An Iterative Optimization Approach for Unified Image Segmentation and
Matting

Jue Wang
Dept. of Electrical Engineering
University of Washington
Seattle, WA 98195, USA
juew @ee.washington.edu

Abstract

Separating a foreground object from the background in a
static image involves determining both full and partial pixel
coverages, also known as extracting a matte. Previous ap-
proaches require the input image to be pre-segmented into
three regions: foreground, background and unknown, which
is called a trimap. Partial opacity values are then com-
puted only for pixels inside the unknown region. This pre-
segmentation based approach fails for images with large
portions of semi-transparent foreground where the trimap is
difficult to create even manually. In this paper we combine
the segmentation and matting problem together and propose
a unified optimization approach based on Belief Propaga-
tion. We iteratively estimate the opacity value for every
pixel in the image, based on a small sample of foreground
and background pixels marked by the user. Experimental
results show that compared with previous approaches, our
method is more efficient to extract high quality mattes for
foregrounds with significant semi-transparent regions.

1. Introduction

Image matting refers to the problem of estimating an
opacity (alpha value) and foreground and background col-
ors for each pixel in the image. Specifically, the observed
image I(z) (z = (x,y)) is modeled as a linear combination
of foreground image F'(z) and background image B(z) by
an alpha map:

I1(z) =, F(z)+ (1 — a,)B(z2) ()

where o, can be any value in [0,1]. If we constrain the
alpha value to be either 0 or 1, then the matting problem de-
grades to be the segmentation problem, where each pixel is
assigned to be either fully foreground or fully background.
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For natural images, all values «, F' and B need to be
estimated for every pixel thus it is inherently an under-
constrained problem. Previous approaches and the one re-
ported here depend on user interaction combined with prior
assumptions on image statistics to obtain good mattes.

As in earlier work we will require minimal user input. In
contrast to previous methods we will not first segment the
image into foreground, background, and unknown regions.
Such methods fail in images with significant partial pixel
coverage and for foreground objects containing many holes.
Rather, we call on a belief propagation optimization method
to directly determine « values.

1.1. Previous Work

Early matting approaches try to simplify the problem
by photographing foreground objects against a constant-
colored background, which is called blue screen matting
[1]. However, even knowing the background color is still
insufficient to fully constrain the problem thus some sim-
ple constraints are made, which require expert level pa-
rameter tuning and can fail on fairly simple foregrounds.
Mishima [8] improves this technique by introducing statis-
tical methods based on representative foreground and back-
ground samples.

Recent approaches attempt to extract foreground mattes
directly from natural images. The most successful systems
include Knockout 2 [3], the approach proposed by Ruzon
and Tomasi [7], Bayesian matting [12] and Poisson matting
[5]. All these systems start by having the user segment the
image into three regions: definitely foreground, definitely
background and unknown, which is often referred to as a
trimap. The problem is thus reduced to estimating F', B
and « in the unknown region. The Knockout system ex-
trapolates known foreground and background colors into
the unknown region and estimates as according to them.
Ruzon and Tomasi are the first to take a probabilistic view
of the problem. They analyze foreground and background
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Figure 1. (a). Original image with user specified foreground and background strokes. (b). Applying
graph-cut based segmentation followed by erosion-dilation operations to automatically create a
trimap. The unknown region(shown in yellow) is insufficient to cover all hair strands. (c). Directly
applying Bayesian matting by treating all unmarked pixels as unknown ones results in an erroneous
matte. (d). Manually specified trimap. (e). Bayesian matting result on trimap (d). (f)-(j). Our algorithm
iteratively estimates a matte based on the user specified strokes in (a). From (f) to (j): initial matte,
matte after 3 iterations, matte after 6 iterations, matte after 9 iterations, final matte after 15 iterations.

color distributions and use them for alpha estimation. This
approach has been further improved by the Bayesian mat-
ting system, which formulates the problem in a well-defined
Bayesian framework and solves it using the maximum a pos-
teriori (MAP) technique. This technique has been further
applied on video with the help of optical flow for trimap
propagation [13]. However, the trimap propagation be-
comes the bottleneck of the system since the optical flow
calculation is not fully reliable. The Poisson matting ap-
proach estimates the matte from an image gradient by solv-
ing Poisson equations using boundary information from the
trimap. Given the fact that solving the global Poisson equa-
tion is erroneous for complex foreground and background
patterns, some interactive local Poisson matting techniques
have been proposed to improve the global matting results,
which demand a large amount of user interaction.

