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Figure 1: There ectance eld of aglassfull of gummybearss capturedusingtwo coaxialprojector/cameraairsplaced120 apart.(a)isthe
resultof relightingthe scenefrom the front projector which is coaxialwith the presentediiew, wherethe (synthetic)illumination consistsof

theletters"EGSR”. Notethatdueto their sub-surbcescatteringproperty evenasinglebeamof light thatfalls on agummybearilluminatesit

completely althoughunevenly. In (b) we simulatehomogeneoubacklightingfrom the secondorojectorcombinedwith the illumination used
in (a). For validation,a ground-truthimage(c) was capturedby loadingthe sameprojectorpatternsinto the real projectors.Our approachs

ableto faithfully captureandreconstructhe comple light transportin this scene(d) shavs a typical frame capturedduring the acquisition
proceswwith the correspondingrojectorpatternin theinset.

Abstract

e presenta noveltedhniquecalled symmetrigphotaraphyto capture realworld re ectance elds. Thetechnique
modelsthe 8D re ectance eld asa transportmatrix betweerthe 4D incidentlight eld andthe4D exitant light
eld. It is a challengingtaskto acquire this transportmatrix dueto its large size Fortunately thetransportmatrix
is symmetri@ndoftendata-spase Symmetrgnableaisto measue thelight transportfromtwo sidessimultane-
ously fromtheilluminationdirectionsandtheview directions Data-spasenessefersto thefactthat sub-blo&sof
thematrix canbewell approximatedusinglow-rankrepresentationsWe introducethe useof hierarchical tensos
asthe underlyingdata structuie to captuee this data-spasenessspeci cally throughlocal rank-1factorizations
of thetransportmatrix. Besidegproviding an ef cient representatiorfor storage, it enablesastacquisitionof the
approximatedransportmatrix and fastrenderingof imagesfromthe captured matrix. Our prototypeacquisition
systentonsistofanarray of mirrorsanda pair of coaxialprojectorandcamen. We demonstatetheeffectiveness
of our systenwith scenesendeed fromre ectance elds that were captured by our systemIn theserenderings
we canchange theviewpointaswell asrelight usingarbitrary incidentlight elds.

CatagygoriesandSubjectDescriptorgaccordingto ACM CCS} 1.3.3[ComputerGraphics]:Digitizing andscanning;
1.3.6 [ComputerGraphics]:Graphicsdatastructuresand datatypes;1.3.7 [ComputerGraphics]:Color, shading,
shadaving, andtexture
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1 Intr oduction

The mostcompleteimage-basediescriptionof a scenefor
computergraphicsapplicationsis its 8D re ectance eld
[DHT 00]. The8D re ectance eld is de ned asatransport
matrix that describeghe transferof enegy betweena light
eld [LH96] of incomingrays(theillumination) anda light
eld of outgoingrays (the view) in a scenegachof which
are4D. Therows of this matrix correspondo the view rays
andthe columnscorrespondo the illumination rays. This
representatiorcan be usedto renderimagesof the scene
from ary viewpoint underarbitrary lighting. The resulting
imagescaptureall globalillumination effectssuchasdiffuse
interre ections, shadaevs, causticsand sub-surécescatter
ing, without the needfor anexplicit physicalsimulation.

Treatingeachlight eld asa 2D collectionof 2D images,
andassumingfor example)3 3 imageswith aresolution
of 100 100in eachimage,requiresatransporimatrix con-
taining about10' entries.If constructedby measuringhe
transportcoefcients betweenevery pair of incoming and
outgoinglight rays, it could take daysto captureeven at
videorate,makingthis approachintractable.

This paperintroducessymmetricphota@raphy - a tech-
niquefor acquiring8D re ectance elds efciently. It relies
on two key obsenations.First, there ectance eld is data-
sparsein spite of its high dimensionality Data-sparseness
refersto thefactthatsub-blocksof the transportmatrix can
be well approximatedy low-rank representationsSecond,
the transportmatrix is symmetric,due to Helmholtz reci-
procity. This symmetryenablesimultaneousneasurements
from both sides,rows andcolumns,of the transportmatrix.
We usethesemeasurement® developa hierarchicabcqui-
sition algorithmthatcanexploit the data-sparseness.

To facilitate this, we have built a symmetricalcapture
setup,which consistsof a coaxial array of projectorsand
camerasln addition, we introducethe useof hierarchical
tensorsasan underlyingdatastructureto representhe ma-
trix. The hierarchicaltensorrepresentationturns out to be
a naturaldatastructurefor the acquisitionalgorithm,andit
provides a compactfactorizedrepresentatiorfior storing a
data-sparstransporimatrix. Further hierarchicatensorsal-
low fast computationduring rendering.Although our cur
rent capturesystemallows us to acquireonly a sectorof
full sphereof incidentandre ected directions(37 29 ),
and even then only at modestresolution(3 3 images,
eachof resolution130 200 pixels), this subsetis truly 8-
dimensionalandit sufces to demonstrate¢he validity and
utility of ourapproach.

2 RelatedWork

Themeasuremertf re ectance elds is anactive areaof re-
searchin computergraphics However, mostof thisresearch
hasfocusedon capturingvariouslower dimensionalslices
of the re ectance eld. For instance,if the illumination is

x edandtheviewer allowedto move, theappearancef the
sceneas a function of outgoingray position and direction
is a4D slice of there ectance eld. Thelight eld [LH96]
andthe lumigraph[GGSC9§ effectively describethis exi-
tantre ectance eld. By extractingappropriate2D slicesof
thelight eld, onecanvirtually y aroundasceneout theil-
luminationcannotbe changedIf theviewpointis x edand
theillumination is provided by a setof point light sources,
oneobtainsanothedD sliceof the8D re ectance eld. Var
iousresearcherfDHT 00,MGWO01,HEDOY have acquired
suchdatasetswherea weightedsumof the capturedmages
canbe combinedto obtainre-lit imagesfrom a x edview-
pointonly. Sincepointlight sourcesadiatelight in all direc-
tions, it is impossibleto castsharpshadavs ontothe scene
with thistechnique.

