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Abstract:

In this paper, we propose a robust object segmenta-
tion framework exploiting multiple cues such as shape,
intensity (cdlor) and depth. Though over last few
decades, various segmentation schemes have been de-
veloped, those schemes based on intensity and motion
information have well-known disadvantages. To alle-
viate those problems we take into account depth in-
formation using MRF/GRF framework. The experi-
mental results show the effectiveness of the proposed
framework by clearly separating “objects of interest”
from real, rather than blue-screen, scenes. The pro-
posed scheme will be a key part for wide scope of appli-
cations requiring object-based functionalities as well
as z-keying for photo-realistic mized reality.
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1 Introduction

Over last few decades, there has been growing inter-
est in object segmentation to provide various applica-
tions with object-based functionalities such as inter-
activity and scalability. Nevertheless, coming stan-
dards, e.g. MPEG-4 and MPEG-7, do not specify
how to segment objects, even though those standards
highly rely on object-based representation. The diffi-
culties of automatic segmentation come mainly from
defining semantically meaningful areas because the
definition of meaningful areas itself is not so clear in
many cases [1]. Even in case we have clear definition
about the areas of interest, an accurate and reliable
segmentation is a challenging and demanding task be-
cause those areas are not homogeneous with respect
to low-level features such as intensity, color, motion,
disparity, etc.

- To alleviate those difficulties, several hybrid
schemes have been proposed [2-5]. Among those, mo-
tion information has been widely accepted as a cru-
cial cue, under assumption that the objects of inter-
est (OOI) can be characterized by a coherent motion.
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Note however that this scenario only works for the
case of that the OOI have motion in the scene. Even
in case of moving objects, motion similarity may not
work well due to various error sources including occlu-
sions and inaccurate motion estimation. Therefore,
additional information is inevitable to detect accu-
rate boundaries of objects.

In this paper, we propose a robust segmentation
scheme jointly exploiting edge and disparity informa-
tion. The proposed scheme consists of three steps,
which are (1) edge detection and smoothing, (2)
depth estimation and (3) object segmentation. We
first estimate intensity edge and smoothen both imi-
ages to reduce noise effects. We use resulting edge
information as an initial disparity edge based on the
assumption that pixels tend to have similar disparity,
as well as intensity, within a rigid object. Then, given
intensity edge and smoothed image pair, we estimate
a consistent disparity field with sharp boundary using
proposed MRF/GRF framework [6-9]. Finally, given
disparity and boundary information, the OOI is sep-
arated from the target image, under assumption that
the OOI has limited range of depth and the disparity
is smoothly changing within the OOI, in general. The
resulting OOI containing depth information is ready
to be mixed into another image/video using z-keying,
which is a key part of the photo-realistic mixed reality
system.

This paper is organized as follows. In Section 2 the
proposed hybrid segmentation framework is described
more in detail. Some experimental results and pc;s-
sible extension of this research are given in Section
3 .

2 Hybrid Object Segmentation

2.1 Problem Formulation

Let F; and F; be, respectively, the segmentation
target and reference images in a stereo pair. The
image can be represented as a set of pixels, e.g.

Fl = { 37’0 S i < Nz’o S .7 < Ny}, Where fU de-
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notes (i, j)th pixel and the index 1 represent the tar-
get image. The number of pixels is N, x N, where N,
and N,, respectively, represent the height and width
of the image. The resulting pixelwise disparity vec-
tor field (V') can be represented as V3 = {v;;,0 <
i < N;,0 < j < Ny}. Then, ff; = where @
denotes the displacement.

- In general, except object boundaries, intensity and
disparity fields are generally very smooth, in fact dis-
parity fields are much smoother than images them-
selves. Thus, as we did in [9], both image and dis-
parity field can be modeled using MRF model with
appropriate a priori assumptions on its smoothness.
Figure 1 shows pre-defined first order neighborhood.
We define two types of neighborhood systems, i.e.
normal and causal, where each is used in pixelwise
and hierarchical blockwise operations, respectively.
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Figure 1: First order neighborhood system. (a) Nor-
mal neighborhood (b) Causal neighborhood (c) Hier-
archical Causal neighborhood for the up-left block of
the (m,n)th block. Two types of neighborhood sys-
tems, ¢.e. normal and causal, are defined where each
is used in pixelwise and hierarchical blockwise opera-
tions, respectively. The indexes (i,j) and (m,n) denote
pixel and block, respectively.

