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ABSTRACT

In geometry-aidedight field compressiona geometrymodel is

usedfor disparity-compensategrediction of light field images
from alreadyencodedight field images. This geometrymodel,
however, mayhave limited accurag. We presentinalgorithmthat
refinesa geometrymodelto improve the over-all light field com-
pressiorefficiengy. This algorithmusesan optical-flov technique
to explicitly minimize thedisparity-compensatgatedictionerror.

Resultsfrom experimentsperformedon both real and synthetic
datasetsshaw bit-ratereductionsof approximatelyl 0% usingthe
improved geometrymodelover a silhouette-reconstructegeome-
try model.

1. INTRODUCTION

Image-basedenderinghasemegedasanimportantnew alterna-
tive to traditionalimagesynthesigechniquesn computergraph-
ics. With image-basedenderingscenesanberenderedy sam-
pling previously acquiredmagedata,insteadf synthesizinghem
from light andsurfaceshadingmodelsandscenegeometry Light
field rendering[1, 2] is one suchimage-basedechniquethat is
particularlyusefulfor interactve applications.

A light field is a 4-D datasetwhich canbe parameterize@s
a 2-D arrayof 2-D light field images.For photo-realistioquality;
a large numberof high-resolutionlight field imagesis required,
resultingin extremelylarge datasets.For example,thelight field
of Michelangelas statueof Night containstensof thousandof
imagesandrequiresover 90 Gigabytesf storagefor raw data[3].
Compressiotis thereforeessentiafor light fields.

Currently the most efficient techniquedor light field com-
pressionuse disparity compensationanalogouso motion com-
pensationin video compression.In disparity compensationim-
agesarepredictedrom previously encodedeferencémages Dis-
parity or depthvaluesareeitherspecifiedfor a block of pixels, or
inferredfrom ageometrymodel[4, 5, 6].

In this paper we considerdisparity-compensatefight field
compressiomsinganexplicit geometrymodel. A geometrymodel
canbeanefficient methodof specifyingthe depthvaluesrequired
for disparity-compensategrediction. The geometrymodelsused
maybe of limited accuray for severalreasonsThemodelmaybe
generatedromimagedatausingerrorpronecomputewnisiontech-
nigues.Evenanaccuratanodelmustberepresentedigitally in a
finite numberof bits, andtherefore somedegreeof approximation
is necessary The resultof this geometryinaccurayg is reduced
compressiorefficiengy for thecompressioralgorithm[7].

In this paper we describea methodof refining the geome-
try model to reducethe disparity-compensateprediction error,

andimprove compressiorefficiengy. Our algorithmis similar to
the Sliding Texturesapproach8, 9], differing in only a few de-
tails. Oneof the main contritutionsof this paperis to applythese
ideasto the problemof light field compressionin Section2, we
review the basicsof geometry-basedisparity-compensateléght
field compressionln Section3, we presenpur methodfor geom-
etry refinementWe presenburresultsin Section4.

2. GEOMETRY-BASED DISPARITY -COMPENSATED
LIGHT FIELD COMPRESSION

Disparity compensations usedin mostcurrentlight field com-
pressionalgorithms[4, 5, 6]. The underlyingidea of disparity-
compensategredictionis that a pixel in a light field imagecan
be predictedfrom correspondingixelsin oneor moreotherlight
field images. This predictionrequiresa depthvalue for a given
pixel. In alight field, the recordinggeometryis known, which
meanghat by specifyingthe depth,it is possibleto establishcor
respondencbetweerpixelsin two differentviews. This pixel cor
respondencallows for the predictionof pixels of oneview from
another We assumethat the imagedsurfacein both views look
similar, whichis truefor Lambertianunoccludedurfaces.

In a geometry-basegdredictionschemedepthvaluesarein-
ferredfrom an explicit geometrymodel by renderingthe model.
The referenceimagesthat are usedto predicta particularimage
mustbe defined. We follow the hierarchicalcoding structurede-
scribedby MagnorandGirod [4]. Here,eachimageis predicted
from two to four referencamages.Theorderin whichimagesare
encodeds alsodefined,sothatimagesarepredictedfrom images
thatarealreadyencoded.

3. PROPOSEDALGORITHM FOR GEOMETRY
REFINEMENT

In this sectionwe presentan algorithm that modifiesthe geom-
etry modelfor bettercompressiorperformance.We explain the
optical-flav-basedshapeaefinemenmethod.andtheiterative reg-
ularizedleast-squaremethodusedto find the solution.