If theillumination is provided by an array of video pro-
jectorsandthescenas capturedsilluminatedby eachpixel
of eachprojector but still asseenfrom a singleviewpoint,
then one obtainsa 6D slice of 8D re ectance eld. Mas-
selusetal. [MPDWO03] capturesuchdatasetsusinga single
moving projector More recently Senetal. [SCG 05] have
exploited Helmholtzreciprocityto improve on boththeres-
olution andcapturetimesof thesedatasetsin their work on
dual photograpl. With sucha datasetit is possibleto re-
light thescenewith arbitrary4D incidentlight elds, but the
viewpoint cannotbe changedGoeselestal. [GLL 04] use
ascannindaser aturntableanda moving camerao capture
are ectance eld for the caseof translucenbbjectsundera
diffusesub-surlcescatteringassumptionAlthoughonecan
view the objectfrom ary positionandrelight it with arbi-
trary light elds, the captureddatasetis still essentially4D
becausef their assumptionAll thesepaperscapturesome
lower dimensionakubsebf the8D re ectance eld. An 8D
re ectance eld hasneverbeenacquirecbefore.

Seitz et al. [SMKO095], in their recentwork on inverse
light transportalsousetransportmatriceso modelthelight
transportWhile theirwork providesatheoryfor decompos-
ing the transportmatrix into individual bouncelight trans-
portmatricesourwork describes techniquefor measuring
it.

Hierarchicaldatastructuresave beenpreviously usedfor
representinge ectance elds. Theserepresentationgro-
vide greateref ciency bothin termsof storageandcapture
time. A typical setupfor capturingre ectance elds consists
of a sceneundercontrolledillumination, asimagedby one
or morecamerasPeersandDutré[PDO0J illuminateascene
with wavelet patternsin orderto captureervironmentmat-
tes (another4D slice of the re ectance eld). A feedback
loop determineghe next patternto usebasedon knowledge
of previously recordedphotographsThe stoppingcriteriais
basedon the error of the currentapproximation Although
their schemeadaptsto the scenecontent,it doesnot try to
parallelizethe captureprocessMatusik et al. [MLP04] use
a kd-treebasedsubdvision structureto representrviron-
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mentmattes.They expresservironmentmatteextractionas
an optimizationproblem.Their algorithm progressiely re-
nes the approximationof the ervironmentmattewith an
increasinghumberof trainingimagesakenundervariousil-
luminationconditions However, the choiceof their patterns
is independenof the scenecontent.

In thedualphotograpk work of Senetal. [SCG 05], they
alsousea hierarchicaschemeo capture6D slicesof there-
ectance eld. Theirillumination patternsaadaptio thescene
content,and the acquisitionsystemtries to parallelizethe
captureprocessdependingon the sparsenesef the trans-
port matrix. However, their techniquereducesto scanning
if the transportmatrix is denseg.g.in sceneswith diffuse
bouncesln thispaperwe make theobsenationthatthelight
transportin thesecaseds data-sparsaswell assparseBy
exploiting this data-sparsenesgie are able to capturefull
8D re ectance elds in reasonabléime. In Section6.1, we
compareour techniqueto dualphotograpk in moredetail.

3 SparsenessSmoothnessand Data-sparseness

To efciently storelarge matrices,sparsenesand smooth-
nessaretwo ideasthataretypically exploited. The notionof
data-sparseness more powerful thanthesetwo. A sparse
matrix hasa small numberof non-zeroelementsn it and
hencecan be represented¢ompactly A data-sparsenatrix
ontheotherhandmayhave mary non-zercelementsbut the
actualinformationcontentin thematrixis smallenougththat
it canstill be expresseccompactly A simple examplewill
help corvey this conceptConsidertakingthe crossproduct
of two vectors,eachof lengthn. Althoughtheresultingma-
trix (which is rank-1by construction)could be non-sparse,
we only needtwo vectors(O(n)) to representhe contents

of the entire(O(nz)) matrix. Suchmatricesaredata-sparse.

More generally ary matrix in which a signi cant number
of sub-blockscan have a low-rank representatioris data-
sparseNotethata low-rank sub-blockof a matrix neednot
besmoothandmaycontainhighfrequenciesA frequeng or
wavelet-basedechniquewould be ineffective in compress-
ing this block. Therefore the conceptof data-sparseness
moregenerabndpowerful thansparsenessr smoothness.

