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Abstract

We present a new, simple-to-use and rapid approach
to video matting, the process of pulling a high-
quality alpha matte from a video sequence. Our
approach builds upon techniques in natural image
matting, namely spectral matting, and optical flow
computation. No additional hardware, despite a sin-
gle camera, is needed, and only very few and intu-
itive user interactions are required for foreground
estimation. For certain scenes the approach is able
to estimate the alpha matte for a video, consisting
of up to 102 frames, without any user interaction at
all.

1 Introduction

In digital matting a foreground object along with an
opacity estimate for each object pixel is extracted.
This gives the user the possibility to seamlessly in-
sert new elements into the scene, e.g., an actor can
be recorded and later pasted into a different scene.
Such techniques are frequently used in commercial
television or film production. A recent survey can
be found in [26].

The most simple matting technique is arguably
blue screen matting, also known aschroma key-
ing. Foreground elements are recorded in front of a
solid color background, and a number of heuristics
are used to extract the matte from each frame [20].
While being fairly effective, the method requires a
controlled studio environment.

More sophisticated methods such asnatural im-
age matting do not impose any restrictions on the
background. However, the problem becomes inher-
ently under-constrained and additional information
in form of a trimap [7, 21, 9], fore- and background
scribbles [24, 10, 15] or tracing along the edges be-
tween fore- and background [22] is required.

Our work is mostly inspired by thespectral mat-
ting approach by Levinet al. [16]. Spectral mat-

ting extends the ideas ofspectral segmentation [27,
19, 12]. The real-valued matting components are
obtained via a linear transformation of the smallest
eigenvectors of thematting Laplacian matrix [15].
These matting components are then combined to
form the complete foreground matte.

While object cutout in still images has more or
less been solved,video matting remains a challeng-
ing problem. In video matting the task is to esti-
mate the foreground matte of each frame of a video
without the need for the user to edit each frame
and without introducing temporal artifacts. Besides
blue screen matting, a similar approach isdiffer-
ence matting [13] where the mapping of the differ-
ence between the recorded scene and a background
shot yields the opacity values. Inrotoscoping a
user draws an editable curve, like a B-spline, around
the foreground element at selected keyframes, often
with the aid of snapping tools that are auto-aligned
along high gradient areas [8, 18, 4, 1]. These are
then interpolated between the keyframes. However,
a lot of manual adjustment is required to pull a high-
quality silhouette, plus the matte is only binary and
usually does not provide any alpha values for blend-
ing.

Quite a lot of different directions have been ex-
plored recently in the field of video matting. Graph
cut segmentation has been extended to work di-
rectly on the 3D video volume [17, 23, 2] and spa-
tially varying color models have been tracked [28].
The recently publishedVideo SnapCut by Bai et
al. [3] combines a set of local classifiers with a co-
herent matting approach to achieve high-quality re-
sults with the possibility for local refinements. Still
it requires considerable user-interaction for longer
sequences.

A common technique to propagate a segmenta-
tion result over time is to use optical flow [4, 6, 3].
Unfortunately relying on optical flow can introduce
accumulation errors which takes away the reliability
of the estimation, forcing user intervention to guide
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the algorithm. Algorithms presented in the litera-
ture reported that typically the alpha matte for up
to a dozen frames on the average without the need
for user interaction can be pulled [6]. In contrast,
our approach reinitializes the foreground estimation
on a per-frame basis, enabling for less error-prone
propagation. In theory, it should be possible to pull
a high-quality alpha matte for a complete video se-
quence without any user interaction at all, using
unsupervised matting [16]. The main contribution
of this paper, however, is finding and adapting a
good set of existing algorithms to devise a com-
bined framework, for optimal results with very few
user-interaction.

The remainder of the paper is organized as fol-
lows. We review spectral matting for still images
(Section 2). We then describe our video matting ap-
proach in detail (Section 3). Next, we show results
of applying our video matting approach to several
test scenes (Section 4). Finally, we conclude with
a short summary and a number of future research
directions (Section 5).

2 Spectral Matting

The compositing equation (1) describes the digi-
tal matting process as a linear combination of fore-
ground colorF and background colorB in every
pixel i:

I(i) = α(i)F (i) + (1 − α(i))B(i), (1)

where I(i) is the pixel color at positioni ∈
{1, . . . , N}, α(i) ∈ [0, 1] is the alpha matte value
at i andN is the number of pixels in the image.

