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We present a new method for using commodity graphics hardware to achieve real-time,
on-line, 2D view synthesis or 3D depth estimation from two or more calibrated cameras.
Our method combines a 3D plane-sweeping approach with 2D multi-resolution color
consistency tests. We project camera imagery onto eadc plane, compute measures of
color consistency throughout the plane at multiple resolutions, and then choose the
color or depth (corresponding plane) that is most consistent. The key to achieving real-
time performance is our use of the advanced features included with recent commodity
computer graphics hardware to implement the computations simultane ously (in parallel)
across all reference image pixels on a plane.

Our method is relativ ely simple to implement, and exible in term of the number
and placement of cameras. With two cameras and an NVIDIA GeForce4 graphics card
we can achieve 50{70 M disparity evaluations per second, including image download
and read-back overhead. This performance matches the fastest available commercial
software-only implementation of correlation-based stereo algorithms, while freeing up
the CPU for other uses.

Keywords: View synthesis; stereo; real time computation.

1. Intro duction

This work is motivated by our long standing interest in tele-collabration, in par-
ticular 3D tele-immersion. We want to display high- delit y 3D views of a remote

This paper is a combined and extended version of two previous papers, [36] presernted at Pacic
Graphics 2002 in Beijing China, and [37] presented at CVPR 2003.-
YCurrently at the Univ ersity of Kentucky (ry ang@cs.ukyedu).
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ervironment in real time to create the illusion of actually looking through a large
window into a collaborator's room.

One canthink of the possiblereal-time approachesas covering a spectrum, with
Light-Field Rendering at one end, and geometric or polygonal approachesat the
other. Light-Field Rendering usesa collection of 2D image samplesto reconstruct
a function that completely characterizesthe ow of light through unobstructed
space’*® With the function in hand, view synthesis becomesa simple table lookup.
Photo-realistic results can be renderedat interactiv e rates on inexpensive personal
computers. However collecting, transmitting, and processingsuch densesamples
from a real environment, in real time, is impractical.

Alternativ ely, some researders use computer vision techniques (typically
correlation-based stereo) to reconstruct a 3D scenemodel, and then render that
model from the desiredview. It is only recertly that real-time implementations of
stereovision becamepossibleon commadity PCs, with the help of rapid advances
in CPU clock speed, and assenbly level optimizations utilizing special extensions
of the CPU instruction set. One such exampleis the MMX extension from Intel.
Software implementations using these extensionscan achieve up to 65 million dis-
parity estimations per second(Mde/s). 191113 While this is impressive, there are
typically few CPU cycles left to perform other tasks, such as processingrelated
to user interaction. Further if the primary goal is 2D view synthesis, a complete
geometric model (depth map) is not necessary

We present a novel use of commadity graphics hardware that e ectiv ely com-
bines a plane-sweepingalgorithm with view synthesisfor real-time, online 3D scene
acquisition and view synthesis in a single step. Using real-time imagery from two
or more calibrated cameras, our method can generate new images from nearhy
viewpoints, or if desired, estimate a densedepth map from the current viewpoint
in real time and on line, asillustrated in Fig. 1.

At the heart of our method is a multi-resolution approach to nd the most con-
sistert color (and corresponding depth) for ead pixel. We combine sum-of-square
di erences (SSD) consistencyscoresfor windows of di erent sizes.This approad is
equivalent to using a weightel correlation kernel with a pyramidal shape, wherethe
tip of the pyramid correspondsto a single-pixel support and ead squarehorizontal
slice from below the tip to the base corresponds to a doubling of the support.
This multi-resolution approach allows us to achieve good results close to depth
discortin uities aswell ason low texture areas.By utilizing the programmable Pixel
Shader and mipmap functionality3? on the graphics hardware, we can compute
multi-resolution consistencyscoresvery e cien tly, enabling interactiv e viewing of
a dynamic real scene.Parts of the results have beenpreviously preserted at Paci c
Graphics 2002in Beijing China® and CVPR 200336

In the next section we discussrelated work in computer vision and computer
graphics. After that we presert an overview of our method followed by a detailed
description. Finally, we presert experimental results for novel view synthesis and
depth estimation.
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Fig. 1. Example setup for real-time online reconstruction using v e cameras.

2. Related Work

Recerily, with the increasingcomputational power on inexpensive personalcompu-
ters and the wide availabilit y of low-costimaging device, se\eral real-time methods
have been proposedto capture and render dynamic scenes.They are of particular
interest to this thesis and are reviewed here.

