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Figurel: Oursystemtakesunstructureaollectionsof photographsuchasthosefrom onlineimagesearche¢a) andreconstruct8D points

andviewpoints(b) to enablenovel waysof browsingthe photos(c).

Abstract

We present systemfor interactizely browsingandexploring large
unstructureccollectionsof photographf a sceneusing a novel

3D interface. Our systemconsistsof an image-basednodeling
front endthatautomaticallycomputegheviewpoint of eachphoto-
graphaswell asasparseD modelof thesceneandimageto model
correspondencesOur photoexplorer usesimage-basedendering
techniguedgo smoothlytransitionbetweerphotographswhile also
enablingfull 3D navigationandexplorationof thesetof imagesand
world geometryalongwith auxiliary informationsuchasoverhead
maps. Our systemalso makesit easyto constructphoto tours of

scenicor historic locations,andto annotateimage details, which

areautomaticallytransferredo otherrelevantimages.We demon-
strateour systenon severallarge personaphotocollectionsaswell

asimagesgatheredrom Internetphotosharingsites.
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1 Introduction

A centralgoalof image-basedenderings to evoke avisceralsense
of presenceébasedon a collectionof photograph®of a scene.The
last several yearshave seensigni cant progresstowardsthis goal
throughview synthesiamethodsn the researclcommunityandin
commercialproductssuchas panoramaools. One of the dreams

is thattheseapproachesvill oneday allow virtual tourismof the
world's interestingandimportantsites.

Duringthis sametime, digital photographytogethemwith theIn-
ternet,have combinedto enablesharingof photograph®on a truly
massie scale. For example,a Googleimage searchon “Notre
Dame Cathedral’returnsover 15,000photos,capturingthe scene
from myriad viewpoints, levels of detail, lighting conditions,sea-
sons, decadesand so forth. Unfortunately the proliferation of
sharedhotographsiasoutpacedhetechnologyfor browsingsuch
collections, as tools like Google (www.google.com)and Flickr
(www. ickr .com) return pagesand pagesof thumbnailsthat the
usermustcombthrough.

In this paper we presenta systemfor browsing andorganizing
large photocollectionsof popularsiteswhich exploits thecommon
3D geometryof the underlyingscene. Our approachs basedon
computing,from the imagesthemseles, the photographersloca-
tionsandorientationsalongwith a sparse3D geometricrepresen-
tation of the sceneusing a state-of-the-arimage-basednodeling
system.Our systemhandledarge collectionsof unoiganizedpho-
tographgaken by differentcamerasn widely differentconditions.
We shav how the inferred cameraand sceneinformationenables
thefollowing capabilities:

Scenevisualization. Fly aroundpopularworld sitesin 3D by
morphingbetweerphotos.

Object-basedphoto browsing. Shav me moreimagesthat
containthis objector partof thescene.

Wherewas|? Tell mewherel waswhenl tookthis picture.

What am | looking at? Tell me aboutobjectsvisible in this
imageby transferringannotationgrom similarimages.

Our paper presentsnenv image-basednodeling, image-based
rendering,and userinterface techniquesor accomplishingthese
goals,and their compositioninto an end-to-end3D photo brows-
ing system.Theresultingsystemis remarkablyrobustin practice;
we include resultson numeroussites, rangingfrom Notre Dame
(Figurel) to the GreatWall of ChinaandYosemiteNationalPark,
asevidenceof its broadapplicability

The remainderof this paperis structuredasfollows. Section2
givesanoverview of theapproach Section3 suneys relatedwork



in vision, graphics,andimagebrowsing. Section4 presentsour
approachto obtain geo-registeredcameraand sceneinformation.
Our photo explorationinterface and renderingtechniquesare de-
scribedin Section5, our navigationtoolsin Section6, andanno-
tationtransfercapabilitiesin Section7. Section8 presentsesults.
We concludewith a discussionof limitations and future work in
Section9.

2 System Overview

In this section,we provide anoverview andmotivationfor the spe-
ci ¢ featuresof our system. For visual demonstration®f these
featureswe referthereaderto the companiorvideo.