For a given stereo pair, F; and F5, we formulate
the problem as follows. We want to estimate X , i.e.
object of interest, Oy, disparity contour, Ly, , dispar-
ity, V1, intensity contour, Ly, and smooth stereo pair,
G and G, such that X maximizes the a posterior:
probability (MAP), P(Os, Ly, Vi, L1, Gy, G2 Fi, Fy).
The e posteriori probability is decomposed using
Bayes theorem and then the MAP estimation is re-
placed by the energy minimization problem accord-

ing to the Clifford-Hammersley theorem, the theory
of equivalence of MRF and Gibbs random fields [10].

Along with the similar process as we did in [6-9],
we define the MAP estimation as follows.

X = a_rgm)?xP(Ol,Vl,Lvl,G1,L1,G2,L2|F17F2)(1)

= argmax P(O1|V1, Lvy) - P(Vi, Lv; |Gy, Ly, G2)

-P(G1, L1|F1) - P(G2, Ly|F)
= aIgn}gnU(Ollvl,Lvl) +U(Vi, Lv,|G1, L1, G2)

+U(G1, L1|F1) + U(G2, L2| Fz)

where U denotes the energy function. In (1), each

term is related to object segmentation, disparity es-
timation and edge detection, respectively. As ex-
plained, we first estimate edge and perform edge-
preserved smoothing. Then, given edge information
and smooth image pair, we estimate disparity field
with sharp boundaries using the derived energy equa-
tion based on MRF/GRF framework. Finally, we seg-
ment the OOI from the target image, given object
contours and disparity vector field. '

2.2 Edge Detection

Before estimating disparity field, we estimate inten-
sity edge and perform edge-preserved smoothing for
each image of the pair, which corresponds to the third
and fourth terms in (1). : To avoid local minima in

-edge detection, we provide an initial discontinuity,

the intensity difference, which-is decided as
oY 2 T ~
b _{ 0, ow. (2)

where T is a threshold for edge decision. If the inten-
sity difference between its neighborhood pixel exceeds
the threshold T, then we assume there is high possi-
bility of discontinuity. Given the initial discontinuity,
the cost function for edge detection and smoothing
process for the target image can be defined as follows.

U(Gy, Li1|F1) (3)
U(F1|G1,L1) + U(G1[L1) +U(Ly)

> {a-adllgh - F5IP

I

(i,j)eQ
+oasy (95— 9B (A= 1h) + B Y Vellis 1)}
Nij ce€C

where © and C represent a rectangular lattice and a
pre-specified set of cliques, respectively. In the above
equation, f, g and [ represent pixelwise intensities
and edge, respectively. The parameters a, and Sy
are weighting constants controlling the weight among
similarity, smoothness and discontinuity.

In (3), the first term corresponds to the noise pro-
cess, which occurs when 3D scene is projected onto 2D
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image through a camera lens. The second terms cor-
responds to the a priori assumption on the smooth-
ness of the image, 51, given intensity edges, Ly. The
last term represents a cost function for the inten-
sity edge, which controls the discontinuity of inten-
sity levels between the pixel and its neighborhood.
The main role of the edge is to prevent intensity from
being oversmoothed across object boundaries, e.g. in
case l;; = 1, the smoothness constraint should not
be performed across this discontinuity. In addition,
the resulting intensity edge is a good initial guess of
the disparity edge, though the intensity discontinu-
ities may not correspond to physical boundaries of
the OOI [11].

2.3 Disparity Estimation

In most intensity-based disparity estimation meth-
ods, fixed shape of pixels or fixed size of block have
been used to measure the similarity between stereo
pair. Note however that they usually tend to fail to
provide good matching results. For example, as the
block size becomes larger, the level of estimation error
increases, especially when the block includes object
boundaries. By reducing the block size, the estima-
tion error can be reduced but the resulting disparity
field may not be homogeneous because the estimation
is subject to various noise effects.

Various estimation schemes have been proposed
to overcome those drawbacks, which include estima-
tion schemes with MRF model [6], overlapped block
matching (OBM) with modified MRF model [12].
Nevertheless, conventional block-based approaches
only relieve parts of drawbacks. A way to overcome
the dilemma between robustness and consistency of
intensity-based disparity estimation is to adopt hier-
archical block segmentation or adaptive window in
disparity estimation [13-15]. The main advantage of
the disparity estimation with hierarchical block seg-
mentation is that it can overcome mismatching prob-
lem (inconsistency of the disparity field) by consid-
ering a large area during the initial disparity field
estimation. However both frequently fail to provide
an accurate disparity along object boundaries due to
occlusion effects.

