
Sea of Images

DanielG. Aliaga ThomasFunkhouser DimahYanovsky Ingrid Carlbom
LucentBell Labs PrincetonUniversity HarvardUniversity LucentBell Labs

aliaga@bell-labs.com funk@cs.princeton.edu yanovsky@fas.harvard.edu carlbom@bell-labs.com

ABSTRACT

A long-standingresearchproblemin computergraphicsis to repro-
ducethevisualexperienceof walkingthroughalargephotorealistic
environmentinteractively. Ononehand,traditionalgeometry-based
renderingsystemsfall shortof simulatingthe visual realismof a
complex environment. On the otherhand,image-basedrendering
systemshave to datebeenunableto captureandstorea sampled
representationof a large environmentwith complex lighting and
visibility effects.

In thispaper, we presenta “Seaof Images,” apracticalapproach
to densesampling, storage,and reconstructionof the plenoptic
function in large,complex indoorenvironments.We usea motor-
izedcart to captureomnidirectionalimagesevery few incheson a
eye-heightplanethroughoutanenvironment.Thecapturedimages
arecompressedandstoredin a multiresolutionhierarchysuitable
for real-timeprefetchingduringan interactive walkthrough.Later,
novel imagesarereconstructedfor a simulatedobserver by resam-
pling nearbycapturedimages.

Our systemacquires15,254imagesover 1,050squarefeetat an
averageimagespacingof 1.5 inches.Theaveragecaptureandpro-
cessingtime is 7 hours.We demonstraterealisticwalkthroughsof
real-world environmentsreproducingspecularre�ections andoc-
clusioneffectswhile rendering15-25framespersecond.

CR Categories: I.3.3 [Pictureand ImageGeneration]:Display
and viewing algorithms. I.3.7 [Three-dimensionalGraphicsand
Realism]:Virtual Reality.

Keywords: image-basedrendering,capture,reconstruction,inter-
active,walkthrough.

1 INTRODUCTION

Creatinganinteractive walkthroughof a complex real-world envi-
ronmentremainsoneof themostchallengingproblemsin computer
graphics.While many researchershave tackledpartsof the prob-
lem,thereexist to datenosystemthatcanreproducethephotoreal-
istic richnessof a large,real-world environmentat interactive rates.
For example,a virtual visit to theLouvreor Versaillesmustrepro-
ducetheexquisitedetailof thepaintingsandsculptureswhile at the
sametimeconvey thegrandeurof theformerroyal residences.And,
asin a realmuseumvisit, theusermustbeableto walk anywhere,
evenupcloseto aninterestingwork of art.

Image-basedrendering(IBR) achievesphotorealismby captur-
ing andresamplinga setof images.An IBR systemusuallytakes
as input photographsof a static scene,and constructsa sample-
basedrepresentationof the plenopticfunction [1]. This function,
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, describesthe radianceleaving or arriving at
any point
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from any direction
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with any wavelength
�

at any time
�

. Theplenopticrepresentationcanbequickly resam-
pled to renderphotorealisticimagesfor novel viewpointswithout
constructingadetailed3D modelor simulatingglobalillumination,
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Figure1: Seaof Images.WecaptureadenseSeaof Imagesthrough
a largeenvironment,storethemin a multiresolutionhierarchy, and
generatereal-timereconstructionsof novel imagesin aninteractive
walkthroughsystem.

andthe renderingtime for novel imagescanbe independentof a
scene's geometriccomplexity. However, currentIBR methodsare
only ableto representeithersmall scenes(e.g.,a statuette)or dif-
fuseenvironmentswith low geometriccomplexity (e.g.,a roomor
a hallway). Our goal is to createan IBR walkthroughsystemthat
supportsaninteractiveexperiencefor largeandcomplex real-world
scenes.

We createinteractive walkthroughsusing a “Sea of Images”
(SOI) – a collection of imagesevery coupleinchesthroughouta
large environment. In our case,we acquireomnidirectionalim-
agesonaneye-heightplanethroughouttheenvironment(Figure1).
This representationprovidesa denselysampled4D approximation
to the plenopticfunction parameterizedby cameraposition(
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and incoming ray direction (
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). We capturea SOI by moving
a catadioptricvideocameramountedon a motorizedcartbackand
forth in azigzagpatternthroughastaticenvironment.Wecompress
theacquireddatain amultiresolutionhierarchysothatit canbeac-
cessedef�ciently for continuoussequencesof viewpoints. We use
time-criticalalgorithmsto prefetchrelevantimagedataandfeature-
basedmorphingmethodsto reconstructnovel imagesduring inter-
active walkthroughs.

As comparedto previousIBR methodsfor interiorenvironments,
our SOI approachreplacesthe dif�cult computervision problems
of 3D reconstructionandsurfacere�ectancemodelingwith theeas-
ier problemsof motorizedcart navigation, datacompression,and
workingsetmanagement.Ratherthanusingsophisticatedplanning
andreconstructionalgorithmsto acquiredirectly a minimal repre-
sentationof theplenopticfunction,we capturea highly redundant
datasetandthencompressit into arepresentationthatenablesreal-
timeworking setmanagementfor walkthroughs(Figure2).

