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Figure 1: Image matting with our approach. From left to right: input image with complex background, user-specified strokes
for masking the foreground and background, visually plausible result achieved by our approach, composite image of the
extracted foreground and matte with another background.

Abstract
We propose an iterative energy minimization framework for interactive image matting. Our approach is easy in
the sense that it is fast and requires only few user-specified strokes for marking the foreground and background.
Beginning with the known region, we model the unknown region as a Markov Random Field (MRF) and formulate
its energy in each iteration as the combination of one data term and one smoothness term. By automatically
adjusting the weights of both terms during the iterations, the first-order continuous and feature-preserving result
is rapidly obtained with several iterations. The energy optimization can be further performed in selected local
regions for refined results. We demonstrate that our energy-driven scheme can be extended to video matting, with
which the spatio-temporal smoothness is faithfully preserved. We show that the proposed approach outperforms
previous methods in terms of both the quality and performance for quite challenging examples.

1. Introduction

Given an image I(z)(z = (x,y)), the goal of matting is to
find an optimal linear combination of a foreground F(z) and
a background B(z), together with an alpha mask α[z]∈ [0,1],
so that:

I(z) = α(z)F(z)+ (1−α(z))B(z) (1)

Generally speaking, this problem is under-constrained
and can not be solved directly without prior knowledge.
Early methods [SB96] employ a constantly colored back-
ground to constrain the problem, which is called blue screen
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matting. This technique yields effective results in some
extent, while prevents its applications for natural images.
Thereafter, lots of approaches [RT00] [HHR01] [CCSS01]
[WFZ02] have been proposed to improve matting quality
even without a blue screen. Most of them [BVD00] [RT00]
[HHR01] [CCSS01] try to exploit the dissimilarity of the
samplings between the foreground and background in a sta-
tistical manner. This scheme works well when the contrast
between the foreground and background is adequately large
to be captured. However, for images with complicated color
distribution or low contrast, it will probably lead to erro-
neous solutions due to the mis-classification of color sam-
ples. Meanwhile, pixel-wise correction of the matte would
be quite laborious and impractical.

Rather than taking a probabilistic view of the problem,
one may model an image as a matte gradient field and for-
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(a) (b) (c) (d)

Figure 2: Our approach employs several user-specified strokes (a) and obtains the result (b) in 10 minutes. The Knockout 2
tool requires manually creating a complicated trimap (c), which costs 120 minutes. It yields the result shown in (d).

mulate the matting as solving a variational model. The zero-
or first- derivatives of the image have proven to be the proper
choices [SJTS04]. This method produces good results for
images with smooth foregrounds and backgrounds. For other
types of images, it typically requires a large amount of user
interactions to improve global matting results.

The aforementioned approaches fall in a category of con-
tinuous optimization schemes. Generally they rely on a user-
specified trimap for fair results. To construct an appropriate
trimap, a considerable degree of user interactions is needed.
Meanwhile, it is difficult to manually create an optimal
trimap for complicated images. If one image contains a lot of
holes or partial pixel coverage, the user interactions tend to
be very large. As an example, the construction of the trimap
shown in Figure 2 (c) costs about 120 minutes.

Recently, Wang and his colleagues [WC05] proposed a
discrete optimization approach to iteratively estimate the
matte based on a small sample of foreground and back-
ground pixels marked by the user. It is the first work that
avoids trimaps and yields appealing results for images with
simple contents, such as ones with large portions of semi-
transparent foreground. However, for complex images in
which there are mis-classification of color samples, the re-
sults are not quite satisfying. In addition, the obtained matte
tends to be sharp due to the discrete optimization scheme,
resulting in possible loss of image details.

Based on the investigation of previous works, we under-
stand that till now there is not a solution that can compute
continuous alpha matte without the assistance of trimaps.
With an attempt to fulfill visually plausible matting with as
few as possible user interactions [JK05], we are taking two
considerations. On one hand, we have to rely on the human
vision to coarsely classify the foreground and background.
On the other hand, we need to fully exploit the proper char-
acteristic of the images. Both issues are expected to be com-
bined seamlessly under an optimization framework.