Our work is basedon the idea of usingcamerapose(location,
orientation,and eld of view) andsparse3D scenenformationto
createnew interfacedor brawsinglargecollectionsof photographs.
Knowing the camergposeenableglacingthe imagesinto a com-
mon 3D coordinatesystem(Figure 1 (b)) and allows the userto
virtually explorethe sceneby moving in 3D spacerom oneimage
to anotherusingour photoexplorer. We usemorphingtechniques
to provide smoothtransitionsbetweenphotos. In addition, the re-
constructedeaturegprovide a sparsebut effective 3D visualization
of the scenethat senes as a backdropfor the photographghem-
seles. Beyond displayingthesefeaturesasa simple point cloud,
we present novel non-photorealisticenderingechniquethatpro-
videsa bettersenseof sceneappearance.

While standard3D navigation controlsare usefulfor somein-
teractionsthey arenotidealfor othertasks.For example,suppose
youwantto seeimagesof a particularobjector regionin thescene.
To supportthis kind of object-basedrowsing, we allow the user
to drawv abox aroundanobjectof interestin oneimage;the system
thenmovessmoothlyto the“best” view of thatobject. We alsopro-
vide the ability to geometricallystabilizea setof views of thesame
object,to moreeffectively comparesceneappearancever different
timesof day, seasonspr weatherconditions.

Often, we areinterestedn learningmore aboutthe contentof
animage,e.g.,“which statueis this?” or “when wasthis building
constructed?’A greatdealof annotatedmagecontentof this form
alreadyexistsin guidebooksmaps,andinternetresourcesuchas
Wikipedia (www.wikipedia.og) and Flickr. However, the image
you may be viewing at ary particulartime (e.g., from your cell
phonecameramaynothave suchannotationsA key featureof our
systemis the ability to transferannotationsautomaticallybetween
images sothatinformationaboutan objectin oneimageis linked
to all otherimagesthatcontainthe sameobject.

The backboneof our systemis a robust structurefrom motion
approacHor reconstructinghe required3D information. Our ap-
proachrst computedeaturecorrespondencdsetweerimagesus-
ing descriptorsthat are robust with respectto variationsin pose,
scale,andlighting, andrunsanoptimizationto recoser the camera
parameterand3D positionsof thosefeatures Theresultingcorre-
spondenceand 3D dataenableall of the aforementionedeatures
of our system.

3 Related work

There are three main cateyoriesof work relatedto ours: image-
basedmodeling;image-basedendering;andimagebrowsing, re-
trieval, andannotation.

3.1 Image-based modeling

Image-basednodeling (IBM) is the processof creating three-
dimensionalmodelsfrom a collection of input images[Debevec

etal. 1996; Grzeszczuk002; Pollefeys et al. 2004]. Our image-
basedmodelingsystemis basedon recentwork in structue from
motion (SfM), whichaimsto recorer camergarametergoseesti-
matesandsparse3D scenegeometryfrom imagesequencefHart-
ley andZissermar2004]. In particular our SfM approachs sim-
ilar to thatof Brown andLowe [2005], with several modi cations
to improve robustnessover a variety of datasets. Theseinclude
initializing new camerasisingposeestimationto help avoid local
minima;a differentheuristicfor selectingtheinitial two imagesfor
SfM; checkingthat reconstructegboints are well-conditionedbe-
fore addingthemto the scene;and usingfocal lengthinformation
fromimageEXIF tags.Schafalitzky andZissermarj2002] present
anotherelatedtechniquéor calibratingunorderedmagesets.con-
centratingon ef ciently matchinginterestpointsbetweenimages.
While bothof theseapproacheaddresshe sameSfM problemthat
wedo, they weretestedon muchsimplerdatasetsvith morelimited
variationin imagingconditions.Our papemarksthe rst success-
ful demonstratiorof SfM techniqueseingappliedto the kinds of
real-world image setsfound on GoogleandFlickr. For instance,
our typical imagesethasphotosfrom hundredsof differentcam-
eras,zoom levels, resolutions,differenttimes of day or seasons,
illumination, weatheranddiffering amountsof occlusion.
Onepatrticularapplicationof IBM hasbeenthe creationof large
scalearchitecturalmodels. Notable examplesinclude the semi-
automaticFagade system[Debevec et al. 1996], which was used
to reconstructcompelling y-throughs of the UC Berkeley cam-
pus; automaticarchitecturereconstructiorsystemssuchasthat of
Dick, etal.[2004]; andthe MIT City ScanningProject[Telleretal.
2003], which capturedhousand®f calibratedimagesfrom anin-
strumentedig to computea 3D modelof the MIT campus.There
are also several ongoing academicand commercial projectsfo-
cusedon large-scaleurbanscenereconstruction.Theseefforts in-
cludethe 4D Cities project (www.cc.gatech.edu/4d-citiesyhich
aims to createa spatial-temporaimodel of Atlanta from histor
ical photographs;the Stanford CityBlock Project[Roman et al.
2004], which usesvideo of city blocksto createmulti-perspectie
strip images;and the UrbanScaperojectof Pollefeys and Nistér
(www.cs.unc.edu/Research/urbanscape/).

