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AUTOMATIC SEGMENTATION OF
MOVING OBJECT AND BACKGROUND "

ZHAN Jing-Feng QI Fei-Hu ZHAO Xue-Chun

(Pepartment of Computer Sctence and Engineering. Shanghat Lactong University, Shanghar 206030 Chinat

Abstract A moving object detection method in video sequence was proposed.
which is considered a fixed camera model. Firstly. a new method was presented
for detecrion of chenges of motion. After the change detection. the recursive
higher-order mothod was used to extract the change from the Gaussian noise.
Compared with the classical higher-order statistics method . the recursive higher-
order statistics method uses the former n images information. so ir can ocbrain
better estimates of HOS to reduce the effect of additive noise and detect the small

object and perform well on segmetation.

Key words  video sequence segmeniation. recursive higher-order siatistics. mor-

phology filtering,

Introduction

Detecting and segmenting moving objects in & siatic scene is an important computer
vision task [1_. In object recognition applications. the segmenranion of moving ohjects 1s
the first =tep for system. Objert-bazed coding of video sequences . which is currently under
investigation in MPEG-4. is a new video compression technique used in wireless communi-
eation system such as mobile computing and very low bit-rate telecommunication applica-
ten such as public-switched telephone netwerk (PSTNY. It is well known that the presemt
block-based video coding methods such as H. 261 and MPEG-2 have block artifacts and
mosguito effects in very low bit-rate environments. The reason is that the traditional video
standards such as H. 261 and MPEG-2 are low-level techniques in the sensze that no seg-
mentation or analysis of the scene is required [27]. Object-based coding method partirions
video sequence into moving object and still background. It can achieve high compression
ratios. S0 the segmentation of moving object from background is an important step in ob-
ject-based coding algorithms. In MPEG-4. the segmentation of moving object and still

background is also used Jor content-based functions such as video editing.
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There are a lot of approaches for the segmentation of moving object from still back-
ground. In general, these methods use the absolute differences of subsequent frames to
extract the moving information of an object. S. Haddadi and C. Fernandez [3] used a
Markowian approsch combined with statistic parameters of second order. And Hotter et al.
[4] proposed an iterative approach. in which am image is first divided into unchanged and
changed areas. Leung et al. [5] proposed a voting scheme to get the regions of inrerest.

I this paper, we develop a segmentarion method [6] for detecting the moving object
in srifl background. Different irom the former methods which only use the displaced {rame
difference ¢DFID} as the change detection. we use the discrete temporal derivation Grix.
vt} of the discrete gradient magnitude Gix.v.t? of image to detect the changed arcas of
image. Becausze the moving object”s =dge is stressed. the change of moving object is more
obvious than the still background. After change detection. we use the recursive high-order
method 1o extract the non-Gaussian structured inter-frame variations from the Gaussian
noise, Because of using the former n images informarion. it can be used to obiain better
estimates of HOS 1o reduce the efzct of additive noise and detect the small obhjeet and per-

form well on segmentation.
1 Principle of the Segmentation Algorithm

Figure 1 gives an overview of the principle of the segmenration algorithms. The pro-
posed segmentation method can be subdivided into the following steps;

First. the change areas of two different frames are derecred. Wirhout using the for-
mer method to get the difference of the different frame, we get the discrete temporal
derivation Geix.y.t) of the discrete gradient magnitude Gix,y.t) of image (DTD-DGM)
to detect the changed aveas of image. Within textured image regions and slong object con-
rours. the discrete spatial derivatives B, {x,y? and B, {x.y).as well as higher order sparial
derivatives and gradient operators. approximarely show an exponential or twao-sided expo-
nential {Laplacian? distriburion [1].

Second, we use the recursive HOS method ro extract the motion of the image se-
quence from the still background. The higher order method has a good atrribution in ex-
traction of the non-Gaussian signal against the Gaussian noise. During the HOS method.
we decide the local threshold by the feature of the displaced frame difference {DFD) and
use it 10 decide the automatic segmentation threshold.

