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ABSTRACT

In this paper we present a novel approach to estimate the
alpha mattes of a foreground object captured by a wide-
baseline circular camera rig provided a single key frame
trimap. Bayesian inference coupled with camera calibration
information are used to propagate high confidence trimaps
labels across the views. Recent techniques have been devel-
oped to estimate an alpha matte of an image using multiple
views but they are limited to narrow baseline views with low
foreground variation. The proposed wide-baseline trimap
propagation is robust to inter-view foreground appearance
changes, shadows and similarity in foreground/background
appearance for cameras with opposing views enabling high
quality alpha matte extraction using any state-of-the-art im-
age matting algorithm.

Index Terms— Image matting, alpha matte, trimap,
wide-baseline, multiple views.

1. INTRODUCTION

In computer vision digital image matting is considered a clas-
sical problem where a foreground object is extracted from a
scene along with its opacity for compositing in a new back-
ground. The increasing demand of special effects in the me-
dia industry and the concept of virtual reality have triggered
the extensive study of the matting problem. An image can
be described as a combination of three layers, the foreground
and the background layers blended together using an opacity
layer called alpha matte. Porter and Duff [1] first put forward
the mathematical relation between these layers known as the
compositing equation as

C=aF +(1-a)B, (1

where C' represents the composite while ), B and « are
the foreground, background layers and alpha matte which
are identical in pixel dimensions. The alpha matte defines
the pixel-wise foreground opacity and has floating point val-
ues in the range of [0, 1], the extreme values represent the
background and foreground colour respectively while the
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intermediate values show their blending proportion due to
object transparency and mixed pixels at object boundaries.

Equation (1) is under-constrained as the only known vari-
able is the composite C'. Studio environment with a known
homogeneous background colour, typically blue or green, is
used to constrain (1). The assumption on the background
colour not to appear in the foreground leads to a simple so-
lution of compositing (1) for alpha. Such constraints are not
available in a natural image therefore a manual interaction
in the form of a trimap is provided to aid the definition of
the foreground and background regions. The problem is then
to estimate the « value for the pixels in the unknown region
given the definite trimap labels. Several solutions [2, 3, 4, 5]
have been proposed to estimate a high quality alpha matte by
exploiting the statistics of the definite regions. In recent tech-
niques like [6, 7, 8, 9, 10], single view matting approaches
have been extended to narrow-baseline multiple views by as-
suming primarily the invariant inter-view foreground appear-
ance. Wide-baseline views of the same foreground present an
extremely challenging matting problem caused by the signif-
icant appearance variations resulting due to occlusion, pro-
jective distortion, shadows and motion blur due to camera or
scene movement.

In this paper we present a novel approach for wide-
baseline image matting given only a single key frame trimap
and set of calibrated cameras. The proposed technique re-
duces the manual interaction required for wide-baseline mat-
ting by limiting interaction to just one view. Quantitative
evaluation demonstrate that the proposed algorithm is ca-
pable to estimate alpha matte for wide-baseline views (up
t0180°) comparable to that achieved by providing manual
interaction to individual views.

2. RELATED WORK

Natural image matting is an extensively studied problem in
computer vision. There are no constraints on the foreground
and background appearance in natural images imposing a re-
quirement of manual interaction in the form of a trimap which
defines the definite foreground, background and unknown re-
gion. The matting algorithms utilise the image statistics of
the definite regions to estimate the final alpha matte. Ap-
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proaches like [2] fit statistical models to the local definite
foreground and background region and the assumption that
the region appearance is locally consistent provides the so-
lution to (1) for o. The assumption require accurate trimaps
to extract a good alpha matte. To overcome the requirement
of an accurate trimap [3, 5] have used local affinities. Pois-
son matting [5] assumes the intensity variations are locally
smooth to estimate the alpha matte. In [3] a linear model is
fitted to the foreground and background colour by assuming
they are locally smooth providing a closed-form solution for
alpha. The propagation behavior of affinity based techniques
make them prone to error accumulation. Recently [4] used a
non-parametric template approach to allow the representation
of local appearance structure and avoid smoothness assump-
tions to extract comparable high quality mattes.

In [7, 8] single view matting is formulated using trian-
gulation between narrow-baseline views (< 5°) with an as-
sumption of invariant foreground and different background.
A thresholded inter-view variance image is used to generate
a trimap and then the local variance information is utilised to
estimate the alpha matte. Planar motion of a rigid foreground
across backgrounds in multiple images is assumed in [9] to
extract an alpha matte by using a Bayesian framework and
background mosaic. The matting problem is formulated as
an estimation of a 3D boundary curve in [6], foreground and
background colours are estimated using the depth informa-
tion from multiple narrow-baseline views making it prone to
stereo inaccuracies. In [10], rectified stereo pairs in a Gaus-
sian pyramid are used to construct a high dimensional fea-
ture space and a local neighbor embedding is used to gen-
erate a trimap followed by o matte estimation [2]. Binary
foreground/background segmentation is performed in [11] us-
ing graph-cut optimisation. A fixation constraint is used to
seed the pixels for the foreground colour model. Similar fore-
ground and background colour distributions cause unaccept-
able results.