3.2 Image-based rendering

The eld of image-basedendering(IBR) is devotedto the prob-
lem of synthesizingnew views of a scenefrom a setof input pho-
tographs A forerunnetto this eld wasthegroundbreakingAspen
MovieMap project[Lippman 1980],in which thousand®f images
of AspenColoradowerecapturedrom a moving car, registeredto
astreetmapof thecity, andstoredonlaserdisc A userinterfaceen-
abledinteractvely moving throughthe imagesasa function of the
desiredpathof theuser Additional featuresncludeda navigation
map of the city overlayedon the imagedisplay andthe ability to
touchary building in thecurrent eld of view andjumpto afacade
of thatbuilding. The systemalsoallowed attachingmetadatasuch
asrestauranmenusandhistoricalimageswith individual buildings.
Ourwork canbe seenasaway to automaticallycreateMovieMaps
from unomganizedcollectionsof images. (In contrast,the Aspen
MovieMap involved a teamof over a dozenpeopleworking over
afew years.) A numberof our visualization,navigation, and an-
notationcapabilitiesaresimilar to thosein the original MovieMap
work, butin animprovedandgeneralizedorm.
Morerecentworkin IBR hasfocusedntechniquegor new view
synthesise.g., [Chenand Williams 1993; McMillan and Bishop
1995; Gortler et al. 1996; Levoy and Hanrahan1996; Seitz and
Dyer 1996; Aliaga et al. 2003a;Zitnick et al. 2004; Buehleret al.
2001]. In termsof applications Aliaga et al.'s [2003a] Seaof Im-
ageswork is perhapslosestto oursin its useof alarge collection
of imagegakenthroughoutnarchitecturabpacethesameauthors



addressheproblemof computingconsistenfeaturematchescross
multiple imagesfor the purposesof IBR [Aliaga et al. 2003b].
However, our imagesare casuallyacquiredby differentphotogra-
phersratherthanbeingtakenona x edgrid with aguidedrobot.

In contrastto most prior work in IBR, our objectie is not to
synthesizea photo-realisticview of the world from all viewpoints
per se but to browvsea speci c collectionof photographsn a 3D
spatialcontet thatgivesa senseof the geometryof the underlying
scene. Our approachthereforeusesan approximateplane-based
view interpolationmethodand a non-photorealistiaenderingof
backgroundscenestructures As such,we side-steghe morechal-
lenging problemsof reconstructingull surface models[Deberec
et al. 1996; Teller et al. 2003], light elds [Gortler et al. 1996;
Levoy and Hanrahanl996], or pixel-accurateview interpolations
[Chenand Williams 1993; McMillan andBishop 1995; Seitzand
Dyer 1996;Zitnick etal. 2004]. Thebene t of doingthisis thatwe
areableto operaterobustly with inputimagerythatis beyond the
scopeof previous|BM andIBR techniques.

3.3 Image browsing, retrie val, and annotation

Therearemary techniguesandcommercialproductsfor browsing
setsof photosandmuchresearctonthe subjectof how peopletend
to organizephotos,e.g.,[RoddenandWood 2003]. Mary of these
techniguesisemetadatasuchaskeywords, photographeror time,
asa basisof photoorganizationCooperetal. 2003].

Therehasbheengrowing interestin usinggeo-locationnforma-
tion to facilitate photo browsing. In particular the World-Wide
Media ExchanggToyamaet al. 2003] arrangesmageson anin-
teractive 2D map. PhotoCompafiNaamarnet al. 2004] clustersim-
agesbasedon time andlocation. Reality ythrough [McCurdy and
Griswold 2005] usesinterfaceideassimilar to oursfor exploring
videofrom camcorderinstrumentedvith GPSandtilt sensorsand
Kadobayashand Tanaka[2005] presentaninterfacefor retrieving
imagesusing proximity to a virtual camera.In thesesystems)o-
cationis obtainedfrom GPSor is manuallyspeci ed. Becauseur
approachdoesnot requireGPSor otherinstrumentationit hasthe
adwantageof beingapplicableto existingimagedatabaseandpho-
tographsfrom the Internet. Furthermore mary of the navigation
featuresof our approactexploit the computationof imagefeature
correspondencemndsparse3D geometryandthereforego beyond
whatwaspossiblein thesepreviouslocation-basedystems.