Spectral matting by Levinet al. [16] generalizes
this idea to multiple layers:

I(i) =

K∑

k=1

αk(i)Fk(i), (2)

with
∑K

k=1
αk(i) = 1 andαk(i) ∈ [0, 1]. Where

K is the number of layersFk andαk are the dif-
ferent matting components encoding the influence
of Fk at each pixeli. Despite its proven high-
quality (see [16] for a comparison to other meth-
ods) the real benefit of spectral matting for video
matting is the decomposition intoK alpha matting
componentsαk. All that is needed to obtain the
desired foreground is to specify the components be-
longing to this. Supposeαk1 . . . αkn are designated

Figure 1: Top left: The input image. Top Right: The
estimated alpha matteM (the same matte would
have been proposed using unsupervised matting
in this case). Bottom: The matting components
αk. The components forming the foreground are
marked in red.

as belonging to the foreground, then the complete
matte M is obtained by simply adding them to-
getherM = αk1 + . . . + αkn . An example is
given in Figure 1, where the red marked compo-
nents are added together for the final foreground es-
timation. Additionally an unsupervised matting can
be used to fully automatically estimate a complete
foreground out of the matting components, based
on balanced cuts [14] and thematting Laplacian de-
fined in [16].

3 Spectral Video Matting

In the following our approach is presented, which
makes use of the characteristics of spectral matting,
and extends it to video matting with minimal user
input. In a preprocessing stage, the matting compo-
nents for the complete video sequence are extracted
using the spectral matting technique [16]. As the
outcome is highly dependent on the numberK of
matting components used, we exemplarily estimate
a good number for the first frame. For cutting out
certain foreground objects out of a multitude of pos-
sible objects the user has to decide which compo-
nentsαk should be part of the foreground. The sum
of theseαk forms the matteM0 for the first frame.
We usually set the number of clusters to lie between
10 and 20 for our test scenes, therefore the fore-
ground clusters can be chosen very quickly in most



cases. A simple scribble interface, as proposed in
[16], could be incorporated for selection, if more
clusters are needed for a complex scene. The best
performance is achieved if the number of clusters
is as small as possible, still fulfilling the constraint
that two distinct objects do not share a cluster, be-
cause otherwise a separation would be impossible.
Apart from that, this step is the only user interac-
tion that is needed for the algorithm to start. For
some simpler scenes even this initial foreground es-
timation can be automated by using unsupervised
matting as described in [16].

Using this initial set of matting components, the
foreground is propagated through the video volume
using optical flow. Given two neighbouring frames
I(j−1) andIj plus the matteM (j−1) for the(j−1)-
th frame, we can compute a relation betweenI(j−1)

andIj to satisfy the following equation:

I
j = WI(j−1)

→Ij ◦ I
(j−1)

, (3)

where WI(j−1)
→Ij ◦ I(j−1) warps an image

I(j−1) towards Ij according to the warp field
WI(j−1)

→Ij . The problem of determining this
warp fieldWI(j−1)

→Ij is known as optical flow es-
timation. In our case we are not interested in warp-
ing the image itself to the next frame but rather the
alpha matte. We compute an initial guidanceGj

for the foreground matte of frameIj by warping
M (j−1) using the warp fieldWI(j−1)

→Ij :

G
j = WI(j−1)

→Ij ◦ M
(j−1) (4)

To estimate the foreground matteM j of frameIj

we search for the combination of precomputed fore-
ground clustersαk which minimizes the difference
between the new alpha matteM j andGj in a least-
squares sense. Therefore the task is to minimize the
following error function:

E = ||G −

K∑

k=1

bkαk||, bk ∈ {0, 1} (5)

wherebk is the binary solution vector we solve for.
We found that a simple greedy approach solves this
optimization problem well in all our encountered
test cases. Starting with an empty initial estimate
for M j , we assume there is no foreground in the
image and allαk are 0. We then add the single mat-
ting componentαk to our solution which reduces
the error function the most and setbk to 1. The pro-
cess is repeated untilE converges to a minimum.

As the clusters for the new image have been com-
puted beforehand and are independent of the solu-
tion of the previous frame, this method works very
robust even in the case where the optical flow can-
not compute very precise warp fields, see Figure 2
for a comparison. Also disocclusion, i.e. newly ap-
pearing regions, which are usually a big problem,
can be handled robustly if the disoccluded parts be-
long to the same cluster as already visible parts.