3.1. Optical-flow-basedequation

A light field imagemay be predictedfrom oneor morereference
light field imagesthathave beenpreviously encodedaccordingo
thehierarchicaktructurediscussedh theprevioussection.We call
theimageandpixel to bepredictedthetargetimageandpixel, and
theimagesandpixelsfrom wherethey arepredictedtherefeence
imagesandpixels. Theintensityof agiventargetpixel is predicted
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from the correspondingixel in areferencémage.Any giventar
getpixel correspondso aspecific3-D pointalongtheviewing ray
1in 3-D space.If we allow this line 1 to be parameterizetby the
deptht, we obtaintheline equationjn world coordinates,

I (t)
1t) = | W) |- €y
1=(t)

Note thatthis line is a function of the intrinsic and extrinsic
camergparametersf thetargetview, aswell asthe pixel position
in theimage. By projectingthis line into the referenceview, we
obtaina2-D line e. This so-calledepipolarline

=[50 ] @

alsoparameterizetly the original depthparametet, is afunction
of thepixel positionin thetargetimage,andthecamergarameters
of thetargetandreferencémages.

Specifyingadepthvaluet fixesthe pointin 3-D spaceaswell
asin the referenceview on the epipolarline. Thus,we obtaina
correspondingeferencepixel for thetargetpixel. We assumehat
the true value of ¢ will resultin the sameintensityfor the corre-
spondingtargetandreferencepixels. An errorin the deptht will
resultin a predictionerror, denotedby the differencein intensity
Al Thisis afunction of the intensityvalueat the targetpixel I;
andatthereferencepixel I,.(t) givenby

AI = I — I.(to) = I.(t) — I.(to) 3)

wheret, is thecurrent(inaccuratejplepthvalue,andt is thecorrect
depthvaluethatresultsin no predictionerror.
If we assumeheintensitygradient

s=| 2 | @

to belocally constantover this region in the referencamage,we
obtainthefamiliar optical flow equation

AI = g" (e(t) — e(to)) (5)

However, this equationonly relatespredictionerror AT to the
depthparametet for a givenpixel. We needto furtherrelatethis
to the parametersf the geometrymodelusingtherelation

t = h(p) (6)

wherep is the vector of geometryparametersind h is a nonlin-
earmultivariatefunctionthatmapsthe geometryparameterto the
depthfor agivenpixel.

We now describehemappingfunctionh for our problem.For
the triangle meshgeometrymodelthat we use,the geometrypa-
rametersarethe positionsof eachof the verticesin the model. In
addition,we restrictthe movementof theseverticesto onedegree
of freedom radially from the centerof themodel.

For a particulartarget pixel, the corresponding-D line 1 in-
tersectghe geometryat exactly onetriangleface. Therefore the
depthparametet is determinedby the threeverticesthat define
this triangle face. By characterizinghis triangle as an infinite
planedefinedby its threevertices we obtaina differentiablefunc-
tion h thatdescribeghe depthparametet in termsof the geom-
etry parametergp. Note that we assumethat other verticeswill

not affect this pixel, throughocclusionfor example,andthatthe
pixel will notmove off thistriangle.Both of theseassumptionsare
supportedby therestrictionthatchangesn the geometryparame-
terswill be small, enforcedby regularizationin the least-squares
solution.

Combining(5) and(6), we obtain

AT = g" (e(h(p)) — e(h(po))) ™)

wherep, denoteghe currentgeometryconfiguration.Both e and
h arenon-linearfunctionsof the parameterectorp. We canlin-
earizethisequationandtheresultingequatiorwill bevalid locally
aroundpo. If
e(h(p)) = Cip + Co, 8

then

e(h(p)) — e(h(po)) = C1Ap )
whereAp = p — po andC is amatrixof size2 x N, with N as
thenumberof geometryparameters.

Substituting(9) into (7), we obtainthefollowing equation

g’ (Ci1Ap) = AI (10)

for eachpixel anda correspondingeferenceview.