2.1. Stereo vision methods

Stereo vision is one of the oldest and most active researt topics in computer
vision. It is beyond the scope of this paper to provide a comprehensie survey.
Interested readersare referred to a recert survey and evaluation by Scharstein and
Szeliski?” While many stereoalgorithms obtain high-quality results by performing
global optimizations, today only correlation-based stereo algorithms are able to
provide a dense(per pixel) depth map in real time on standard computer hardware.
Only a few years ago special hardware had to be used to achieve real-time
performance with correlation-based stereo algorithms.%14:34 |t was until recertly
that, with the tremendousadvancesin computer hardware, software-only real-time
systems began to merge. For example, Mulligan and Daniilidis proposed a new
trino cular stereo algorithm in software®® to achieve 3{4 frames/secondon a sin-
gle multi-pro cessorPC. Hirschmuler intro duced a variable-window approach while
maintaining real-time suitabilit y.1%1! There is alsoa commercial padkagefrom Point
Grey Researti’® which seemsto be the fastest one available today. They report
45 Mde/s on a 1.4 GHz PC, which extrapolatesto 64 Mde/s on a 2.0 GHz PC.
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These methods use a number of techniquesto acceleratethe calculation, most
importantly, assenbly level instruction optimization using Intel's MMX extension.
While the reported performance of 35{65 Mde/s is sucient to obtain dense-
correspondencesin real-time, there are few CPU cyclesleft to perform other tasks
sudh ashigh-levelinterpretation of the stereoresults. Furthermore, most approaches
use an equal-weight box-shaped lter to aggregatethe correlation scores,so the
result from the previous pixel location can be usedin the current one. While this
simpli es the implementation and greatly reducescomputational cost, the size of
the aggregationwindow has a signi cant impact on the resulting depth map.

2.2. Image-b ased methods

Image-based Visual Hull. Matusik et al. preseried an e cien t method for real-
time rendering of a dynamic scene?? They usedan image-basedmethod to compute
and shadevisual hulls® from silhouette images.A visual hull is constructed by using
the visible silhouette information from a seriesof referenceimagesto determine a
consenative shell that progressiwely enclosesthe actual object. Unlike previously
published methods, they constructed the visual hulls in the referenceimage space
and usedan e cien t pixel traversing schemeto reducethe computational comple-
xity to O(n?), where n? is the number of pixels in a referenceimage. Their system
usesa few cameras(four in their demonstration) to cover a very wide eld of view
and is very e ectiv e in capturing the dynamic motion of objects. However, their
method, like any other silhouette-basedapproacdh, cannot handle concave objects,
which makes close-upviews of concave objects lesssatisfactory. Another disadvan-
tage of image-basedvisual hull is that it completely relies on successfubadkground
segmetation.

Hardw are-assisted Visual Hull. Based on the same visual hull principle,
Lok preserted a novel technique that leveragesthe tremendous capability of mo-
dern graphics hardware?* The 3D volume is discretized into a number of parallel
planes,the segmeted referenceimagesare projected onto these planes using pro-
jective textures. Then, he makesclever useof the stencil bu er to rapidly determine
which volume sampleslie within the visual hull. His systembene ts from the rapid
advancesin graphics hardware and the main CPU is lib erated for other high-level
tasks. However, this approac su ers from a major limitation | the computational
complexity of his algorithm is O(n®), where n is the width of the input images
(assuming a squareimage). Thus it is dicult to judge if his approac will prove
to be faster than a software-basedmethod with O(n?) complexity.

Generalized Lumigraph with Real-time Depth. Scirmacher et al. intro-
duced a systemfor reconstructing arbitrary views from multiple sourceimageson
the y .28 The basis of their work is the two-plane parameterized Lumigraph with
per-pixel depth information. The depth information is computed onthe y using a
depth-from-stereoalgorithm in software. With a densedepth map, they can model
both concare and convex objects. Their current systemis primarily limited by the
quality and the speedof the stereoalgorithm (1{2 frames/second).
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3. Our Metho d

We believe that our method combines the advantages of previously published
real-time methods in Sec.2, while avoiding someof their limitations as follows.

We achieve real-time performancewithout using any special-purpose hardware,
and our method, based on the OpenGL specication, is relatively easy to
implemert.

We can deal with arbitrary object shapes,including concase and convex objects.
We do not usesilhouette information, sothere is no needfor image segmetation,

which is not always possiblein a real environment.

We usegraphics hardware to acceleratethe computation without increasingthe
symbolic complexity | our method is O(n?), the sameas most correlation-based
stereoalgorithms.

Our proposed method is more versatile. We can usetwo or more camerasin a
casual con guration, including con gurations where the imagescontain epipo-
lar points. This caseis problematic for image-pair recti cation, ® a required
pre-processingstep for most real-time stereoalgorithms.