To yield a robust and consistent disparity field,
we adopt two step approach, i.e. hierarchical OBM
disparity estimation and then pixelwise refinement.
Note that to estimate a smooth disparity field we
apply an enlarged overlapped window and modi-
fied causal neighborhood during hierarchical block
matching. A basic procedure of disparity estimation
based on hierarchical block segmentation is as fol-
lows. First, the disparity is estimated at the coars-

est level, e.g. block size of 16 x 16, using full search
block matching. The basic idea of block segmenta-
tion is that the block is segmented into smaller blocks,
e.g., 16 x 8 or 8 x 8, only if the block yields higher
compensation error level than the pre-fixed thresh-
old value. However, we ignore the segmentation and
keep original disparity, if the reduction of error level
is small enough between a block and its consecutive
subblocks. Segmentation is repeated until the error
of the block is smaller than the summed error of seg-
mented subblocks or the block size is reached the pre-
selected size.

Then, given an initial disparity field, edge infor-
mation and smooth observations of a stereo pair,
(G1,@>), we perform pixelwise disparity estimation
based on coupled MRF/GRF model with respect
to the predefined first order neighborhood system.
The solution of second term in (1), correspond-
ing to the cost function of pixelwise disparity es-
timation, will result in smooth disparity field with

sharp boundary. The corresponding cost function
U(Vi,Lv;|G1, G2, L) is defined as follows.

U(V1, L, |G1, G2, Ly) (4)
= U(G1|G2, V1) + U(Vi|Lv;) + U(Lv,|L1)

= Y {0-a)llgh - ghew, I

(i.d)€Q
+ ay (i -v)’(-1,)
Nij
+ ﬁz Ve(lo.ijs 13 554 4ii)}
c€C

where Q and C represent a rectangular lattice and a
pre-specified set of cliques, respectively. In the above
equation, g, v and ! represent pixelwise intensity, dis-
parity, and contour, respectively. The disparity edge
l, controls the discontinuity between the disparity. v,
and its neighborhood, v7. The parameters « and 3
are weighting constants controlling the weight among
similarity, smoothness and discontinuity. The sub-
script @ represents a movement along the disparity.
In general, the intensity levels in a stereo pair may
not be the same, even if the images are captured at
the same time and at the same place. In (4), the first
term corresponds to the constraint on the similarity of
intensity between corresponding stereo images along
the disparity. The second terms in (4) corresponds
to the a priori assumption on the smoothness of the
disparity field given disparity edges, Ly,. We assume
that the real disparity field is smooth except for the
object boundaries that are related to the depth dis-
continuities. The last term in (4) represents a cost
function for the disparity edge, which eontrols the
discontinuity between the disparity and its neighbor-
hood. The main role of the disparity edge is to pre-
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vent disparity from being oversmoothed across object
boundaries. Thus, smoothness constraint should not
be performed across this discontinuity.

For the disparity estimation we only use the first
and the second term in (4) because only two terms
are direct function of disparity. We estimate dispar-
ity by tradeoffs between similarity of intensities and
smoothness of the disparity field. Similarly, the dis-
parity edge is decided using the second and the third
terms in (4). In this case, the role of the second term
is a kind of dynamic thresholding for the decision
of an edge according to the state of the neighboring
edges. The obtained dense disparity field using (4) is
smooth yet has sharp boundary.

2.4 Object Segmentation

At first, we capture background scene without the
OOl and then keep it to generate initial OOI segmen-
tation map when the OOI, e.g. participants, appear
in the target image.

At the final stage, given disparity and edge infor-
mation, we segment object from the target image us-
ing the first term in (1). In general, disparity field
contains crucial information about depth structure of
the scene, while edge provides shape information. We
assume that the pixels with smooth disparity varia-
tion belong to the same object. In addition, we as-
sume the OOI has limited range of depth and the
depth within the OOI is changing smoothly. In this
scenario, a coarse OOl segmentation map can be re-
fined by properly combining disparity and edges.

