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ABSTRACT

A long-standingesearclproblemin computemgraphicss to repro-
ducethevisualexperienceof walking throughalargephotorealistic

ervironmentinteractvely. Ononehand traditionalgeometry-based

renderingsystemdfall shortof simulatingthe visual realismof a
comple ervironment. On the otherhand,image-basedendering
systemshave to datebeenunableto captureand storea sampled
representatiorof a large ervironmentwith comple lighting and
visibility effects.

In this paperwe present “Seaof Images, a practicalapproach
to densesampling, storage,and reconstructionof the plenoptic
functionin large, comple indoor ervironments. We usea motor
ized cartto captureomnidirectionalimagesevery few incheson a
eye-heightplanethroughoutan ervironment. The capturedmages
are compresseéndstoredin a multiresolutionhierarchysuitable
for real-timeprefetchingduringaninteractve walkthrough. Later,
novel imagesarereconstructedor a simulatedobserer by resam-
pling nearbycapturedmages.

Our systemacquiresl5,254imagesover 1,050squareeetat an
averageimagespacingof 1.5inches.The averagecaptureandpro-
cessingime is 7 hours. We demonstrateealisticwalkthroughsof
real-world ervironmentsreproducingspeculame ections and oc-
clusioneffectswhile renderingl5-25framespersecond.

CR Categories: 1.3.3 [Picture and Image Generation]: Display
and viewing algorithms. 1.3.7 [Three-dimensionalsraphicsand
Realism]:Virtual Reality.

Keywords: image-basedenderingcapturereconstructioninter
active, walkthrough.

1 INTRODUCTION

Creatinganinteractve walkthroughof a complex real-world ervi-
ronmentremainsoneof themostchallengingoroblemsn computer
graphics. While mary researcherbave tackledpartsof the prob-
lem, thereexist to dateno systemthatcanreproducehe photoreal-
istic richnesof alarge,real-world ervironmentatinteractie rates.
For example,a virtual visit to the Louvre or Versaillesmustrepro-
ducetheexquisitedetail of the paintingsandsculptureshile atthe
sametime cornvey thegrandeuof theformerroyal residencesAnd,
asin arealmuseunvisit, the usermustbe ableto walk anywhere,
evenup closeto aninterestingwork of art.
Image-basedendering(IBR) achiezes photorealismby captur
ing andresamplinga setof images.An IBR systemusuallytakes
as input photographf a static scene,and constructsa sample-
basedrepresentatiomf the plenopticfunction [1]. This function,
, describeghe radianceleaving or arriving at
ary point from ary direction with ary wavelength
atary time . The plenopticrepresentatioganbe quickly resam-
pled to renderphotorealistidmagesfor novel viewpoints without
constructingadetailed3D modelor simulatingglobalillumination,
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Figurel: Seaof ImagesWe captureadenseSeaof Imageshrough
alarge environment,storethemin a multiresolutionhierarchy and
generateeal-timereconstructionsf novel imagesn aninteractive
walkthroughsystem.

andthe renderingtime for novel imagescan be independentf a
scenes geometriccompleity. However, currentIBR methodsare
only ableto represeneithersmall scenege.g.,a statuette)or dif-
fuseernvironmentswith low geometriccomplity (e.g.,aroomor
a hallway). Our goalis to createan IBR walkthroughsystemthat
supportaninteractize experienceor largeandcomplex real-world
scenes.

We createinteractive walkthroughsusing a “Sea of Images”
(SOI) — a collection of imagesevery coupleinchesthroughouta
large ervironment. In our case,we acquireomnidirectionalim-
ageson aneye-heightplanethroughoutheenvironment(Figurel).
This representatioprovidesa denselysampled4D approximation
to the plenopticfunction parameterizedthy cameraposition( )
andincomingray direction( ). We capturea SOI by moving
a catadioptricvideo cameramountedon a motorizedcartbackand
forth in azigzagpatternthrougha staticervironment.We compress
theacquireddatain a multiresolutionhierarchysothatit canbeac-
cesseckfciently for continuoussequencesf viewpoints. We use
time-criticalalgorithmsto prefetchrelevantimagedataandfeature-
basedmorphingmethodgo reconstruchovel imagesduringinter-
active walkthroughs.

As comparedo previousI|BR methoddor interiorervironments,
our SOI approactreplaceghe dif cult computervision problems
of 3D reconstructiorandsurfacere ectancemodelingwith theeas-
ier problemsof motorizedcart navigation, datacompressionand
working setmanagemenRatherthanusingsophisticategblanning
andreconstructioralgorithmsto acquiredirectly a minimal repre-
sentationof the plenopticfunction, we capturea highly redundant
datasetandthencompresst into arepresentatiothatenablegeal-
time working setmanagemerfor walkthroughgFigure?2).

Theadwantage®f this approacharefour-fold. (1) It enablesac-
curateimagereconstructiongor novel views in ervironmentswith
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Figure2: Acquiring ImageSamplesinsteadof sophisticategblan-
ning andvision algorithmsto acquirethe minimal sampleset,we
oversampleand usecompressiorandworking setmanagemento
accessamplegiuringareal-timewalkthrough.

specularsurfaces,a greatamountof geometricaldetail, and com-
plex visibility changes(2) It doesnotrequireanaccurateyeometric
modelto producenovel imagesoverawide rangeof viewpoints.(3)

It providesa methodfor image-basediodelingof alarge,concae

ervironmentwithout sophisticatedjazeplanning. And, (4) it sup-
portsrenderingof inside-looking-outmagesin anIBR interactve
walkthroughsystem. We believe no otherIBR approachincludes
all thesefeatures.