3.1. Overview

Our primary goal is to synthesizea new view, given two or more calibrated input
images. We begin by discretizing the 3D spaceinto parallel planes orthogonal to
the view direction. We then project the calibrated input imagesonto ead plane
D; asshown in Fig. 2. If there is indeed a surfaceat a point on Dj, the projected
imagesat that point should be the samecolor if two assumptionsare satis ed: (A)
the surfaceis visible, i.e. there is no occluder betweenthe surfaceand the images;

Fig. 2. A conguration where there are v einput cameras, the solid dot represerts the new view
point. Spacesare discretized into a number of parallel planes.
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and (B) the surfaceis Lambertian | the re ected light doesnot depend on the 3D
position of the input images.

If we chooseto acceptthat the two above assumptionsare satis ed, then the
color consistency at ead point on plane D; can be used as an indication of the
likelihood of a surfaceat that point on D;. If we know the surfaceposition (depth)
and most likely color, then we can trivially render it from any new view point.

3.1.1. Basic approach (single-pixel support)

For a desired new view C, (the red dot in Fig. 2), we discretize the 3D space
into planesparallel to the image plane of C,. Then we step through the planes.For
ead plane D;, we project the input imageson theseplanes,and render the textured

plane on the image plane of C, to get an image (I;) of D;. While it is natural to

think of these astwo sequetial operations, in practice we can combine them into

a single homography (plane-to-plane) transformation. In Fig. 3, we shon a number
of imagesfrom di erent depth planes.Note that ead of theseimagescontains the

projections from all input images, and the area corresponding to the intersection
of objects and the depth plane remains sharp. For ead pixel location (u;Vv) in I;,

we compute the mean and variance of the projected colors. The nal color of (u;v)

is the color with minimum variancein fl;g, or the color most consistert among all

cameraviews.

From a computer vision perspective, our method is implicitly computing a depth
map from the new viewpoint C, using a plane-sweep approac.*16:29:30 (Readers
who are unfamiliar with computer vision terms arereferredto Ref. 5.) If we only use
two referencecamerasand make C,, the sameas one of them, for examplethe rst
one, one can consider our method as combining depth-from-stereo and 3D image
warping in a single step. The projection of the view ray P (u;v) into the second
camerais the epipolar line. (Its projection in the rst camerareducesto a single
point.) If we clip the ray P(u;Vv) by the near and the far plane, then its projection
de nes the disparity seard rangein the secondcamera'simage. Thus steppingalong
P (u; v) is equivalent to stepping along the epipolar line in the secondcamera,and
computing the color variance is similar to computing the sum-of-square-di erence
(SSD) over a1 1 window in the secondcamera. If we use multiple images,our

Fig. 3. Depth plane images from step 0, 14, 43, 49, from left to right; The scene,which contains
a teapot and a background plane, is discretized into 50 planes.
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method can be consideredin e ect a multi-baseline stereo algorithm2® operating
with a1 1 support window, with the goal being an estimate for the most likely
color rather than the depth.

3.1.2. Hardware-kasal aggegation of consistency measures

Typically, the consistencymeasurescomputed over a single pixel support window
do not provide su cien t disambiguating power, especially when using only two to
three input images.In these cases,it is desirableto aggregatethe measuresover
a large support window. This approach can be implemerted very e cien tly on
a CPU, and by reusing data from previous pixels, the complexity becomesinde-
pendent of the window size. However on today's graphics hardware, which uses
Single-Instruction-Multiple Data (SIMD) parallel architectures, it is not so simple
to e cien tly implemert this type of optimization.

We have seweral options to aggregatethe color consistencymeasures.One is to
usecorvolution functions in the Imaging Subsetof the o cial OpenGL Speci cation
(Version1.3).! By convolving a blurring Iter with the cortents of the frame bu er,
we can sum up the consistency measuresfrom neighboring pixels to make color
(depth) estimates more robust.

If the corvolution function was implemented as a part of the pixel trans-
fer pipeline in hardware, as in the OpenGL speci cation, there would be little
performance penalty. Unfortunately, hardware-acceleratedcornvolutions are only
available on expensive graphics workstations such as SGl's Oynx2, but these
expensive workstations do not have programmable pixel shaders.On commadity
graphics cards available today, corvolution is only implemented in software, requir-
ing pixels to be transferred between the main memory and the graphics board.
This is not an acceptablesolution since such out-of-board transfer operations will
completely negatethe benet of doing computation on the graphics board.

There are ways to perform convolution using standard graphics hardware 33
One could use multiple textures, one for ead of the neighboring pixels, or render
the scenein multiple passesand perturb the texture coordinates in ead pass.For
example, by enabling bilinear texture interpolation and sampling in the middle
of 4 pixels, it is possibleto averagethose pixels. Note that in a single passonly
a summation over a 2 2 window can be achieved. In general such tric ks would
signi cantly decreasethe speedas the size of the support window becomeslarger.

