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Abstract

This paper formulates and solves a new variant of the stereo
correspondence problem: simultaneously recovering the dis-
parities, true colors, and opacities of visible surface elements.
This problem arises in newer applications of stereo recon-
struction, such as view interpolation and the layering of real
imagery with synthetic graphicsfor special effectsand virtual
studio applications. While this problem isintrinsically more
difficult thantraditional stereo correspondence, whereonly the
disparities are being recovered, it provides a principled way
of dealing with commonly occurring problems such as occlu-
sionsand the handling of mixed (foreground/background) pix-
els near depth discontinuities. It also provides a novel means
for separating foreground and background objects (matting),
without the use of a special blue screen. We formulate the
problem as the recovery of colors and opacities in a gener-
aized 3-D (z,y, d) disparity space, and solve the problem
using a combination of initial evidence aggregation followed
by iterative energy minimization.

1 Introduction

Stereo matching has long been one of the central research
problems in computer vision. Early work was motivated by
thedesireto recover depth maps and shape modelsfor robotics
and object recognition applications. More recently, depth
maps obtained from stereo have been painted with texture
maps extracted from input images in order to create realis-
tic 3-D scenes and environments for virtual reality and virtual
studio applications. Unfortunately, the quality and resolution
of most stereo algorithmsfallsquite short of that demanded by
these new applications, where evenisolated errorsin the depth
map become readily visible when composited with synthetic
graphical elements.

One of the most common errors made by most stereo algo-
rithms is a systematic “fattening” of depth layers near occlu-
sion boundaries. Algorithms based on variable window sizes
[13] or iterative evidence aggregation [ 20] can sometimes mit-
igate such errors. Another common problemisthat disparities
are only estimated to the nearest pixel, which is typically not
sufficiently accurate for tasks such as view interpolation.

Unfortunately, for challenging applicationssuch asz-keying
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(the insertion of graphics between different depth layers in
video) [12], even this is not good enough. Pixels lying near
or on occlusion boundaries will typicaly be mixed, i.e., they
will contain blends of both foreground and background col-
ors. When such pixels are composited with other images or
graphical elements, objectionable“halos’ or “color bleeding”
may bevisible.

The computer graphics and special effects industries faced
a similar problem when extracting foreground objects using
blue screen techniques[22]. A variety of techniqueswere de-
veloped for this matting problem, al of which model mixed
pixels as combinations of foreground and background colors
(the latter of which is usually assumed to be known). Practi-
tionersin these fields quickly discovered that it is insufficient
to merely label pixelsasforeground and background: itisnec-
essary to simultaneously recover both the true color of each
pixel and its transparency or opacity [17].

Inthispaper, we develop anew, multiframe stereo al gorithm
which simultaneously recovers depth, color, and transparency
estimates at each pixel. Unlike traditional blue-screen mat-
ting, we cannot use a known background color to perform
the color and matte recovery. Instead, we explicitly model a
3-D (z,y, d) disparity space, where each cell has an associ-
ated color and opacity value. Our task isto estimate the color
and opacity values which best predict the appearance of each
input image, using prior assumptions about the (piecewise-)
continuity of depths, colors, and opacities to make the prob-
lem well posed. To our knowledge, this is the first time that
the simultaneous recovery of depth, color, and opacity from
stereo images has been attempted.

2 Previous Work

Stereo matching (and the more general problem of stereo-
based 3-D reconstruction) are fields with very rich histories
[2,5]. Inthissection, we focus only on previous work related
to our central topics of interest: pixel-accurate matching with
sub-pixel precision, the handling of occlusion boundaries, and
the use of more than two images. Additional citations may be
foundin[23].

The most fundamental element of any correspondence al-
gorithm isamatching cost that measures the similarity of two
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or more corresponding pixels in different images. Matching
costs can be defined locally (at the pixel level), e.g., as abso-
lute [12] or squared intensity differences [14], edges, or over
an area, e.g., using correlation.

Aggregating support is necessary to disambiguate poten-
tial matches. Aggregation has been done using fixed square
windows (traditional), windows with adaptive sizes[13], and
iterative (non-linear) evidence aggregation [20].

Occlusion is another very important issue in generating
high-quality stereo maps. Many approachesignorethe effects
of occlusion; otherstry to minimizethem by using acyclopean
disparity representation [1], or try to recover occluded regions
after thematching by cross-checking[6]. Several authorshave
addressed occlusions explicitly, using Bayesian models and
dynamic programming [3, 7, 10]. However, such techniques
require the strict enforcement of ordering constraints.