In this paper, we propose a novel coarse-to-fine matting
algorithm which begins with a set of user-specified strokes.
The contributions of this paper improve upon previous meth-
ods in several aspects. First, we iteratively propagate the
known results to the rest regions by solving an energy min-

imization problem. Based on the assumption that the un-
known region is a Markov Random Field (MRF), we derive
a novel energy equation which considers the effects from the
spatial smoothness and the similarity of color and matte. As
a consequence, the first-order continuous results are fairly
achieved. Second, the influences of both terms, namely the
smoothness and data terms, are dynamically weighted dur-
ing the iterations. At the beginning, the smoothness term
takes large weight to make the solution evolve to the bound-
ary quickly. When getting close to the boundary regions,
the data term is dominant and the matting exhibits the
anisotropic diffusion behavior. In this way, not only the glob-
ally smooth optimization is obtained, but also the detailed
features on the image edges are preserved. Third, we intro-
duce a novel local refinement technique to manipulate the
continuous energy field in selected local regions. The modi-
fied local regions can be seamlessly integrated into the final
result. Lastly, our approach can be directly extended to video
matting by considering an additional temporal smoothness
term.

We call our approach Easy Matting because few user in-
teractions are involved in the whole procedure (shown as
Figure 1). Even for video matting, only few strokes are re-
quired to be assigned in few key frames. Meanwhile, the en-
ergy optimization converges to the globally optimal solution
very quickly, yielding very few iteration times. In each iter-
ation, the energy equation is reformulated as a set of linear
equations and can be solved quickly.

After a brief review of previous works in the next sec-
tion, we elaborate the construction of the energy equation in
Section 3. The iterative energy minimization framework is
introduced in Section 4. Section 5 describes the local Easy
matting. We will extend our algorithm to video matting in
Section 6. Section 7 presents the experimental results and
discussions. Finally, we conclude the whole paper.

2. Related Works

A vast literature has been devoted to the problems of fore-
ground extraction and alpha-matting. We briefly review rep-
resentative interactive matting tools. For the purpose of clar-
ity, Figure 2 and 3 compare the effects with our approach
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Figure 3: (a) The input image with user-specified strokes. (b) The user-specified trimap. (c) The result with Bayesian matting
based on the strokes in (a). (d) The result with Bayesian matting based on the trimap in (b). (e) The result with Belief Propagation
matting based on the strokes in (a). (f-h) Our result after one, two and three iterations based on the strokes in (a).

and the Knockout 2 tool, Bayesian and Belief Propagation
matting algorithms respectively †.

Bayesian matting algorithm [CCSS01] first clusters the
color samples of F(z) and B(z). Each cluster is fitted with
an oriented Gaussian distribution. The optimal α values
are then estimated for each pair of foreground and back-
ground pixels using maximum-likelihood criterion. When
the color distributions of the foreground and background are
sufficiently well separated and the unknown region is not
large, this algorithm yields good mattes. Whereas, it is not
amenable to the images with complex scenes, where two
foreground clusters are spatially proximal and mixed in the
color space. It also lacks the interactivity for refining the
matting results.

Knockout 2 [CC002] is a plug-in tool in the commer-
cial software Adobe Photoshop. Like Bayesian matting, it
is driven by a user-defined trimap and sometimes leads to
similar results as [CCSS01].

Poisson matting [SJTS04] aims to estimate the matte from
the matte gradient field by solving Poisson equations with
the boundary information from the trimap. Poisson matting
works well based on the assumption that the foreground and
background are smooth. For complex foreground and back-
ground patterns, solely solving the global Poisson equation
is erroneous. Although local Poisson matting techniques can
improve the global matting results, it requires much labor for
manual and local refinements.

GrabCut approach [RKB04] relies on graph cut opti-

† All results with Belief Propagation algorithm were kindly pro-
vided by the authors of [WC05].

mization to extract foregrounds from images. Given a small
amount of user-defined bounding boxes, the approach erodes
and dilates the extracted foreground region uniformly, fol-
lowed by the automatical creation of an unknown region for
matting. Meanwhile, a border matting scheme is introduced
by assuming a strong parametric function to the matte, lim-
iting its usages to images with smooth object boundaries.

Belief Propagation matting [WC05] (denoted as BP mat-
ting) tackles the segmentation and matting problems in a
unified optimization framework based on Belief Propaga-
tion algorithm. It generates a matte directly from a few user-
specified strokes. However, this approach makes use of the
statistical sampling of known foreground and background
colors, and is inherently intractable for images where the
foreground and background exhibit very ambiguous colors.
Another disadvantage of it lies in its low computation perfor-
mance, owing to the slow convergence of belief propagation.