A lessohvious option is to use the mipmap functionality available in today's
Graphics ProcessingUnits (GPUSs). This approac is more generaland quite e -
cient for certain types of convolutions. Modern GPUs have built-in box- lters to
e cien tly generateall the mipmap levels neededfor texturing. Starting from a base
image J° the following lter is recursively applied:

. IR S
Iy =5 Ipa s
gq=2vp=2u
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where (u;v) and (p;q) are pixel coordinates. Therefore, it is very e cien t to sum
valuesover 2" 2" windows. Note that at ead iteration of the lter the image
sizeis divided by two. Therefore, a disadvantage of this approac is that the color
consistencymeasurescan only be evaluated exactly at every 2" 2" pixel location.
For other pixels, approximate values can be obtained by interpolation. However,
giventhe low-passcharacteristics of box- Iters, the error inducedthis way is limited.

3.1.3. Multi-r esolution approach

Choosing the size of the aggregationwindow is a di cult problem. The probabi-
ity of a consistency mismatch goes down as the size of the window increases?*
However, using large windows leadsto a loss of resolution and to the possibility
of missing someimportant image features. This is especially so when large win-
dows are placed over occluding boundaries. This problem is typically dealt with by
using a hierarchical approac, or by using special approachesto deal with depth
discortin uities.!

Here we will follow a di erent approach that is better suited to the implemen-
tation on a GPU. By observing correlation curvesfor a variety of images,one can
obsenethat for large windows the curvesmaostly only have a single strong minimum
located in the neighborhood of the true depth, while for small windows often mul-
tiple equivalent minima exist. However, for small windows the minima are typically
well localized. Therefore, onewould like to combine the global characteristics of the
large windows with the well-localized minima of the small windows. The simplest
way to achieve this in hardware consist of just adding up the di erent curves.In
Fig. 4 someexample curvesare shown for the Tsukuba dataset.

Summing two variance imagesobtained for windows di ering by only a factor
of two (one mipmap-level) is very easyand e cien t. It suces to enable trilinear
texture mapping and to set the correct mipmap-level bias. Additional variance
imagescan easily be summedusing multiple texturing units that refer to the same
texture data, but have di erent mipmap-level biases.

In fact, this approach corresponds to using a large window, but with larger
weights for pixels closerto the certer. An example of a kernel is shawvn in Fig. 5.
The peaked region in the middle allows good localization while the broad support
region improve robustness.

We will call this approad the Multiple Mip-map Level (MML) method. In
cortrast, the approach that only usesone mip-map level will be called the Single
Mip-map Level (SML) method.

In addition to these two variations, we also implemernted an additional min-
Itering step for depth computation only. The use of min- Iter was proposedin
Refs. 2 and 3. It is equivalent to replacing eact pixel's depth value with the one
from its local neighborhood with the best matching measure(the most consisten)
in the nal disparity map. Soit suces to overlay the nal depth map with dif-
ferert o sets and selectthe minimum at ead pixel location. This can be applied
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Fig. 4. Correlation curves for dieren t points of the Tsukuba stereo pair. Case A represerts
a typical, well-textured, image point for which SSD would vyield correct results for any window
size. Case B shows a point close to a discontin uity where SSD with larger windows would fail.
Case C and D show low-texture areas where small windows do not capture su cien t information

for reliable consistency measures.
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Eeu

Fig. 5. Shape of kernel for summing up six levels.

to both the SML method and the MML method, and it incurs little additional
computation.

3.2. OpenGL implementation details

While it is straightforward to usetexture mapping facilities in graphicshardware to
project the input imageson to the depth planes,our hardware accelerationscheme
doesnot stop there. Modern graphic cards, such asthe NVIDIA's GeForce series?®
provide a programable meansfor per-pixel fragment coloring through the use of
Register Combiner.®> We exploit this programmability, together with the texture
mapping functions, to carry out the ertire computation on the graphics board.

3.2.1. Real-time view synthesis

In our hardware-acceleratedrenderer, we step through the depth planesfrom near
to far. At eadh step (i), there are three stagesof operations, smring, aggegation,
and selestion. In the sooring stage,we rst project the referenceimagesonto the
depth plane Dj, then compute the per-pixel meancolor and consistencymeasure.ln
the secondoptional aggegation stage,consistencymeasuresare aggregatedthrough
di erent mipmap levels. Note that if we only want to use a single mipmap level,
which is equivalent to aggregatingthe consistencymeasuresover a x-sized support
region, we only needto reducethe renderedimage sizeproportionally (by changing
the viewport setting) in the last selection stage. The automatic mipmap selection
mechanism will selectthe correct mipmap level. A sub-pixel texture shift can also
be applied in the last selection stageto increasethe e ectiv e support size.In the
nal selection stage,the textured D, with a RGB color and a consistencymeasure
for ead pixel, is renderedinto the the frame bu er, and the most consistert color
is selected.We show an outline of our implementation in Algorithm 1.