2 RELATED WORK

Our“Seaof Images’is relatedto several previously describedBR
methods. In this section,we review the mostcloselyrelatedrep-
resentationgnd discussthe advantagesof our representatiotior
walkthroughapplications.

Movie maps[21] and panoramag6, 23, 32, 7] samplethe
plenopticfunctionin 2D for a small, sparsesetof referenceview-
points. While this representations simpleto capture,it grossly
undersamplethe spatialdimensionf the plenopticfunction,and
thusit is not ableto capturespecularhighlights or complex oc-
clusion effects commonin interior scenes. Also, it requiresei-
ther constrainingthe userto view the sceneonly from reference
viewpoints [6, 21, 32, 16] or acquiringaccurategeometryto en-
able imagereconstructiongor viewpoints far from ary captured
view [23, 7]. Thisisdif cult for complex ervironmentsgevenwhen
theervironmentis modeledusinglaserrangescanner§26]. In con-
trast,a Seaof Imagessamplesoth spatialandangulardimensions
denselyandinterpolatesearbyreferencémageswvhenreconstruct-
ing novel views. Thus, it is betterableto captureand reproduce
subtlelighting andocclusionchangesFurthermorepnly approxi-
mategeometryor depthinformationis requiredfor reconstructing
novel views sincethe viewpoints of capturedimagesare usually
very closeto novel viewpointstypical in awalkthrough.

Light Fields[13, 20] provide a 4D approximatiorto the plenop-
tic function parameterizedy a point on a “cameraplane”
anda point on an“object plane” . In contrastour 4D repre-
sentatioris parameterizetdy a point on a cameraplane and
a view direction . This differenceis signi cant for interior
walkthroughapplicationdor threereasonskFirst, it is mucheasier
to capturea Seaof Imagesthanit is to acquirea Light Field. Spe-
cial gantriescanacquirethe Light Fieldsfor small ob-
jects, but seemdif cult to scaleto large, complex environments.
In contrast,capturinga representatiosimply requires
moving anomnidirectionalvideocameran asingleplane.Second,
the parameterizatiorimpli es coverageof alarge,con-
cave space.SinceeachLight Field providessampledfor alimited
rangeof novel viewpoints, it is dif cult to cover a large comple
ervironment. In contrast,we capturereferenceémageswherewe
expectthe userto explore,andthenthe systemcansynthesizenen
imagesanywherewithin the triangulatedmeshof referenceview-
points. Finally, our approachprovides a pre- Itered
multiresolutionrepresentatioof light radiancearriving at a point,
which is importantfor walkthroughswhere surfacesin the same
image canappearat signi cantly differentdistances.In contrast,
Light Fieldswith x ed uniform samplingof the planewill
eitherbeundersamplefbr close-upviewpointsor oversampledor
distantviewpoints.

SurfacelLight Fields[36] aresimilarto ourrepresentatioasthey
alsoparameterizéhe plenopticfunction by a pointandadirection.
However, they describethe radiancdeaving a surfacepoint rather
thanarriving at a camerdocation. This differencehastwo signif-
icantimplicationsfor walkthroughapplications.First, the Surface
Light Field requiresanaccurateggeometricdescriptionof the scene
in orderto aggr@ateandstoresampleson surfaces whereasour
approachworkswell with little or no geometry Secondandmore
importantly the dataaccesgatternsof a walkthroughapplication
have much more coherenceor nearbyviewpoints and incoming
ray directionsthan for nearbysurface points and outgoingdirec-
tions. Hence the SurfaceLight Field parameterizatiomay enable
greateroverall compressiorof sampleson disk (if the surfacesare
mainly diffuse),but the Seaof Imagesapproachs bettersuitedfor
ef cient working setmanagemerduringawalkthrough.

Recentcomputervision work hasprovided methodsfor recon-
structing3D geometryand capturingtexturesof ernvironmentsfor
interactive walkthroughs.Representate examplesinclude MIT' s
City ScanningProject[33], Pollefey etal' swork on 3D reconstruc-
tion from hand-heldcameraq18, 28], Zissermaret al's work on
obtaininggraphicalmodelsfrom video sequence§37], andKang
et al's omnidirectionalmultibaselinestereoalgorithms[17]. This
researclis largely orthogonato ours,aswe couldusetheirmethods
to acquiremoreaccurategeometricmodelsto improve the quality
of our reconstructedmages.However, animportantfeatureof our
approachis that it doesnot requirea very accurate3D modelto
producenovel imagesbecauseave captureémagesatvery high den-
sity andnearbyreferencémagesareavailablefor almostary novel
viewpoint. Our approachavoidsthedif cult problemsof 3D scene
reconstructior(e.g., densecorrespondencelepthestimation)and
replacegshemwith a simplerdatamanagemenproblem,which is
addresseth this paper

DeltaTrees[8] andLDI Trees[5] arerelatedto our approachn
thatthey storemultiresolutionrepresentationsf theradianceeld.
Pre- Iteredimagedatais availablefor every surfaceatmultipleres-
olutions (e.g., like mip-maps),and thus the amountof real-time
Itering requiredto reconstrucimagesfrom novel viewpointsis
signi cantly reduced. Our SOl approachalso storesimage data
for eachsurface at multiple resolutions(pre- Itered by the cam-
eraaccordingto the location of eachcapturedimage). However,
our multiresolutionrepresentatiois viewpoint-centric,ratherthan
object-centricwhich greatlyimproves cachecoherenceluring an
interactive walkthrough.

