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ABSTRACT

In geometry-aidedlight field compression,a geometrymodel is
usedfor disparity-compensatedprediction of light field images
from alreadyencodedlight field images. This geometrymodel,
however, mayhave limited accuracy. Wepresentanalgorithmthat
refinesa geometrymodelto improve theover-all light field com-
pressionefficiency. This algorithmusesanoptical-flow technique
to explicitly minimizethedisparity-compensatedpredictionerror.
Resultsfrom experimentsperformedon both real and synthetic
datasetsshow bit-ratereductionsof approximately��� % usingthe
improvedgeometrymodelover a silhouette-reconstructedgeome-
try model.

1. INTR ODUCTION

Image-basedrenderinghasemergedasan importantnew alterna-
tive to traditionalimagesynthesistechniquesin computergraph-
ics. With image-basedrendering,scenescanberenderedby sam-
pling previouslyacquiredimagedata,insteadof synthesizingthem
from light andsurfaceshadingmodelsandscenegeometry. Light
field rendering[1, 2] is one suchimage-basedtechniquethat is
particularlyusefulfor interactive applications.

A light field is a 4-D datasetwhich canbeparameterizedas
a 2-D arrayof 2-D light field images.For photo-realisticquality,
a large numberof high-resolutionlight field imagesis required,
resultingin extremelylargedatasets.For example,the light field
of Michelangelo’s statueof Night containstensof thousandsof
imagesandrequiresover 90Gigabytesof storagefor raw data[3].
Compressionis thereforeessentialfor light fields.

Currently, the most efficient techniquesfor light field com-
pressionusedisparity compensation, analogousto motion com-
pensationin video compression.In disparitycompensation,im-
agesarepredictedfrom previouslyencodedreferenceimages.Dis-
parity or depthvaluesareeitherspecifiedfor a block of pixels,or
inferredfrom a geometrymodel[4, 5, 6].

In this paper, we considerdisparity-compensatedlight field
compressionusinganexplicit geometrymodel.A geometrymodel
canbeanefficient methodof specifyingthedepthvaluesrequired
for disparity-compensatedprediction.Thegeometrymodelsused
maybeof limited accuracy for severalreasons.Themodelmaybe
generatedfromimagedatausingerror-pronecomputervisiontech-
niques.Evenanaccuratemodelmustberepresenteddigitally in a
finite numberof bits,andtherefore,somedegreeof approximation
is necessary. The result of this geometryinaccuracy is reduced
compressionefficiency for thecompressionalgorithm[7].

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

andimprove compressionefficiency. Our algorithmis similar to
the Sliding Texturesapproach[8, 9], differing in only a few de-
tails. Oneof themaincontributionsof this paperis to applythese
ideasto theproblemof light field compression.In Section2, we
review the basicsof geometry-baseddisparity-compensatedlight
field compression.In Section3, we presentour methodfor geom-
etry refinement.Wepresentour resultsin Section4.

2. GEOMETRY-BASED DISPARITY -COMPENSATED
LIGHT FIELD COMPRESSION

Disparity compensationis usedin most current light field com-
pressionalgorithms[4, 5, 6]. The underlyingidea of disparity-
compensatedpredictionis that a pixel in a light field imagecan
bepredictedfrom correspondingpixels in oneor moreotherlight
field images. This predictionrequiresa depthvalue for a given
pixel. In a light field, the recordinggeometryis known, which
meansthatby specifyingthedepth,it is possibleto establishcor-
respondencebetweenpixelsin two differentviews. Thispixel cor-
respondenceallows for thepredictionof pixels of oneview from
another. We assumethat the imagedsurfacein both views look
similar, which is truefor Lambertian,unoccludedsurfaces.

In a geometry-basedpredictionscheme,depthvaluesarein-
ferred from an explicit geometrymodelby renderingthe model.
The referenceimagesthat areusedto predicta particularimage
mustbe defined.We follow thehierarchicalcodingstructurede-
scribedby MagnorandGirod [4]. Here,eachimageis predicted
from two to four referenceimages.Theorderin which imagesare
encodedis alsodefined,sothat imagesarepredictedfrom images
thatarealreadyencoded.

3. PROPOSEDALGORITHM FOR GEOMETRY
REFINEMENT

In this sectionwe presentan algorithm that modifiesthe geom-
etry model for bettercompressionperformance.We explain the
optical-flow-basedshaperefinementmethod,andtheiterative reg-
ularizedleast-squaresmethodusedto find thesolution.