Recently, interactive image segmentation systems have
been proposed, which can be used to efficiently generate
the trimap needed for matting. The Lazy Snapping [9] and
GrabCut [2] systems use a graph cut based optimization
approach to extract foregrounds from images according to
a small amount of user input, such as a few strokes or a

bounding box. The GrabCut system then erodes and dilates
the extracted foreground region uniformly to automatically
create an unknown region for matting. They also propose a
border matting method which assumes a strong parametric
function to the matte, thus can only apply for smooth object
boundaries.

1.2. Limitations of a Trimap

As we mentioned before, previous natural image mat-
ting approaches heavily rely on the user specified trimap.
Ideally, the unknown region in the trimap should only cover
pixels whose actual alpha values are not O or 1. In other
words, the unknown region in the trimap should be as thin
as possible to achieve the best matting result. The reason
is straightforward: for Bayesian matting, the underline as-
sumption is the local spatial coherence of the image, thus
we can use nearby foreground and background colors to es-
timate F' and B for an unknown pixel. If the unknown re-
gion is too thick and the unknown pixel is far away from the
known regions, this sampling-based estimation will be less
accurate, even erroneous. For Poisson matting, the assump-



tion is the smooth intensity change in the foreground and
background. One can imagine that an unnecessarily thick
unknown region may cover some foreground and back-
ground textures, where the intensity can vary unevenly.

To generate good mattes, all these approaches require
the user to “carefully” specify the trimap. However, it re-
quires a considerable degree of user interaction to construct
a ”good” trimap for an experienced user, and it is almost
impossible to manually create an optimal trimap. When im-
ages contain large portions of semi-transparent foregrounds
or partial pixel coverage, such as the spider web image in
Figure 3, manually creating a trimap is a very tedious pro-
cess.

Automatically generated trimaps based on the binary
segmentation result is non-optimal, since it always has uni-
form thickness regardless of local image characteristics.
Furthermore, without considering the opacities of pixels in
the segmentation process, the segmentation itself is erro-
neous. An example is shown in Figure 1. We used the
graph-cut based segmentation approach described in the
Lazy Snapping system to segment the foreground with a few
foreground and background strokes drawn by the user (Fig-
ure la). Without considering the oo map, some hair strands
are missing in the segmentation result thus the automati-
cally generated trimap will not be able to cover them (Fig-
ure 1b). On the other hand, directly applying Bayesian mat-
ting approach by treating all unmarked pixels as unknown
results in an erroneous matte as shown in Figure 1c. The
user thus has no choice but to manually create a trimap as
shown in Figure 1d. Applying Bayesian matting, even on
the manually generated trimap, results in the matte shown
in Figure le, which still contains some noise because the
user specified trimap is not optimal.

In this paper we propose an iterative optimization ap-
proach which unifies the segmentation and matting prob-
lems to generate a matte directly from a few user specified
foreground and background strokes. For example, starting
from the foreground and background strokes in Figure 1a,
our approach can iteratively generate a good matte as shown
in Figure 1f-j.

2. Iterative Matte Optimization

2.1. Overview

The goal of the iterative matte optimization is to deter-
mine for each pixel, p, a foreground color, F', a background
color, B, an alpha value between 0 and 1, «, and to reduce
the uncertainty (also between 0 and 1), u, of these values.
As input, we have the mixed color of each pixel, C, and
few foreground and background pixels marked by the user.
The marked pixels are given an uncertainty of 0, an « of
0 (background) or 1 (foreground), and their foreground or

background colors set. All other pixels are initialized to
have o« = 0.5, and u = 1.

We divide the pixels into two groups: group U, includes
all pixels whose alpha values have been estimated in pre-
vious iterations; and group U, includes all other pixels left
unconsidered. Initially pixels the user marked are in U, and
all others are in U,,.

The approach proceeds iteratively. In each iteration, the
pixels in U,, which are nearby (within 15 pixels) to ones in
U, are added to U,, and (F, B, a, u) are estimated or re-
estimated for each pixel in the expanded set. The algorithm
stops when U, is null and the uncertainty for the whole im-
age (sum of uncertainties of pixels) cannot be reduced any
further. Thus, the algorithm works in a front-propagation
fashion: the estimated alpha map is propagated out from
user marked pixels to rest of the image.