Sparsenessn light transporthas been previously ex-
ploited to accelerateacquisitiontimesin the work of Sen
atal. [SCG 05]. RamamoorthandHanraharfRHO01] ana-
lyze the smoothnesin BRDFsanduseit for efcient ren-
deringandcompressionA completefrequeng spaceanal-
ysis of light transporthasbeenpresentedy Durandet al.
[DHS 05]. The ideaof exploiting data-sparseneder fac-
torizing high dimensionadatasetsnto globallow-rank ap-
proximationshasalso beeninvestigated,in the contet of
BRDFs[KM99,MAAO01,LK02] andalsofor light elds and
re ectance elds [VT04, WWS 05]. By contrastto these
global approachesywe use local low-rank factorizations.
We tie in the factorizationwith a hierarchicalsubdvision
schemgseeSectionb). This hierarchicakubdvision allows
usto exploit the data-sparsenesgscally.
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4 Propertiesof Light Transport
4.1 Data-Sparseness

The o w of light in ascenecanbedescribedy alight eld.
Light elds, which wereintroducedin the seminalwork of
GershunGer3§, areusedto describethe radianceat each
pointx andin eachdirectionw in asceneThisis a5D func-
tion which we denoteby €(x;w). Underthis paradigmthe
appearancef a scenecan be completelydescribedby an
outgoingradiancedistributionfunctionBq (X; w). Similarly,
theilluminationincidentonthescenecanbedescribedy an
incomingradiancedistribution function €i,(x; w). Therela-
tionshipbetweerj, (x;w) and oy (X; W) canbe expressed
by anintegral equationthe well knowvn renderingequation
[Kaj86):
Z Z

K 06 w; X% w9 Bou (X% W dxaw®

vV W
1)

The function K(x;w; x% w9 de nes the proportionof ux
from (xO;WO) thatgetstransportechsradianceo (x;w). It is
a function of the BSSRDE the relative visibility of (x%w?
and(x;w) andforeshorteningandlight attenuatioreffects.
Eq. (1) canbeexpressedn discreteform as:

Bouli] = Binli]+ & KIi; j]€ouli] 2)
J

Bou(x;w) = Bin(x;w) +

whereEou andEj, arediscreterepresentationsf outgoing
andincominglight elds respectrely. We canrewrite eq.(2)
asamatrix equation:

Eou = Ein+ KEOL( (3)
Eq. (3) canbedirectly solved[Kaj86] to yield:
Bot= (I K) 'Ein @

The matrix € = (I K) ! describesthe completelight
transporbetweerthe 5D incomingandoutgoinglight elds
asa linear operator Heckbert[Hec9] usesa similar ma-
trix in the contet of radiosityproblemsandshawvsthatsuch
matricesare not sparse.This is also obsered by Bérm et
al. [BGHO3 in the contet of linear operatorsarisingfrom
an integral equationsuchas eq. (1). They showv that even
thoughthe kernel K- might be sparsethe resultingmatrix
(I K) Lis not. However, it is typically data-sparsen par
ticular, thekernelis sparsébecaus®f occlusionsBut dueto
multiple scatteringeventsonetypically obseneslight trans-
port betweenary pair of pointsin the sceneyesultingin a
densef. Ontheotherhand we obserethatadiffusebounce
off apointonthe scenecontritutesthe sameenengy to large
regionsof the scene Therefore Jarge portionsof the trans-
port matrix, e.g.thoseresultingfrom inter-re ections of dif-
fuse and glossysurfaces,are data-spase One canexploit
this data-sparsenesy usinglocal low-rankapproximations
for sub-blocksof ¥. We choosea rank-1approximation.

Figure2 illustratesthis data-sparsene$sr afew example
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Figure 2: Understandingthe transportmatrix. To explain theintrinsic structuie of re ectance elds we captune thetransport
matrix for 4 real sceneshownin row (a) with a coaxialprojector/camea pair. Thescenesn differentcolumnsare: (1) a diffuse
textured plane (1) two diffusewhite planesfacing ead otherat an angle (Ill) a diffusewhite planefacing a diffusetextured
plane at an angle and (1V) two diffusetextured planesfacing eat other at an angle Row (b) showsthe images rendeed
fromthe captued transportmatricesunder oodlit illumination. A 2D slice of the transportmatrix for ead con guration is

shownin row (c). This slice describeghe light transportbetweenevery pair of raysthat hits the brightenedline in row (b).

Notethat thetransportmatrix is symmetridn all 4 casesSince(l) is a at diffuseplane there are no secondarjpouncesand
the matrix is diagonal.In (l1), (Ill) and (IV) the diagonal correspondgo the r stbouncelight andis therefore mud brighter
thantherestof the matrix. Thetop-right and bottom-leftsub-blo&s describethe diffuse-difuselight transportfrom pixelson
oneplaneto the other Notethat thisis smoothlyaryingfor (Il). In caseof (11l) and(IV), thetextured surfaceintroduceshigh
frequenciesut thesesub-blo&sare still data-spaseandcanberepresentedisingrank-1factors. Thetop-leftandbottom-right
sub-blo&s correspondo the enegy from 3rd-order bouncesn our scenesBecausehis enepy is aroundthe noisethreshold
in our measuementsve get noisyreadingsfor thesesub-blo&s. Row(d) is a visualizationof the level in the hierarchy when
ablodk is classi edasrank-1.Whiteblodks are leaf nodeswhile darker shadesf gray progressivelyrepresentower levelsin

the hierarchy. Finally, row (e) showstheresultof relightingthe transportmatrix with a vertical bar. Notetheresultof indirect
illumination ontheright planein (Il), (Ill) and(IV). Sincetheleft planeis texturedin (IV) theindirectilluminationis dimmer

thanin (l11). Notethatthe matrixfor a line crossingdiagonallythroughthe scenewvouldlook similar.
¢ TheEurographic#ssociation2006.
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transportmatricesthatwe have measuredandalsodemon-
stratesthe local rank-1 approximation.To gain someintu-

ition, let uslook atthelight transportetweertwo homoge-
neousuntexturedplanarpatchesThelight transporbetween
thetwo is smoothandcanbeeasilyfactorizedIt canbeseen
in the top-right and bottom-left sub-blocksof the transport
matrix for scene(ll). Evenif the surfacesare textured, it

only resultsin appropriatescalingof eitherthe columnsor

rows of thetransporimatrixasshavn in (111) and(1V). This

will notchangehefactorizationlf ablockerwaspresenbe-
tweenthe two patchesit will introduceadditionaldiagonal
elementsn thematrix sub-blocksThis canonly behandled
by subdviding the blocksandfactorizingata ner level, as
explainedin Section5.