Finally, the topic of transparent surfaces has not received
much study in the context of computational stereo [18, 24].
Relatively morework hasbeen donein the context of transpar-
ent motion estimation [4, 11]. However, these techniques are
limited to extracting a small nhumber of dominant motions or
planar surfaces. None of these techniques explicitly recover
a per-pixel transparency value along with a corrected color
value, aswe do in this paper.

3 Disparity space representation

To formulate our (potentially multiframe) stereo problem, we
use ageneralized disparity space which can be any projective
sampling (collineation) of 3-D space. More concretely, we
first choose a virtual camera position and orientation. This
virtual cameramay be coincident with one of theinput images,
or it can be chosen based on the application demands and the
desired accuracy of the results. For instance, if we wish to
regularly sample a volume of 3-D space, we can make the
camera orthographic, with the camera’s (x, y, d) axes being
orthogonal and evenly sampled (asin [21]).

Having chosen avirtual cameraposition, wecan also choose
the orientation and spacing of the disparity planes, i.e., the
constant d planes. The relationship between d and 3-D space
can be projective. For example, we can choose d to be in-
versely proportional to depth, which is the usual meaning of
disparity [16]. The information about the virtual camera's
position and disparity plane orientation and spacing can be
captured in a single 4 x 4 matrix My, which represents a
collineation of 3-D space. Note that in many imaging situa-
tions, integral stepsin disparity will correspond to fractional
shiftsindisplacement in order to achieve acceptableaccuracy.

In this paper, we introduce a generalization of the (z, y, d)
space. If we consider each of the k = 1... K images as
being samples along afictitious “camera’ dimension, we end
upwitha4-D (z,y,d, k) space. In this space, thevaluesin a
given (z,y, d) cdl as k varies can be thought of as the color
distributions at a given location in space, assuming that this
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Figure 1: Sample dlices through a 4-D disparity space: (a)
sample input image—darker red object at d = 5 in front of
lighter blue background at d = 1, (b) (x, d, k) dlice for scan-
line 17, (c) means and (d) variances as a function of (z, d)
(smaller variances are darker), (€) results of winner-takes-all
for whole image (undecided columns in white), (f—g) colors
and opacities at disparities 1 and 5. For easier interpretation,
all images have been composited over an opague white back-
ground (see [23] for color images).

location is actually on the surface of the object and isvisible
in al cameras. We will use these distributions as the inputs
to our first stage of processing, i.e., by computing mean and
variance statistics. Figure 1 shows a set of sample images,
together with an (z, d, k) slice through the 4-D space (y is
fixed at a given scanline), where color samples varying in k
are grouped together.

4 Estimating an initial disparity surface

Thefirst step in stereo matching isto compute someinitial ev-
idencefor asurface existing at (or near) alocation (z, y, d) in
disparity space. Wedo thisby conceptually populating the en-
tire4-D (z,y, d, k) space with colors obtained by resampling
the K input images,

c(z,y,d, k) = Wy(ck(u,v); Hy + t,[0 0 d]), Q)
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where i (u, v) isthe kth input image,! Hy, + t4[0 0 d] isthe
homography mapping thisimageto disparity planed (see Sec-
tion5), W; istheforward warping operator, and c(z, y, d, k)
isthe pixel mapped into the 4-D generalized disparity space.

Oncewehaveacollection of color (or luminance) valuesat a
given (z,y, d) cell, wecan compute someinitial statisticsover
the K (or fewer) colors, e.g., the sample mean 1 and variance
o2. Examples of the mean and variance values for our sample
image are shown in Figures 1c and 1d, where darker values
indicate smaller variances.

After accumulating the local evidence, we usually do not
have enough information to determine the correct disparities
in the scene (unless each pixel hasaunique color). While pix-
elsat the correct disparity should in theory have zero variance,
thisis not true in the presence of image noise, fractiona dis-
parity shifts, and photometric variations (e.g., specularities).
The variance may also be arbitrarily high in occluded regions,
where pixels which actually belong to a different disparity
level will nevertheless vote, often leading to gross errors.

To hel p disambiguate matches, weaggregate evidenceusing
avariant of the algorithm described in [20],

<—ao‘ +0b Z A; 2

JEN4(3)

where ¢! is the variance of pixel i at iteration ¢, 6! =
min(o?!, omax) IS arobustified (limited) version of the vari-
ance, and V, are the usual four nearest neighbors. For the
results in Figure 1, we use (a,b,¢) = (0.1,0.15,0.3) and
Omax = 16.