3.2. Least-SquaresSolution

This equationmay be derived for all the pixelsin the light field
thatareto be predicted,and canbe combinedto form the matrix
equation
AAp=b (11)
where
(g"Cr)™

(g"C1)®

A= 12)

(g"Cy)tD
and
(AI)(I)

(AD® (13)

(AI)(M)
Becauseour linearizedproblemand our mappingfunction h

areonly valid for small Ap, we mustincluderegularizationinto
the solutionof our problem.This givesusthe equation

DEOG

where is theregularizationconstant A largervaluefor A means
thatthesolutionAp will besmaller andthe problemwill bemore
numericallystable. When X is too large, however, it takesmary

iterationsto convergeto thesolution. In ourexperimentsthevalue
for X is selectecempirically.

This linearizedproblemcanbe solved usingthe least-squares
approach. Sincean equationis formedfor eachpixel predicted
from areferenceview, the numberof rows of A canbelarge. In
ary particularequationpnly threeparameterarespecifiedthere-
fore A is alsosparse. We usethe LSQRmethod[10], which is
well-suitedto large, sparseproblemsjn ourimplementation.

Oncewe obtaina new geometrymodelfrom the solution,we
canagainlinearizethe equationsaboutthe new operatingpoint,
and solwe for the new changein geometryparameters.We can
iteratively performthesetwo stepsuntil we converge to the best
geometrymodel.
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4. RESULTS

Our experimentsuseboth real and syntheticlight field datasets.
An initial approximategeometrymodelis createdisingthesilhou-

etteinformationfrom the light field imagedata. This silhouette-
reconstructedjeometrymodelis refinedusingthe techniquede-

scribedin this paperto obtainthe improved geometrymodel. For

the syntheticlight fields, we alsohave the true geometrymodels,
which cansene asa usefulreferencepoint. We encodethe light

fieldsusingeachof thesegeometrymodelsandcompareheir rel-

ative rate-PSNRperformance.The light field coderis described
next.

4.1. Light Field Coder

The light field coderin our work usesblock-baseddisparity-
compensatiorboth without andwith an explicit geometrymodel
[4, 5]. All imagesaredividedupinto 8 x 8 blocks. Eachblockis
encodedn oneof severalmodes:the INTRA mode,whereDCT-
basedimagecompressions usedfor the block; the GEO mode,
whereanexplicit geometrymodelis usedto predicttheblock from
referencamages;the STD (standardmodewherea depthvalue
is specifiedto predictthe block from referenceimages;andthe
COPY mode,whereablock from the sameimagelocationis sim-
ply copiedfrom thereferencemage.For the STD mode thedepth
valuesare quantizedsuchthat they correspondo approximately
integerpixel accurag in the imageplane. In the GEO andSTD
modesaDCT-basedesidualencodeis usedonthe predictioner-
ror. Mode selectionis basedon a rate-distortionLagrangiancost
function

J=D+ AR (15)

where D is the sum-squared-erratistortion of the block image,
and R is theratein bits for the block. The modewith the small-
estLagrangiancostis chosen.A rate-PSNRcure is obtainedby

varying theimagequality, usingthe quantizationparametex in

the DCT intraandresidualcoders.The Lagrangiammultiplier Az

thatis usedto tradeoff rateversusdistortionis adjustecaccording
to the quantizationparametewusing the following equationcom-
monly usedin videocompression11]

Am = 0.85Q2. (16)

4.2. Experiments

Four datasetswereusedin our experiments. The first two, Star
andCube aresyntheticlight fields, eachwith 26 imagesof reso-
lution 256 x 256. Thelasttwo, Garfield29and Garfield288 are
light fieldsrecordedrom a real-world object,the sameplushtoy.
Garfield29has29 imagesgachof resolution384 x 288, covering
thefrontalregion of the object,while Garfield288nhas288 images,
eachof resolution192 x 144 covering the entire hemi-spheref
views.

For eachof the datasets,we derive a geometrymodelthatis
consistentwith the silhouettefrom eachview. We begin with a
642-vertex subdvided icosahedrormodelthatis larger thanthe
object.In eachview, for eachverte, if avertex lies outsideof the
silhouettewe move it radially towardsa centempoint sothatit lies
on the silhouetteborder We therebyobtaina 642-vertex object
thatmatcheghesilhouettein all views.

For eachof the four light fields, we refine this silhouette-
reconstructedeometryobjectto obtainanimprovedgeometryob-
ject. Typically, we usearywherefrom 250 to 1000 iterationsand

aregularizationconstant\ = 10'°. Both of thesequantitiesare
determinedempiricallybasedntheresults.