4.2 Symmetry of the Transport Matrix

Capturingfull transportmatrix is a dauntingtask.However,

% is highly redundantsincetheradiancealongaray is con-
stantunlesstheline is blocked. So, if oneis willing to stay
outsidethe corvex hull of the sceneto view it or to illu-

minateit, thenthe 5D representatiomf the light eld can
be reducedto 4D [LH96, GGSC96MPDWO03]. We will be
working with this representatiorior the rest of the paper
Let usrepresenthe 4D incominglight eld by Li,(g) and
the 4D outgoinglight eld by Low(q) whereq parameter
izesthe spaceof all possibleincoming or outgoingdirec-
tions on a spherefMPDWO3]. The light transportcanthen
bedescribeds:

Lou = TLin (5)

T[i; j] representtheamountof light recevedalongoutgoing
directiong; whenunit radiances emittedalongincomingdi-

rectiongj. Helmholtzreciprocity[vH56, Ray0( statesthat
the light transportbetweeng; andq; is equalin bothdirec-
tions,i.e.T[i; j]= TI[j;i]. ThereforeT isasymmetrignatrix.

We useacoaxialprojector/cameraetupto ensuresymmetry
duringour acquisitionsAlso, notethatsincewe arelooking

atasubsebf rays(4D from 5D), T is just a sub-blockof ¥.

Therefore T is alsodata-sparse.

5 DataAcquisition

In orderto measurel, we useprojectorsto provide thein-

cominglight eld andcameraso measure¢heoutgoinglight

eld. Thus,thefull T matrixcanbeextremelylarge,depend-
ing on the numberof pixelsin our acquisitionhardware. A

naive acquisitionschemewould involve scanningthrough
individual projector pixels and concatenatinghe captured
cameramagesto constructT. This couldtake daysor even

monthsto complete Thereforeto achieve fasteracquisition,
we would like to illuminate multiple projectorpixels at the
sametime.

In orderto understanchow we can illuminate multiple
projectorpixelsatthesameime,letusassumehatthetrans-
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port matrixis:

ur M _ Ul O 0 M

MT uz - o0 u2 * mT o ®
whereU1l and U2 have not beenmeasuredyet. Senet al.
[SCG 05] utilized thefactthatif M = 0, thenthe unknavn
blocksU1 andU2 areradiometricallyisolated,i.e. the pro-
jector pixels correspondingo U1 do not affect the camera
pixels correspondingo U2 andvice versa.Thus,they can
illuminate the projectorpixels correspondingo U1 and U2
in parallelin suchcasesln this work, we obsere thatif the
contentsof M areknown but not necessarilyd, we canstill
radiometricallyisolateU1 andU2 by subtractinghe contri-
bution of known M from the capturedmages.The RHS of
eg.(6) shouldmalke this clear We usethis factto illuminate
the projectorpixels correspondingo U1 andU2 in parallel
whenM is known.

Now, considera sub-blockM of the transporimatrix that
is data-sparsand canbe approximatedy a rank-1factor
ization. We canobtainthis rank-1factorizationby just cap-
turing two images An imagecapturedby the cameras the
sumof thecolumnsin thetransporimatrix correspondingo
the pixelsilluminatedby the projector Becausef the sym-
metry of the transportmatrix, the imageis alsothe sumof
correspondingows in the matrix. Therefore,by just shin-
ing two projectorpatternspc andpr, we cancaptureémages
suchthat one provides the sum of the columns,c andthe
other providesthe sumof therows, r of M (c= Mp¢ and
r = MTpr). A tensorproductof ¢ andr directly providesa
rank-1factorizatiorfor M. Thusthewholesub-blockcanbe
constructedisingjust two illumination patternsThis is the
key ideabehindour algorithm. The algorithmtriesto nd
sub-blocksn T thatcanberepresentedsarank-1approx-
imation by a hierarchicalsubdvision stratgy. Once mea-
suredthesesub-blockscanbe usedto parallelizethe acqui-
sition as describedabove. For an effective hierarchicalac-
quisitionwe needan ef cient datastructureto represent .
We will describeour datastructurenow.

5.1 Hierarchical Tensorsfor RepresentingT

Weintroduceanew datastructurecalledhierarchical tensos
to representlata-sparséght transportHierarchicaltensors
areageneralizatiomf hierarchicamatriceqor H -matrices),
which have beenintroducedby Hacklush [Hac99 in the
appliedmathematiceommunityto represenarbitrarydata-
sparsematrices.The key ideabehindH -matricesis that a
data-sparsenatrix canbe representetdy an adaptve subdi-
visionstructureandalow-rankapproximatiorfor eachnode.
At eachlevel of the hierarcly, sub-blocksn the matrix are
uniformly subdvided into 4 children (asin a quadtree)lf
a sub-blockat ary level in thetreecanberepresentety a
low-rank approximation thenit is not subdvided ary fur-
ther Thus, a leaf nodein the tree containsa low-rank ap-
proximationfor thecorrespondingub-blockwhichreduces
to justascalarvalueatthe nest level in the hierarcly.
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Projector Pattern

Bj and B; cannot be scheduled together iff
$Bkl B : (Tikis unknown U‘Ijkis unknown)

Figure 3: Determiningblock scheduling. TwoblocksB; and
Bj cannotbe scheduledin the sameframeif and only if,

9B 2 B, suc thatthelight transportsTj, and T, are both
unknownThisis becausaiponilluminating B; andB;j simul-
taneouslythe block By in thecamer will measue thecom-
bined contribution of both Ty, and Tjk. Sinceboth of these
are unknownat this point there is no way to sepaate them
out.