Theadvantagesof this approacharefour-fold. (1) It enablesac-
curateimagereconstructionsfor novel views in environmentswith
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Figure2: Acquiring ImageSamples.Insteadof sophisticatedplan-
ning andvision algorithmsto acquirethe minimal sampleset,we
oversampleandusecompressionandworking setmanagementto
accesssamplesduringa real-timewalkthrough.

specularsurfaces,a greatamountof geometricaldetail, andcom-
plex visibility changes.(2) It doesnotrequireanaccurategeometric
modelto producenovel imagesoverawiderangeof viewpoints.(3)
It providesa methodfor image-basedmodelingof a large,concave
environmentwithout sophisticatedgazeplanning.And, (4) it sup-
portsrenderingof inside-looking-outimagesin anIBR interactive
walkthroughsystem.We believe no otherIBR approachincludes
all thesefeatures.

2 RELATED WORK

Our “Seaof Images”is relatedto severalpreviously describedIBR
methods.In this section,we review the mostcloselyrelatedrep-
resentationsand discussthe advantagesof our representationfor
walkthroughapplications.

Movie maps [21] and panoramas[6, 23, 32, 7] samplethe
plenopticfunction in 2D for a small,sparsesetof referenceview-
points. While this representationis simple to capture,it grossly
undersamplesthespatialdimensionsof theplenopticfunction,and
thus it is not able to 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 imagereconstructionsfor viewpoints far from any captured
view [23, 7]. This is dif�cult for complex environments,evenwhen
theenvironmentis modeledusinglaserrangescanners[26]. In con-
trast,a Seaof Imagessamplesbothspatialandangulardimensions
denselyandinterpolatesnearbyreferenceimageswhenreconstruct-
ing novel views. Thus, it is betterable to captureand reproduce
subtlelighting andocclusionchanges.Furthermore,only approxi-
mategeometryor depthinformationis requiredfor reconstructing
novel views sincethe viewpoints of capturedimagesare usually
verycloseto novel viewpointstypical in a walkthrough.

Light Fields[13, 20] provide a 4D approximationto theplenop-
tic function parameterizedby a point on a “cameraplane”
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anda point on an“object plane”
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. In contrast,our 4D repre-
sentationis parameterizedby a point on a cameraplane
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a view direction
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. This differenceis signi�cant for interior
walkthroughapplicationsfor threereasons.First, it is mucheasier
to capturea Seaof Imagesthanit is to acquirea Light Field. Spe-
cial gantriescanacquirethe
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Light Fieldsfor small ob-
jects,but seemsdif�cult to scaleto large, complex environments.
In contrast,capturinga
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representationsimply requires
moving anomnidirectionalvideocamerain asingleplane.Second,
the
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parameterizationsimpli�es coverageof alarge,con-
cave space.SinceeachLight Field providessamplesfor a limited
rangeof novel viewpoints, it is dif�cult to cover a large complex
environment. In contrast,we capturereferenceimageswherewe
expecttheuserto explore,andthenthesystemcansynthesizenew
imagesanywherewithin the triangulatedmeshof referenceview-
points. Finally, our
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approachprovides a pre-�ltered
multiresolutionrepresentationof light radiancearriving at a point,
which is importantfor walkthroughswheresurfacesin the same
imagecanappearat signi�cantly differentdistances.In contrast,
Light Fieldswith �x ed uniform samplingof the
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planewill
eitherbeundersampledfor close-upviewpointsor oversampledfor
distantviewpoints.

SurfaceLight Fields[36] aresimilarto ourrepresentationasthey
alsoparameterizetheplenopticfunctionby a point anda direction.
However, they describethe radianceleaving a surfacepoint rather
thanarriving at a cameralocation. This differencehastwo signif-
icant implicationsfor walkthroughapplications.First, theSurface
Light Field requiresanaccurategeometricdescriptionof thescene
in orderto aggregateandstoresampleson surfaces,whereasour
approachworkswell with little or no geometry. Second,andmore
importantly, the dataaccesspatternsof a walkthroughapplication
have much more coherencefor nearbyviewpoints and incoming
ray directionsthan for nearbysurfacepoints andoutgoingdirec-
tions. Hence,theSurfaceLight Field parameterizationmayenable
greateroverall compressionof sampleson disk (if thesurfacesare
mainly diffuse),but theSeaof Imagesapproachis bettersuitedfor
ef�cient working setmanagementduringa walkthrough.

Recentcomputervision work hasprovided methodsfor recon-
structing3D geometryandcapturingtexturesof environmentsfor
interactive walkthroughs.Representative examplesincludeMIT' s
City ScanningProject[33], Pollefey etal.'swork on3D reconstruc-
tion from hand-heldcameras[18, 28], Zissermanet al.'s work on
obtaininggraphicalmodelsfrom video sequences[37], andKang
et al.'s omnidirectionalmultibaselinestereoalgorithms[17]. This
researchis largelyorthogonaltoours,aswecouldusetheirmethods
to acquiremoreaccurategeometricmodelsto improve thequality
of our reconstructedimages.However, animportantfeatureof our
approachis that it doesnot requirea very accurate3D model to
producenovel imagesbecausewecaptureimagesatveryhighden-
sity andnearbyreferenceimagesareavailablefor almostany novel
viewpoint. Our approachavoidsthedif�cult problemsof 3D scene
reconstruction(e.g.,densecorrespondence,depthestimation)and
replacesthemwith a simplerdatamanagementproblem,which is
addressedin thispaper.

DeltaTrees[8] andLDI Trees[5] arerelatedto our approachin
thatthey storemultiresolutionrepresentationsof theradiance�eld.
Pre-�lteredimagedatais availablefor everysurfaceatmultipleres-
olutions (e.g., like mip-maps),and thus the amountof real-time
�ltering requiredto reconstructimagesfrom novel viewpoints is
signi�cantly reduced. Our SOI approachalso storesimagedata
for eachsurfaceat multiple resolutions(pre-�ltered by the cam-
eraaccordingto the locationof eachcapturedimage). However,
our multiresolutionrepresentationis viewpoint-centric,ratherthan
object-centric,which greatlyimprovescachecoherenceduringan
interactive walkthrough.