In the rst sooring stage, we would like to program the Pixel Shader to
compute the RGB mean and a luminance \v ariance" per pixel. Computing the
true variance requires two variables per pixel. Since the current hardware is li-
mited to four channels and not v e, we opt to compute the RGB mean and a
single-variable approximation to the variance. The latter is approximated by the
sum-of-square-di erence(SSD), that is

X
SSD = (Yi Ybase)2 ; 1)
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Algorithm 1. PseudoCode for an OpenGL Implementation

createTex(working Textu re);

createTex(frameBu ffe rTextur e);

for (i = 0; i< steps; i++) {
/I the scoring stage;
setupPerspectiveP roje cti on();
glEnable(GL_BLEND
giBlendFunc(GL_ONE, GL_ONE);
setupPixelShaderF or SID();
for (j = 0; j< inputimageNumber; j++)

projectimage(j, baseReferencelmage);

/I the OPTIONAlaggregation stage
/I MaxMLls the MaxinumMipmap Level
if (MaxML> 0)

sumAllMipLevels (MaxM.);

/I the selection stage;

if (i ==0) {

copyFrameToTextue (f rameBuff er Textu re);
continue;

} else

copyFrameToTextue (work in gText ure);

setupPixelShaderF or MinM&();
setupOrthogonalPr oj ectio n();
renderTex(working Text ure,
frameBufferTextu re) ;
copyFrameToTexture(fr améufe rTexture);

}

whereY; is the luminance from an input image and Ypase iS the luminance from a
basereferenceimageselectedasthe input imagethat is closestto the newviewpoint.
This allows us to compute the SSD scoresequettially, an image pair at a time. In
this stage,the frame bu er acts as an accunulation bu er to keepthe mean color
(in the RGB channel) and the SSD score(in the alpha channel) for D;. In Fig. 6,
we show the SSD scoreimages(the alpha channel of the frame bu er) at dierent
depth steps. The corresponding color channelsare shown in Fig. 3.

In the optional aggegation stage, we rst have to copy the frame buer
to a texture, with automatic mipmap generation enable. Then we use the
multi-texturing functionalities to sum up di erent mipmap levels. Note that all
texture units should bind to the sametexture object but with dierent settings
of the mipmap bias. This is possible becausethe mipmap bias, as de ned in
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Fig. 6. SSD scores(encoded in the alpha channel) for dieren t depth planes in the rst sooring
stage. We use the same setup asin Fig. 3. From left to right, the corresponding depth steps are
0, 14, 43, 49.

the OpenGL speci cation, is assaiated with per texture unit, not per texture
object.

In the last seletion stage,we needto selectthe meancolor with the smallestSSD
score.The content of the frame bu er is copiedto a temporary texture (T €Xwork),
while another texture (TeX;rame) holds the mean color and minimum SSD score
from the previous depth step. Thesetwo textures are renderedagaininto the frame
bu er through orthogonal projection. We recon gure the Pixel Shader to com-
pare the alpha valueson a per pixel basis,the output color is selectedfrom the one
with the minimum alpha (SSD) value. Finally the updated frame bu er's content
is copiedto Texsrame fOr usein the next depth step.

Complete pseudo code for our hardware-acceleratedrender is provided in
Algorithm 1. Details about the settings of the Pixel Shader are in Appendix A.
Note that once the input imagesare transferred to the texture memory, all the
computations are performed on the graphics board. There is no expensive copy
betweenthe host memory and the graphics broad, and the host CPU is essetially
idle asidefrom executing a few OpenGL commands.

3.2.2. Real-time depth

As explainedin Sec.3.1.1, our technique is implicitly computing a depth map from

a desiredview point, we just chooseto keepthe best color estimate for the purpose
of view synthesis. If we chooseto trade color estimation for depth estimation, we
can usealmost the samemethod above (Sec.3.2.1) to compute a depth map in real-

time, and liberate the CPU for other high level tasks. The only change necessary
is to con gure the graphics hardware to keepthe depth information instead of the

color information. The color information canthen be obtained by re-projecting the

reconstructed 3D points into input images. From an implementation standpoint,

we can encade the depth information in the RGB portion of the texture image. In

addition, an optional min- Iter can be applied to the nal depth map.