Video matting can be regarded as an extension of the
image matting. Bayesian video matting [CAC∗02] follows
the same technical way of Bayesian matting and uses a bi-
directional optical flow algorithm to interpolate the trimaps
in key frames. Video cutout technique [WBC∗05] provides
an interactive means to determine the trimap needed for
Bayesian matting, and extends the border matting method
in [RKB04] to the 3D video volume. Li and his colleagues
[LSS05] propose a practical system for video object cut and
paste. They employ 3D graph cut and tracking-based local
refinement to obtain a binary segmentation of the video ob-
jects. In addition, the algorithm adopts the coherent matting
technique [SSY∗04] which uses the binary segmentation as
a prior to estimate the alpha matte.
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3. The Energy Equation

Matting is identical to an optimization problem: given the
mixed color C of each pixel, it aims to reconstruct optimal
values of the foreground color F , the background color B,
and the alpha value α. To find a continuous solution, basi-
cally there are two a priori expectations. On one hand, the es-
timated colors should approximate the input image as close
as possible. On the other hand, the estimated alpha values
should exhibit smooth transition between the foreground and
the background.

In our approach, we perform the matting in an iterative
energy optimization framework. For each iteration the un-
known region (denoted as Ω) is modelled as a MRF. The
MRF is represented by a graph structure, of which each pixel
p is a node and connected to the nodes in its 4-connecting
neighborhood N(p). During the iterations, the graph struc-
ture is dynamically updated with the decreasing of the un-
known region. We define the energy considering all afore-
mentioned constraints as:

E = ∑
p∈Ω

(Ed(p)+ λEs(p)) (2)

Ed is the data energy which describes how well the es-
timated alpha value αp, the foreground Fp and background
Bp fit with the actual color Cp. Es is the smoothness energy
which penalizes the inconsistent matte changes between p
and its neighborhood N(p). λ is a dynamically adjusting pa-
rameter which is used to balance the influences of the data
and smoothness terms. We will elaborate it in Section 3.3.

3.1. The Data Term

The data term is designed for measuring the difference be-
tween the observed color C and the color predicted by the es-
timated F , B, and α. To compute the matte for p, we seek an
optimal estimation for its foreground and background colors
in its local neighborhood. In practice, we choose M nearest
pixels from the foreground and background regions respec-
tively. From each class of samples, we further determine N
pixels that have the most similar value to Cp, yielding:

Ed(p) =
1

N2

N

∑
i=1

N

∑
j=1

‖Cp −αpF i
p − (1−αp)B

j
p‖

2/σ2
p (3)

where F i
p and B j

p denote the foreground and background
color samples and Cp is the actual color of p. The distance
between colors is the Euclidian distance in RGB space, de-
noted as ‖ · ‖. σ2

p denotes the distance variance among Cp

and αpF i
p +(1−αp)B

j
p (i, j ∈ (1,2, ...,N)).

In our implementation, M, N and the initial αp are set to
be 20, 5 and 0.5 separately.

3.2. The Smoothness Term

We define the second term in Equation 2 based on the degree
of differences among neighboring pixels:

Es(p) = ∑
q∈N(p)

(αp −αq)
2/‖Cp −Cq‖ (4)

The quadratic function (αp −αq)
2 is designed to ensure

the smoothness of the resulting matte. Not surprisingly, if
we simply compute their sum ∑p∈Ω |∇α|2 within the un-
known region, it will lead to undesirable results at the bound-
aries. To preserve discontinuities, we modulate the smooth-
ness term by a function of the color gradient [AF04], namely,
ϕ(∇C) = 1/‖Cp −Cq‖. Thus, the smoothness term enforces
smoothness on the matte in low-contrast regions while pre-
serves discontinuities in high-contrast regions.