PlenopticStitching[3] is mostcloselyrelatedto our work. But,
it samplestheplenopticfunctiondenselyin only onespatialdimen-
sion,capturingimagesin across-hatchpatternof linesseparatedby
meters.This resultsin a 3.5Dapproximationto theplenopticfunc-
tion, which doesnot capturemostvisibility or lighting changesin
the vertical dimension. In addition, the reconstructionalgorithm
warps samplesonly along one degree of freedom(radial lines),
whichgenerallyproducelowerqualityreconstructionsthanoursys-
tem. For instance,pixels arereconstructedby combiningsamples
from a capturedimagesigni�cantly nearerto andanotheronefar-
ther from thesampledenvironment,therebycombiningsamplesat
differentresolutionsandcausingblurring andghostingin the ren-
deredimages. Our systemavoids this problemby warping three
nearbyreferenceimages.Additionally, weusemultiresolutiondata
compressionandreal-timeworking setmanagementalgorithms.

In summary, previous IBR methodscan be classi�ed by how
many imagesamplesarecollectedandhow muchapriori 3D scene
geometryandre�ectanceinformation is requiredto producereal-
istic novel views. Somemethodscaptureimagesdensely, thusre-
quiring little geometricor re�ectanceinformation(e.g.,[20, 13]).
However, so far, they arelimited to small scenesandsmall ranges
of novel viewpoints. Othermethodssparselysamplethe spaceof
possibleviewpoints (e.g., [23]). However, they mustacquirede-



tailed geometricinformationto warp imagesto novel views. Hy-
brid methodscaptureimagesfrom a semi-densesetof viewpoints
andutilizeapproximategeometricinformation(e.g.,[3, 30]). These
methodsusuallyproducegoodresultsonly for sceneswithoutcom-
plex surfacere�ectionsor visibility effects.

Our systemcapturesa densesamplingof imagesover a large
area.This allows it to reproducespecularhighlightsandcomplex
visibility effectsduringwalkthroughsof largeenvironmentsover a
widerangeof novel viewpoints,withoutrequiringdetailedgeomet-
ric information.

3 RESEARCH CHALLENGES

In thispaper, weinvestigateadensesamplingof theplenopticfunc-
tion for interactivewalkthroughsof interiorenvironments.Wecap-
ture closely spacedomnidirectionalimages,compressthem, and
resamplethemto form novel views. This approachallows recon-
structionof novel views with subtlelighting andvisibility effects.
However, it requiresthatweaddressthefollowing threequestions:

� “How canweobtaina densesetof calibratedimagesover a
large areain a practical manner?” - We have built a capture
systemfrom off-the-shelfcomponentsthat usesa motorized
cartto moveanomnidirectionalvideocamerain azigzagpat-
ternat eye heightthrougha largeenvironment.We have also
developedcameracalibrationandposeestimationalgorithms
for large,multi-roomenvironments.

� “How do we compress the massiveamountsof captured
data?” - We have developeda multiresolutionIBR represen-
tation that enablesus to exploit coherencein nearbyimages
resultingin signi�cant compression.

� “How canweaccessa largeout-of-coredatasetfor real-time
walkthroughs?” - We managethe working set throughpre-
dictive prefetchingandcachingalgorithmsthat load images
from disk basedon estimated“bene�ts” and“costs” asa user
movesthroughanenvironmentinteractively.

In the following threesectionswe investigateanswersto these
questions.

4 CAPTURE & CALIBRATION

The�rst problemis thecaptureandcalibrationof adenseSeaof Im-
agesin a mannerbothpracticalandautomatic.Themethodshould
work reliably in large, multi-room environmentswithout invasive
hardwareandwithout per-imagemanualprocessing.For example,
capturingan imageevery few inchesinsidea non-trivial environ-
ment(e.g.,asmallmuseum)shouldtakenomorethananafternoon.

Most previous IBR capturemethodsrely either upon special-
purposehardware, speci�c environmentcontent,or upon careful
pathandgazeplanning. Levoy andHanrahan[20] usea gantryto
capturea densesetof imagesuniformly over a plane. Similarly,
ShumandHe [30] usespecial-purposehardwareto captureimages
on a circle. Large-scale(optical) trackerscouldbeusedfor image
capturebut requirea signi�cant hardwareinstallation.Teller et al.
[33] captureandcalibratethousandsof outdoorimagesspacedby
several to tensof metersanddependon initial measurementsfrom
a global positioningsystem.Thesemethodsarepracticalonly for
small objects,singlerooms,or outdoorenvironments.They seem
dif�cult to extendto a wide rangeof denseviewpointsin complex
interior environments.

Vision-basedapproachesoftendependonstructure-from-motion
andon scenecontent[28, 18, 11]. JungandTaylor [16] describea
vision-basedapproachaugmentedwith inertial sensors.To com-
pensatefor drift inherentin thesedevices,global featuresor land-
marksmust be identi�ed. While this strategy could in principle

work for large interior environments,it is very dependenton the
contentof the environment. Moreover, the resultsso far are not
suf�ciently robustto reconstructdetailedgeometryandre�ectance
effects(e.g.,visibility changes,specularhighlights).