3.3. Tradeos and futur e work using the graphics hardware

There are certain tradeo s we have to make when using the graphics hardware.
One common complaint about current graphics hardware is the limited arithmetic
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resolution. Our method, however, is lessa ected by this limitation. Computing the
SSDscoresis the certral task of our method. SSDscoresare always non-negative, so
they are not a ected by the unsignednature of the frame bu er. (The computation
of SSDis actually performedin signed oating point on recert graphics cards, such
asthe GeForce4from NVIDIA.) A large SSDscoremeansthere is a small likelihood
that the color/depth estimate is correct. Soit doesnot matter if a very large SSD
scoreis clamped, it is not goingto a ect the estimate anyway.

A major limitation of our hardware accelerationschemeis the inabilit y to handle
occlusions. This is a common problem for most real-time stereo algorithms. In
software, we could usethe method intro ducedin the SpaceCarving algorithm 6 to
mark o pixelsin the input images,however, there is no such \feedback" channelin
the graphics hardware. To addressthis problem in practice, we usea small baseline
betweencameras,a designadopted by many multi-baseline stereosystems.However,
this limits the e ectiv e view volume, especially for direct view synthesis. We are
also exploring a multi-pass approach to addressthe occlusion problem in general.

The bottleneck in our hardware accelerationschemeis the Il rate. This limita-
tion is alsoreported by Lok in his hardware-acceleratedvisual hull computation.?*
In eadh stage, there is a texture copy operation that copiesthe frame buer to
the texture memory. We found that texture copiesare expensive operations even
within the graphics board, especially when the automatic mipmap generation is
enabled. We have explored the use of P-bu er, an OpenGL extensionthat allows
to render directly to an o -screen texture bu er. There was no performancegain,
in fact performance was worse in some cases.We suspect that this extension is
still a\w ork in progress"in the current driversfrom NVIDIA. We expect to seea
substartial performanceboost when this work is done.

Furthermore, the last texture copy for the selectionstagecan be eliminated with
small changesin the graphics hardware. There exists an alpha test in the graphics
pipeline, but it only allows comparisonof the alpha value (which is the SSDscorein
our case)to a constant value. It would be ideal to changethe alpha test to compare
to the current alpha value in the frame bu er, in a fashion similar to the depth
test. We believe these are opportunities for graphics hardware vendersto improve
their future products.

4. Exp erimen tal Results

We have implemented a distributed systemusing four PCsand up to v e calibrated
1394digital cameras(SONY DFW-V500). Thesecamerasare roughly 70 mm apart,
aiming at a sceneabout 1200 mm away from the cameras.The cameraexposures
are syndironized using an external trigger. Three PCs are used to capture the
video streamsand correct for lens distortions. The corrected imagesare then com-
pressedand sert over a 100 Mb/s network to the rendering PC. We have tested
our algorithm on three NVIDIA cards, a Quadro2 Pro (a professionalversion of the
GeForce2 card), a GeForce3,and a GeForce4,using all v e camerasfor view syn-
thesis. Figure 7 shavs somelive imagescomputed online in real time. Performance
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Fig. 7. Some live views directly captured from the screen. They are synthesized using v e
cameras.
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Fig. 8. Frame rates from three cards at dieren t output resolutions with 50 depth planes |
corresponding to the secondrow in Table 1.

Table 1. Rendering time per frame in milliseconds (number
of depth planes (rows) vs. output resolutions (columns)). The
numbers in each cell are from a GeForce4, a GeForce3, and
a Quadra2 Pro, respectively. All humbers are measured with
v e 320 240input images.

1282 2562 5122
20 9, 16, 40 18, 31, 55 51, 82, 156
50 20, 31, 85 42,70, 130 120, 211, 365
100 40, 62, 140 84, 133, 235 235, 406, 720

comparisonsare preserted in Table 1 and Fig. 8. On average,a GeForce3is about
75 percert faster than a Quadro2 Pro for our application, and a GeForce4is about
60 percert faster than a GeForce3.

For comparison purposes,we also ran sometests using di erent support sizes.
The results are shavn in Fig. 9. Even a small support window (4 4) can make
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Fig. 9. Impact of support size on the color or depth reconstruction (using all v e cameras);
First row: Synthesized images from an oblique viewing angle (view extrap olation) with dieren t
levels of aggregation using the MML method. Second row: extracted depth maps using the MML
aggregation method. The erroneous depth values in the background are due to the lack of textures
in the image. The maximum mipmap level is set from zero to four, corresponding to a support
sizeof 1 1,2 2,4 4,and 8 8, respectively.

substartial improvemerts, especially in low texture regions, like the cheekor fore-
head on the face. The black areasin the depth map are due to the lack of textures
on the badkground wall. They will not impact the synthesizedviews.