PlenopticStitching[3] is mostcloselyrelatedto our work. But,
it sampleghe plenopticfunctiondenselyin only onespatialdimen-
sion,capturingimagesn across-hatclpatternof linesseparatetly
meters.Thisresultsin a 3.5D approximatiorto the plenopticfunc-
tion, which doesnot capturemostvisibility or lighting changesn
the vertical dimension. In addition, the reconstructioralgorithm
warps samplesonly along one degree of freedom (radial lines),
whichgenerallyproducdower quality reconstructionthanour sys-
tem. For instance pixels arereconstructedhy combiningsamples
from a capturedmagesigni cantly nearerto andanotheronefar-
therfrom the sampledervironment,therebycombiningsamplesat
differentresolutionsandcausingblurring andghostingin theren-
deredimages. Our systemavoids this problemby warping three
nearbyreferenceémages.Additionally, we usemultiresolutiondata
compressiomndreal-timeworking setmanagemerdlgorithms.

In summary previous IBR methodscan be classi ed by how
mary imagesamplesarecollectedandhox muchapriori 3D scene
geometryandre ectanceinformationis requiredto producereal-
istic novel views. Somemethodscaptureimagesdensely thusre-
quiring little geometricor re ectanceinformation (e.g.,[20, 13]).
However, sofar, they arelimited to small scenesandsmallranges
of novel viewpoints. Other methodssparselysamplethe spaceof
possibleviewpoints (e.g.,[23]). However, they mustacquirede-



tailed geometricinformationto warp imagesto novel views. Hy-

brid methodscaptureimagesfrom a semi-densesetof viewpoints
andutilize approximategeometridnformation(e.g.,[3, 30]). These
methodausuallyproducegoodresultsonly for scenesvithoutcom-
plex surfacere ectionsor visibility effects.

Our systemcapturesa densesamplingof imagesover a large
area. This allows it to reproducespeculamighlightsand comple
visibility effectsduringwalkthroughof large environmentsover a
wide rangeof novel viewpoints,withoutrequiringdetailedgeomet-
ric information.

3 RESEARCH CHALLENGES

In this paperwe investigatea densesamplingof theplenopticfunc-
tion for interactve walkthroughof interior ervironments We cap-
ture closely spacedomnidirectionalimages,compresshem, and
resamplethemto form novel views. This approachallows recon-
structionof novel views with subtlelighting andvisibility effects.
However, it requiresthatwe addresshefollowing threequestions:

“How canwe obtaina densesetof calibratedimagesover a

large areain a practical manner?” - We have built a capture
systemfrom off-the-shelfcomponentghat usesa motorized
cartto move anomnidirectionalvideocameran azigzagpat-

ternat eye heightthrougha large environment. We have also
developedcameracalibrationand poseestimationalgorithms
for large, multi-roomervironments.

“How do we compess the massiveamountsof captued

data?” - We have developeda multiresolutionIBR represen-
tation that enablesus to exploit coherenceén nearbyimages
resultingin signi cant compression.

“How canweaccess large out-of-coe datasetfor real-time
walkthoughs?” - We managethe working setthroughpre-
dictive prefetchingand cachingalgorithmsthat load images
from disk basedon estimatedbene ts” and“costs” asa user
movesthroughanenvironmentinteractvely.

In the following threesectionswe investigateanswerso these
questions.

4 CAPTURE & CALIBRATION

The rst problemisthecaptureandcalibrationof adenseSeaof Im-
agesn amannetboth practicalandautomatic.The methodshould
work reliably in large, multi-room environmentswithout invasive
hardware andwithout perimagemanualprocessing For example,
capturingan imageevery few inchesinside a non-trivial environ-
ment(e.g.,asmallmuseum}houldtake nomorethananafternoon.
Most previous IBR capturemethodsrely either upon special-
purposehardware, speci ¢ ervironmentcontent,or upon careful
pathandgazeplanning. Levoy andHanrahar{20] usea gantryto
capturea densesetof imagesuniformly over a plane. Similarly,
ShumandHe [30] usespecial-purposbardwareto captureémages
on acircle. Large-scalgoptical) trackers could be usedfor image
capturebut requirea signi cant hardwareinstallation. Teller et al.
[33] captureandcalibratethousand®f outdoorimagesspacedy
severalto tensof metersanddependon initial measurementsom
a global positioningsystem. Thesemethodsare practicalonly for
small objects,singlerooms,or outdoorervironments. They seem
dif cult to extendto a wide rangeof denseviewpointsin comple
interior ervironments.
Vision-basedpproachesftendependnstructure-from-motion
andon scenecontent[28, 18, 11]. JungandTaylor [16] describea
vision-basedapproachaugmentedvith inertial sensors.To com-
pensatdor drift inherentin thesedevices, global featuresor land-
marksmustbe identi ed. While this stratgy could in principle

work for large interior ervironments,it is very dependentn the
contentof the ervironment. Moreover, the resultsso far are not
sufciently rohustto reconstructietailedgeometryandre ectance
effects(e.g.,visibility changesspeculahighlights).

Gazeplanningalgorithms[29, 31] canbe usedin largerenviron-
ments but requireapriori knowledgeof thelocationof theinterest-
ing detailandalsowhatis of interestto theuser Unlessanaccurate
modelalreadyexists,a systenmbasedntheseapproachemaymiss
signi cantimagesampleghataredif cult to captureatalaterdate.