3.1. Optical-flow-basedequation

A light field imagemaybepredictedfrom oneor morereference
light field imagesthathave beenpreviously encoded,accordingto
thehierarchicalstructurediscussedin theprevioussection.Wecall
theimageandpixel to bepredictedthetarget imageandpixel, and
theimagesandpixelsfrom wherethey arepredictedthereference
imagesandpixels.Theintensityof agiventargetpixel is predicted
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from the� correspondingpixel in a referenceimage.Any giventar-
getpixel correspondsto aspecific� -D pointalongtheviewing ray�

in � -D space.If we allow this line
�

to beparameterizedby the
depth	 , we obtaintheline equation,in world coordinates,��
 	
��� ������ 
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Note that this line is a function of the intrinsic andextrinsic
cameraparametersof thetargetview, aswell asthepixel position
in the image. By projectingthis line into the referenceview, we
obtaina � -D line � . This so-calledepipolarline� 
 	���� �"!�# 
 	��!%$ 
 	
�'&)( (2)

alsoparameterizedby theoriginal depthparameter	 , is a function
of thepixel positionin thetargetimage,andthecameraparameters
of thetargetandreferenceimages.

Specifyingadepthvalue 	 fixesthepoint in � -D spaceaswell
as in the referenceview on the epipolarline. Thus,we obtaina
correspondingreferencepixel for thetargetpixel. We assumethat
the true valueof 	 will result in the sameintensity for the corre-
spondingtargetandreferencepixels. An error in thedepth 	 will
result in a predictionerror, denotedby the differencein intensity*,+

. This is a functionof the intensityvalueat the targetpixel
+�-

andat thereferencepixel
+�. 
 	�� givenby*/+ � + -10 +�. 
 	32���� +�. 
 	�� 0 +�. 
 	
24� (3)

where	
2 is thecurrent(inaccurate)depthvalue,and 	 is thecorrect
depthvaluethatresultsin nopredictionerror.

If we assumetheintensitygradient5 � �76 �6 � & (4)

to be locally constantover this region in thereferenceimage,we
obtainthefamiliar opticalflow equation*/+ � 598 
 � 
 	
� 0 � 
 	
2��
� (5)

However, this equationonly relatespredictionerror
*,+

to the
depthparameter	 for a givenpixel. We needto furtherrelatethis
to theparametersof thegeometrymodelusingtherelation	:�<; 
>= � (6)

where
=

is the vectorof geometryparametersand ; is a nonlin-
earmultivariatefunctionthatmapsthegeometryparametersto the
depthfor agivenpixel.

Wenow describethemappingfunction ; for ourproblem.For
the trianglemeshgeometrymodelthatwe use,the geometrypa-
rametersarethepositionsof eachof theverticesin themodel. In
addition,we restrictthemovementof theseverticesto onedegree
of freedom,radially from thecenterof themodel.

For a particulartargetpixel, the corresponding� -D line
�

in-
tersectsthe geometryat exactly onetriangleface. Therefore,the
depthparameter	 is determinedby the threeverticesthat define
this triangle face. By characterizingthis triangle as an infinite
planedefinedby its threevertices,weobtainadifferentiablefunc-
tion ; thatdescribesthedepthparameter	 in termsof thegeom-
etry parameters

=
. Note that we assumethat otherverticeswill

not affect this pixel, throughocclusionfor example,andthat the
pixel will notmoveoff thistriangle.Bothof theseassumptionsare
supportedby therestrictionthatchangesin thegeometryparame-
terswill be small, enforcedby regularizationin the least-squares
solution.

Combining(5) and(6), we obtain*,+ � 598 
 � 
 ; 
>= �
� 0 � 
 ; 
>= 2 �
�
� (7)

where
= 2 denotesthecurrentgeometryconfiguration.Both � and; arenon-linearfunctionsof theparametervector

=
. We canlin-

earizethisequation,andtheresultingequationwill bevalid locally
around

= 2 . If � 
 ; 
>= �
��?A@CB =ED @GF ( (8)

then � 
 ; 
>= �
� 0 � 
 ; 
>= 2 �
�:?H@CB * = (9)

where
* = � = 0 = 2 and @CB is amatrixof size �JI"K , with K as

thenumberof geometryparameters.
Substituting(9) into (7), we obtainthefollowing equation598 
 @ B * = �:? *,+ (10)

for eachpixel anda correspondingreferenceview.