4.1. Stereo results

We also tested our method under the minimal condition | using only a pair of
images. Our rst test set is the Tsukuba set, which is used in computer vision
literature. Note we only tested depth output sincethis data set includes a ground
truth disparity map. The results are shown in Fig. 10, in which we show the disparity
mapswith di erent aggregationmethods. For disparity mapson the left column, we
usedthe SML method sothat the SSDimagewasonly renderedat a single mipmap
levelto simulate a x-sized box lter. Note that texture shift trick e ectiv ely doubles
the sizeof the Iter. Soit is equivalent to usea2 2kernelat mipmap level zero,and
a4 4 kernelat mipmap level one, etc. The right column shows results from using
the MML method, i.e. summing up the di erent mipmap levels. We computed the
di erent disparity mapsin ead subsequeh row by varying the maximum mipmap
level (abbreviated as M axM L) from zeroup to v e. We can seethat the results
usingal 1kernel(secondrow) are almost meaninglesslf we usea higher mipmap
level, i.e. increasethe support size, the results improve for both methods. But
the image resolution drops dramatically with the SML method (left column). The
disparity map seemgo bethe bestwhenusingthe MML method with MaxM L = 4
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Fig. 10. Depth results on the Tsukuba data setusing only two images. The top-righ t image shows
the ground-truth disparit y map. For the remaining rows, on the left column we show the disparit y
maps from the SML method, while on the right we show the ones from the MML method. The
mipmap levels are setto zeroto v e, corresponding to a support window of sizel 1,2 2,4 4,
etc.
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Fig. 11. Calculated disparity map from another widely-used stereo pair.

Table 2. Stereo Performance on an NVIDIA GeForce4 card when summing all
mipmap levels. The two input images are 640 480, the maximum mipmap level
(MaxM L) is setto 4 in all tests.

Output # of Depth Times Img. Update Read Disp. Calc.
Size Planes (ms) (Hz) (ms) (ms) (M/sec)
20 71.4 14 (VGA) 58.9
5122 50 182 5.50 58 2 6.0 65.6
100 366 2.73 68.3
20 20.0 50 (QV GA) 53.1
2562 50 49.9 20 16 2 15 60.0
100 99.0 10.1 63.2

(i,e.a16 16 support). Little is gainedwhen M axM L > 4. Results from another
widely usedstereopair using M axM L = 4 are shown in Fig. 11.

In term of performance,we tested our implemertation on an NVIDIA GeForce4
Card | a card with four multi-texture units. We found virtually no performance
di erence when M axM L was changed from one to four. This is not surprising
sincewe can useall four texture units to sum up all four levelsin a single pass.If
M axM L is set to over four, another additional rendering passis required, which
results in lessthan 10% increasein calculation time.? In practice, we nd that
setting M axM L to four usually strikesa good balance between smoothness and
preserving small details for stereo. Details of the performance data for the MML
method can be found in Table 2. Plotting thesedata in Fig. 12, we can seethat our
algorithm exhibits very good linear performancewith respectto the image size.

We also tested our SML method (results showvn in Table 3). In this casethe
frame-rates are higher, especially when going to a higher mipmap level. Note that
for higher mipmap levels the number of evaluated disparities per secondsdrops
becausein this casethe output disparity map has a lower resolution. This method
might be preferredfor someapplications where speedis moreimportant than detail.

When running under the stereocon guration, our current real-time prototype
performs a few additional stepsin software, such as radial distortion correction

aWe do not use trilinear interpolation in our performance testing, and it seemsthat in practice
setting M axM L over four has a detrimental e ect on the nal result.
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Fig. 12. Stereo performance on a NVIDIA GeForce4 Card. The data are from Table 1.

Table 3. Stereo performance on an NVIDIA GeForce4 card when using
only a single mipmap level with texture shift enabled. Throughput decreases
proportionally to the output resolution becausethe majorit y of the time is
spent on computing the SSD score. The overhead includes both the image
update time and the time to read back the depth map from the frame bu er.

Base  Output # of Depth Times Overhead  Disp. Calc.
Size Size Planes (ms) (Hz) (ms) (M/sec)
20 2.5 40 11.7
5122 1282 50 6.4 15.6 12.0 10.7
@ 4 100 12.8 7.8 8.86
20 28.3 353 31.7
5122 2562 50 71.4  14.0 13.1 38.8
2 2 100 144 6.9 41.7
20 40.8 245 89.8
5122 5122 50 106 9.4 17.6 106
100 207 4.8 117
20 12.7 787 20.1
2562 1282 50 31.6 316 3.58 23.3
2 2 100 63.1 158 24.6
20 16.2 617 62.7
2562 2562 50 403 248 4.7 72.8

100 80.7 12.4 76.7
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Fig. 13. Typical results from our real-time online stereo system. The rst row shows the two
input images and the disparity map. The second row shows the reconstructed 3D point cloud
from dieren t perspectives. Some holes in the 3D views are caused by the rendering. We simply
render x-size (in screenspace) points using the GL _POINT primitiv e.