In the third step. we use morphology filter to smooth the shape of mask and eliminate

the small isalated areas.
2 Change Detection

The previous work about the segmentation of moving object is mostly based on the

displaced frame difference techniques. The displaced frame difference techniques are to
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compuie the pixel-by-pixel k Frame k+1
ahsolute difference of the Frame k }
rwo differenr frames. The i + +
pixel locations differing DTD-DGM OFD
from et indicate
"“change” regions, Howev- l l
er, hecause of the presence
. . Recursive HOS [ % Decide threshold I

of observarion noise. the
frame difference hardly ever l
hecomes exactly zero. 1n . ]

) Morphological operation
this paper. we use a new

method to get the change l .
: Qutput segmentation result
areas of rhe two differner
frames. From Ref. [1].we Fig. 1 The principle of the segmentetion slgorithms
knoew that within textured Bl SRREREER
image regions and along object contours, the discrete spatial derivatives B, {x.y? and By
{X.,y?. as well as higher order spatial dertvarives and gradient operators. approximartely
show an exponential or two-sided exponenrial {l.aplacian} distribution. Especially along
the conrours of moving objects, the discrete temporal derivative of the discrete gradient
magnitude of the image is expected to approximarely show a Laplacian distriburion in mov-
ing textured regions,
2.1 Probability distribution of image derivatives

As we show in the front of this section. the discrere spatial derivatives of image ap-
proximarely show an exponential or two-sided exponential {Laplacian} distribution
OBz yt|

A

P{O(B?(I._Y?}%g{:‘EXp{* (1

where Bix,y} is the local image brighrness at location {r.y1.() is a spatial derivative op-
eraror and A is an experimental constant. By testing a number of images. we can confirm
this qualitative law. Figure 2 illustrates an example of real image from MPEG-4 test se-
quences. The Fig. 2 shows an exponential distribution.
2.2 Motion detection

The object of mortion detecrion is to distinguish remporal variations caused by object
moving from noise and background. Here. we use the difference of the discrete gradient
magnirude for motion detection. The advantage of the method is that the morion of the
edge of moving object is stressed. However, the textured moving object points, especially
along the moving contours show a Laplacian distribution. It can be extracted by HOS a-

gainst (Gaussian noise.
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Fig. 2 ta) B, using Subel operation. (b) I, using Sobel operation, (c1 @5 using Sobel operatoin .
{d? histograrm of B,. {e) histogram of B., {I) hictogram of G
B2 to)fEH Sobel EFBHM B, (b1 H Sobel EFBHMB., (VEH Sobel ETHAIM G,
W BEMEFE. ) BMEAFE . O GHERFE

We define the difference of the discrete gradient magnitude of the two frames as;

g
dy

CGrlry) =Gl — Aryy — Ay — Gz, ¥y =— S - %G‘(I.y,‘i — Ay« —Gixr. 0.

{23

Gix.v) is the discrete gradient magnitude of the image. Gir—Ar.y— Ay is the dis-
crete gradient magnitude of the next frame. In fact. Gy (a3} s also the discrete temporal
derivative of the discrete gradient magnitude of the two frames. As we indicared in the
front of the section, Gri{x.v} is expected to approximately show a laplacian distribution

in moving iextured regions and, especially, along contours ¢ of moving objects;

Gf".‘r._})) y

EiGriropr|c} o Sexpi— (3

24
where X is an experimental constant,
3 Recursive Higher-order Statistics

HOS-based methods already began to be used to estimate the motion in the presence
of noise [7]. These include motion estimation and moving object segmentation. Higher-or-
der cumulants of non-Gaussian processes are estimated in the presence of unknown deter-
ministic and/or Gaussian signal. And noise can be realistically described as a colored Gaus-

man provess. 5o, by HOS-based method we can estimate the motion of moving cobject in
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image sequence . which is severely corrupted by additive Gaussian notse. [n practical situa-
tions. the fourth-order cumulant is used in the process of a3 symmetric probability density
function. In particular. the fourth-order cumulant has a good Gaussian nose rejection ca-
pability.

The previous work used a traditional estimator of the {ourth-order cumulants for mov-
ing ohject segmentation. But Elisa Sayrol showed in Ref. [8] that image information is re-
peated along the sequence. This redundancy may be used to obtain better estimates of
HOS to reduce the effect of additive noise. Amblared indicated in {97 that the recursive
higher-order statistics can overcome the disadvantage of the traditional estimator of the
fourth-order cumulants.