In our approachwe capturea denseSeaof Imagesby maoving
anomnidirectionalcameraon a motorizedcartthroughoutthe en-
vironment,continuouslycapturingimagedatato disk. The capture
systemis built entirelyfrom off-the-shelfcomponentsThe system
is smallenoughto move arywherein the environmentwherea per
sonmaywalk. We replacepathplanningwith imageredundang
We may capturean ervironmentmorein areasof potentialocclu-
sionor wherea usermaywantto studyobjectsin detail—this does
notrequireplanningprior to capture but canbedecidednthespot.
Redundantiatais automaticallydiscardecht a later stage.

Prior to capture,we calibratethe intrinsic cameraparameters
[12]. The cameramanufcturerprovidesa calibrationmethod,but
it doesnot yield sufciently accurateresults. The manufcturer
assumeshatthe lensis perfectly telecentricand producesan or-
thographicprojectiononto the Im plane. However, relaxingthe
assumptiorof telecentricity we obtainmoreaccuratentrinsic pa-
rameterg2], whichwe x for theentirecapturesession.
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Figure 3: Captureand Calibration. We placesmall portable du-

cials thattrackrobustly in the ervironment.Usingtriangulation
(distances andangle ), we obtainanestimateccamergoosition
andorientationfrom every pair of visible ducials. A coarseoor

planpredictsthelocationof ducials in thecapturedmage.Bundle
adjustmenbptimizationre nes the globallocationof the ducials

andthe camergposefor eachcapturedmage.

Ourcamergoseestimatioralgorithmtracks ducials in thecap-
turedimagesandtriangulategositionandorientation.Theprocess
beginsby anoperatorcreatinganapproximateoor planof theen-
vironment(e.g.,usingatapemeasure)Then,thealgorithmuseghe
oor planto suggestducial locationsso asto ensurea sufcient
numberof ducials are visible at all times. To obtain high reli-
ability andaccuray, the ducials are small battery-paveredlight
bulbs placedin the ervironmentby the operator After providing
theinitial cameraposition, the algorithmusesthe currentposition
estimateand the oor planto determinewhich ducials may be
visible in the currentimage(Figure3), tracksthesefrom imageto
image,andtriangulatecamergpositionandorientation.

The ducials, usedfor capture,appeaiin the capturedimages.
Althoughthey do not seemto interferewith the visualization,we
couldlateruseimage-processintgchnigueso remove the ducials
andreplacethemwith anestimateof thelocal backgrounctolor.

To determinea globally consistensetof camergposesand du-
cial locations,we usebundle adjustment34], a non-linearleast
square®ptimizationmethod.We alternatebetweerusingthe esti-
mated ducial locationsto computethe camergposefor eachcap-
turedimageandusinga sparsesubsebf the camergposeestimates
to re ne the global positionof the ducials (i.e., about10% of the



poseestimatesiniformly distributedthroughthe dataset).

The goal of the bundle adjustmentprocedureis to nd the 3D
ducial locations andcamergposes that
minimizethedifferencebetweerntheobsered ducial locations
and the projectionof the estimatedducial locations. The func-
tion encapsulatethe projectionfrom
3-spaceonto our omnidirectionalimages[25]. If the obsered er
ror is zero-mearGaussianthenbundle adjustmentorrespondso
the maximumlik elihoodestimator The errortermusedfor bundle
adjustments givenbelow (the Cronecler deltaterm  is 1 when
ducial f wastrackedonimagei):

Whenthis processhascorverged, we obtaina densesetof om-
nidirectionalimageswith calibratedcamergparameteren a plane
ateye height.

5 COMPRESSION

The secondproblemis the compressiorf the massie amountsof
acquireddata. Our captureddatasetsusually containthousands
of images,requiringgigabytesof storage.However, only a small
portion of the datais neededo reconstructan imagefor a novel
viewpoint, andthereis a greatdealof coherenceamongtheimages
from adjacentviewpoints. Thus,aslong asour disk storagesys-
temis large enoughto hold the captureddata,the main problemis
working setmanagement.

Ourfocusis quitedifferentfrom previouswork on datamanage-
mentfor IBR representationg-or instancetheoriginal Light Field
paper[20] describesa methodthat usesvector quantizationand
Lempel-Zv coding. Follow-up work hasinvestigatedother com-
pressionschemeg27, 15, 22]. However, thesemethodsfocuson
reducingthe overall storagerequirementf the IBR representa-
tion. They assumehatthe entiredataset(or large subsetsill be
decompresseandstoredin memorybeforeary novel imageis ren-
dered.Of coursethisassumptioris unrealisticn situationssuchas
ourswherethe sizeof the IBR representatioexceedghe capacity
of hostmemory

We male theassumptionthatdisk storages sufcient to holdthe
entiredatasetandthatthe goalis to compresghe datainto a form
suitablefor ef cient accessluringaninteractive walkthrough.The
challengsis to take advantageof the redundang in the datawhile
optimizingthedatalayoutfor cachecoherence.

The rst and mostobvious option is to compressandstoreev-
ery capturedmageindependentlye.g.,in aseparatd PEG le. (In
fact,we JPEGcompresshe dataduring capture.)This approachis
very straightforvard, but doesnottake adantageof inter-viewpoint
redundang which canimprove bothstorageandbandwidthutiliza-
tion.

A secondoptionis to utilize predictionand replacesomeim-
ageswith the residual,or difference,betweenthe original image
andthepredictedmage.With agoodpredictionstratey, theresid-
ual haslessenepgy thanthe original image,resultingin signi cant
compressiomain. This techniquéas usedin videocodecshasedn
motioncompensatiorsuchasMPEG?. A similar strateyy hasbeen
usedfor encodingfar- eld representationis awalkthroughsystem
for syntheticervironmentg35].