Considerthe 4D re ectance eld thatdescribeghe light
transportfor a single projector/camergair. We have a 2D
imagerepresentinghe illumination patternand a resulting
2D image capturedby the camera.The connectinglight
transportcanthereforebe representetly a 4th-ordertensor
Onecanalternatvely atten outthe 2D imageinto a vector
but thatwould destry the spatialcohereng presenin a2D
image[WWS 05]. To presere cohereng we representhe
light transportby a 4th-orderhierarchicaltensor A nodein
the 4th-orderhierarchicattensoris divided into 16 children
at eachlevel of the hierarcly. Thus,we call the hierarchi-
calrepresentatiofor a4th-ordertensorasedectee(derived
from sedecimLatin equivalentof 16). Additionally, weusea
rank-lapproximatiorfor representinglata-sparsenessthe
leaf nodesof the hierarchicaltensor This meangshata leaf
nodeis representedy a tensorproductof two 2D images,
one from the cameraside andthe otherfrom the projector
side.

5.2 Hierarchical Acquisition Scheme

Ouracquisitionalgorithmfollows thestructureof thehierar
chicaltensordescribedn the previoussection At eachlevel
of thehierarcly we illuminatethescenewith afew projector
patternsWe usethe capturedmagesto decidewhich nodes
of the tensorin the previous level of hierarcly arerank-1.
Oncea nodehasbeendeterminedo be rank-1,we do not
subdvide it ary furtherasits entriesareknown. The nodes
which fail the rank-1testare subdvided and scheduledor
investicationduringthe next iteration. Thewhole processs
repeatedintil we reachthepixel level. We initiate the acqui-
sition by illuminating with a oodlit projectorpattern.The
capturedoodlit imageprovidesapossiblerank-1factoriza-

beamsplitter
camera
projector

v

Figure 4: Schematic of symmetricphotographysetup.A
coaxial array of projectors and cameas providesan ideal
setupfor symmetricphota@raphy The projector array illu-
minatesthe scenewith an incominglight eld. Sincethe
setupis coaxial,thecamen array measuesthecorrespond-
ing outgoinglight eld.

tion of therootnodeof thehierarchicatensor Therootnode
is scheduledor investigationin the rst iteration.

For eachlevel, the rst stepis to decidewhatillumina-
tion patterngo use.In orderto speed-upur acquisitionwe
needto minimize the numberof thesepatterns.To achieve
this,ouralgorithmmustdeterminghesetof projectorblocks
which canbeilluminatedin the samepattern.To determine
this, we divide eachscheduledhodeinto 16 children and
the 4 blocksin the projectorcorrespondindo this subdii-
sionareaccumulatedn alist B = f By; By;:::; Bng. Figure3
describeghe conditionwhentwo blocks Bj and Bj cannot
be scheduledn parallel.It canbe written asthe following
lemma:

Lemma: Two blocksBj andB; cannotbe scheduledo-
getherif andonly if, 9B, 2 B, suchthatboth Ty andTjy are
notknown.

Sincethe directlight transportTj; is hot known until the
bottomlevel in the hierarcly, ary two blocksB; andB; for
which Tjj is notknown cannotbe scheduledn parallel.For
all suchpossibleblock pairsfor whichthelight transporhas
notbeenmeasureget, let usconstructasetC = f (B;;Bj) :
Bi; Bj 2 Bg. Giventhesetwo sets,we de ne an undirected
graphG = (B;C), whereB is thesetof verticesin thegraph
and C is the setof edges.Thus, the verticesin the graph
have an edgebetweenthemif the light transportbetween
the correspondinglocksis not known. In this graph,ary
two verticesB; andBj which do not have an edgebetween
them but have a direct edgewith a commonblock By (as
shavn in Figure 3) also satisfy the lemma. Therefore,we
cannotschedulghemin parallel.Suchblockscorrespondo
verticesatadistancewo from eachotherin ourgraphG. In
orderto capturetheseblocksasdirectedgesn a graph,we
constructanothergrath2 which is the squareof graphG

¢ TheEurographic#ssociation2006.
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Figure5: Coaxial setupfor capturing8D re ectance elds.

A patternloadedinto projectorat A illuminatesa 4 4 ar-

ray of planar mirrors at B. This providesus with 16 virtual

projectors which illuminate our sceneat C. The light that
returnsfrom the sceneis divertedby a beam-splitterat D

towards a camenr at E. Any stray light re ected from the
beam-splittedlandsin a light trap at F. Thecamen usedis

an ImperxIPX-1M48-L(984 1000pixels)andthe projec-
tor is a MitsubishiXD60U (1024 768 pixels). The setup
is computercontwolled, and we captue HDR images every
2 seconds.

[Har0]. Thesquareof agraphcontainsanedgebetweerary
two verticeswhich areat mostdistancewo away from each
otherin the original graph.Thus,in the grathz, ary two
verticeswhich arenot connecteadtanbe scheduledogether
We usea graphcoloring algorithmon G2 to obtainsubsets
of B which canbeilluminatedin parallel.Oncetheimages
have beenacquiredthe known intra-blocklight transports
subtractedutfor theblocksthatwerescheduledn thesame
frame.