3.1 Recursive higher-order statistics

The recursive higher-order statistics for moving object segmentation is derived a= fol-

lows ;
N« 504
mi il 3 -
Ja:é=_i‘—(',§—_3‘g¢_|{oif [ ]
Mr:—ﬁd‘

where

& w1 a v 1 A , _

E, G =K {GR + "EN .(__,‘?I‘J Gh — E,_ 1G] {5}

where {1, denotes the spatial domain that contains the pixels from a region. N is the num-
ber of such pixels. e. g. for {3, 3 » 3 window, N =9, The coefficient p is decided by the
change of scene. If the scene in the image sequences changes rapidly. the roefficient p is

chosen close to one. and close 1o zero otherwise.

i
The square o, of the variance of noise is estimated hased on N, .which is correspond-

ing to static hackground 7,

. 1« ” 1
Uéd:ﬁ._.(;w My = =

Gr.
e N
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"

where N, is the number of the static background pixels of m windows,
When we estimarte the [irsi two fraumes of the sequeace or we must reset the comput-
Ing. we can’t get the fourth-order recursive cumulants by the lunction {4). So we define

the fourth-order recursive cumulants of single {rame as fallows;

mESL 1 " -3
Sz = ?GTT — 3 - N >Gr. E G = _rmezﬂm{:“r.

3.2 Moving object segmentation

BDuae to the non-Gaussian signal discrimination capabilities of the HOS, we use the re-
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cursive higher-order statistics to detect non-Gaussian structured inter-frame variations.
such as those due 1o edges helonging to moving objects. against completely random com-
ponents and noise effécts. We assume H, to be the “still background” class and H,. the

“{oreground or covered /tiscovered background™ class, if
4 b
Foe oty EH,. Ju>cciel,) € H,

where ¢ s an experimental constant.
3.3 Decisien of the loeal threshold

Ta automatically segment the maving object in static background. we must estimate

the square 2?;. of the variance of noise on the static background 7. By analyzing the shape of
the difference mmage histogram, we give an adaptive method to decide the static back-
ground 4 [5]. The separation between the stationary regions and the moving regions oc-
curs at the valley point with the largest slope change. Figure 3 ilustrates an example of

displaced frame difference of two frames.

1431

Fig. 3 fa} The displaced frame difference of two frames after threshulding, (b1 histogram
of the displaced frame difference of two frames

3 e WELEMMEER. b MEMAEHNETE
4 Regulation of Mask

The change detection methods have a major drawback. Unless moving objects contain
sufficient texture. anly occlustion areas are marked as changed while the interior of objects
remains unchanged [2]. So we should use marphological aperation to overcome the draw-
hack. The method we use is morphological close-opening operation. The operations have

two advantages. One is hole filling. The other is shape simplification.

5 Experimenial Results

In this section. the results of our segmentation algorithms are given for the three
MPEG-4 test sequence, Akivo. news and hatl monitor. Figures 4,35.6 illustrate the re-

sules.
& Conclusion

In this paper, we develop a method for segmenting the moving objects from stili back-
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Fig. 4 Segmentatien results on Ak sequence . (2] ongmal. (5 segmentation result

M4 Akivo EERMSHER, o BHEMS. (b HIHER

b}

MPEE

WORLD

MPEGSE
GHLE

Fig. 5 Segmentation results on news sequence. {(a) oniginal. (b scgmentation result

B 5 New: BIBRFEMESMER, 1 BHEA®R. b 3ER

ta} {b}

Fig. § Segmentation results oo hall moniror sequence. {27 original. (b} segmenmtion resulr

B é Monitor BEREFIGHPER, (a) ERER. b)) 7HER

ground. The method is based on change detection. After the change detection. the recar-
sive higher-order statistics is performed. At the end of the method. we use a morphologi-
cal close-opening operation to overcome the drawback of change detection. Further re-
search will be carried out on two topics in the future, First. the ramera motion estimation
and compensation should be investigated against the fixed camera model. Because in really
video sequence, the background is not always still. Second. in recursive higher-order
statistics step, the coefficient g of function (5) is decided by the change of scene. If the
scenie in the image sequences changes rapidly. coefficient g s chasen close to cne, and

elose to zero otherwise, So we must design & scene change detector to decide the coefficient

1.
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