At this stage, most stereo matching algorithms pick awin-
ning disparity in each (z,y) column, and call this the fina
correspondence map. Optionally, they may also compute a
fractiona disparity value by fitting an analytic curve to the
error surface around the winning disparity and then finding
its minimum [14, 16]. Unfortunately, this does nothing to re-
solve severa problems:. occluded pixels may not be handled
correctly (since they have “inconsistent” color values at the
correct disparity), and it is difficult to recover the true (un-
mixed) color values of surface elements (or their opacities, in
the case of pixels near discontinuities).

Our solution to this problem is to use the initial dispar-
ity map as the input to a refinement stage which simultane-
ously estimates the disparities, colors, and opacities which
best match the input images while conforming to some prior
expectations on smoothness. To start this procedure, we ini-
tially pick only winners in each column where the answer is
fairly certain, i.e., where the variance (“scatter” in color val-
ues) is below athreshold and is a clear winner with respect to

1The color values ¢ can be replaced with gray-level intensity values with-
out affecting the validity of our analysis.

2In our current implementation, the warping (resampling) algorithm uses
bi-linear interpolation of the pixel colors and opacities.

the other candidate disparities.® A new (z, y, d) volumeiscre-
ated, where each cell now contains a color value, initially set
to the mean color computed in the first stage, and the opacity
isset to 1 for cellswhich are winners, and 0 otherwise.

5 Computing visibilities through
re-projection
Oncewehaveaninitia (x, y, d) volume containing estimated
RGBA (color and 0/1 opacity) values, we can re-project this
volumeinto each of the input cameras using the known trans-

formation
X = Mk.Mal)A(o (3)

where %, is a (homogeneous) coordinate in (x,y, d) space,
M, isthe complete cameramatrix corresponding to thevirtual
camera, M, isthe kth camera matrix, and x;, are the image
coordinatesinthe kthimage. Inour approach, weinterpret the
(z,y,d) volume as a set of (potentialy) transparent acetates
stacked at different d levels. Each acetate isfirst warped into
agiven input camera's frame using the known homography
X = Hipxg + tpd = (Hk + tk[() 0 dD X0 4
where xo = (x,y,1), and the layers are then composited
back-to-front.
The resampling procedure for agiven layer d into the coor-
dinate system of camera k can be written as
¢ (u,v,d) = Wy(e(z,y,d); Hp + t,[00d]),  (5)
whereé = [r g b o] isthe current color and opacity estimate
at a given location (z,y, d), ¢ is the resampled layer d in
camerak’s coordinate system, and W, isthe resampling oper-
ation induced by the homography (4). Note that the warping
function islinear in the colors and opacities being resampled,
i.e, the¢y(u, v, d) can be expressed asalinear function of the
¢(z,y,d), eg., through a sparse matrix multiplication.
Once the layers have been resampled, they are then com-
posited using the standard over operator [17],

fAb=f+(1—ay)b,

where f and b are the premultiplied foreground and back-
ground colors, and « is the opacity of the foreground [17].
Using the over operator, we can form a composite image

Cr(u,v) =

7{ (u,v,d) (6)
—=d

max

= ék: u,v, dmax) ARRAN ék(u7 v, dmin)

3To account for resampling errors which occur near rapid color or lumi-
nance changes, we set the threshold proportional to the local image variation
within a3 x 3 window, Varsx 3. In our experiments, the threshold is set to
0 = Omin + 0sVarsx s, with 0,5, = 10 and 65 = 0.02.
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(notethat the over operator isassoci ative but not commutative,
and that d,,., iSthe layer closest to the camera).

After there-projection step, werefinethedisparity estimates
by preventing visible surface pixels from voting for potential
disparities in the regions they occlude. More precisely, we
build an (x,y, d, k) visibility map, which indicates whether
a given camera k can see avoxel a location (x,y,d). To
construct the visibility map, we use a recursive front-to-back
algorithm

Vie(u,v,d—1) = Vi(u,v,d) (1 — ag(u,v,d))

dmax

I - an(uv.d)), @)

d'=d

with theinitial visibilitiesall being setto 1, Vi (u, v, dmax) =
1. We now have a very simple (linear) expression for the
compositing operation,

dmax
¢ (u,v) = Z

d=dmin

¢k (u, v, d)Vi(u, v,d). (8)