In the next step,we usethesemeasurement® testif the
tensornodesin the previous level of the hierarcly canbe
factorizedusing rank-1 approximation.We have a current
rank-lapproximatiorfor eachnodefrom the previouslevel
in thehierarcly. The8 measuredmagescorrespondingo 4
blocksfrom the projectorside and4 blocksfrom the cam-
era side of a node, are usedas test casesto validate the
currentapproximation.This is doneby renderingestimate
imagedor theseblocksusingthe currentrank-lapproxima-
tion. The estimatedmagesare comparedagainstthe corre-
spondingmeasuredmagesandan RMS erroris calculated
for the node.A low RMS error indicatesour estimatesare
as good as our measurementand we declarethe nodeas
rank-landstopary further subdvision on this node.If on
the other handthe RMS error is high, the 16 childrenwe
have measuredecomethe nev nodes.The 4 imagesfrom
theprojectorsideandthe4 imagesfrom thecamerasideare
usedto constructthe 16 (4  4) rank-1lestimatedor them.

¢ TheEurographic#ssociation2006.

lllumination

Viewing

Figure 6: Regionof the spheresampledby our setup.Our
setupspansanangularresolutionof37 29 onthesphee
both for the illumination and view directions.The spatial
resolutionin ead view is 130 200 pixels. This accounts
for about2% of thetotal raysin thelight eld.

Thesenodesarescheduledor investigationin the next iter-
ation.

A tensornode containingjust a scalarvalue is trivially
rank-1. Therefore,the whole processterminateswhen the
size of the projectorblock reducego a single pixel. Upon

nishing, the schemalirectly returnsthe hierarchicakensor
for there ectance eld of thescene.

5.3 Setupand Pre-processing

In orderto experimentallyvalidateour ideaswe needanac-
quisition systemthatis capableof simultaneouslyemitting
andcapturingalongeachrayin thelight eld. Thissuggests
having a coaxialarray of camerasand projectors.Figure 4
shavstheschematiof suchasetup Ouractualphysicalim-
plementatioris built usinga single projector a singlecam-
era,abeam-splitteandanarrayof planarmirrors. The pro-
jectorandthe cameraaremountedcoaxiallyusingthe beam
splitter on an optical benchas shawvn in Figure 5, andthe
mirror arraydividesthe projector/cameraixelsinto 9 coax-
ial pairs.Oncetheopticalsystemhasbeenmountedt needs
to becalibrated First, the centerof projectionof the camera
andprojectoris aligned.Thenext taskisto nd theperpixel
mappingbetweenthe projectorand camerapixels. We use
a calibrationschemesimilar to that usedby Han and Per
lin [HPOJ3 andLevoy etal. [LCV 04] in their setupto nd
thismapping Figureé6 illustratestheangularandspatialres-
olution of re ectance elds capturedusingout setup.

The dynamicrangeof the sceneghatwe capturecanbe
very high. This is becausehe light transportcontainsnot
only the high enepgy direct bounceeffects but also very
low enegy secondarybounceeffects. In orderto capture
this rangecompletely we take multiple imagesof the scene
andcombinetheminto a single high dynamicrangeimage
[DM97,RBS99. Additionally, beforecombiningtheimages
for HDR, we subtractthe black level of the projectorfrom
ourimagesThisaccountdgor thestraylight comingfromthe
projectorevenwhenit is shininga completelyblackimage.
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(a) Fixed view point / Differ ent light source positions

(b) Fixed light source position / Differ ent view points

Figure 7: 8D re ectance eld of an examplesceneThisre ectance eld wascaptuedusingthe setupdescribedn Figure 5.
A3 3grid of mirrors wasused.In (a) we seeimagesrendeed fromthe viewpointat the centerof the grid with illumination
comingfrom 9 different locationson the grid. Note that the shadowsmove appropriately dependingupon the direction of
incidentlight. (b) showsthe imagesrendeed from 9 different viewpointson the grid with the illumination comingfrom the
center In this caseone can notice the change in parallax with the viewpoint. Note that noneof theseimages wetre directly
captured during our acquisition.Thecenterimage in eat setlooksslightly brighter becausehe viewpointand lighting are

coincidentin this case

Also, uponilluminating the scenewith individual projector
pixels,we noticethatthe capturedmagesappeadarker and
haveasigni cantly reducedtontrastThisis becausanindi-
vidual projectorpixel would beilluminating very few pixels
on the Bayermosaicedsensorof the cameraleadingto an
error uponinterpolationduring demosaicingThis problem
wasalsonoticedby Senet al. [SCG 05]. To remove these
artifacts,we employ a solutionsimilarto theirs,i.e. the nal
imagesarerenormalizedby forcing the capturedmagesto
sumupto the oodlit image.

6 Results

We capturere ectance elds of several scenesFor refer
ence,Table 1 provides statistics(size, time and numberof
patterngequiredfor acquisition)for eachof thesedatasets.

In Figure2, we presentheresultsof our measuremerfor
four simplescenegonsistingof planesThis experimenthas
beendesignedo elucidatethe structureof the T matrix. A
coaxial projector/cameraair is directly aimedat the scene
in this case Theimageresolutionis 310 350 pixels.Note
thestoragetime andnumberof patterngequiredfor thefour

sceneglistedin Tablel). A brute-forcescan,in whicheach
projectorpixel is illuminatedindividually, to acquirethese
T matriceswouldtake atleast100timesmoreimagesAlso,
sincethe enegy in thelight afteranindirectbounceis low,
the camerawould have to be exposedfor a longertime in-
tenal to achieve goodSNR during brute-forcescanningOn
theotherhand,in ourschemeheindirectbouncdight trans-
portis resoledearlierin the hierarcly, seerows (c) and(d)
in Figure 2. At higherlevels of the hierarcly, we areillu-
minatingwith biggerprojectorblocks (andhencethrowing
morelight into thescenehanjustfrom asinglepixel), there-
fore we areableto getgood SNR evenwith smallexposure
times.Also, notethatthehigh frequeng of thetexturesdoes
not affect the data-sparseness re ectance elds. The hi-
erarchicalsubdvision follows almostthe samestratey in
all four casesasvisualizedin row (d). In row (e), we shav
the resultsof relighting the scenewith a vertical bar The
smoothglow from oneplaneto theotherin column(ll), (111)
and(lV) shaws thatwe have measuredhe indirectbounce
correctly

Figure1 demonstratethat our techniqueworks well for

¢ TheEurographic#ssociation2006.