Gazeplanningalgorithms[29, 31] canbeusedin largerenviron-
ments,but requireapriori knowledgeof thelocationof theinterest-
ing detailandalsowhatis of interestto theuser. Unlessanaccurate
modelalreadyexists,asystembasedontheseapproachesmaymiss
signi�cant imagesamplesthataredif�cult to captureata laterdate.

In our approach,we capturea denseSeaof Imagesby moving
anomnidirectionalcameraon a motorizedcart throughouttheen-
vironment,continuouslycapturingimagedatato disk. Thecapture
systemis built entirelyfrom off-the-shelfcomponents.Thesystem
is smallenoughto move anywherein theenvironmentwhereaper-
sonmay walk. We replacepathplanningwith imageredundancy.
We may capturean environmentmorein areasof potentialocclu-
sionor wherea usermaywantto studyobjectsin detail– this does
notrequireplanningprior to capture,butcanbedecidedonthespot.
Redundantdatais automaticallydiscardedat a laterstage.

Prior to capture,we calibratethe intrinsic cameraparameters
[12]. Thecameramanufacturerprovidesa calibrationmethod,but
it doesnot yield suf�ciently accurateresults. The manufacturer
assumesthat the lens is perfectly telecentricandproducesan or-
thographicprojectiononto the �lm plane. However, relaxing the
assumptionof telecentricity, we obtainmoreaccurateintrinsic pa-
rameters[2], whichwe �x for theentirecapturesession.
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Figure3: CaptureandCalibration. We placesmall portable�du-
cials
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thattrackrobustly in theenvironment.Usingtriangulation
(distances��� andangle� ), we obtainanestimatedcameraposition
andorientationfrom every pair of visible �ducials. A coarse�oor
planpredictsthelocationof �ducials in thecapturedimage.Bundle
adjustmentoptimizationre�nes theglobal locationof the �ducials
andthecameraposefor eachcapturedimage.

Ourcameraposeestimationalgorithmtracks�ducials in thecap-
turedimagesandtriangulatespositionandorientation.Theprocess
beginsby anoperatorcreatinganapproximate�oor planof theen-
vironment(e.g.,usingatapemeasure).Then,thealgorithmusesthe
�oor plan to suggest�ducial locationsso asto ensurea suf�cient
numberof �ducials are visible at all times. To obtain high reli-
ability andaccuracy, the �ducials aresmall battery-poweredlight
bulbs placedin the environmentby the operator. After providing
the initial cameraposition,thealgorithmusesthecurrentposition
estimateand the �oor plan to determinewhich �ducials may be
visible in thecurrentimage(Figure3), tracksthesefrom imageto
image,andtriangulatescamerapositionandorientation.

The �ducials, usedfor capture,appearin the capturedimages.
Although they do not seemto interferewith the visualization,we
couldlateruseimage-processingtechniquesto removethe�ducials
andreplacethemwith anestimateof thelocalbackgroundcolor.

To determinea globally consistentsetof cameraposesand�du-
cial locations,we usebundle adjustment[34], a non-linearleast
squaresoptimizationmethod.We alternatebetweenusingtheesti-
mated�ducial locationsto computethecameraposefor eachcap-
turedimageandusingasparsesubsetof thecameraposeestimates
to re�ne theglobalpositionof the �ducials (i.e., about10%of the



poseestimatesuniformly distributedthroughthedataset).
The goal of the bundleadjustmentprocedureis to �nd the 3D
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encapsulatesthe projectionfrom
3-spaceonto our omnidirectionalimages[25]. If theobserved er-
ror is zero-meanGaussian,thenbundleadjustmentcorrespondsto
themaximumlikelihoodestimator. Theerror termusedfor bundle
adjustmentis givenbelow (theCronecker deltaterm � �
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is 1 when
�ducial f wastrackedon imagei):
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Whenthis processhasconverged,we obtaina densesetof om-
nidirectionalimageswith calibratedcameraparameterson a plane
at eyeheight.

5 COMPRESSION

Thesecondproblemis thecompressionof themassive amountsof
acquireddata. Our captureddatasetsusually containthousands
of images,requiringgigabytesof storage.However, only a small
portion of the datais neededto reconstructan imagefor a novel
viewpoint,andthereis a greatdealof coherenceamongtheimages
from adjacentviewpoints. Thus,as long asour disk storagesys-
temis largeenoughto hold thecaptureddata,themainproblemis
working setmanagement.

Our focusis quitedifferentfrom previouswork ondatamanage-
mentfor IBR representations.For instance,theoriginalLight Field
paper[20] describesa methodthat usesvector quantizationand
Lempel-Ziv coding. Follow-up work hasinvestigatedothercom-
pressionschemes[27, 15, 22]. However, thesemethodsfocuson
reducingthe overall storagerequirementsof the IBR representa-
tion. They assumethattheentiredataset(or largesubsets)will be
decompressedandstoredin memorybeforeany novel imageis ren-
dered.Of course,thisassumptionis unrealisticin situationssuchas
ourswherethesizeof theIBR representationexceedsthecapacity
of hostmemory.

Wemaketheassumptionthatdiskstorageis suf�cient to holdthe
entiredatasetandthatthegoal is to compressthedatainto a form
suitablefor ef�cient accessduringaninteractive walkthrough.The
challengeis to take advantageof the redundancy in thedatawhile
optimizingthedatalayoutfor cachecoherence.

The �rst andmostobvious option is to compressandstoreev-
erycapturedimageindependently, e.g.,in a separateJPEG�le. (In
fact,we JPEGcompressthedataduringcapture.)This approachis
verystraightforward,butdoesnottakeadvantageof inter-viewpoint
redundancy, whichcanimprovebothstorageandbandwidthutiliza-
tion.