Onedif culty in predictive codingis nding the properspacing
of the I-frames. Frequentl-framesyield litle compressiorgain.
Infrequentl-framesmalke non-linearimageaccessnef cient, and
alsoyield poor cacheutilization for our walkthroughapplication.

IMPEGusesgheterms?l-framesfor theoriginalframesand®P-frames®
for the predictedirames;we usethe samenotation.

We optimizebothcompressiomndcacheutilization by storingim-
agesin a multiresolutionhierarchy Insteadof the MPEG strateyy
of I-framesfollowed by a numberof P-framesfollowed by an I-
frame,etc.,we storeimagesin nestedrees wheretheroot of each
treeis anl-frameandall othernodesareP-frames Sincethesystem
cachedmagedataassociatedvith interior nodesof the hierarchy
only P-frameamustbe readfor nearbyviewpointslower in the hi-
erarchyimproving the disk-to-memonbandwidthutilization.

Our multiresolutiondatastructureis a binary tree built bottom
up usinghalf edge-collapseperationd14]. Thetreeis initialized
by creatinga setof nodesrepresentingachcapturedmageat its
viewpoint. Usinga (Delaunay)riangulationof thenodeswe com-
pute a priority for every edgeand placethe edgesin a heap. We
collapsethehighestpriority edgeandreplacethe nodesof theedge
endpointswith a nev commonparentnode(Figure4a). To avoid
introducingresampledmagesn the hierarchywe placethe parent
nodeat the sameviewpoint locationasoneof its childrenandre-
placethe original imagewith animagereference We thenlocally
retriangulatethe currentnode-setupdatethe heap,andrepeatthe
collapseprocesdor the next highestpriority edge(Figure4b) until
noedgegemainin theheap storingafull imagewith theremaining
(root) node(Figure4c).
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Figure4: MultiresolutionTree. We shav athree-stesequencéa-
c) of building asmalltreefor asetof ve capturedmages.

We have consideredereral measureso computeedgecollapse
priority. Ideally, we would like to collapseedgedetweerthe most
similarimagesrst. Onemeasures to computetheimageenegy
of the residual. A fasterapproximationis to collapsethe shortest
edge,which tendsto work well sincenearbyimagesare oftenthe
mostsimilar.

In orderto optimizethe compressiomain,working setsize,and
decompressiotime, we keepl-framesat every L levelsin thetree
( for our environments) creatingsubtreeof P-frameswith
eachP-framepredictedfrom theroot of its subtree.While predic-
tion relative to the root insteadof anotherP-framedoesnot give
optimalcompressionit improvesthe working setsizeanddecom-
pressiortime.

Our motion predictionutilizes a simple 3D geometricproxy of
the ervironmentto warp theimageat the root of the subtreeto the
locationof its child. Theresidualis the differenceof the predicted
child andtherootimage.To improve compressioperformancewe
optionally usean optimizationprocessfor eachdifferenceimage
computation.The optimizationsearchesor the bestsetof transla-
tion androtationoffsetsto registerthe proxy to theimagessoasto
minimizeimageenegy andimprove compression.

6 REAL-TIME DATA MANAGEMENT

The third problemis the managementf the out-of-coredatain a
real-timewalkthroughsystem. Our goal is to pre-loadand cache
imagesfrom disk for renderingnovel views as a user navigates
interactizely throughthe IBR ervironment. Given the amountof
availablestoragebandwidth,andprocessingapacityof eachhard-
ware componentour taskis to develop a time-critical algorithm



that loadsand cachesdatain a mannerthat producesthe highest
qualityimageswhile maintaininganinteractve framerate[10].

Ideally, the algorithmguaranteeshat a setof imagesis always
surroundingthe viewpoint allowing for good reconstructionand
smoothtransitionsfrom one setof imagesto another Moreover,
uponfailure,the algorithmshouldexhibit gracefuldegradatiorand
eventuallyreturnto maximumquality. To this end,we maintaina
cutthroughthe multiresolutiontree. This cutguaranteethatatary
locationwithin the walk-ablespacewe always have a setof sur
roundingimages.Theseimageswill be usedfor reconstructionas
is describedn thefollowing section.

We useanasynchronouprefetchingprocesgo maintainacache
of imagesin mainmemory The users velocity predictswhich im-
agesareneedechext. The prefetchemaintainstwo linked lists of
treenodes(Figure5). Theevict list de nes a cut throughthe tree
suchthatall nodeson andabove this cutarein cache Thefetchlist
consistsof all theimmediatechildren of the evict list nodes. The
fetch list and the evict lists are sortedby priority; the rst image
in the fetch list hasthe highestprobability of being needednext
andthe lastimagein theevict list hasthe highestpriority of being
needednext. Initially, the evict list consistsof just the root node
andthefetchlist arethe immediatechildrenof the root node. To
displayeachframeat run-time,the rendereusesthe currentcut to
determinewhichimagego usefor reconstructinghe currentview.
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Figure5: Evict and FetchLists. We maintaintwo linked lists of

tree-nodeghat de ne a cut throughthe tree: the evict list andthe

fetchlist. Theprefetchingorocessipdateshelik elihoodof needing
thenodesin bothlists. As long asthereis afetchnodethatis more
likely to beneededhantheleastlikely evict node,andcachespace
canbe madeavailable,the nodesareswapped.