Mary techniquesalsoexist for the relatedtaskof retrieving im-
agesfrom adatabase.Oneparticularsystenrelatedto ourwork is
VideoGoogle[Sivic andZissermarR003](notto be confusedwith
Googles own video search)which allows a userto selecta query
objectin oneframeof videoandefciently nd thatobjectin other
frames.Our object-basedavigation modeusesa similar idea,but
extendedo the3D domain.

A numberof researcherbave studiedtechniquedor automatic
and semi-automatidmage annotation,and annotationtransferin
particular The LOCALE system[Naamanet al. 2003] usesprox-
imity to transferlabelsbetweengeo-referenceghotographs.An
adwantageof the annotationcapabilitiesof our systemis that our
featurecorrespondencesnabletransferat much ner granularity;
we cantransferannotation®f speci ¢ objectsandregionshetween
imagestakinginto accounbcclusionsandthemotionsof theseob-
jectsunderchangesn viewpoint. Thisgoalis similarto thatof aug-
mentedreality (AR) approachesge.g.,[Feineret al. 1997]), which
alsoseekto annotateémages. While mostAR methodsregistera
3D computergeneratednodelto animage,we insteadtransfer2D
imageannotationdo otherimages.Generatingannotationcontent
is thereforemuch easier (We can,in fact, import existing anno-
tationsfrom popularservicedike Flickr.) Annotationtransferhas
beenalsoexploredfor videosequencefrani andAnandan1998].

Finally, JohanssomndCipolla [2002] have developeda system

wherea usercantake a photographuploadit to asenerwhereit is
comparedo animagedatabaseandreceve locationinformation.
Our systemalsosupportghis applicationin additionto mary other
capabilities(visualization havigation,annotationgetc.).

4  Reconstructing Cameras and Sparse
Geometry

Our systemrequiresaccurateinformation aboutthe relative loca-
tion, orientation,andintrinsic parametersuchasfocal lengthfor
eachphotographin a collection,aswell assparse3D scenegeom-
etry. Somefeaturesof our systenrequirethe absolutelocationsof
the camerasjn a geo-referencedoordinateframe. Someof this
informationcanbeprovidedwith GPSdevicesandelectroniccom-
passesbut the vastmajority of existing photographsack suchin-
formation. Mary digital cameragmbedfocal lengthandotherin-
formationin the EXIF tagsof image les. Thesevaluesareuseful
for initialization, but aresometimesnaccurate.

In our systemwe do not rely on the camereor ary otherpiece
of equipmento provide uswith location,orientation,or geometry
Instead we computethis informationfrom the imagesthemseles
usingcomputenisiontechniques.We rst detectfeaturepointsin
eachimage thenmatchfeaturepointsbetweerpairsof imagesand

nally run aniterative, robust SfM procedureto recover the cam-
eraparameters BecauseSfM only estimateghe relative position
of eachcameraandwe arealsointerestedn absolutecoordinates
(e.g. latitudeandlongitude) we useaninteractve techniqueo reg-
istertherecoveredcameraso anoverheadnap. Eachof thesesteps
is describedn thefollowing subsections.

4.1 Keypoint detection and matc hing

The rst stepisto nd featurepointsin eachimage. We usethe
SIFT keypoint detector[Lowe 2004], becausef its invarianceto
imagetransformationsA typical imagecontainsseveralthousand
SIFT keypoints. Otherfeaturedetectorscould also potentially be
used;several detectorsare comparedn the work of Mikolajczyk,
etal.[2005]. In additionto thekeypointlocationsthemseles,SIFT
providesalocal descriptorfor eachkeypoint. Next, for eachpair of
imageswe matchkeypoint descriptorsdetweerthe pair, usingthe
approximatenearesneighborgpackageof Arya, etal.[1998], then
robustly estimatea fundamentaimatrix for thepairusingRANSAC
[Fischlerand Bolles 1987]. During eachRANSAC iteration, we
computea candidatefundamentamatrix usingthe eight-pointal-
gorithm[Hartley andZissermar2004], followed by non-linearre-
nement. Finally, we remove matcheghatareoutliersto therecors-
eredfundamentalmatrix. If the numberof remainingmatchess
lessthantwenty, we remaove all of the matchesrom consideration.
After nding asetof geometricallyconsistenmatchedetween
eachimagepair, we organizethematchesnto tracks whereatrack
is a connectedset of matchingkeypoints acrossmultiple images.
If atrackcontainsmorethanonekeypointin the sameimage,it is
deemednconsistentWe keepconsistentrackscontainingat least
two keypointsfor the next phaseof thereconstructiomprocedure.