G. Garg, E. Talvala, M. Levoy & H. Lenst/ Symmetrid®®hotayraphy

Symmetric photography Brute-force
SCENE | SIZE TIME PATTERNS | PATTERNS
Fig. (MB)  (min) (#) #)
1 337 151 2,417 91,176
2() 255 44 809 108,500
2(11 371 70 1,085 108,500
2(111) 334 65 1,081 108,500
2(IV) 274 46 841 108,500
7 1,470 484 3,368 233,657

Table 1: Tableofrelevantdata(size timeandnumberof pat-
terns)for differentexamplescenesaptuied usingour tech-
nigue Note that our algorithm requires about 2 orders of
magnitudefewer patternsthanthe brute-foce scan.

acquiringthe re ectance elds of highly sub-surécescat-
tering objects.Theimage (240 340 pixels) reconstructed
from relightingwith a spatiallyvaryingillumination pattern
(seeFigurel(b)) is validatedagainstthe ground-truthmage
(seeFigure 1(c)). We also demonstratehe resultof recon-
structingat differentlevels of the hierarchicakensorfor this
scenein Figure11l This gure alsoexplainsthe difference
betweerpurhierarchicatensorepresentatioandawavelet
basedepresentation.

Figure 7 shows the resultof an 8D re ectance eld ac-
quired using our setup.The capturedre ectance eld can
be usedto view the scenefrom multiple positions(seeFig-
ure 7(b)) andalsoto relight the scenefrom multiple direc-
tions(seeFigure7(a)). Theresolutionof there ectance eld
for thisexampleisabout3 3 130 200 3 3 130
200. Thetotal sizeof this datasetvould be 610GB if three
32-bit oats wereusedfor eachentryin thetransporimatrix.
Our hierarchicaltensorrepresentatiosompresset to 1.47
GB. A bruteforce approachwould require233,657images
to captureit. Our algorithmonly needs3,368HDR images
andtakesaround8 hoursto completen our currentimple-
mentation,the processingime is comparableo the actual
image capturetime. We believe that the acquisitiontimes
canbereducedevenfurtherby implementinga parallelized
versionof our algorithm.Renderinga relit imagefrom our
datasetss ef cient andtakeslessthanasecondnatypical
workstation.

6.1 Symmetric vs. Dual Photography

It is instructive to compareghe symmetricphotograpk tech-
nique againstdual photograpl [SCG 05]. Dual photogra-
phy reduceghe acquisitiontime by exploiting only sparse-
ness(the fact that thereareregionsin a scenethat are ra-
diometricallyindependentf eachother). Theseregionsare
detectechndmeasuredh parallelin dualphotograpk. How-
ever, for a scenewith mary inter-re ections or sub-suréce
scatteringsuchregionsarefew andthetechniqueperforms
poorly. In orderto resole the transportat full resolution,
thetechniquewould reduceto brute-forcescanningor such
scenesllluminatingwith singlepixel for observingmultiple
scatteringeventshasinherentSNR problemsbecausendi-

¢ TheEurographic#ssociation2006.

(a) Symmetric (b) Dual

Figure 8: Symmetricvs. Dual Photography The gure il-

lustratesthe strength of symmetricphotayraphy technique
(a) whencompaed againstthe dual photayraphytecnique
(b) of Senetal. [SCG 05]. Thesetupis similar to the book
exampleof Figure 2 (1V). In both casestheright half of the
bookis syntheticallyrelit usingthe transportmatricescap-
tured by the respectiveecniques.Notethat in the caseof
symmetricphotayraphy (a), the high frequenciesn the left
half of the book are faithfully resolvedwhile in dual pho-
tography (b), the frequenciesannotbe resolvedand just
appearas a blur. Thelight transportfor (a) wasacquired
using841imageswhile thatfor (b) wasacquiredusing7382
images.

rect bouncelight transportcoefcients could be extremely
low. Themeasuremerdystemwhichis limited by theblack
level of the projectorand dark noiseof the cameracannot
pick up suchlow values.The schemethereforestopsre n-
ing at a higherlevel in the hierarcly and measure®nly a
coarseapproximatiorof the indirectbouncelight transport.
Thisessentiallyesultsn alow-frequenyg approximatiorfor
indirect bouncelight transport.The comparisorof the two
techniquesn Figure 8 con rms this behaior. Since sym-
metric photograph is probing the matrix from both sides,
the high frequenciesn indirect bouncelight transportare
still resolved whereasdual photograpl can only produce
a low frequeng approximationof the same.Furthermore,
while symmetrigcphotograpk tookjust841HDR imagesfor
this scenedualphotograpl required7382HDR images.