A secondoption is to utilize predictionand replacesomeim-
ageswith the residual,or difference,betweenthe original image
andthepredictedimage.With agoodpredictionstrategy, theresid-
ual haslessenergy thantheoriginal image,resultingin signi�cant
compressiongain.This techniqueis usedin videocodecsbasedon
motioncompensation,suchasMPEG1. A similarstrategy hasbeen
usedfor encodingfar-�eld representationsin awalkthroughsystem
for syntheticenvironments[35].

Onedif�culty in predictive codingis �nding theproperspacing
of the I-frames. FrequentI-framesyield little compressiongain.
InfrequentI-framesmake non-linearimageaccessinef�cient, and
alsoyield poor cacheutilization for our walkthroughapplication.

1MPEGusesthetermsªI-framesºfor theoriginalframesandªP-framesº
for thepredictedframes;weusethesamenotation.

Weoptimizebothcompressionandcacheutilization by storingim-
agesin a multiresolutionhierarchy. Insteadof theMPEGstrategy
of I-framesfollowed by a numberof P-framesfollowed by an I-
frame,etc.,we storeimagesin nestedtrees,wheretheroot of each
treeis anI-frameandall othernodesareP-frames.Sincethesystem
cachesimagedataassociatedwith interior nodesof thehierarchy,
only P-framesmustbereadfor nearbyviewpointslower in thehi-
erarchy, improving thedisk-to-memorybandwidthutilization.

Our multiresolutiondatastructureis a binary treebuilt bottom
up usinghalf edge-collapseoperations[14]. The treeis initialized
by creatinga setof nodesrepresentingeachcapturedimageat its
viewpoint. Usinga(Delaunay)triangulationof thenodes,wecom-
putea priority for every edgeandplacethe edgesin a heap. We
collapsethehighestpriority edgeandreplacethenodesof theedge
endpointswith a new commonparentnode(Figure4a). To avoid
introducingresampledimagesin thehierarchy, we placetheparent
nodeat the sameviewpoint locationasoneof its childrenandre-
placetheoriginal imagewith animagereference.We thenlocally
retriangulatethe currentnode-set,updatethe heap,andrepeatthe
collapseprocessfor thenext highestpriority edge(Figure4b)until
noedgesremainin theheap,storingafull imagewith theremaining
(root)node(Figure4c).
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Figure4: MultiresolutionTree.We show a three-stepsequence(a-
c) of building asmalltreefor asetof � ve capturedimages.

We have consideredseveralmeasuresto computeedgecollapse
priority. Ideally, we would like to collapseedgesbetweenthemost
similar images�rst. Onemeasureis to computethe imageenergy
of the residual. A fasterapproximationis to collapsethe shortest
edge,which tendsto work well sincenearbyimagesareoften the
mostsimilar.

In orderto optimizethecompressiongain,working setsize,and
decompressiontime, we keepI-framesat every L levels in thetree
( �

� � for our environments),creatingsubtreesof P-frames,with
eachP-framepredictedfrom theroot of its subtree.While predic-
tion relative to the root insteadof anotherP-framedoesnot give
optimalcompression,it improvestheworking setsizeanddecom-
pressiontime.

Our motion predictionutilizes a simple3D geometricproxy of
theenvironmentto warptheimageat theroot of thesubtreeto the
locationof its child. Theresidualis thedifferenceof thepredicted
childandtheroot image.To improvecompressionperformance,we
optionally usean optimizationprocessfor eachdifferenceimage
computation.Theoptimizationsearchesfor thebestsetof transla-
tion androtationoffsetsto registertheproxy to theimagessoasto
minimizeimageenergy andimprove compression.

6 REAL-TIME DATA MANAGEMENT

The third problemis the managementof the out-of-coredatain a
real-timewalkthroughsystem. Our goal is to pre-loadandcache
imagesfrom disk for renderingnovel views as a user navigates
interactively throughthe IBR environment. Given the amountof
availablestorage,bandwidth,andprocessingcapacityof eachhard-
ware component,our task is to develop a time-critical algorithm



that loadsandcachesdatain a mannerthat producesthe highest
quality imageswhile maintaininganinteractive framerate[10].

Ideally, the algorithmguaranteesthat a setof imagesis always
surroundingthe viewpoint allowing for good reconstructionand
smoothtransitionsfrom onesetof imagesto another. Moreover,
uponfailure,thealgorithmshouldexhibit gracefuldegradationand
eventuallyreturnto maximumquality. To this end,we maintaina
cut throughthemultiresolutiontree.Thiscutguaranteesthatatany
locationwithin the walk-ablespacewe alwayshave a setof sur-
roundingimages.Theseimageswill beusedfor reconstruction,as
is describedin thefollowing section.

Weuseanasynchronousprefetchingprocessto maintainacache
of imagesin mainmemory. Theuser's velocity predictswhich im-
agesareneedednext. Theprefetchermaintainstwo linked lists of
treenodes(Figure5). Theevict list de�nes a cut throughthe tree
suchthatall nodesonandabove thiscutarein cache.Thefetchlist
consistsof all the immediatechildrenof the evict list nodes.The
fetch list and the evict lists aresortedby priority; the �rst image
in the fetch list hasthe highestprobability of being needednext
andthelast imagein theevict list hasthehighestpriority of being
needednext. Initially, the evict list consistsof just the root node
andthe fetch list arethe immediatechildrenof the root node. To
displayeachframeat run-time,therendererusesthecurrentcut to
determinewhich imagesto usefor reconstructingthecurrentview.