4.2 Structure from motion

Next, we recover a setof camergparameteranda 3D locationfor
eachtrack. Therecoreredparametershouldbe consistentjn that
the reprojectionerror, i.e., the sumof distancesetweenthe pro-
jectionsof eachtrackandits correspondingmagefeaturesjs min-
imized. This minimizationproblemis formulatedasa non-linear
leastsquaregproblem(seeAppendixA) andsolvedwith algorithms
suchasLevenbeg-Marquard{NocedalandWright 1999]. Suchal-
gorithmsareonly guaranteedo nd local minima,andlarge-scale



Figure2: Camen and3D point reconstructionéromphotoson the
Internet. Fromtop to bottom: the Trevi Fountain,Half Dome,and
TrafalgarSquare.

SfM problemsare particularly proneto getting stuckin badlocal

minima, so it is importantto provide goodinitial estimatesf the

parametersRatherthanestimatingthe parametergor all cameras
andtracksat once,we take anincrementabpproachaddingin one

cameraatatime.

We begin by estimatingthe parametersf a single pair of cam-
eras. This initial pair shouldhave a large numberof matchesput
alsohave alarge baselinesothatthe 3D locationsof the obsered
pointsarewell-conditioned We thereforechoosehepairof images
thathasthelargestnumberof matchessubjectto the conditionthat
thosematchescannotbe well-modeledby a singlehomographyto
avoid degenerateases.

Next, we addanothercamerato the optimization. We selectthe
camerathat obseresthe largestnumberof trackswhose3D loca-
tions have alreadybeenestimatedandinitialize the nev cameras
extrinsic parametersisingthe directlinear transform(DLT) tech-
nique[Hartley andZissermar2004]insidea RANSAC procedure.
The DLT alsogives an estimateof the intrinsic parametematrix

Figure3: Estimatedcamean locationsfor the Great\Wall dataset.

K asa generaluppertriangularmatrix. We useK andthe focal
lengthestimatedrom the EXIF tagsof theimageto initialize the
focallengthof the new camera(seeAppendixA for moredetails).

Finally, we add tracks obsered by the nev camerainto the
optimization. A track is addedif it is obsered by at leastone
otherrecoreredcameraandif triangulatingthe trackgivesa well-
conditionedestimateof its location. This procedureis repeated,
onecameraat a time, until no remainingcameraobseresary re-
constructedD point. To minimize the objective functionat every
iteration,we usethe sparsebundle adjustmentibrary of Lourakis
and Argyros[2004]. After reconstructinga scene,we optionally
run a post-processingtepto detect3D line segmentsin the scene
using a line sgmentreconstructiortechnique,asin the work of
SchmidandZissermar{1997].

For increasedohustnessand speed,we make a few modi ca-
tionsto thebasicprocedureoutlinedabove. First, afterevery run of
the optimization,we detectoutlier tracksthat containat leastone
keypoint with a high reprojectionerror, and remove thesetracks
from the optimization. We thenrerunthe optimization, rejecting
outliersaftereachrun, until no moreoutliersaredetected Second,
ratherthanaddinga single cameraat a time into the optimization,
we addmultiple camerasWe rst nd thecamerawith thegreatest
numberof matchesM , to existing 3D points,thenaddary camera
with atleast0:75M matchego existing 3D points.

Figures2 and3 shav reconstructedameragrenderedasfrusta)
and3D featurepointsfor severalfamousworld sitesreconstructed
with this method.

The total running time of the SfM procedurefor the datasets
we experimentedwith rangedfrom a few hours (for GreatWall,
120 photosprocessedind matched,and 82 ultimately registered)
to abouttwo weeks(for Notre Dame,2,635photosprocesseénd
matched,and 597 photosregistered). The running time is domi-
natedby theiterative bundleadjustmentwhich getsslowver asmore
photosareadded andasthe amountof couplingbetweencameras
increasege.g.,whenmary camera®bsene thesamesetof points).

