, the first 140
frames contain only pure background scene. To construct
the respective background models of image color and
image structure, the first 120 image frames are used in the
training stage. For the color model, a single Gaussian
model is adopted. For the structure model, three
assignment sets, @;, @, and @; are selected to generate
three local image structures. The used @, ®, and ®; are
shown in the Figure 3. Therefore, ®;, ®, and ®; contain
the same number of elements, and each has 8 pixel
elements. So, each local structure I',, can be represented

effectively with just one byte. Because the pixels of @,
are closer to the kernel x than those of ®, and ®;, the
value of @, will be more representative for image
structure than those of ®, and ®;. As a result, their
contribution weights will be set differently. In this
experiment, w;, w, and wj; are set to be 0.4, 0.3 and 0.3
respectively. To speed up the process and reduce the ill
effect of rarely appeared structures, Equation (6) are used
to compute G(S,,,¢,) and threshl is set to 0.1. Finally,

the combination weights w, and w,, and the decision
threshold T are set to 0.4, 0.6 and 0.6 respectively. Figure
4 shows the extracted results with different foreground
extraction approaches which contain color-only
background subtraction, temporal difference, structure-
only background subtraction, and the proposed approach.
Visually, extraction by temporal difference is usually
broken and the extracted image mainly focus on both
object boundary and image edges. Although both color-
only and structure-only background subtraction
approaches obtain better results, but they still contain a
few broken areas inside the foreground objects.
Interestingly, the broken areas of the two approaches are
seldom coincided with each other. This phenomenon
displays color and structure information are mutually
independent so that their extraction results have a
complementary effect. This results in that to combine
both of them can produces much complete and correct
extracted objects as shown in Figure 4(f). Figure 5 shows
the second experiment with videos taken from outdoor
hallway. In this video, there is one person who
approaches the picture taken camera and another person
who lingers around at a distance. Again, extraction by
using both color and structure information produces the
best result. From the above two experiments, the
effectiveness of the proposed approach has been clearly
demonstrated.



(@ (b) (©) (@ (e) 1)

Figure 4: Extracted foreground results of videos taken at an
office site by using several approaches, (a) is a background
image, (b) shows three video frames, (c) shows the

corresponding results of color-only background subtraction, (d)

shows the corresponding results of temporal difference, (e)
shows the corresponding results of structure-only background
subtraction, (f) shows the integrated results of using both color
and structure background subtraction.

(@ (b) (© @ (e) 0

Figure 5: Extracted foreground results of videos taken at an
outdoor hallway site by using several approaches, (a), (b), (c),
(d), (e) and (f) denote the same image types as Figure 4.

4. Conclusion

An novel foreground object extraction method has
been proposed in this paper which makes use of both
kinds of image features, image color and image texture, to
attribute one pixel into foreground or background. In the
past, color is often applied alone to extract the foreground
objects. But color is sensitive to the illumination variation
and shadow. If a moving object presents similar color to
the background image, color indeed is not discriminative
enough to separate the object in the integrity. However,
structure feature could be quite different among color-
alike image regions. With this understanding, the
proposed method combines both of them, color and
structure, to extract foreground objects. The designed
image structure feature can be computed very efficient in
the sense of processing speed and memory requirement.
Experiments on videos taken from an office and an
outdoor hallway sites have shown that both features

perform complementary to each other. The extracted
results of our method indeed can obtain much complete
and correct foreground object images even when there
exists illumination variation, shadow and color
approximate between objects and background.
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