Root Evict }
List —

Evict Fetch —
List —

To updatethe cut, we swap nodesbetweerthe two lists. We use

the obserer's latestviewpoint and predictedvelocity to compute
for all nodesin the evict list andfetch list the probability that its
imageis neededhext. The probability of a nodeincreasesasthe
obserer getscloserto the nodeand asthe directionfrom the ob-
sener to the nodeapproacheshe viewing direction. Sincein our
hierarchywe force nodeshigherin the treeto be loaded rst, the
distanceto a nodeis determinedby the distanceto the bounding
box surroundingthe parentandall its children. If the cacheis not
yetfull, we swapthenodein theevict list thathasthe lowestproba-
bility with thenodewith the highestprobabilityin thefetchlist and
thenload the imagedata. If the cacheis full, we mustswap and
ush theimagedataof a sufcient numberof evict nodesto t the
imagedatafor thenext fetchnode.Theprefetchingprocessecom-
putesthe probabilitiesand sortsthe fetch andevict lists at regular
intervals(e.g.,10to 30timesasecond).

If desiredwe could optimizethe prefetcherffor narrav FOV re-
constructionge.g.,60 degrees).For instance py subdviding each
omnidirectionalimageinto several tiles, the prefetchercould use
the currentpredictedviewing directionto only load the subsetof
theomnidirectionaimagesnecessarjor the FOV to reconstruct.

7 RECONSTRUCTION

The nal stageof our processs to reconstrucsyntheticimagesfor
novel viewpoints. The goalis to producehigh quality imageswith
little blurring or poppingduringaninteractve sequence.

Sincewe are interestedin rst-person walkthroughs,we opti-
mize our systemfor reconstructiorfrom viewpoints nearthe eye-
heightplanein which the imageswere captured. We projectthe
users viewpointontothetriangularmeshof imagesandextractthe
threeclosestimages,which we warp to the viewpoint, and blend
usingthe barycentriccoordinate®f the viewpoint[9].

Sincethe imagesto blend have differentcentersof projection,
we warpthemusinga setof 3D “featurepoints” distributedon the
surfaceof a coarsepolygonal proxy. We projectthe visible fea-
ture pointsonto the imageplanesof the novel and capturedview-
points. Then, we usethe featuresto morph eachcapturedimage
to the novel viewpoint [7, 19, obtaininga reconstructedmnidi-
rectionalimage. In addition, we can createarbitrary projections,
including planarandcylindrical (Figure®6).

An alternateapproachis to map the capturedomnidirectional
imagesonto the proxy directly andblendthemusingtexture map-
ping. But, thisapproachmayproduceartifacts suchastheincorrect
mappingof portionsof theimagego thewrongsurfacesgspecially
alongsilhouetteedgesof the proxy:

The accurag of the proxy becomesincreasinglyimportantas
the obsenrer viewpoint approachesn object. Our reconstruction
method may start exhibiting ghostingartifacts when the viewer
getstoo closeto a small object,occupying the entire eld-of-view
(FOV). To remedythis, we could eithersamplemoredenselycre-
ateamoreaccurate8D proxy[33, 18, 28, 37], or usemorecomple&
reconstructioralgorithms includingonesthatcombineimagedata
from multiple referencemages[3, 4, 13, 20]. Evenwithoutthese
extensionsa novel viewpointis almostalwaysnearthreecaptured
views, which arepre- Itered versionsof imagesvery similar to the
desiredimage,so we canusually produceresampledmageswith
quality almostequalto the capturedmages.

Figure6: ReconstructiofExamplesWe shav severalreconstructed
imagesfor the library ervironment. The left imageis the recon-
structedomnidirectionalimage. The upperright is a cylindrical
projectionandthe bottomright is a planarprojection.

8 IMPLEMENTATION DETAILS

Our software systemis implementedn C/C++andOpenGLon a
SGI Ornyx2 with 4 195MHz R10000processorsisingan In nite-
Reality2graphicssubsystem.

Ouromnidirectionalvideocamerds basedn acommercialCy-
clovision/RemoteReality S1 unit [25], which acquires1024x1024
imagesover a hemisphericaFOV. The camerais placedon top of
amotorizedcartcarryinga batteryanda smallPC,andit is moved
using radio remotecontrol. The cart moves at an averagespeed
of 7 inches/seandour RAID disk holds approximately50GB of



Env. Setup | Capture| Fiducial Pose Area Avg. Distto | No. Images
Tracking | Optimization Images
Library | 15min | 17min 60 min 20 min 120sq.ft 1.6in. 1,947
Of ce 5min 10min 50 min 25min 30sq.ft 0.7in. 3,475
Museum | 30min | 82min | 160min 30min 900sq. ft 2.2in. 9,832

Tablel: CaptureandimageStatistics We capturedhreeSeaof Imagescoveringatotal of 1050squaredeetwith 15254imagesatanaverage
imagespacingof 1.5inches,andaveragecaptureandcalibrationtime of 2.8 hoursperervironment.

Env. Rawv Flat Diff-Image Optimized Tree Diff Optimized
(MB) | (MB) | Hierarchy(MB) | Hierarchy(MB) | Building | Images | Diff Images
Library | 6000 | 318 150(40:1) 113(54:1) 4 min 60min 3hrs
Of ce 11000 | 376 198(55:1) 139(79:1) 6 min 35min 5hrs
Museum | 31000 | 1,560 740(42:1) 564(55:1) 50min | 160min 14 hrs

Table 2: CompressiorStatistics: We showv the raw, JPEG-compresse@nd multiresolutionhierarchysizesof our Seaof Images. The
multiresolutionhierarchysizesandtimes are shavn for both unoptimizedand perdifference-imageptimizedcompression. The average

compressiottime is 4.7 hoursperervironment.

data. We compresshe imageson the PC andwrite themto disk
in JPEGformat at a rate of 2 framesper secondwhich yields an
imageevery coupleof inchesfor nearly60 hours.We move thecart
backandforth alongcloselyspacegaths(separatethy a coupleof
inches)to acquirea denseSeaof Imagesover a planeat eye height
throughoutheentireervironment.