Finally, Figure 9 illustrates the relatve percentageof
rank-1vs emptyleaf nodesat variouslevelsof thehierarcly
for thetransportmatricesthatwe have captured The empty
leaf nodescorrespondo sparseegionsof the matrix while
the rank-1leaf nodescorrespondo data-sparseegions of
thematrix. While dualphotograpl only exploits sparseness
andhenceculls away only emptyleaf nodesat a particular
level, symmetricphotograpk exploits both data-sparseness
and sparsenesand culls away both rank-1and empty leaf
nodesNotethatbetweerevels4 and9, thereis asigni cant
fractionof rank-1nodeswhich areculled away by symmet-
ric photograph in additionto emptyleafnodesThisresults
in large reductionof nodesthatstill have to be investicated
andresultsin a signi cantly fasteracquisitionascompared
to dualphotograpi.
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Figure 9: Comparisonof rank-1 vsemptyleaf nodes.The gur e empiricallycompaesthe percentaye of rank-1vs.emptyleaf
nodesin the hierarchical tensorat differentlevelsof the hierarchy for variousscenesaptured usingour acquisitionscheme
Theblueareain eat bar representghepercentgye of rank-1nodeswhile thegray areacorrespondso the percentaye of empty
nodesThewhitearearepresentghenodeswhich are subdividedat next level. Notethatat levels4, 5, 6, 7, 8 and9 a signi cant
fractionof leaf nodesare rank-1.Alsonotethat for Figures2(l) and 2(ll), at levels6, 7, and8, there are far more emptynodes
in 2(1) thanin 2(I1). Thisis whatwe expectecasthetransportmatrixfor 2(l) is spaiserthanthatfor 2(I1).

7 Discussionand Conclusions

In this paperwe have presenteda framework for acquir
ing 8D re ectance elds. The methodis basedon the ob-
senationthatre ectance elds are data-sparsewe exploit
the data-sparseness representhe transportmatrix by lo-
cal rank-lapproximationsThe symmetryof thelight trans-
port allows us to measureheselocal rank-1factorizations
ef ciently, aswe canobtainmeasuremenisorrespondingo
both rows and columnsof the transportmatrix simultane-
ously We have alsointroduceda new datastructurecalled
a hierarchicatensorthatcanrepresentheselocal low-rank
approximationsef ciently . Basedon theseobsenationswe
have developeda hierarchicalacquisitionalgorithm,which
looks for regions of data-sparseness the matrix. Oncea
data-sparseegion hasbheenmeasuredve canuseit to paral-
lelize our acquisitionresultingin tremendouspeedup.

Therearelimitationsin our currentacquisitionsetup(Fig-
ure 5) that can corrupt our measurementslo get a coax-
ial setupwe usea beam-splitterAlthough we usea 1mm
thin plate beam-splitterit producesthe slight double im-
agesinherentto plate beam-splittersThis, along with the
light re ectedbackoff thelight trap,reduceshe SNRin our
measurement3.he symmetryof our approactrequirespro-
jectorandcamerato be pixel aligned.Any slight misalign-
mentaddsto themeasurememtoise.Camerasndprojectors
canalsohave differentoptical propertiesThis canintroduce
non-symmetriesuchaslens are, resultingin artifactsin
ourreconstructeémages(seeFigure 10).

By way of improvementsin orderto keepourimplemen-
tation simple, we usea 4th order hierarchicaltensor This

Figure 10: Artifacts dueto non-symmetrjn measurement.
Thelens ar e aroundthe highlights(right image) is caused
by the aperture in the camea. Sincethis effectdoesnot oc-
cur in theincidentillumination fromthe projector the mea-
surementsare non-symmetricApplying a strong threshold
for therank-1testsubdividegheregionvery nely andpro-
ducesa corruptedresultin the area of the highlights (left
image). If the inconsistenciesh measuementare stored at
a highersubdivisiorievel by choosinga looserthresholdfor
rank-1test,theseartifactsare lessnoticeable(right image) .

meanghatwe are attening out 2 of the4 dimensionsf the
light eld, therebynot exploiting the full cohereng in the
data.An implementatiorbasedon 8th ordertensorshould
beableto exploit it andmake theacquisitionmoreef cient.

Sincewe usea3 3 arrayof planarmirrors, the resolu-
tion of ourincomingandoutgoinglight elds is low. There-
fore, the re ectance elds that we can captureare sparse
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andincomplete Regardingsparsenessgchniquehiave been
proposedfor interpolatingslices of the re ectance elds,

both from the view direction[CW93 andfrom theillumi-

nationdirection[CL05], but the problemof interpolatingre-
ectance elds is still open.By applying o w-basedtech-
niguesto the transportmatrix, one shouldbe ableto create
moredenselysamplede ectance elds. Onecanalsoimag-
ine directly samplingincoming and outgoing light elds

moredenselyby replacingthe small numberof planarmir-

rorswith anarrayof lensletsor mirrorletslUWH 03]. This
will increasehe numberof viewpointsin thelight eld but
atthe costof imageresolution.

Regardingcompletenessf the setupusedfor capturing
Figure 7 is replicatedto cover the whole sphere then ex-
trapolatingfrom the numbersin Table 1, we would expect
thetransporimatrix to bearound75 GB in size.Acquisition
would currentlytake roughly 2 weeks.Note thatalthoughit
is not practicalto build sucha setupnow, fasterprocessing
andthe useof anHDR videocameracould reducethis time
signi cantly in thefuture.

Finally, althoughwe introducethe hierarchicatensorasa
datastructurefor storingre ectance elds, theconceptmay
have implications for other high dimensionaldata-sparse
datasetsas well. The hierarchicalrepresentatioralso has
someotherbene ts. It providesconstantime accesgo the
data during evaluation or rendering.At the sametime it
maintainghe spatialcohereng in thedata,makingit attrac-
tive for parallelcomputation.
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