Current multi-view matting algorithms generally assume
similar local foreground appearance across the views and are
thus limited to narrow-baseline (< 10°) capture. In this pa-
per we address the problem of wide-baseline views (> 30°)
having significantly different appearance without making as-
sumptions on foreground colour and position across multiple
views.

3. WIDE-BASELINE IMAGE MATTING

The problem is formally stated as follows: For a set of NV
wide-baseline views {Z°})V , and their clean background
plates {B}/, estimate the alpha matte of each image,
{a?}V_, provided a single manually generated key frame
trimap, 7 k. We assume that the cameras are static and
synchronised with know calibration parameters. Using a
Bayesian inference framework and calibration information
our goal is to propagate the trimap labels of 7* across multi-
ple views to obtain their trimaps 7 and corresponding con-

fidence maps C¥. Once a trimap is estimated, a conventional
single view matting algorithm is used to estimate the alpha
matte. To adaptively model the variations in foreground and
background appearance across the views caused by shadows
and illumination variations, the foreground and background
models are updated after matte estimation for every view.

3.1. Trimap Estimation

To propagate the trimap labels, statistics of the definite know
regions are utilised by constructing global foreground and
background models, { M“F' MYB}, using any state-of-the-
art clustering algorithm. Each of these appearance models
is represented as a mixture of multivariate weighted Gaus-
sians in colour space, {\(fi;,¥;)}7_, , with each compo-
nent weighted by a confidence \; defined by the confidence of
the member pixels. Since the wide-baseline views have non-
overlapping backgrounds, the global background model is re-
stricted to the shadow region and a separate pixel-wise back-
ground model for each view, {MPB-*}V_, 'is constructed us-
ing the corresponding clean background plate and a constant
covariance. The trimap estimation process, Fig 1, follows as:
(1) region isolation, (2) initial trimap label propagation, (3)
confidence map estimation and (4) trimap refinement.

3.1.1. Region Isolation

Isolating the shadow region R, in the given image 7" using
epipolar geometry minimises the misclassification of the pix-
els due to the similarity in the foreground and background
appearance. Given a pair of calibrated cameras, the epipo-
lar constraint for a point in one view defines a line, epipo-
lar line, in the other view on which the corresponding image
point must lie. Using the epipolar constraint we can isolate
the shadow region R, Fig 1(b), in the given image Z" by
drawing epipolar line for every pixel in the manually defined
shadow region, Fig 1(a), in the key frame Z* and, if available,
estimated shadow region in the view Z?~!. The final isola-
tion is done by dilating the epipolar lines by a few pixels to
account for calibration errors.

3.1.2. Initial trimap label propagation

Maximum a posterior estimates are used to initially propagate
the trimap label to the pixels in Z. The posterior probabil-
ity of the pixel ¢ belonging to the i** component of a model
M, ([, 21-) with mean /i; and covariance 3; is given by the
Bayes theorem as:

P(fi;, 21’ ‘ T =q)= P(z=q lﬁz;@ig)P(ﬂhZi) )

The term p(ji;, ii) is the prior for the cluster and is given by
the cluster confidence, \;. P(z = q) is the prior for pixel ¢
and is independent of the models and therefore is ignored in

maximising (2) to obtain MAP estimates (i1, Xmi) as

(/lmla 2A)ml)./\/lml, = afg/\f/lllax p(I =4q | lziv jz) )\z (3)
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(a) key frame trimap (b) R s in another view

(c) initial labels

(d) confidence map (e) refined trimap (f) alpha matte

Fig. 1. Steps in wide-baseline image matting, (a) shadow region marked as red and (b) isolated R s in a different view masked with red.

Separate MAP estimates are obtained using (3) to find
the most likely global foreground and background mod-

s, {MEF MEBY corresponding to minimum squared
Mahalanobls distance {DGI | DEB 1. The squared Maha-
lanobis distance of pixel ¢ from pixel-wise background model
MLBv is given by DB, Mahalanobis distance is chi-square
distributed, D ~ x2(d) over d = 3 degree of freedom for
RGB colour space, we use inferential statistics based on the
x? test to infer the trimap label for the pixel ¢. Three separate
null hypothesis are defined under a significance test using a
critical value of Xf{_’ 4 at a significance level of «y as

HGY g€ M | Diin < X
HGP + qeMSP | DSE <X, 4)
HéB . q c MLB,v | rDLB S X%,d

The trimap label 77(q) is propagated to pixel ¢ in the
trimap 7 corresponding to Z¥ according to Tab. 1. The
initial propagated trimap is shown in Fig 1(c).