3.3. The Dynamic Weighting

Previous segmentation methods based on graph cut [BJ01,
RKB04, LSTS04, WBC∗05, LSS05] and belief propagation
[WC05] do consider the influences from multiple aspects
while take the weight as a fixed constant. In contrast, we in-
troduce a dynamic weighting scheme based on the following
observations: in most cases, one image has self-connected
foreground and background, such as the figure of a human-
being or an animal. The boundaries between them tend to
exhibit more high frequency than their interiors. The matte
is difficult to be extracted in the boundaries, which are typ-
ically represented as trimaps in previous methods. Hence,
in those regions where high color contrast exists, the data
term plays a more important role, and λ should be small
enough to emphasize the data term. Employing a small λ
also suppresses the smoothness term, preserving the discon-
tinuities at the same time. In the other extreme case when
the underlying regions are far away from the image edges,
the matte should be as smooth as possible for visually plau-
sible results. Therefore, λ should be large enough to guar-
antee that the energy is dominated by the smoothness term.
In the transition between these two extremes, λ should be
set as a moderate-sized value. Accordingly, we dynamically
determine the weight λ in each iteration. With the progress
of the iterations, λ changes gradually from a large value to
a small value. This is in accordance with the evolving pro-
cedure from the interiors to the boundaries of the known re-
gions. In practice, λ is defined as:

λ = e−(k−β)3

(5)

where k is the iteration count, β is an adjustable constant.
Normally β is set to be 3.4. In case that the foreground or the
background is largely unconnected, such as the spider image
shown in Figure 2, β is set to be a small value such as 0.5.

With the increasing of the iteration count, λ decreases
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quickly. One straightforward profit from the dynamic
weighting scheme is that we only need several user-specified
strokes for marking the foreground and the background.
Usually these strokes are far away from the boundaries. Dur-
ing the iterations, the strokes will propagate to the bound-
aries very rapidly, typically after one or two iterations.
Hence, trimaps are no longer necessary (shown in Figure 3).

4. Global Easy Matting

We now present the iterative energy optimization algorithm
based on our dynamic weighting scheme. With the MRF
representation of the unknown regions, belief propagation
[WF01] or graph cut algorithms [BVZ01] can be adopted to
find the optimal matte. However, for a 256-level matte, these
algorithms generally requires solving 256 equations for each
pixel. To avoid expensive computations, we reformulate the
proposed energy equation to a set of linear equations, yield-
ing much higher performance than solving a belief propaga-
tion or graph cut problem.

We begin the iterative optimization with a set of user-
specified strokes. As shown in Figure 4 (a), ΩF ,ΩB and
Ω are defined as definitely foreground, definitely back-
ground and unknown regions respectively. Let ∂Ω = {p ∈
ΩF

�
ΩB|Np � Ω 6= ∅} be the boundary of Ω.

∂Ω

ΩF

ΩB

Ω

∂Ω

ΩF

ΩB

Ω

ΩM

M

(a) (b)

Figure 4: (a) Global easy matting: ΩF , ΩB are strokes of the
foreground and background. ∂Ω denotes the boundary of the
unknown region Ω. (b) Local easy matting: the user selects
a local region ΩM interactively. ∂ΩM is the boundary of the
unknown local region ΩM .

To recover the matte in Ω, we attempt to minimize the
following variational problem derived from Equation 2:

E = ∑
p∈Ω

(
1

N2

N

∑
i=1

N

∑
j=1

‖Cp −αpF i
p − (1−αp)B

j
p‖

2/σ2
p

+λ ∑
q∈N(p)

(αp −αq)
2/‖Cp −Cq‖ )

(6)

with Dirichlet boundary condition α|∂Ω = α∗|∂Ω. We de-
fine:

α∗
p|∂Ω =

{

1 p ∈ ΩF
0 p ∈ ΩB

(7)

The matte is obtained by solving the energy equation with
the boundary conditions. We take the derivatives on both
sides of Equation 6 for αp, yielding:

E
′

= ∑
p∈Ω

(
2

N2 ·
N

∑
i=1

N

∑
j=1

((Cp −Bi
p) · (B

j
p −F i

p)

+‖B j
p −F i

p‖
2αp)/σ2

p + 2λ ∑
q∈N(p)

(αp −αq)/‖Cp −Cq‖ )

(8)

This equation can be reformulated to a set of linear equa-
tions, Ax = b. Existing numerical iterative algorithms such
as the conjugate gradient method are very efficient to solve
these equations. Not surprisingly, it is much faster than solv-
ing a belief propagation or graph cut problem.