4.3 Geo-registration

The SfM procedureestimategelative cameraocations. The nal
stepof thelocationestimationprocesss to align the modelwith a
geo-referencednageor map(suchasa satelliteimage, oor plan,
or digital elevation map) to enablethe determinationof absolute
geocentricoordinate®f eachcameraThis stepis unnecessarfor
mary featuresof our explorer systemto work, but is requiredfor
others(suchasdisplayingan overheadmap).

The estimateccamerdocationsare,in theory relatedto the ab-
solutelocationsby a similarity transform(global translation rota-
tion, anduniform scale). To determinethe correcttransformation



Figure 4. Exampleregistration of camers to an overheadmap.
Here, the camerasand recovered line sggmentsfrom the Prague
datasetareshavn superimposedn anaerialimage.(Aerialimage
shavn hereandin Figure5 courtesyof Gefos,a.s.(www.gefos.cz)
andAtlas.cz.)

the userinteractiely rotates translatesand scalesthe modelun-
til it is in agreementvith a provided imageor map. To assistthe
user we estimatethe “up” or gravity vector using the methodof
Szeliski[2005]. The 3D points, lines, and cameralocationsare
thenrenderedsuperimposedn the alignmentimage,usingan or-
thographicprojectionwith the camergpositionedabove the scene,
pointeddownward. If the up vector was estimatedcorrectly the
usermeedonly to rotatethemodelin 2D, ratherthan3D. Our expe-
rienceis thatit is fairly easy especiallyin urbanscenesto perform
thisalignmentby matchingtherecoveredpointsto featuressuchas
building facadesyisible in theimage.Figure4 shavs a screenshot
of suchanalignment.

In somecaseghe recoveredscenecannotbe alignedto a geo-
referencedcoordinatesystemusing a similarity transform. This
canhappenif the SfM procedurefails to obtaina fully metricre-
constructiorof the scenepr becausef low-frequeny drift in the
recoseredpointandcamerdocations.Thesesource®f errordonot
have a signi cant effect on mary of the navigationcontrolsusedin
our explorerinterface,astheerroris notusuallylocally noticeable,
but areproblematiovhenanaccuratenodelis desired.

Oneway to “straightenout” the recoreredscends to pin down
a sparsesetof groundcontrol pointsor camerago known 3D lo-
cations(acquired,for instance,from GPStagsattachedo a few
images)by addingconstraintsto the SfM optimization. Alterna-
tively, ausercanmanuallyspecifycorrespondencdsetweerpoints
or camerasand locationsin animageor map, asin the work of
RobertsorandCipolla[2002].

4.3.1 Aligning to Digital Elevation Maps

For landscapesnd othervery large scalesceneswe cantake ad-
vantageof Digital Elevation Maps (DEMs), usedfor examplein
Google Earth (earth.google.comand with coverageof most of
the United Statesavailable through the U.S. Geological Suney
(www.usgs.com).To align point cloud reconstructionso DEMs,
we manually specify a few correspondencebetweenthe point
cloudandthe DEM, andestimatea 3D similarity transformto de-
termineaninitial alignment.We thenre-runthe SfM optimization
with anadditionalobjectvetermto t thespeci edDEM points.In
thefuture,asmoregeo-referencedround-basednagerybecomes
available(e.g.,throughsystemdike WWMX), thismanualktepwill

nolongerbenecessary

4.4 Scene representation

Therepresentatioof thereconstructedcenanmodelthatwe usefor
our photoexplorationtool is asfollows:

of a 3D locationanda color obtainedfrom oneof theimage
locationswherethatpointis obsered.

consistof animagel ; , arotationmatrix R , atranslatiort; ,
andafocallengthf; .

A mapping,Points, betweercamerasndthe pointsthey ob-
sene. Thatis, Points(C) is the subsetof P containingthe
pointsobseredby camerec.

A setof 3D line sggmentsL = fly;12;:::;Im g andamap-
ping, Lines, betweencamerasand the setof lines they ob-
sene.

5 Photo explorer rendering

Oncea setof photograph®f a scenehasbeenregistered the user
canbrowsethe photographsvith our photoexplorerinterface. Two
importantaspectf this interfacearehow we renderthe explorer
display describedn this section,andthe navigation controls,de-
scribedin Section6.