Once we have computed the visibility volumes for each
input camera, we can update the list of color sampleswe orig-
inally used to get our initial disparity estimates. Let

¢k (u,v,d) = cg(u, v) Vi (u,v,d)

betheinput color image multiplied by itsvisibility at disparity
d. If we substitute ¢y (u, v, d) for ¢x(u, v) in (1), we obtain
a distribution of colors in (x,y, d, k) where each color has
an associated visibility value (Figure 2a). Voxels which are
occluded by surfaces lying in front in a given view & will
now have fewer (or potentially no) votes in their local color
distributions. We can therefore recompute the loca mean
and variance estimates using weighted statistics, where the
visibilities V' (z, y, d, k) provide the weights (Figures 2c and
2d).

Withthese new statistics, wearenow in positiontorefinethe
disparity map. In particular, voxels in disparity space which
previously had an inconsistent set of color votes (large vari-
ance) may how haveaconsistent set of votes, becausevoxelsin
(partially occluded) regionswill now only receive votes from
input pixelswhich are not already assigned to nearer surfaces
(Figure 2b—d). Figure 2e—g show theresultsafter oneiteration
of thisalgorithm.

6 Refining color and transparency
estimates

Whilethe above process of computing visibilitiesand refining
disparity estimates will in general lead to a higher quality
disparity map (and better quality mean colors, i.e., texture
maps), it will not recover the true colors and transparenciesin

Il
o
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Figure 2: After modifying input images by visbility
Vie(u,v,d): (a) re-synthesized view of sample images, (b)
(z,d, k) dlice for scanline 17, (c) means and (d) variances as
afunction of (z,d), (€) results of winner-takes-al for whole
image, and (f—g) colors and opacities at disparities 1 and 5
after one iteration of the reprojection algorithm.

(b)

mixed pixels, e.g., near depth discontinuities, which is one of
the main goals of this research.

A simpleway to approach this problem isto take the binary
opacity maps produced by our stereo matching algorithm, and
to make them real-valued using a low-pass filter. Another
possibility might be to recover the transparency information
by looking at the magnitude of the intensity gradient [15],
assuming that we can isol ate regions which bel ong to different
disparity levels.

In our work, we have chosen instead to adjust the opacity
and color vauesé&(z, y, d) to match theinput images (after re-
projection), while favoring continuity in the color and opacity
values. This can be formulated as a non-linear minimization
problem, where the cost function has three parts:

1. aweighted error norm on the difference between the re-
projected images ¢ (u, v) and the original input images
¢k (u,v)

G = Z pl(ék(ua ”U) - ck(uvv))a (9)
(u,v)

2. a(weak) smoothness constraint on the colors and opaci-
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ties,

C? = Z p2(6($/7y/ad/) - é(x7yad))7
(z,y,d),(z',y",d ) EN (2,y,d)
(10)

3. aprior distribution on the opacities,

G= Y dlaley.d). (1)
(

z,y,d)

Intheaboveequations, p; and p- areeither quadratic functions

or robust penalty functions [9], and ¢ is a function which

encourages opacitiestobeO or 1, e.g., ¢(z) = z(1 — x).4
To minimize the total cost function

C = ACq + A2Co + A3C3, (12)

we use a preconditioned gradient descent algorithm. First,
we compute the gradient of the cost function with respect to
the color and opacity parameters ¢(z, y, d). We also compute
the diagonal of the approximate Hessian matrix[19, pp. 681-
685]. Then, we divide the gradient by the diagonal of the
Hessian, and adjust the color and opacity values accordingly.
A complete description of this procedureis givenin [23].

7 Experiments

To study the properties of our new stereo correspondence a-
gorithm, we ran asmall set of experiments on some synthetic
stereo datasets, both to evaluate the basic behavior of the al-
gorithm (aggregation, visibility-based refinement, and energy
minimization), and to study its performance on mixed (bound-
ary) pixels. Being able to visualize opacities/transparencies
is very important for understanding and validating our algo-
rithm. For thisreason, we chose color stimuli (the background
is blue-green, and the foreground is red). Pixels which are
partially transparent will show up as“pale’ colors, whilefully
transparent pixels will be white.> We should emphasize that
our algorithm does not require colored images as inputs (see
Figure 5), nor does it require the use of standard epipolar ge-
ometries.