We further denote Ω+
F = {p ∈ Ω|αp ≥ 0.99,Cp ≈ Fp}. It

guarantees that the pixels in Ω+
F are in the foreground. Sim-

ilarly, we let Ω+
B = {p ∈ Ω|αp ≤ 0.01,Cp ≈ Bp}. Inspired

by [WC05], we determine a pair of foreground and back-
ground colors from the foreground and background samples
to minimize the fitting error:

(Fp,Bp) = arg min
F i

p,B
j
p

‖Cp −αF i
p − (1−α)B j

p‖ (9)

In summarize, the iterative energy optimization takes fol-
lowing steps:

1. The user draws several strokes.
2. For each node in the MRF, sample a set of foreground and

background colors, and construct the energy equation as
described in Section 3.

3. Reconstruct the matte by solving Equation 8.
4. Update Ω+

F and Ω+
B and refine Fp and Bp according to

Equation 9 respectively.
5. Repeat steps 2 - 4 until both Ω+

F and Ω+
B are empty.

6. End.

5. Local Easy Matting

In global Easy matting, the energy equation is based on a sta-
tistical sampling of the known foreground and background
colors. When these colors are ambiguous and have low con-
trast, global Easy matting will lead to undesirable results.
In addition, very large or small smoothness term will result
in over-smooth or over-sharp mattes. We propose a simple
refinement scheme to allow the user to specify the local re-
gions.

5.1. Local Energy Equation

As shown in Figure 4 (b), the handled region becomes ΩM
and the boundary of the new handled region becomes ∂ΩM =
{p ∈ΩM |Np ∩ΩM 6= ∅}. The variational problem to be min-
imized in local matting is given by:
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E = ∑
p∈ΩM

(Ed(p)+ λEs(p)) (10)

with Dirichlet boundary condition α|∂ΩM
= α∗|∂ΩM

. The
local Dirichlet boundary condition α∗|∂ΩM

is defined as:

α∗
p|∂ΩM

=







1 p ∈ ΩF
0 p ∈ ΩB

αp p ∈ Ω
(11)

Normally, the selected local regions are small, allowing
Equation 10 to be solved very quickly. Meanwhile, due to the
existing boundary conditions, the local refinement is seam-
lessly integrated with the global matte and does not exhibit
visible discontinuity.

5.2. Local Operations

We additionally provide two kinds of operations, namely, the
smoothness adjustment and the local resampling. The former
directly works on the energy field to reduce the errors of
over-smooth and over-sharp mattes. The latter one is used to
obtain the correct sampling information. In both cases, the
user manipulates the matte patch-wise, thus gets rid of the
labor of per-pixel correction.

The input image Ed ≈ 10Es Ed � 10Es Ed � 10Es

Figure 5: When Ed ≈ 10Es, correct matte is computed.
Whereas, Ed � 10Es or Ed � 10Es results in over-smooth
or over-sharp matte respectively.

5.2.1. Local Smoothness Adjustment

As stated earlier, the weight λ greatly determines the influ-
ence of the smoothness. If Ed is much smaller than λEs, the
matte tends to be over-smooth. On the contrary, when Ed is
much larger than λEs, over-sharp matte is likely to appear.
Figure 5 shows the results with different λ.

In these cases, the user is allowed to specify the region
with a simple brushing tool. The first column of Figure 6
illustrates three regions selected from three different images.
The user interactively adjusts the weight λ by a sliding tool.
It yields new energy value in the selected regions:

E′ = Ed + λ′Es (12)

Here, λ′ is a parameter to control the degree of smooth-
ness. If it is set to be larger than 1.0, this operation increases

Es, and thus enhances the smoothness. On the other side, the
smoothness is suppressed. The second and third columns of
Figure 6 compare the matte before and after applying the
local smoothness adjustment.

Figure 6: The first column depicts three user-specified re-
gions. The second and third columns compare the results
before and after applying the smoothness adjustment.

Figure 7: (a) The selected local region; (b) The result with
global matting; (c) The user specifies the region with a brush
(shown as a blue rectangle) and selects several samples
(shown as red circles); (d) The improved matte with the local
resampling scheme.