5.1 User interface layout

Figure5 shavs a screenshotfrom the main window of our photo
explorationinterface. Thecomponentsf thiswindow arethemain
view, which lls thewindow, andthreeoverlay panes:aninforma-
tion andsearctpaneontheleft, athumbnailpanealongthe bottom,
andamappanein theupperright corner

The main view shavs the world as seenfrom a virtual camera
controlledby the user This view is not meantto shav a photo-
realisticview of thescenebut ratherto displayphotographén spa-
tial context andgive a senseof the geometryof thetruescene.

The information pane appearswhen the user visits a photo-
graph. This panedisplaysinformationaboutthat photo,including
its name thenameof thephotographemndthe dateandtime when
it wastaken. In addition,this panecontainscontrolsfor searching
for otherphotographsvith certaingeometriaelationsto thecurrent
photo,asdescribedn Section6.2.

The thumbnailpaneshaws the resultsof searchoperationsasa
Imstrip of thumbnails. Whenthe uservisits a cameraCcyr and
mousesver athumbnail,the correspondingmagel ; is projected
onto a planein the main view to shav the contentof thatimage
andhow it is situatedin space(we precomputeprojectionplanes,
CommonPlane(C; ; Ck), for eachpair C; ; C¢ of camerasby ro-
bustly tting aplaneto Points(C;j) [ Points(Cy)). Thethumbnail
panelalsohascontrolsfor sortingthe currentthumbnailsby date
andtime andviewing themasa slideshav.

Finally, the map panedisplaysan overheadview of scenethat
tracksthe users positionandheading.

5.2 Rendering the scene

The mainview displaysa renderingof the scenefrom the current
viewpoint. Thecameragrerendereasfrusta. If theuseris visiting
a camerathe backfaceof that camerafrustumis texture-mapped
with an opaque full-resolutionversionof the photographso that



Figure5: Sceenshotfromthe explorer interface Left: aview looking down on the Praguedatasetrenderedn a non-photorealististyle.
Right: whenthe uservisits a photo,thatphotoappearst full-resolution,andinformationaboutit appearsn a paneontheleft.

the usercan seeit in detail. The back facesof the other cam-
erasfrustaare eithertexture-mappedvith a low-resolution,semi-
transparenthumbnailof thephoto(if thefrustumis neartheusers
currentposition),or renderedvith atranslucentvhite color.

The recoveredpoints and line segmentsare usedto depictthe
scendtself. The pointsaredravn with their acquiredcolor andthe
linesaredrawn in black. The usercancontrolwhetheror notthe
pointsandlinesaredrawn, the pointsize,andtheline thickness.

We also pravide a non-photorealistiegenderingmodethat pro-
videsmoreattractve visualizations.This modeusesa washed-out
coloringto give animpressionof sceneappearancandgeometry
butis abstracenougho beforgiving of thelack of detailedgeome-
try. For eachcameraC; , we rst robustly t aplaneto Points(C;)
usingRANSAC. If the numberof inliers to therecoreredplaneis
atleast20% of the sizeof Points(C;j ), wethen t arobustbound-
ing box, Rectangle(C; ), to theinliersin the plane. To renderthe
scenewe projecta blurred, semi-transparentersionof eachim-
agel; ontoRectangle(C;) andusealphablendingto combinethe
results. In partsof the scenerepresentedvith a sparsenumberof
points, our systemfalls backto the point andline rendering. An
examplerenderingusing projectedimagesoverlaid with line seg-
mentsis shavn in Figure5.

5.3 Transitions between photographs

An importantelementof our userinterfaceis the methodusedto
generatdéransitionsvhentheusermovesbetweerphotosin the ex-
plorer Mostexisting photobrowsingtoolscutfrom onephotograph
to the next, sometimesmoothingthe transitionby cross-ading.In
our casethegeometrianformationwe infer aboutthe photographs
allows us to use cameramotion and view interpolationto make
transitionsmore visually compellingandto emphasizehe spatial
relationshipdetweerthe photographs.

5.3.1 Camera motion

Whenthe virtual cameramoves from one photographto another
thesysteminearlyinterpolateshecamergositionbetweertheini-
tial and nal camerdocations,andthe cameraorientationbetween
unit quaterniongepresentingheinitial and nal orientations.The
eld of view of thevirtual camerds alsointerpolatedsothatwhen
thecamerareachests destinationthedestinatioimagewill Il as
much of the screenas possible. The camerapath timing is non-
uniform, easingin andout of the transition. We fadeout all other
camerdrustabeforestartingthe motion, to avoid ick eringcaused
by mary frustarapidly moving throughthe view.