The overall optimization can be considered as solving
a Conditional Random Field (CRF)[4] problem. Each it-
eration acting on the U, region is modelled as a Markov
Random Field (MRF), and a belief propagation algorithm
estimates a new alpha map for it as described in the next
section. The intrinsic idea for this front-propagation algo-
rithm is to estimate alpha values for pixels with high confi-
dence first (i.e., pixels near the user marked ones) and use
them later for help to estimate alpha values for pixels which
are initially far away from user marked ones.

2.2. Belief Propagation for Matte Estimation

2.2.1 MRF Construction

Pixels in U, can be further classified into two groups based
on their uncertainties: those pixels whose uncertainties are
0, which means their estimated alpha values are fixed and
will not be changed in later iterations. Obviously at the be-
ginning they are only the user marked ones. U, includes all
pixels in U, but whose uncertainty is less than 1. Newly
joined pixels from U, to U, are in UC. The goal is to esti-
mate/update the matte for U, based on all pixels in U..
Like many other computer vision tasks such as stereo
and optical flow estimation, our a priori expectation for the
matte is twofold. First, we want the estimated alpha val-
ues, the foreground and the background colors to fit the ac-
tual image colors. Secondly, we expect the estimated alpha
matte to be smooth. In previous approaches, the Bayesian
matting system employs a statistical sampling method to
meet the accuracy requirement, and the Poisson matting ap-
proach employs a Poisson equation formulation to meet the
smoothness constraint. However, none of these approaches
combine these two constraints together for optimization. In
our approach, these two constraints are explicitly treated
as optimization objectives. Motivated by recent advances
in optimization methods for computer vision problems, we



model each iteration of the matte estimation as an MRF op-
timization problem. We employ a belief propagation (BP)
based approach to solve each step of the iteration. BP has
been proven to be an efficient method for solving a number
of low level vision tasks [6, 11].

In detail, each pixel in ljc is treated as a node in the
MREF. In addition, adjacent pixels in U, which are not in UC
are also included in the MRF. All the nodes (denoted as 1))
are connected to their spatial neighbors with 4-connectivity.
Since U, changes at each iteration, the graph structure is dy-
namically updated. The optimization goal in each iteration
is to minimize the total energy defined as:

V=> Valap) + Y Vilay, ag) )

pEY P,qE€Y

where V; is the data energy describing how well the es-
timated alpha value «,, and foreground and background
colors for p fit with the actual color C),, and V; is
the smoothness energy which penalizes inconsistent alpha
value changes between two neighbors p and ¢q. Vg and V;
will be described in detail in the next section.

2.2.2 Data and Neighborhood Terms

For the belief propagation optimization, we discretize the
possible alpha value to 25 levels between 0 and 1, denoted
as o k = 1, ...,25, and each level corresponds to a possi-
ble state for a node in the MRF. Similar to the Bayesian mat-
ting approach, to estimate cy, we seek for each pixel a local
estimate of the foreground or background color. We sam-
ple a group of known or previously estimated foreground
and background colors from the neighborhood of the node
p. The local neighborhood area is defined to have a radius
of r = 20 around p.

In addition to being nearby, for a sample to be consid-
ered valid to estimate the local foreground it must have an
o larger than the «,, and likewise must be less than a, to
be a valid sample of the local background.

The set of valid foreground samples, p;, are then
weighted by their uncertainty and distance, by

wf = (= up)) - erp( =22 )

w

where s(p,p;)) is the spatial distance between the two
points, and o, = /2. We pick out N (set in our system to
12) samples with the largest weights as foreground samples.
A similar method is applied to get background samples.

It is possible (likely in early iterations) that there will
not be N valid foreground or background samples for a
pixel. We then resort to a global sampling method. Sim-
ilar to the GrabCut system [2], we first train a Gaussian
Mixture Model (GMM) on the user specified foreground

(background) pixels, then assign each marked pixel to a sin-
gle Gaussian in the GMM. We then randomly select pixels
from each Gaussian to assemble the sample set. Note that
this initial global sampling is not accurate since it samples
a mixture of all possible foreground or background colors,
but as the algorithm progresses, foreground and background
regions will be propagated close to p thus the local model
will take over.

Given the foreground and background samples and cor-
responding weights, we can build a probability histogram
of alpha levels. Specifically, we compute the likelihood of
each alpha level o* as

| NN
Li(p) = 55 D D wiw) - &)
i=1 j=1
exp (—dC (Cp, " FP + (1 - o/‘“)B;?)2 /2052)

where F? and Bf are foreground and background sam-
ples and C), is the actual color of p. We calculate Eu-
clidian distance in RGB space as distance between colors
which is denoted as d.(-, -). To compute the covariance o¥,
we first compute the distance covariance among foreground
and background samples, denoted as o and o, then cal-
culate 0% as apor + (1 — ai)op.