5.2.2. Local Resampling

In some local regions, the colors are very similar between the
foreground and background, as shown in Figure 7 (a). Ac-
cording to Equation 3, the low color contrast makes the data
term quite unstable, yielding unpleasant results (see Figure 7
(b)). One effective solution is to choose other neighboring
pixels with distinctive colors. The selections of pixels have
to resort to the human vision. In practice, we allow the user
manually select several samples (see the red regions in Fig-
ure 7 (c)). This local resampling scheme facilitates efficient
energy construction, and significantly improves the matting
result (see Figure 7 (d)).

c© The Eurographics Association and Blackwell Publishing 2006.
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(a) (b)

(c) (d)

(e) (f) (g)

(h) (i) (j)

Figure 8: (a) The first frame; (b) Result with our approach on the first frame; (c) The unknown region and the foreground
seeds computed with the optical flow algorithm on the next frame; (d) Automatically generated trimap of the next frame; (e-g)
Automatically extracted mattes and (h-j) foreground objects in the 10th, 20th and 30th frames.

6. Extension to Video Matting

Our approach can also be extended to video matting by mod-
elling the video sequence as a Markov Chain, of which each
frame only relates to its preceding frame. We first compute
the matte on the first frame I0 by specifying a set of strokes
(Figure 8 (a)). With the extracted matte of the first frame
(Figure 8 (b)), we sequentially perform matting on the con-
secutive frames. To automatically determine the unknown
region, of which each pixel has the semi-transparent matte,
we adopt the optical flow algorithm [Bou98] to estimate the
inter-frame motion between It and It+1. We regard the re-
sultant region as the unknown region of It+1 (the green re-
gion of Figure 8 (c)). Then we dilate each pixel of this region
around its neighborhood by three pixels to guarantee that the
unknown region is closed. In addition, we randomly select
15 samples in the foreground region of It and find their coun-
terparts in It+1 using optical flow, yielding foreground seeds
of It+1. This scheme works well because only one frame
is processed with the optical flow algorithm. Subsequently,
these foreground seeds are propagated to the boundary of the
unknown region using the seed-filling algorithm. The results
together with the unknown region construct an initial matte
estimation of It+1 (Figure 8 (d)). This acts as a trimap for
subsequent matting.

We construct an energy equation based on the extracted
information of It and It+1. Besides Ed and Es employed in
Equation 2, we design another inter-frame smoothness term
Er for each node in It+1 to preserve the temporal smooth-
ness between arbitrary two adjacent frames. Er measures the
difference between the alpha values of each node in the un-
known region of It+1 and its 4-connecting neighborhood in
It (see Figure 9):

Er(p) = ∑
q∈N(p)⊂It

(αp −αq)
2/‖Cp −Cq‖ (13)

t t + 1

Ed

Es
Er

Figure 9: The energy construction for video matting.

Thus, the variational problem derived from the energy
equation becomes:

E = ∑
p∈Ω⊂It+1

(Ed(p)+ λEs(p)+ γEr(p)) (14)

with Dirichlet boundary condition α|∂Ω = α∗|∂Ω. The
Dirichlet boundary condition α∗|∂Ω is defined as:

α∗
p|∂Ω =







1 p ∈ ΩF ⊂ It+1
0 p ∈ ΩB ⊂ It+1

αp p ∈ It
(15)

Similar to our image matting algorithm, minimizing the
energy also involves solving a set of linear equations and
thus is very fast. In this way, we can automatically generate
good mattes for more than 30 frames. Figure 8 illustrates the
matting results of four selected frames with our approach.

7. Results and Discussions

We have implemented our approach with Visual C++. All
experimental results were collected in a PC equipped with
P4 2.4 GHZ CPU and 512MB memory.

We first compared our results with those by Bayesian mat-
ting, Corel Knockout 2, and Global Poisson matting for a

c© The Eurographics Association and Blackwell Publishing 2006.



Yu Guan & Wei Chen & Xiao Liang & Zi’ang Ding & Qunsheng Peng / Easy Matting - A Stroke Based Approach for Continuous Image Matting

list of quite challenging images shown in Figure 10. These
images were specifically selected so that either they contain
complex regions in which the foreground and background
have very similar colors or they have a large portion of semi-
transparent region. Overall our approach achieves more ap-
pealing results than other methods. The Dog image (740×
620) shown in the first and second rows contains complex
hair opacity in the background region. Global Poisson mat-
ting approach does not work well where the foreground and
background exhibit complicated colors. Bayesian matting
and Knockout 2 tool show their weakness where the fore-
ground and background colors are ambiguous. Whereas, our
approach without local refinement generates comparable re-
sults. In the third and fourth rows, we show the results for
the Peacock image (600×400) which has a large amount of
holes and a large region representing the semi-transparent
feather. Apparently, Global Poisson matting leads to no-
ticeably low quality. Bayesian matting and Knockout 2 ap-
proaches yield more visual artifacts than our approach. Ta-
ble 1 compares the performance of all these methods. It is
worthy mentioning that our approach and BP matting em-
ploy only several strokes while other methods require a well-
defined trimap, and thus our approach operates on a much
larger unknown region.