We usegraphicshardwareto computethe differenceimagesfor
the multiresolutiontree. Currentgraphicshardware doesnot sup-
portanef cient way to computeémageenepy, sowe usethe CPU.
To acceleratehe precomputationwe typically computeéimageen-
ey valuesat 128x128pixel resolution,noting thatat full resolu-
tion we shouldexpectsimilar relative values.

Our reconstructioralgorithm also takes adwvantageof graphics
hardware. While featuresare interpolatedon the CPU, all image
datais blendedusing either multiple-pasgexture blendingor the
accumulatiorbuffer. We rely upona NetLib packagdor Delaunay
triangulationof featuresandthe graphicssubsystenior pagingof
texturememoryon demand.

9 RESULTS & OBSERVATIONS

In this section,we evaluatehow well the Seaof Imagesapproach
achievesthe goal of walking througha comple ervironmentwith
photorealistidmages.Speci cally, we askthefollowing questions:
(1) is our captureprocessractical?,(2) areour datamanagement
stratgieseffective?,(3) canthe systemmaintaininteractive frame
rates?and(4) doesit in factreconstructmageswith complecillu-
minationandvisibility effectsduringinteractve walkthroughs?

Sofar, we have experimentedvith threeernvironments.The rst
one(“Of ce”) is asmallroom,aroundthe sizecommonlyusedfor
IBR demonstrationsThe secondone (“Library”) is the lobby area
of alargepubliclibrary. Finally, thethird environment(“Museum”)
is a smallmuseum.It providesour mostchallengingtestcasebe-
causet hasaconcae oor -plan,it containamary speculasurfaces
(glasscasesandbrassplaguenthewall), andit containscomple
geometry(plantsonthe oor andmuseunpiecesn thecases)No
previous walkthroughsystemcould producephotorealistidmages
of suchadif cult environmentatinteractve rates.

Table 1 presentsstatisticsaboutour captureprocess. Overall,
the captureprocessor eachof the threeervironmentstook only a
coupleof hours.The setuptime includesmakinglighting changes,
camerasetup(e.g. apertureadjustmentsandplacingandmeasw
ing the ducial setupin the ervironment. The actualcapturetime
during which the motorizedcart moved throughthe environment
wasrelatively short(e.g.,10 minutesper 1,000images).The proxy
for eachervironmentwascreatedisingameasuringapeandasim-
ple text-basedpolygoneditor Theentirecaptureprocesyieldeda

Seaof Imagescumulatiely covering morethan1,000squarefeet
of walkableareaat a densitysuchthat the averagedistancefrom
arandompoint on the eye heightplaneto its nearesimageis 1.5
inches. We conjecturethat few other captureprocessesvould be
ableto bothcover suchalargespaceandsample ne detailswithin
theviewpoint spacetypical of aninteractive walkthrough.

Table2 liststhe sizeof the databeforeandaftercompressionas
well ascompressiottimes. Overall, thethreeervironmentscontain
15,254imagesandrequire48GB of disk spacein their raw form.
JPEGcompressiorof the imagesreducedhe size of the datasets
to 2.25GB(at quality factor 75). Our multiresolutioncompression
stratgy achivedanothe2-3X compressiofiactor Thisextracom-
pressioris determinednainly by theef ciency of our coderfor dif-
ferenceimagesandby the orderin which we collapsenodesin our
multiresolutiontreestructure.By computingperdifference-image
optimizedtranslationandrotation offsetsfor registeringthe proxy
to theimages we obtaina compressiomperformancef 54-79X of
the original data,at the expenseof 5 secondof optimizationtime
perdifferencemage(totalling about3 hours,5 hours,and14 hours
for the Library, Of ce, and Museumervironments,respectrely).
Without this optimization, we obtain 40-55X compressiorof the
original data(totalling aboutl hour, 0.5hours,and2.5hours).The
imagesandsequencewe shav usethe optimizedoffsets.

Resol. 0.25m/s 0.5m/s 1.0m/s
256 | 1.00( ) | 1.04( ) | 1.98( )
512 | 1.03( ) | 1.51( ) | 3.24( )
1024 | 1.38( ) | 2.72( ) | 5.11( )

Table 3: PrefetchingPerformance We reportthe effectivenessof
the prefetchemsaratio of two distancesthe averagedistanceto a
fetchedimageandthe averagedistanceto ary capturedmage.