Repeating the described process of warping the
previous matte to the current frame and reestimating
the foreground for the following frames computes
the alpha matte for the whole video sequence. The
computation of the optical flow could also be com-
puted in the preprocessing stage, but as fast optical
flow implementations exist, this would only waste
storage space. To prove the inherent robustness
due to the reinitialization of the foreground using
the matting components, we used a simple block-
matching method [11], beeing aware that better op-
tical flows exist, which could be incorporated in fu-
ture versions.

In some situations, it is possible that certain
changes of the shape of the foreground object can-
not be identified automatically. This situation oc-
curs because the optical flow algorithm is only suit-
able for small and smooth motions and not for
strong changes in the shape of the foreground. Most
of the times the reestimation using the matting com-
ponents handles also imprecise flows, but if the er-
ror becomes too large manual adjustment of the user
is necessary. In this case, the user scans the results
until he finds a frame which has an incorrect esti-
mated foreground. He then adds a new keyframe
by reinitializing the foreground clusters manually,
as done for the first frame. The algorithm then re-
computes the rest of the video with the new fore-
ground estimation. If the content of a scene changes
drastically throughout the video, it might be helpful
to not only reinitialize the foreground clusters, but
also to change the number of cluster or eigenval-
ues, this could also easily be incorporated into the
framework, as the computation can be done in the
preprocessing stage.

4 Results and Discussion

Our test PC used for the evaluation is equipped
with an Intel Core2Duo (2.40GHz), only one core
used, with 2GB of RAM. As test scenes we present



sequence resolution frames edited frames matting components per frame frames/sec
Amira 360 × 240 66 1 10 1.23
Kim 360 × 240 102 0 10 1.03

Table 1: Details for the used test sequences

two commonly known sequences, namely Amira
(Fig. 1) and Kim (Fig. 2). Both contain complex
foreground shapes and motion, like hair, plus a non-
static background and occlusion and disocclusion is
apparent.

In a pre-processing phase the spectral clusters are
computed and saved to disk, which, using the unop-
timized algorithm, takes approximately 5 minutes
for the computation of a360 × 240 frame. For
the interactive online phase, specifying the fore-
ground clusters took about 10 seconds for a trained
user while editing further keyframes takes even less
time. Therefore the user interaction involved in
matting each of our test scenes took less than one
minute for the complete Amira video, consisting of
66 frames. The Kim sequence, consisting of 102
frames was computed completely automatic with-
out any user interaction at all. The initial alpha
matte was automatically estimated using the best
hypothesis from the unsupervised matting [16]. The
results for both sequences are included in the ac-
companying video.

The computation of the optical flow plus warp-
ing of the alpha matte and optimization for the next
matte took less than one second per frame. Gen-
erally the spectral matting performs very well even
for complex structures such as hair (for a detailed
comparison to other methods see [16]). Very fast
movements or newly appearing foreground objects
usually require some user interaction, as the optical
flow will fail in these cases. The number of edited
frames, along with the computation times are given
in Table 1.

5 Conclusion

In this paper, we have presented a new, easy to use
technique for pulling mattes of video foregrounds
having complex silhouettes. Our approach is based
on different methods and combines their individual
strengths. By combining spectral matting and op-
tical flow, we obtain high quality mattes for differ-
ent recorded video scenes. We introduce a simple,
yet efficient way to propagate the alpha matte in-

formation to successive frames. We optimize the
new foreground matte to prevent accumulation er-
rors. A limitation to our current approach is a rel-
atively large memory footprint, due to the spectral
matting algorithm, and that we did not include more
sophisticated user interaction techniques in cases
the spectral matting fails to estimate good clusters,
but we plan to integrate fallbacks for these cases
in the future. One way to diminish these errors
could be temporal filtering of the alpha mattes us-
ing the flow fields to find the temporal neighbors
in successive frames. We also intend to incorpo-
rate a GPU version of the spectral matting process
and the optical flow computation, including a tem-
poral smoothness constraint, in order to remove the
preprocessing stage and possible temporal artifacts
completely. Background estimation as well as back
propagation of the optical flow [6] can further im-
prove the results. As a final goal, we aim for devel-
oping a complete tool with an even more intuitive
user-interface that could be tested and improved by
rotoscoping artists.
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