Figure Bayesian Knockout Poisson BP Ours
Dog 76.1 0.7 15.9 475 186.1
Peacock 88.9 0.9 27.5 480 141.3

Table 1: Time consumptions in seconds of different ap-
proaches.

Figure 11 shows more results for complex natural images.
Bayesian matting and Knockout 2 do not work well because
they only consider the sampling color information. Our ap-
proach with local refinement favors high quality matte ex-
traction. To demonstrate the efficiency of our approach, we
ask three volunteers to try the whole procedure with our ap-
proach, including global matting and local refinement. Ta-
ble 2 lists the corresponding time consumptions.

Figure Image Size 1st User 2nd User 3rd User
Girl 480×310 5.8 6.4 5.7
Oldster 480×640 4.8 5.1 4.1
Bird 600×580 7.4 6.1 5.7
Child 400×550 6.5 6.4 5.1

Table 2: Time consumptions in minutes with our approach.

We also tested our video matting approach for several
video sequences. The preliminary experiments demonstrate
that our approach can automatically estimate good mattes for
more than 30 frames by using several strokes drawn on the
first frame. For a long video sequence, we typically choose
key frames at 20-frame intervals and draw strokes on them.
But the sampling rate may vary according to object motion.

For faster moving or changing objects, a higher sampling
rate may be used. Figure 8 and our video demonstration de-
pict two examples. Both of them contain about 75 frames
and cost 9 minutes with our approach. Because we employ
the accurate information from the preceding frame to es-
timate the matte of the next frame, the accumulated error
caused by the propagation to the 3D video volume as demon-
strated in Bayesian video matting algorithm [CAC∗02], is
efficiently avoided. In addition, the size of the unknown re-
gion and the randomly selected samples in the preceding
frame is adequately small compared to the whole image, and
thus applying the optical flow algorithm leads to robust and
accurate results in our experiments. On the other hand, ap-
plying Bayesian video matting to these video sequences is a
little bit time-consuming because automatically propagating
a well-defined trimap to consecutive frames is probably non-
trivial and unstable. The reason for it is that this scheme is
highly dependent on the accuracy of employed trimap while
our approach loosens this limitation. Furthermore, our ap-
proach preserves the spatio-temporal coherence of the video
mattes because the energy equation (Equation 14) takes the
inter-frame relationships into account.

8. Conclusions and Future Work

In this paper, we have presented a new matting approach,
which considers the influences of the statistical sampling
information and the gradients of color and matte. By iter-
atively optimizing an energy function, the matte is grad-
ually extracted with the propagation of the user-specified
foreground and background regions. The dynamic weight-
ing scheme can automatically achieve smooth matte in the
interiors of the foreground and background and preserve the
detailed features in the edge. One attractive feature of our ap-
proach lies in that it does not require a well-defined trimap,
but only a few user-specified foreground and background
strokes. Our approach is capable of producing impressive re-
sults for many complex images which are intractable for pre-
vious methods. The employed energy equation is uniquely
defined for not only the global matting and local refinement,
but also for video matting that preserves spatio-temporal co-
herence. Due to the simple user interaction mode, we believe
that our approach can be easily applied for many digital en-
tertainment applications.

Matting is inherently under-constrained and intrinsically
difficult. There are some limitations to be addressed. One
problem is that the underlying structure of the matte can not
be easily distinguished from noise, the background or fore-
ground when the foreground and background colors are very
similar or ambiguous. How to combine all available informa-
tion, such as color, texture and shape to obtain more accurate
statistic models is the main goal of our future work. In addi-
tion, as our video matting algorithm is a preliminary attempt,
we want to find better solution to make it feasible for more
complicated video sequences.
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Figure 10: Comparison of our approach (without local refinement) with previous methods.
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