3 Experimental Results

The experimental results illustrate the effectiveness of
the proposed hybrid object segmentation scheme us-
ing stereo images. At the first, edge is estimated and
then edge-preserving low pass filtering is applied to
both images, which reduces noise effect and thus helps
further processing. Then, given a pair of smooth im-
ages and edge information, we estimate smooth dis-
parity field while keeping sharp boundary. Finally, we
. refine the segmentation map by properly combining

several cues such as intensity, intensity edge, disparity

and disparity edge.

Figure 2 (a) and (b) show a pair of stereo images
used in the experiment, where the size is 240 x 320.

Figure 3 (a) and (b) show resulting binary edge
image and initial segmentation map.

We assume the stereo pairs satisfy epipolar geom-
etry and thus restrict search window to horizontal
direction, e.g. (0,32) and then estimate the dispar-
ity with a minimum energy by full search within a

b

Figure 2: Test Images (Lab.pgm). (a) right (target)
image (b) left (reference) image. The size of the image
is 320 x 240.

o

Figure 3: Intensity Edge and Segmentation Map
(Lab.pgm). (a) Intensity edge (b) Initial segmenta-
tion map.

search window [16]. In this experiments we use inten-
sity edge as disparity edge to speed up the processing
time. The initial block size is 8 x 8 and the block
with high level of estimation error is segmented into
subblocks. During hierarchical block matching, the
bilinear window is used as an OBM window, where
the 'size of extended window is 16 x 16. Given ini-
tial disparity field, pixelwise disparity estimation is
performed using the cost function derived based on
MRF/GRF framework. The resulting disparity field
is mapped to the range (0 — 255) to show the result
clearly. Figure 4 compares the results of various dis-
parity estimation scheme to show the effectiveness of
the proposed framework.

As shown in Figure 4 (a), block matching provide
good initial disparity since it helps to avoid local min-
ima. However, the resulting disparity sacrifies details
along object boundary. Meanwhile the resulting dis-
parity field using pixelwise estimation provide details
but suffers from noise effects as shown in Figure 4
(b). A good tradeoff between block and pixel is block
segmentation approach but it also suffers from local
minima due to various noise effects including occlu-
sion effects as shown in 4 (c). As shown in 4 (d), the
proposed estimation scheme yields relatively smooth
vet sharp disparity field by properly exploiting edge
and neighboring, as well as initial, disparity informa-
tion.
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(d)

Figure 4: Comparison of Disparity Estimation
(Lab.pgm). (a) Fixed size block matching (b) Pix-
elwise matching (c) Variable size block matching (d)
Proposed hybrid matching. The initial block size is
8 x 8 and search window is (0, 32).

Figure 5 (a) and (b) show the resulting OOI and
the corresponding disparity information. The main
assumption is that the OOI can be characterized by
depth and edge information. As shown, the proposed
scheme results in clear segmentation boundary yet
smooth depth field.

(@) ‘ )

Figure 5: Image segmentation using disparity and in-
tensity edges (Lab.pgm).  (a) Segmented objects of
interest (b) Disparity of the segmented OOI

In this paper we propose a coherent object segmen-
tation scheme using stereo images, which is an impor-
tant step in z-keying for the photo-realistic mixed re-
ality. Even in mono sequence transmission scenario,
the proposed segmentation scheme is useful because
the cost of stereo-based segmentation may be cheaper
than those of the other segmentation schemes at the
encoder.

As shown in 5 (f), the proposed scheme achieves
reasonable segmentation results by properly combin-
ing smooth disparity field and edge information. It

is important step forwarding to achieve object-based
functionalities in interactive multimedia applications,
such as object-based query, editing, manipulation,
etc. Note also that object-based coding is more suit-
able for upcoming multimedia applications requiring
object-based manipulation or transmission because
contours or object boundaries provide compact rep-
resentation and convey much of the semantic con-
tent {1,17]. In addition, the reconstructed image
less suffers from the visual artifacts along the object
boundaries. .

Note however that perfect object segmentation is
almost impossible without semantic knowledge about
the scene. In addition various noise sources due to
limited camera characteristics or continuously chang-
ing lighting condition as well ‘as occlusion obstruct
successful segmentation. As a result, as shown, some-
times resulting contours do not always match with
real boundaries and the smooth estimation fails along
occlusion areas, which may make annoying visual ef-
fects when we merge the objects into another im- -
age using z-keying. In other to solve this occlusion
problem we are considering using one more camera,
e.g. tri-camera system. Another unsolved issue is the
quantitative measurement of the performance of seg-
mentation schemes.
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