3.2. Least-SquaresSolution

This equationmay be derived for all the pixels in the light field
that areto bepredicted,andcanbecombinedto form the matrix
equation L * = ?NM (11)

where L � �OO� 
 5 8 @CB��QP BSR
 5 8 @CB��QP F
R�T�T�
 5 8 @CBQ�QPVU R
� WW�

(12)

and M�� �OO� 
 *,+ �QP BSR
 *,+ � P F
R�T�T�
 */+ � PVU R
� WW�

(13)

Becauseour linearizedproblemandour mappingfunction ;
areonly valid for small

* =
, we mustincluderegularizationinto

thesolutionof ourproblem.This givesustheequation� LX + & * = ? � M Y & (14)

where
X

is theregularizationconstant.A largervaluefor
X

means
thatthesolution

* =
will besmaller, andtheproblemwill bemore

numericallystable. When
X

is too large, however, it takesmany
iterationsto convergeto thesolution.In ourexperiments,thevalue
for
X

is selectedempirically.
This linearizedproblemcanbesolvedusingtheleast-squares

approach. Sincean equationis formed for eachpixel predicted
from a referenceview, thenumberof rows of

L
canbe large. In

any particularequation,only threeparametersarespecified,there-
fore
L

is also sparse.We usethe LSQRmethod[10], which is
well-suitedto large,sparseproblems,in our implementation.

Oncewe obtaina new geometrymodelfrom thesolution,we
can againlinearizethe equationsaboutthe new operatingpoint,
and solve 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 andsyntheticlight field datasets.
An initial approximategeometrymodelis createdusingthesilhou-
etteinformationfrom the light field imagedata. This silhouette-
reconstructedgeometrymodel is refinedusingthe techniquede-
scribedin this paperto obtaintheimprovedgeometrymodel. For
thesyntheticlight fields,we alsohave the truegeometrymodels,
which canserve asa usefulreferencepoint. We encodethe light
fieldsusingeachof thesegeometrymodels,andcomparetheir rel-
ative rate-PSNRperformance.The light field coderis described
next.

4.1. Light Field Coder

The light field coder in our work usesblock-baseddisparity-
compensationboth without andwith an explicit geometrymodel
[4, 5]. All imagesaredividedup into Z7IEZ blocks.Eachblock is
encodedin oneof severalmodes:theINTRA mode,whereDCT-
basedimagecompressionis usedfor the block; the GEO mode,
whereanexplicit geometrymodelis usedto predicttheblockfrom
referenceimages;the STD (standard)modewherea depthvalue
is specifiedto predict the block from referenceimages;and the
COPYmode,wherea block from thesameimagelocationis sim-
ply copiedfrom thereferenceimage.For theSTDmode,thedepth
valuesarequantizedsuchthat they correspondto approximately
integer-pixel accuracy in the imageplane. In the GEO andSTD
modes,aDCT-basedresidualencoderis usedonthepredictioner-
ror. Mode selectionis basedon a rate-distortionLagrangiancost
function [ �<\ D]X U_^ (15)

where \ is the sum-squared-errordistortionof the block image,
and ^ is the ratein bits for theblock. Themodewith thesmall-
estLagrangiancostis chosen.A rate-PSNRcurve is obtainedby
varying the imagequality, usingthe quantizationparameter̀ in
theDCT intra andresidualcoders.TheLagrangianmultiplier

X U
thatis usedto tradeoff rateversusdistortionis adjustedaccording
to the quantizationparameterusingthe following equationcom-
monly usedin videocompression,[11]X U �<� � Zbac` F � (16)

4.2. Experiments

Four datasetswereusedin our experiments.The first two, Star
andCube, aresyntheticlight fields,eachwith �ed imagesof reso-
lution �faed7IE�facd . The last two, Garfield29andGarfield288, are
light fieldsrecordedfrom a real-world object,thesameplushtoy.
Garfield29has �cg images,eachof resolution�fZch"Ii�eZeZ , covering
thefrontalregionof theobject,while Garfield288has�cZfZ images,
eachof resolution ��gf�jI'�4heh covering the entirehemi-sphereof
views.

For eachof thedatasets,we derive a geometrymodelthat is
consistentwith the silhouettefrom eachview. We begin with adchk� -vertex subdivided icosahedronmodel that is larger than the
object.In eachview, for eachvertex, if a vertex lies outsideof the
silhouette,wemove it radially towardsacenterpoint sothatit lies
on the silhouetteborder. We therebyobtaina dchk� -vertex object
thatmatchesthesilhouettein all views.