The first stimulus we generated was a traditional random-
dot stereogram, where the choice of camera geometry and
filled disparity planes results in integral pixel shifts. This
example aso contains no partially transparent pixels. Figure
3 shows the results on this stimulus. The first eight columns
are the eight disparity planesin (z,y, d) space, showing the
estimated colors and opacities (smaller opacities are shown
as lighter colors). The ninth and tenth column are two re-
synthesized views (leftmost and middle). The last column
is the re-synthesized middle view with a synthetic light-gray
square inserted at disparity d = 3.

4All color and opacity values are, of course, constrained to liein the range
[0, 1], making this a constrained optimization problem.
5For a color version of these figures, please see [23].

As we can see in Figure 3, the basic iterative aggregation
algorithm resultsin a*“ perfect” reconstruction, although only
one pixel is chosen in each column. For this reason, the
re-synthesized leftmost view (ninth column) contains alarge
‘gap”.

Figure 3b shows the results of using only the first C; term
in our cost function, i.e., only matching re-synthesized views
with input images. There-synthesized view in column nineis
now much better, although we see that abit of the background
has bled into the foreground layers, and that the pixels near
the depth discontinuity are spread over several disparities.

Adding the smoothness constraint C, (Figure 3c) amelio-
rates both of these problems. Adding the (weak) 0/1 opacity
constraint Cs (Figure 3d-€) further removes stray pixels at
wrong disparity levels.

For comparison, Figure 3f shows the results of atraditional
winner-take-all algorithm (the same as Figure 3a with avery
large O.,in and no occluded pixel removal). We can clearly
see the effects of background colors being pulled into the
foreground layer, as well as increased errors in the occluded
regions.

Our second set of experiments uses the same synthetic
stereo dataset as shown in Figures 1 and 2. Here, because
the background layer isat an odd disparity, we get significant
re-sampling errors (because we currently use bilinear inter-
polation) and mixed pixels. The stimulus also has partially
transparent pixels along the edge of the top half-circle in the
foreground shape. This stereo dataset is significantly more
difficult to match than previous random-dot stereograms.

Figure 4a shows the results of applying only our iterative
aggregation algorithm, without any energy minimization. The
set of estimated disparities are insufficient to completely re-
construct theinput images (this could be changed by adjusting
the thresholds 6,,,;,, and 6), and severa pixels are incorrectly
assigned tothed = 0 layer (dueto difficultiesin disambiguat-
ing depthsin partially occluded regions).

Figure 4b shows the results of using only the first C; term
in our cost function, i.e., only matching re-synthesized views
with input images. The re-synthesized view in column nineis
now much better, although we see that abit of the background
has bled into the foreground layers, and that the pixels near
the depth discontinuity are spread over several disparities.

Adding the smoothness constraint C, (Figure 4c) amelio-
rates both of these problems. Adding the (weak) 0/1 opac-
ity constraint Cs (Figure 4d) further removes stray pixels at
wrong disparity levels, but at the cost of an incompletely re-
constructed image (thisis less of a problem if the foreground
is being layered on a synthetic background, asin the last col-
umn). As before, Figure 4e shows the results of atraditional
winner-take-all algorithm.

Figure 5 shows the results on a cropped portion of the SRI
Trees multibaseline stereo dataset. A small region (64 x 64
pixels) was selected in order to better visualize pixel-level
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Figure 3: Traditional synthetic RDSresults: (a) after iterative aggregation but before gradient descent, (b) without smoothness
or opacity constraint, A\; = 1, Ao = A3 = 0, (c) without opacity constraint, A\; = A2 = 1, A3 = 0, (d) with all three constraints,
A1 = 50, A2 = 1, A3 = 50, (€) with all three constraints, A\; = 50, Ao = 1, A3 = 100, (f) simple winner-take-all (shown for
comparison). The first eight columns are the disparity layers, d = 0...7. The ninth and tenth columns are re-synthesized
sample views. Thelast column is are-synthesized view with a synthetic gray square inserted at disparity d = 3.
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Figure4: Morechallenging synthetic RDSresults. seeabove caption for description of (a—d); (€) simplewinner-take-all (shown
for comparison).
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Figure 5: Real image example: (@) cropped subimage from SRI Trees data set, (b) depth map after initial aggregation stage,
(c) disparity layersd = 0. .. 9, (m) re-synthesized input image, (n) with inserted d = 4 blue layer.

errors. While the overall reconstruction is somewhat noisy,
the final reconstruction with a synthetic blue layer inserted
showsthat thealgorithm hasdoneareasonabl ejob of assigning
pixel depthsand computing partial transparenciesnear thetree
boundaries.