The prefetchemusesthe multiresolutionhierarchyto ensurethat
the reconstructionalgorithm always has some set of imagesin
memorysurroundingthe novel viewpoint. To measurehe perfor
manceof the prefetcherwe collectedstatisticsasthe userwalked
throughtheMuseumervironmentatdifferentspeedslongatypical
path.We alsouseddifferentimageresolutiongo testthe sensitvity
of our prefetcherto increasingdatasizes. During thesetests,we
estimatechow well the prefetchemvasworking by takingthe aver-
agedistanceto the surroundingclosesttrio of cachedmagesand
dividing it by theaveragedistanceo theclosesiamongall images
avalueof 1.0is aperfectscore(Table3). Note how thedistanceto
the closestoadedimageincreasessthe userwalks fasteror asks
for higherresolutionimages. This resultcorrespondgo graceful
degradationin imagequality in our walkthroughsystem.
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Figure7: FrameRate. We shav the frameratefor a pre-recorded
paththroughthe museumervironmentat 512x512pixels. The av-
erageframerateis 25 framespersecond.

c) d)

Figure 8: SpecularHighlights. This gure demonstratespecular
highlightsmoving over the surfaceof a shiry bronzeplaquein the

museumervironment. The top snapshoshawvs a cylindrical pro-

jection of a subsebf thereconstructedmage. The four-imagese-
guencds azoomed-irplanarprojectionof thereconstructednage.
Obsere the highlight moving acrossthe plaquesasthe viewpoint

moveslaterally (a-d).

Figure9: Capturedvs. Reconstructe€omparison.Thetop omni-
directionalimageis oneof the nearbycapturedmages Thebottom
omnidirectionaimageis reconstructeébr anovel viewpointthatis
asfaraspossiblefrom the surroundingmages.

Our currentrun-time systemreconstructsiovel views at an av-
erageof 15-25framesper second.Reconstructionst 512x512or
256x256pixels canbe performedat an averageof 25 framesper
secondwhile higherresolutionviews at 1024x1024pixelsarepro-
ducedat aboutl5 framespersecond Figure7 plotsthe framesper
secondor anexamplepaththroughthemuseunervironmentusing
512x512images.Theframerateis nearconstanbecauseur sys-
tem alwayswarpsthreeimagesinto the frame buffer. We believe
thevariationsin frametimesaredueto texture swapping.

Finally, Figures8-10 shav the quality of novel views recon-
structecby our Seaof ImagesapproachWe canreproducespecular
highlightsmoving over a surfacewithout modelingmaterialprop-
erties. For instance Figure 8 shavs anexamplespeculatighlight
moving over the surface of a shiry bronzeplague. Becausethe
densityof sampledviewpointsis so large, we canalmostalways
achieve reconstruction®f similar quality to the capturedomnidi-
rectionalimages.Figure9 shavs a capturedmage(top) andasyn-
theticimage(bottom) reconstructedrom a novel viewpoint at the
middle of a Delaunaytriangle of capturedviewpoints. Differences
in the imagesare almostimperceptible. Also, we canreproduce
imagesof objectsat multiple resolutions.Figure 10 demonstrates
rendering®f asingleobjectat multiple distances.

10 CoONCLUSION & FUTURE WORK

We have introduceda novel approactfor creatinginteractie walk-
throughsusing image-basedaenderingtechniques. What distin-
guishesour approachfrom other IBR approachess that we are
notlimited to smallervironmentswith restrictedvisibility changes
suchaswith the Light eld/Lumigraph [13, 20]. We are also not
constrainedo sparsesampling,which in turn limits renderingto
diffuse ervironmentsand often requiresviewpoint planninganda
priori information aboutthe geometryof the scene. We remove
theseconstraintdy mappingthe IBR problemontoa compression
andworking-setmanagemerproblem.

However, thesystemis notwithoutlimitations. First, our current
capturedevice (a catadioptricomnidirectionalcamerahaslimited
resolution. While this affects the resolutionof imagescurrently
generatedthemethodgescribedn this paperareindependentf a
particularcapturedevice andwould work for ary omnidirectional
video cameraarrangement.We have purchased FullView cam-
era[24] andbegunto investigateothermultiple-cameracon gura-
tionsthatacquirehigherresolutionimages.

Second,we currently acquireimage data samplingthe lower
hemisphereof directionsfrom viewpoints at somedensityon an
eye-heightplane. The resulting representatiomprovides enough
informationfor reconstructiorof any downward-lookingview for
which the eye-heightplaneis unoccluded.Expandingour capture
procedurdo acquireimagescontainingawiderrangeof view direc-
tionsand/ormultiple viewpoint heightswould expandthe spaceof
allowablenovel views. We areinvestigatinguseof sphericalcam-
erasto partially addresghis issue. In addition, we would like to
beableto determinea conserative estimateof whataveragemage
capturespacings "denseenough”for a particularenvironment.

Third, we arelookinginto other(multiresolution)reconstruction
methoddor a Seaof Images.In particular trackingvisible features
from image-to-imagén orderto generatenoreaccurateorrespon-
dencedetweertheimagessurroundinghe novel viewpoint.

Finally, our captureprocesscurrentlyrequiressomemanualef-
fort. An operatorestimateghe locationsof ducial, builds an ap-
proximateproxy model,anddrivesa motorizedcartbackandforth
via remotecontrol. While theseactvities arenot too burdensome
(they take 15to 112minutesfor ourthreeenvironments)thesystem
couldbe madeeasierto useby furtherautomatinghe capturepro-
cess.Thisis possibleby estimatingcameragposein real-timefrom
the ducials or from automaticallydetectedeaturesandletting the



Figure10: Farto-NearimageSequenceWe shav the museunmernvironmentandfocuson a particularitem from threedistances.

PC controlthe wheelmotorsto drive the cartautonomously This
is atopicfor futurework.

In conclusionwe believe the Seaof Imagesapproactio beafer-
tile bedfor futurework. Never beforehave researcherbadaccess
to suchalargeanddensesamplingof anervironment.We believe it
couldleadto new 3D reconstructioralgorithms novel compression
stratgies,andnew walkthroughapplications.
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