Fig. 14. More results from our real-time online stereo system. The rst row shows the input
images; The second row shows the corresponding disparity map.

and segmetation.® As a proof of concept, these yet-to-be-optimized parts are not
fully pipelined with the reconstruction. These overheadsslow down the overall
reconstruction rate to 6{8 framesper secondat 256 256resolution with 100depth
planes.In Fig. 13, we shov a samplestereopair and a reconstructed depth map. In
our real-time system, darker colorsin the depth map meanthat the object is closer

bThe cameras are facing a white wall with little texture. So we segmert the images to Il the
background with dieren t colors.
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to cameraswhile brighter colors mean further. To better illustrate our results, we
also show the reconstructed 3D point cloud from di erent perspectivesin Fig. 13.
More scenesand their depth maps can be found in Fig. 14.

5. Conclusion

We have preseried a view synthesis/depth estimation scheme suitable for imple-
mentation on commadity graphics hardware. The heart of our method is to use
advanced features in modern graphics hardware to e cien tly compute weighted
sum-of-square-di erences consistency measures from all reference images, and
choosethe most consistert color (or depth) for eat output pixel. We have demon-
strated a real-time system implemented solely using OpenGL. When running on
a PC with an NVIDIA Geforce4 graphics card, our method exhibits speed and
accuracy comparableto someof the fastest commercial stereo systemsavailable.

As stated in the intro duction, this work is motivated by our long standing inter-
estin 3D tele-immersion. An inverseor image-basedapproad to view-dependert
rendering or scenereconstruction hasappeal to us for this particular application for
seweral reasons.For one,the nite and likely limited inter-site bandwidth motivates
usto considermethods that \pull" only the necessaryscenesamplesfrom a remote
to a local site, rather than attempting to compute and \push" geometry from a
remote to a local site. In addition we would like to be able to leverage existing
video compressionschemes,so we would like our view/scene reconstruction to be
asrobust to sampleartifacts (resulting from compressionfor example) as possible.
We are working with systemsand networking collaborators to explore new encaling
schemesaimed speci cally at this sort of reconstruction.

In the meartime, we are planning on optimizing our real-time system by
also carrying out the radial distortion correction and badkground segmetation
on the graphics hardware. We are also looking at ways to e cien tly implement
more advanced reconstruction algorithms on graphics hardware. This work will
be easedwith newer generationsof graphics hardware providing more and more
programmaubility.

Like other recert work that makes use of increasingly powerful graphics hard-
ware for non-traditional purposes912:17:20:31 e hope that our method inspires
further thinking and additional new methods to explore the full potentials of
modern graphics hardware.
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App endix A — Pixel Shader Pseudo Code

The following code is written roughly following the syntax of nvparser , a gener-
alized compiler for NVIDIA extensions. Documertation about nvparser can be
found on NVIDIA's web site at http://www.n vidia.com.

A.1. Code to compute the squared dier ence

This pieceof code assumesghat there are m input images.The alpha channel of the
input imagescortains a gray scalecopy of the image,and the basereferenceimageis
stored in tex0. The squareddi erence is computed on the gray scaleimages.The
scalesin the code are necessanbecausethe unsigned char valuesare cornverted to
oating point valuesbetween[0; 1] within Pixel Shader.If no scaleis applied, the
output squaredvalue (in unsignedchar) will be oor((a 1)?=256), wherea and b
are the input values(in unsignedchar). In our implementation, we usea combined
scalefactor of 32, e ectiv ely computing o or((a b)?2=32).

constl = {l/m, 1/m, 1/m, 1};

/I the base reference image will be added

/I m-1times more than the other images;

const0 = {1/((m)(m-1)), 1/((m)(m-1)),  1/((m)(m-1)), 1}

/[ ****  combiner stage O;

{
rgb {
spare0 = texl*constl + texO*constO;
}
alpha {
spare0 = texl - texO;
scale_by four ();
}
}
/[ ****  combiner stage 1
{
alpha{

spare0 = spareO*spare0;
scale_by four ();

}
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/[ *** final output

{
out.rgb = spare0.rgb;
out.alpha = spare0;

A.2. Code to do the minimum alpha test

This piece of code assumesthat the mean colors are stored in the RGB channel
while the SSD scoresare stored in the alpha channel.

/[ ****  combiner stage O;

{
alpha {
I/l spare0 = texl - texO + 0.5
spare0 = texl - half bias(tex0);
}
}
/[ ****  combiner stage 1
{
rgb{
/I select the color with the smaller alpha;
/I spare0 = (spare0O.alpha < 0.5) ? (texl) : (tex0);
spare0 = mux();
}
alpha{
/I select the smaller alpha value
spare0 = mux();
}
}

/[ *** final output
{ out = spare0; }
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