Root
 Evict

List


Fetch

List


}


Evict


Fetch


Figure5: Evict andFetchLists. We maintaintwo linked lists of
tree-nodesthat de�ne a cut throughthe tree: the evict list andthe
fetchlist. Theprefetchingprocessupdatesthelikelihoodof needing
thenodesin bothlists. As long asthereis a fetchnodethatis more
likely to beneededthantheleastlikely evict node,andcachespace
canbemadeavailable,thenodesareswapped.

To updatethecut,we swapnodesbetweenthetwo lists. We use
the observer's latestviewpoint andpredictedvelocity to compute
for all nodesin the evict list andfetch list the probability that its
imageis needednext. The probability of a nodeincreasesas the
observer getscloserto the nodeandasthe directionfrom the ob-
server to the nodeapproachesthe viewing direction. Sincein our
hierarchywe force nodeshigher in the treeto be loaded�rst, the
distanceto a nodeis determinedby the distanceto the bounding
box surroundingtheparentandall its children. If thecacheis not
yet full, weswapthenodein theevict list thathasthelowestproba-
bility with thenodewith thehighestprobabilityin thefetchlist and
then load the imagedata. If the cacheis full, we mustswap and
�ush theimagedataof a suf�cient numberof evict nodesto �t the
imagedatafor thenext fetchnode.Theprefetchingprocessrecom-
putestheprobabilitiesandsortsthe fetch andevict lists at regular
intervals(e.g.,10 to 30 timesa second).

If desired,we couldoptimizetheprefetcherfor narrow FOV re-
constructions(e.g.,60 degrees).For instance,by subdividing each
omnidirectionalimageinto several tiles, the prefetchercould use
thecurrentpredictedviewing directionto only load thesubsetsof
theomnidirectionalimagesnecessaryfor theFOV to reconstruct.

7 RECONSTRUCTION

The�nal stageof ourprocessis to reconstructsyntheticimagesfor
novel viewpoints.Thegoal is to producehigh quality imageswith
little blurring or poppingduringaninteractive sequence.

Sincewe are interestedin �rst-person walkthroughs,we opti-
mize our systemfor reconstructionfrom viewpointsnearthe eye-
heightplanein which the imageswerecaptured. We project the
user'sviewpointontothetriangularmeshof imagesandextractthe
threeclosestimages,which we warp to the viewpoint, andblend
usingthebarycentriccoordinatesof theviewpoint [9].

Sincethe imagesto blendhave differentcentersof projection,
we warpthemusinga setof 3D “featurepoints” distributedon the
surfaceof a coarsepolygonalproxy. We project the visible fea-
turepointsonto the imageplanesof the novel andcapturedview-
points. Then,we usethe featuresto morpheachcapturedimage
to the novel viewpoint [7, 19], obtaininga reconstructedomnidi-
rectionalimage. In addition, we can createarbitraryprojections,
includingplanarandcylindrical (Figure6).

An alternateapproachis to map the capturedomnidirectional
imagesonto theproxy directly andblendthemusingtexturemap-
ping. But, thisapproachmayproduceartifacts,suchastheincorrect
mappingof portionsof theimagesto thewrongsurfaces,especially
alongsilhouetteedgesof theproxy.

The accuracy of the proxy becomesincreasinglyimportantas
the observer viewpoint approachesan object. Our reconstruction
methodmay start exhibiting ghostingartifacts when the viewer
getstoo closeto a smallobject,occupying theentire�eld-of-view
(FOV). To remedythis, we couldeithersamplemoredensely, cre-
ateamoreaccurate3D proxy[33, 18, 28, 37], or usemorecomplex
reconstructionalgorithms,includingonesthatcombineimagedata
from multiple referenceimages[3, 4, 13, 20]. Evenwithout these
extensions,a novel viewpoint is almostalwaysnearthreecaptured
views,which arepre-�ltered versionsof imagesverysimilar to the
desiredimage,so we canusuallyproduceresampledimageswith
qualityalmostequalto thecapturedimages.

Figure6: ReconstructionExamples.Weshow severalreconstructed
imagesfor the library environment. The left imageis the recon-
structedomnidirectionalimage. The upperright is a cylindrical
projectionandthebottomright is aplanarprojection.

8 IMPLEMENTATION DETAILS

Our softwaresystemis implementedin C/C++ andOpenGLon a
SGI Onyx2 with 4 195MHz R10000processorsusingan In�nite-
Reality2graphicssubsystem.

Ouromnidirectionalvideocamerais basedonacommercialCy-
clovision/RemoteRealityS1unit [25], which acquires1024x1024
imagesover a hemisphericalFOV. Thecamerais placedon top of
a motorizedcartcarryinga batteryanda smallPC,andit is moved
using radio remotecontrol. The cart moves at an averagespeed
of 7 inches/secandour RAID disk holdsapproximately50GB of



Env. Setup Capture Fiducial Pose Area Avg. Dist to No. Images
Tracking Optimization Images

Library 15min 17min 60min 20 min 120sq. ft 1.6 in. 1,947
Of�ce 5 min 10min 50min 25 min 30sq. ft 0.7 in. 3,475

Museum 30min 82min 160min 30 min 900sq. ft 2.2 in. 9,832

Table1: CaptureandImageStatistics.WecapturedthreeSeaof Images,coveringatotalof 1050squarefeetwith 15254imagesatanaverage
imagespacingof 1.5 inches,andaveragecaptureandcalibrationtimeof 2.8hoursperenvironment.