3.1.3. Confidence Map Estimation

We can associate a confidence level to each pixel in the
trimap 7 to construct the confidence map C”, Fig 1(d),
which is used to refine the initial trimap. The confidence
levels of the most likely global foreground and global or lo-

cal background clusters, {)\ I Ab .}, and the corresponding
minimum squared Mahalanobis distances, {Dmm,Dfmn}
are used to formulate the confidence function. If pixel ¢

corresponds to the foreground hypothesis its confidence is
assigned as ,

b 2 f 2
Dmin/X'y,d )e_D'rrLi7z/Xw,d ,

C*(q) = A1 — ¢ (5)
where, X7 4 1s the critical value at significance level of «y over
d degrees of freedom. The confidence for a background pixel

is estimated in a similar way.
3.1.4. Trimap Refinement

To refine the trimap, a local foreground model M ™" is con-
structed, for every low confidence background pixel, using
the high confidence foreground pixels within a circular win-
dow of dimension r. A null hypothesis that pixel ¢ € MEF is
defined as Hé q€ ML D < X?y 4 based on its min-

man
imum squared Mahalanobis distance Dmm to the most likely
cluster MLF" € MLF for a critical value of X'v 4 at a sig-
nificance level of ~. The trimap label for all pixels satisfying

Region [HET | RSP [HEP | T'(9)

q € Rs true false false | foregrd.
(shadow) Jalse true false | backgrd.

q € Rs true | true/false | false | foregrd.
(not shadow) false | true/false | true | backgrd.
q€ (Rs U-Ry) otherwise unknown

Table 1. Trimap label assignment for pixel q.

the null hypothesis HO is reassigned to unknown U and their

confidence is reevaluated using (5) with DY The refined
trimap is shown in Fig 1(e).

min*

3.2. Matte Estimation

Once the trimap 7 for the view Z" is estimated, the alpha
matte o can be recovered using a state-of-the-art matting al-
gorithm such as [3, 4], shown in Fig 1(f).

3.3. Global Model Update

To model the variations in the foreground and background
appearance due to the shadows and intensity variations the
global models are updated prior to processing the image
Zvtl.  After estimating the final alpha matte of the view
7V, the background pixels in the shadow region and the
foreground pixels which were marked as unknown U in the
trimap propagation step are separately modeled as mixture
of Gaussians. The global models are updated by appending
them with these new lower confidence observations.

4. RESULTS AND EVALUATION

We have used high definition static, synchronised and cali-
brated cameras in a circular rig with an angular separation of
~ 45° to capture an indoor and outdoor scene. Key frames for
a single view and manually drawn trimaps are shown in Fig
2 along with the estimated alpha mattes for other views us-
ing different methods: (1) difference keying, (2) global mod-
eling, (3) background cut [12] and (4) the proposed wide-
baseline technique. Difference keying and global model com-
parison are not able to remove the shadow region while back-
ground cut does a better classification of shadow pixels as
background but fails to define correct foreground where the
foreground colour distribution is similar to the shadow re-
gion in the indoor scene and produced large artifacts in the
uncontrolled outdoor scene. Visual comparison of the mat-
tes produced by the proposed algorithm to the ground truth
shows that the foreground boundary is properly defined and

2235



Key frames Diffeent views

Difference keying

Global model

Background cut Proposed Ground truth

Fig. 2. Estimated alpha mattes obtained using different approaches along with the ground truths for a indoor and outdoor scene. First column

shows the key frames used along with the hand drawn trimaps.

is consistent across the views and the mattes have no visible
artifacts. Root mean square error RMS is used to compare the
techniques quantitatively and the plot Fig 4 for all the views
shows that the proposed algorithm clearly outperform other
techniques.

Average root mean square error RMS in different views for the sequences used.
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Fig. 3. RMS for all the views in the scenes used.

5. CONCLUSION

A novel wide-baseline image matting algorithm is presented
using a Bayesian inference framework for propagating high
quality trimap labels across multiple views using a single key
frame trimap. The technique overcomes limitations of as-
sumptions of previous narrow-baseline approaches for fore-
ground appearance and the requirement of manual interaction
for each wide-baseline view. The results presented demon-
strate high quality alpha matte estimation for views having
an orientation of up to 180° from the key frame. Future work
will focus on the extension of the proposed technique to wide-
baseline video sequences.
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