Figure 1 shavs the resultsof our algorithmfor the Star light
field. Figure1(a)shavs thetrue geometry Figure1(b) shows the
silhouette-reconstructegeometry and Figure 1(c) shavs the re-
fined geometry Figure 2 illustratesthe geometryresultsfor the
real-world Garfield29light field. Figure2(a) shavs only faceof
the objectfrom oneimageof the light field. Figure 2(b) shavs
the silhouette-reconstructegeometry and Figure 2(c) shavs the
refinedgeometry

\/ %A \’%7"*

(a) TrueGeo. (b) SilhouetteGeo. (c) Improved Geo.

Fig. 1. Geometrymodelsfor the Starlight field. The nearexact
constainedgeometry(notpictured)is visually identicalto thetrue

geometry
y e
Q b\ ol oy
.

(a) Light field image(b) SilhouetteGeo. (c) Impra/ed Geo.

Fig. 2. Magnifiedportionof light fieldimageandgeometrymodels
for the Garfield29light field.

For all of thelight field datasets we compareheefficiency of
our light field coderusing the silhouette-reconstructegeometry
versusthe improved geometry For the two syntheticlight fields,
we can comparewith the resultsof the true geometrymodel as
well. Our algorithm constrainghe setof possibleimproved ge-
ometry outcomessinceit usesonly 642 verticesand constrains
the positionsof theseverticesto bein the samedirectionsasthe
original subdvidedicosahedrowertices.To understandhe possi-
ble effect of theseconstraintsyve createanothergeometrymodel
thatis subjectto theseconstraintsput fit ascloseaspossibleto
theexactgeometrymodel. We call this our nearexactconstained
geometry This geometrymodelrepresentshe bestpossiblege-
ometryresultunderthe constraintghatwe have placedon theal-
gorithm.

Figures3 and4 shav the Rate-PSNRunesusingthevarious
geometrymodelsfor the Star light field andthe Garfield29light
field, respectrely. The bit-rate for the geometrymodelsis not
included. Sincewe have a regular icosahedrorarrangemenbf
vertices,whereonly the 642 vertex radii mustbe specified,this
bit-ratewill be nggligible comparedo the overall bit-ratefor the
light field. The PSNRis measureaver theentireimage.

Dueto spaceconsiderationsye donotshav thecurvesfor the
otherdatasets.In all caseswe seeabit-ratereductionof approxi-
mately10% usingtheimprovedgeometryinsteadf thesilhouette-
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reconstructedyeometry This correspondgo an increaseof ap-
proximatelyl dB in PSNR.Theresultsfor the syntheticdatasets
indicate that there still exists a large performancegap between
the improved geometryand the exact geometry The resultsfor

the nearexact constrainedyeometryshaw, however, thatonly an-
other10% is possibleusingour constrainea@rrangementin other
words, our improved geometryrealizes50% of the gain possible
underour constrainedrrangement.

Star Light Field

PSNR (dB)

- - - Silhouette Geometry

—— Improved Geometry

32t / - - Near-exact Constrained Geometry
' i Exact Geometry

30O 01 02 03 04 05 06 07 08 09 1

Bit Rate (bits/pixel)

Fig. 3. Rate-PSNRor StarLight Field. We seea 10% bit-ratere-
ductionusingtheimproved geometryover the original silhouette-
reconstructedyeometry The nearexact constrainedgeometry

shavs usthe bestpossibleresultfor our constrainedarrangement.

Thereis still alarge performanceyapfrom the exactgeometryre-
sults.

Garfield29 Light Field
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Fig. 4. Rate-PSNRfor Garfield29Light Field. We seea 10%
bit-rate reductionusing the improved geometryover the original
silhouette-reconstructegeometryfor this real-world light field.

5. CONCLUSIONS

We have presentechn algorithm to automaticallyrefine the ge-
ometry model usedfor disparity-compensatetight field com-
pression. This improved geometrymodel reducesthe disparity-
compensatiompredictionerror andimprovesthe compressioref-
ficieng. Our experimentsshav bit-rate sazings of approxi-
mately10% usingtherefinedgeometrymodelover thesilhouette-
reconstructedgeometrymodel. These experimentswere per
formedon bothrealandsyntheticlight field datasets.

Resultdfrom thesyntheticdatasetsindicatethatthealgorithm
may be improved significantly by relaxingsomeof the geometric
constraintsn thealgorithm.
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