Env. Raw 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 3 hrs
Of�ce 11000 376 198(55:1) 139(79:1) 6 min 35min 5 hrs

Museum 31000 1,560 740(42:1) 564(55:1) 50min 160min 14hrs

Table 2: CompressionStatistics: We show the raw, JPEG-compressed,and multiresolutionhierarchysizesof our Seaof Images. The
multiresolutionhierarchysizesandtimesareshown for both unoptimizedandper-difference-imageoptimizedcompression.The average
compressiontime is 4.7hoursperenvironment.

data. We compressthe imageson the PC andwrite themto disk
in JPEGformat at a rateof 2 framesper second,which yields an
imageeverycoupleof inchesfor nearly60hours.Wemovethecart
backandforth alongcloselyspacedpaths(separatedby acoupleof
inches)to acquirea denseSeaof Imagesover a planeat eye height
throughouttheentireenvironment.

We usegraphicshardwareto computethedifferenceimagesfor
the multiresolutiontree. Currentgraphicshardwaredoesnot sup-
portanef�cient way to computeimageenergy, sowe usetheCPU.
To acceleratetheprecomputation,we typically computeimageen-
ergy valuesat 128x128pixel resolution,noting thatat full resolu-
tion we shouldexpectsimilar relativevalues.

Our reconstructionalgorithm also takes advantageof graphics
hardware. While featuresare interpolatedon the CPU, all image
datais blendedusingeithermultiple-passtexture blendingor the
accumulationbuffer. We rely upona NetLib packagefor Delaunay
triangulationof featuresandthegraphicssubsystemfor pagingof
texturememoryondemand.

9 RESULTS & OBSERVATIONS

In this section,we evaluatehow well the Seaof Imagesapproach
achievesthegoalof walking througha complex environmentwith
photorealisticimages.Speci�cally, weaskthefollowing questions:
(1) is our captureprocesspractical?,(2) areour datamanagement
strategieseffective?,(3) canthesystemmaintaininteractive frame
rates?,and(4) doesit in factreconstructimageswith complex illu-
minationandvisibility effectsduringinteractive walkthroughs?

Sofar, we have experimentedwith threeenvironments.The�rst
one(“Of�ce”) is a smallroom,aroundthesizecommonlyusedfor
IBR demonstrations.Thesecondone(“Library”) is thelobby area
of alargepubliclibrary. Finally, thethird environment(“Museum”)
is a small museum.It providesour mostchallengingtestcasebe-
causeit hasaconcave�oor -plan,it containsmany specularsurfaces
(glasscasesandbrassplaquesonthewall), andit containscomplex
geometry(plantson the�oor andmuseumpiecesin thecases).No
previous walkthroughsystemcouldproducephotorealisticimages
of suchadif�cult environmentat interactive rates.

Table 1 presentsstatisticsaboutour captureprocess. Overall,
thecaptureprocessfor eachof the threeenvironmentstook only a
coupleof hours.Thesetuptime includesmakinglighting changes,
camerasetup(e.g. apertureadjustments)andplacingandmeasur-
ing the �ducial setupin theenvironment. Theactualcapturetime
during which the motorizedcart moved throughthe environment
wasrelatively short(e.g.,10minutesper1,000images).Theproxy
for eachenvironmentwascreatedusingameasuringtapeandasim-
ple text-basedpolygoneditor. Theentirecaptureprocessyieldeda

Seaof Imagescumulatively covering morethan1,000squarefeet
of walkableareaat a densitysuchthat the averagedistancefrom
a randompoint on the eye heightplaneto its nearestimageis 1.5
inches. We conjecturethat few othercaptureprocesseswould be
ableto bothcover sucha largespaceandsample�ne detailswithin
theviewpoint spacetypicalof aninteractive walkthrough.

Table2 lists thesizeof thedatabeforeandaftercompression,as
well ascompressiontimes.Overall, thethreeenvironmentscontain
15,254imagesandrequire48GB of disk spacein their raw form.
JPEGcompressionof the imagesreducedthe sizeof thedatasets
to 2.25GB(at quality factor75). Our multiresolutioncompression
strategyachievedanother2-3Xcompressionfactor. Thisextracom-
pressionis determinedmainlyby theef�ciency of ourcoderfor dif-
ferenceimagesandby theorderin which we collapsenodesin our
multiresolutiontreestructure.By computingper-difference-image
optimizedtranslationandrotationoffsetsfor registeringtheproxy
to theimages,we obtaina compressionperformanceof 54-79Xof
theoriginal data,at theexpenseof 5 secondsof optimizationtime
perdifferenceimage(totallingabout3 hours,5 hours,and14hours
for the Library, Of�ce, andMuseumenvironments,respectively).
Without this optimization,we obtain 40-55X compressionof the
originaldata(totallingabout1 hour, 0.5hours,and2.5hours).The
imagesandsequenceswe show usetheoptimizedoffsets.

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( �

����� ��
 )

Table3: PrefetchingPerformance.We report the effectivenessof
theprefetcherasa ratio of two distances:theaveragedistanceto a
fetchedimageandtheaveragedistanceto any capturedimage.