For eachof the four light fields, we refine this silhouette-
reconstructedgeometryobjectto obtainanimprovedgeometryob-
ject. Typically, we useanywherefrom �fac� to ���e�f� iterationsand

a regularizationconstant
X �l��� B 2 . Both of thesequantitiesare

determinedempiricallybasedon theresults.
Figure1 shows the resultsof our algorithmfor theStar light

field. Figure1(a)shows the truegeometry, Figure1(b) shows the
silhouette-reconstructedgeometry, andFigure1(c) shows the re-
fined geometry. Figure2 illustratesthe geometryresultsfor the
real-world Garfield29light field. Figure2(a) shows only faceof
the object from one imageof the light field. Figure2(b) shows
the silhouette-reconstructedgeometry, andFigure2(c) shows the
refinedgeometry.

(a) TrueGeo. (b) SilhouetteGeo. (c) ImprovedGeo.

Fig. 1. Geometrymodelsfor theStar light field. Thenear-exact
constrainedgeometry(notpictured)is visually identicalto thetrue
geometry.

(a) Light field image(b) SilhouetteGeo. (c) ImprovedGeo.

Fig. 2. Magnifiedportionof light field imageandgeometrymodels
for theGarfield29light field.

For all of thelight field datasets,wecomparetheefficiency of
our light field coderusing the silhouette-reconstructedgeometry
versusthe improved geometry. For the two syntheticlight fields,
we can comparewith the resultsof the true geometrymodel as
well. Our algorithmconstrainsthe setof possibleimproved ge-
ometry outcomes,sinceit usesonly dehb� verticesandconstrains
the positionsof theseverticesto be in the samedirectionsasthe
originalsubdividedicosahedronvertices.To understandthepossi-
ble effect of theseconstraints,we createanothergeometrymodel
that is subjectto theseconstraints,but fit ascloseaspossibleto
theexactgeometrymodel.Wecall thisournear-exactconstrained
geometry. This geometrymodel representsthe bestpossiblege-
ometryresultundertheconstraintsthatwe have placedon theal-
gorithm.

Figures3 and4 show theRate-PSNRcurvesusingthevarious
geometrymodelsfor the Star light field andthe Garfield29light
field, respectively. The bit-rate for the geometrymodelsis not
included. Sincewe have a regular icosahedronarrangementof
vertices,whereonly the dehb� vertex radii mustbe specified,this
bit-ratewill be negligible comparedto theoverall bit-ratefor the
light field. ThePSNRis measuredover theentireimage.

Dueto spaceconsiderations,wedonotshow thecurvesfor the
otherdatasets.In all cases,weseeabit-ratereductionof approxi-
mately �4� % usingtheimprovedgeometryinsteadof thesilhouette-
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reconstructedgeometry. This correspondsto an increaseof ap-
proximately � dB in PSNR.Theresultsfor thesyntheticdatasets
indicate that there still exists a large performancegap between
the improved geometryand the exact geometry. The resultsfor
thenear-exactconstrainedgeometryshow, however, thatonly an-
other ��� % is possibleusingourconstrainedarrangement.In other
words,our improved geometryrealizesae� % of the gain possible
underourconstrainedarrangement.
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Fig. 3. Rate-PSNRfor StarLight Field. We seea ��� % bit-ratere-
ductionusingtheimprovedgeometryover theoriginal silhouette-
reconstructedgeometry. The near-exact constrainedgeometry
shows usthebestpossibleresultfor our constrainedarrangement.
Thereis still a largeperformancegapfrom theexactgeometryre-
sults.
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Fig. 4. Rate-PSNRfor Garfield29Light Field. We seea ��� %
bit-ratereductionusingthe improved geometryover the original
silhouette-reconstructedgeometryfor this real-world light field.

5. CONCLUSIONS

We have presentedan algorithm to automaticallyrefine the ge-
ometry model used for disparity-compensatedlight field com-
pression. This improved geometrymodel reducesthe disparity-
compensationpredictionerror andimprovesthe compressionef-
ficiency. Our experimentsshow bit-rate savings of approxi-
mately ��� % usingtherefinedgeometrymodelover thesilhouette-
reconstructedgeometrymodel. Theseexperimentswere per-
formedonbothrealandsyntheticlight field datasets.

Resultsfrom thesyntheticdatasetsindicatethatthealgorithm
maybe improvedsignificantlyby relaxingsomeof thegeometric
constraintsin thealgorithm.
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