The data term in Equation 2 can be computed for each of
the possible states, o®, for ay,. The data cost is defined as

 Li(p)
e, Li(p)

Note that unlike the Bayesian matting approach which fits
Gaussians on the sampled foreground and background col-
ors, we do not fit any parametric models on them thus our
algorithm is more robust to sampling outliers and avoids de-
generate cases in computation, such as non-invertible matri-
ces in the covariance analysis for Bayesian matting.

The neighborhood term in Equation 2 encourages the la-
bels to vary smoothly. It is defined based on the degree of
difference between two neighboring « values, say «; and
a9 . The smoothness cost is defined as

Vd(a’;) =1

®)

Vi(ag, ) =1 —exp (—(al - Ck2)2/0'§> (6)

We set o empirically to be 0.2 in our system.

2.2.3 Belief Propagation Optimization

With the MRF defined above, finding a labeling (« level for
each pixel) with minimum energy corresponds to the MAP
estimation problem. We use the loopy belief propagation
(BP) algorithm [10] to solve it. Belief propagation has been
recently exploited for early vision problems such as stereo
and image restoration as an efficient approximation method
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Figure 2. (a). One frame of a video sequence with user specified foreground and background strokes.
(b). Extracted matte by our approach. (c). Automatically propagating foreground and background
marks onto the next frame. (d). Extracted matte on the next frame. (e)-(h). Automatically generated

mattes for the 5th, 10th, 15th and 20th frames.

to solve the MAP formulation of these problems. Although
a full description of this algorithm is beyond the scope of
this paper, it essentially works as follows.

The BP algorithm itself is an iterative process. It works
by passing messages along links in the constructed graph.
Each message is a vector of dimension K, the number of
possible states/labels. Following the notation in previous
papers, we let m;q to be the message that node p sends to
a neighboring node ¢ at iteration ¢. In each iteration, new
messages are computed for each possible state in the fol-
lowing way in our system:

g (kq) = emax (V(ey?, agt) - Valay?)- @)
gy (kp))

where H(p) \ ¢ denotes the neighbors of p other than q.
c is a normalization factor and V,; and V; are the data and
neighborhood terms defined in the previous section. After
T iterations a belief vector is computed for each node as

> mb(ky) (8)

g€ H (p)

b(ap”) = cVa(apr)
Finally, the k,, state that maximizes b(a’;P ) at each node is
selected as the estimated alpha level, a;.

After running the belief propagation algorithm, we get an
estimated alpha value «;, for each pixel p in U.. If a, =1,
we set the actual color C, as a new foreground sample and

remove it from U, assigning u(p) = 0. Similar operations

are applied when o, = 0 for background pixels. Other-
wise we choose the pair of foreground and background col-
ors from the group of foreground and background samples
which minimizes the fitting error:

F*(p), B*(p) = arg min (C, — aiF¥ — (1 —a2)BY)°

F? B!
)
Note that we use real foreground and background colors
as the estimated ones, in this way we can avoid the “color
bleeding” artifact that the Bayesian matting approach may
have as addressed in [2], in which case the estimated fore-
ground color is a mixture of real foreground and back-
ground colors. The uncertainty value u(p) is updated as

u*(p) =1 — (wf™* -wB*)% (10)

where w!™* and w?P* are weights for the selected pair of

foreground and background samples. Since the sample
weights will generally increase as the U, region grows, the
uncertainty values will decrease during the iterative process.
The algorithm halts when the total uncertainty of the whole
matte cannot be reduced any further.



2.3. The Algorithm

Iterative Belief Propagation for Image Matting

1. Initially, user marked pixels are in U, and all other
ones are in U,.

2. Compute GMMs for foreground pixels and back-
ground pixels the user marked, then assign each
marked pixel to one Gaussian for further global
sampling.

3. Repeat until U, is null and the total uncertainty of
the estimated matte is minimized:

(a) IfU,, is not null, apply a spatial distance trans-
form to U, region and transfer pixels within
15 pixels of U, from U, to U..

(b) Build an MRF based on pixels in U, as de-
scribed in Section 2.2.1.

(c) For each node in the MRF, sample a group of
foreground and background colors by either
neighborhood sampling or global sampling,
and compute its data cost as described in Sec-
tion 2.2.2.