From these examples, it is apparent that the algorithm is
currently sensitive to the choice of parameters used to control
both the initial aggregation stage and the energy minimiza-
tion phase. Setting these parameters automatically will be an
important area for further research.

8 Discussion

While our preliminary experimental results are encouraging,
the simultaneous recovery of accurate depth, color, and opac-
ity estimates remains a challenging problem. Traditional
stereo algorithms search for a unique disparity value at each
pixel in a given reference image. Our approach, on the other
hand, isto recover a sparsely populated volume of colors and
opacities. Thishasthe advantage of correctly modeling mixed
pixels and occlusion effects, and allows us to merge images
from very disparate points of view. Unfortunately, it also
makes the estimation problem much more difficult, since the
number of free parameters often exceeds the number of mea-
surements.

Partially occluded areas are problematic because very few
samples may be available to disambiguate depth. A more
careful analysis of the interaction between the measurement,
smoothness, and opacity constraints will be required to solve
this problem. Other problems occur near depth discontinu-
ities, and in general near rapid intensity (albedo) changes,
where the scatter in color samples may be large because of
re-sampling errors. Better imaging and sensor models, or per-
haps working on a higher resolution image grid, might be
required to solve these problems.

8.1 Futurework

There are many additional topics related to transparent stereo
and matting which we plan to investigate. For example, we
plan to try our algorithm on data sets with true transparency
(not just mixed pixels), such astraditional transparent random
dot stereograms [18] and reflections in windows [4].

Estimating disparities to sub-integer precision should im-
prove the quality of our reconstructions. Such fractional
disparity estimates can be obtained by interpolating a vari-
ance vs. disparity curve o(d), eg., by fitting a parabola
to the lowest variance and its two neighbors [14]. Alter-
natively, we can linearly interpolate individual color errors
c(z,y,d, k) — u(z,y,d) between disparity levels, and find
the minimum of the summed squared error.

Instead of representing our color volume &(z, y, d) using
colors pre-multiplied by their opacities, we could keep these
guantities separate. Thus, colors could “bleed” into areas
which are transparent, which may be a more natural repre-
sentation for color smoothness (e.g., for surfaces with small
holes). Different color representations such as hue, satura-
tion, intensity (HSV) may also be more suitable for perform-
ing correspondence [8], and they would permit us to reason
more directly about underlying physical processes (shadows,
shading,etc.).

We plan to investigate the relationship of our new disparity
space model to more traditional layered motion models. We
also plan to make more principled use of robust statistics, and
investigate alternative search algorithms such as multiresolu-
tion (pyramidal) continuation methods and stochastic (Monte
Carlo) gradient descent techniques.

9 Conclusions

Inthis paper, we have devel oped anew framework for simulta-
neously recovering disparities, colors, and opacitiesfrom mul-
tiple images. This framework enables us to deal with many
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commonly occurring problemsin stereo matching, such aspar-
tially occluded regions and pixels which contain mixtures of
foreground and background colors. Furthermore, it promises
to deliver better quality (sub-pixel accurate) color and opacity
estimates, which can be used for foreground object extraction
and mixing live and synthetic imagery.

To set the problem in as general a framework as possible,
we have introduced the notion of avirtual camera which de-
fines a generalized disparity space, which can be any regular
projective sampling of 3-D. We represent the output of our
algorithm as a collection of color and opacity values lying
on this sampled grid. Any input image can (in principle) be
re-synthesized by warping each disparity layer using asimple
homography and compositing theimages. Thisrepresentation
can support a much wider range of synthetic viewpoints in
view interpolation applications than a single texture-mapped
depth image.

To solve the correspondence problem, we first compute
mean and variance estimates at each cell in our (z, y, d) grid.
We then pick a subset of the cells which are likely to lie on
the reconstructed surface using a threshol ded winner-take-all
scheme. The mean and variance estimates are then refined by
removing from consideration cells which are in the occluded
(shadow) region of each current surface element, and this pro-
cessisrepeated.

Starting from this rough estimate, we formulate an energy
minimization problem consisting of an input matching crite-
rion, a smoothness criterion, and a prior on likely opacities.
This criterion is then minimized using an iterative precondi-
tioned gradient descent algorithm.

While our preliminary experimental results ook encourag-
ing, there remains much work to be done in devel oping truly
accurate and robust correspondence algorithms. We believe
that the development of such algorithms will be crucia in
promoting awider use of stereo-based imaging in novel appli-
cations such as specia effects, virtual reality modeling, and
virtual studio productions.
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