Theprefetcherusesthemultiresolutionhierarchyto ensurethat
the reconstructionalgorithm always has someset of imagesin
memorysurroundingthenovel viewpoint. To measuretheperfor-
manceof theprefetcher, we collectedstatisticsastheuserwalked
throughtheMuseumenvironmentatdifferentspeedsalongatypical
path.Wealsouseddifferentimageresolutionsto testthesensitivity
of our prefetcherto increasingdatasizes. During thesetests,we
estimatedhow well theprefetcherwasworking by takingtheaver-
agedistanceto the surroundingclosesttrio of cachedimagesand
dividing it by theaveragedistanceto theclosestamongall images-
a valueof 1.0 is a perfectscore(Table3). Notehow thedistanceto
theclosestloadedimageincreasesastheuserwalks fasteror asks
for higher resolutionimages. This resultcorrespondsto graceful
degradationin imagequality in ourwalkthroughsystem.
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Figure7: FrameRate. We show theframeratefor a pre-recorded
paththroughthemuseumenvironmentat 512x512pixels. Theav-
erageframerateis 25 framespersecond.

a)
 b)


c)
 d)


Figure8: SpecularHighlights. This �gure demonstratesspecular
highlightsmoving over thesurfaceof a shiny bronzeplaquein the
museumenvironment. The top snapshotshows a cylindrical pro-
jectionof a subsetof thereconstructedimage.Thefour-imagese-
quenceis azoomed-inplanarprojectionof thereconstructedimage.
Observe thehighlight moving acrosstheplaquesastheviewpoint
moveslaterally(a-d).

Figure9: Capturedvs. ReconstructedComparison.Thetop omni-
directionalimageis oneof thenearbycapturedimages.Thebottom
omnidirectionalimageis reconstructedfor anovel viewpoint thatis
asfar aspossiblefrom thesurroundingimages.

Our currentrun-timesystemreconstructsnovel views at an av-
erageof 15-25framesper second.Reconstructionsat 512x512or
256x256pixels canbe performedat an averageof 25 framesper
second,while higherresolutionviewsat1024x1024pixelsarepro-
ducedat about15 framespersecond.Figure7 plotstheframesper
secondfor anexamplepaththroughthemuseumenvironmentusing
512x512images.Theframerateis nearconstantbecauseour sys-
tem alwayswarpsthreeimagesinto the framebuffer. We believe
thevariationsin frametimesaredueto textureswapping.

Finally, Figures8-10 show the quality of novel views recon-
structedby ourSeaof Imagesapproach.Wecanreproducespecular
highlightsmoving over a surfacewithout modelingmaterialprop-
erties.For instance,Figure8 shows anexamplespecularhighlight
moving over the surfaceof a shiny bronzeplaque. Becausethe
densityof sampledviewpoints is so large, we canalmostalways
achieve reconstructionsof similar quality to the capturedomnidi-
rectionalimages.Figure9 shows acapturedimage(top)andasyn-
thetic image(bottom)reconstructedfrom a novel viewpoint at the
middleof a Delaunaytriangleof capturedviewpoints.Differences
in the imagesarealmostimperceptible. Also, we can reproduce
imagesof objectsat multiple resolutions.Figure10 demonstrates
renderingsof asingleobjectat multipledistances.

10 CONCLUSION & FUTURE WORK

Wehave introduceda novel approachfor creatinginteractive walk-
throughsusing image-basedrenderingtechniques. What distin-
guishesour approachfrom other IBR approachesis that we are
not limited to smallenvironmentswith restrictedvisibility changes
suchaswith the Light�eld/Lumigraph [13, 20]. We arealso not
constrainedto sparsesampling,which in turn limits renderingto
diffuseenvironmentsandoften requiresviewpoint planninganda
priori information about the geometryof the scene. We remove
theseconstraintsby mappingtheIBR problemontoa compression
andworking-setmanagementproblem.

However, thesystemis notwithout limitations.First,ourcurrent
capturedevice (a catadioptricomnidirectionalcamera)haslimited
resolution. While this affects the resolutionof imagescurrently
generated,themethodsdescribedin thispaperareindependentof a
particularcapturedevice andwould work for any omnidirectional
video cameraarrangement.We have purchaseda 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 representationprovides enough
informationfor reconstructionof any downward-lookingview for
which theeye-heightplaneis unoccluded.Expandingour capture
procedureto acquireimagescontainingawiderrangeof view direc-
tionsand/ormultiple viewpoint heightswould expandthespaceof
allowablenovel views. We areinvestigatinguseof sphericalcam-
erasto partially addressthis issue. In addition,we would like to
beableto determineaconservative estimateof whataverageimage
capturespacingis ”denseenough”for a particularenvironment.

Third, wearelooking into other(multiresolution)reconstruction
methodsfor aSeaof Images.In particular, trackingvisible features
from image-to-imagein orderto generatemoreaccuratecorrespon-
dencesbetweentheimagessurroundingthenovel viewpoint.

Finally, our captureprocesscurrentlyrequiressomemanualef-
fort. An operatorestimatesthe locationsof �ducial, builds an ap-
proximateproxymodel,anddrivesa motorizedcartbackandforth
via remotecontrol. While theseactivities arenot too burdensome
(they take15to 112minutesfor ourthreeenvironments),thesystem
couldbemadeeasierto useby furtherautomatingthecapturepro-
cess.This is possibleby estimatingcameraposein real-timefrom
the�ducials or from automaticallydetectedfeatures,andletting the



Figure10: Far-to-NearImageSequence.Weshow themuseumenvironmentandfocusona particularitem from threedistances.

PCcontrol thewheelmotorsto drive thecartautonomously. This
is a topic for futurework.

In conclusion,webelievetheSeaof Imagesapproachto beafer-
tile bedfor futurework. Never beforehave researchershadaccess
to suchalargeanddensesamplingof anenvironment.Webelieve it
couldleadto new 3D reconstructionalgorithms,novel compression
strategies,andnew walkthroughapplications.
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