(d) Run belief propagation algorithm to estimate
a matte for pixels in the graph.

(e) Update the uncertainty, the estimated fore-
ground and background colors for each pixel
in the graph. Also update U, based on the up-
dated matte.

4. End.

3 Extension to Video

Our algorithm can also be applied for the purpose of
video matting by propagating the user’s input from frame
to frame. As shown in Figure 2a, the user draws a few fore-
ground and background strokes on one frame of the video
sequence, and our algorithm generates a good matte on this
frame as shown in Figure 2b. To automatically generate
an initial set of foreground and background pixels on the
next frame, we first examine every location z where the es-
timated alpha value o), = 1, and compare the color distance
between p! and p’*!. If the distance is small enough, we
mark p’*! as a definite foreground pixel. We apply the same
operation on background pixels, and can get an initial fore-
ground and background map on the next frame, as shown
in 2c. Applying our algorithm on the next frame based on
this map results in a good matte shown in 2d. In this way

we can automatically estimate good mattes for more than
20 frames based on a few strokes on one single frame, as
shown in 2e-h. Note that applying Bayesian matting on this
sequence is very time-consuming since automatically prop-
agating a good trimap from one frame to others is difficult
and unreliable, as demonstrated in the video matting system
[13]. By loosening the requirement for an accurate trimap
on each single frame, our approach thus is more efficient for
video matting.

4. Results and Comparisons

The proposed approach has been tested on a variety of
different input images. One example is shown in Figure 1
with intermediate results. In Figure 3a, we show four exam-
ple images along with user marked foreground and back-
ground strokes. Note that these foreground objects either
have large transparent regions or have a lot of holes. Our
algorithm can successfully extract good mattes based on a
few user specified strokes. In contrast, Bayesian matting
requires the user to manually create complex trimaps for
them, as shown in Figure 3c, to obtain the mattes shown in
Figure 3d. Note that some of the mattes computed by the
Bayesian matting approach have noticeably lower quality
compared with results generated by our approach, even the
user has taken much more efforts to create the trimaps.

Figure 4 shows composite images with extracted fore-
grounds shown in Figure 3 and novel backgrounds.

Our approach works generally well in our tests. How-
ever, for difficult images where foreground and background
have very similar colors and complex patterns, like many
other approaches, our approach does not always work well.
An example is shown in Figure 5a. Both the foreground and
background have a quite few dominant colors and some of
them, such as the white strips on the sheet and white body
of the toy rabbit, cannot be easily distinguished, especially
under the effects of shadows. Due to the color ambiguity,
our algorithm thus produces an erroneous result as shown
in Figure 5b. However, another benefit of our system is
that it can also start with an initial trimap instead of fore-
ground and background strokes. Figure 5c shows a rough
trimap the user created. Bayesian matting result based on
this trimap is shown in Figure 5d, and matting result of our
approach based on the same trimap is shown in Figure Se.
One can imagine that given an initial rough trimap, our ap-
proach can iteratively refine it to be more accurate so our
system produces a better matting result than the Bayesian
approach from the same starting point.

Brute force belief propagation is a computational expen-
sive process. By iteratively running belief propagation, our
initial implementation of the system runs about 15-20 min-
utes for an input image (640*480). Since the initial sub-
mission paper, dramatic speed ups to the system improved
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Figure 3. (a). Original images with user specified foreground and background strokes. (b). Extracted
alpha mattes by our approach. (c). For Bayesian matting, complex trimaps must be manually created
by the user. (d). Bayesian matting results based on trimaps in (c).

running times by a factor of 50 without loss of quality. In
particular the fast belief propagation algorithm described in
[11] was used. We also employed a hierarchical strategy for
efficient matting. These techniques will be detailed in an
technical extension of this paper.

5. Summary and Conclusions

We have proposed and demonstrated an iterative opti-
mization approach to solve the image matting problem. Our
approach combines the problems of segmentation and mat-
ting into a unified formula that iteratively estimates an alpha
value for every pixel in the image based on a small amount
of foreground and background pixels marked by the user.
Unlike previous approaches, our method (usually) does not
require a well specified trimap, thus it is more efficient to
extract mattes for semi-transparent or foreground objects
with many holes.

Our method is based on statistical sampling of known

foreground and background colors, thus it has similar weak-
ness with Bayesian matting method for images where fore-
ground and background colors are too ambiguous. How to
build more accurate color models is the crucial challenge
for both this approach and many other color-based segmen-
tation and matting approaches.
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