If the cameramovesastheresultof anobjectselectionthetran-
sition is slightly different. Beforethe camerastartsmoving, it ori-
entsitself to point at the meanof the selectedboints. The camera
remainspointedat the meanasit moves,sothatthe selectedbject
stays x edin theview. This helpskeepthe objectfrom undegoing
large, distractingmotionsduring the transition. The nal orienta-
tion andfocal length are computedso that the selectedobjectis
centeredand lls thescreen.

5.3.2 View interpolation

During cameraransitionswe alsodisplayin-betweermages.We
have experimentedwith two simple techniquesor morphingbe-
tweenthe startanddestinatiorphotographstriangulatingthe point
cloudandusingplanarimpostors.

Triangulated morphs  To createatriangulatednorphbetween
two camera<C; andCy, we rst computea2D Delaunaytriangula-
tion for imagel; usingthe projectionsof Points(C; ) intol;. The
projectionsof Lines(C;) into |; areimposedasedgeconstraints
onthetriangulation[Chew 1987]. TheresultingDelaunaytriangu-
lation maynot covertheentireimage sowe overlayagrid ontothe
imageandaddeachgrid point not containedn the original trian-
gulation. Eachaddedgrid point is associatedvith a 3D point on
aplaneapproximatinghe geometryof the pointsseenby both C;
andCy. Theconnectiity of the triangulationis thenusedto cre-
atea 3D meshfrom Points(C;) andthe endpointsof Lines(C;).
We texture mapthe meshby projectingl; onto eachtriangle. We
computea meshfor Cy andtexturemapit in the sameway.

To renderan in-betweenview, we rendereachmeshfrom the
new viewpoint and blend the two renderedmagesin proportion
to the distancefrom the in-betweencamerato the two endpoints.
While this techniquedoesnot usecompletelyaccurategeometry
the meshesare often sufcient to give a senseof the 3D geome-
try of the scene.However, missinggeometryand outlying points
can sometimescausedistractingartifacts, as demonstratedn the
accompaning video.

Planar morphs  To createamorphbetweercamerasC; andCy
usinga planarimpostor we simply projectthe two imagesl; and
I« ontoCommonPlane(C; ; Cx) andcross-adebetweerthe pro-
jectedimagesasthe cameramovesfrom C; to Cy. Theresulting
in-betweensare not as faithful to the underlyinggeometryasthe
triangulatedmorphs,tendingto stabilizeonly a dominantplanein
the sceneput the resultingartifactsare usuallylessobjectionable,



perhapsecausave areusedto seeingdistortionscauseddy view-
ing planesfrom differentangles.Becausef the robustnes®f this
method,we preferto useit ratherthantriangulationasthe default
for transitions.Examplemorphsusingboth techniquesare shavn
in theaccompanying video.

There are a few specialcaseswhen view interpolationis not
usedduring a transitionfrom imageC; to Ci. First, if the cam-
erasobsene no commonpoints,our systemcurrentlyhasno basis
for interpolatingthe images. Instead we fadeout the startimage,
move the camerao the destinatiorasusual,thenfadein the desti-
nationimage.Secondijf thenormalto CommonPlane(C; ; Cy) is
nearlyperpendiculato the averageof theviewing directionsof C;
andCy, the projectedimageswould undego signi cant distortion
during the morph. In this case,we revert to using a plane pass-
ing throughthe meanof the pointscommonto both views, whose
normalis the averageof the viewing directions.Finally, if thevan-
ishing line of CommonPlane(C; ; Ck) is visible in imagesl; or
I, it isimpossibleto projecttheentiretyof | or I« ontotheplane.
In this case we projectasmuchaspossibleof I; andl ontothe
plane,andprojecttherestontothe planeatin nity .

6 Photo explorer navigation

Our image exploration tool supportsseveral modesfor navigat-
ing throughthe sceneand nding interestingphotographs.These
modesincludefree- ight navigation, nding relatedviews, object-
basechavigation,andviewing slideshavs.

6.1 Free-ight navigation

Thefree- ight navigationcontrolsincludesomeof the standard8D
motioncontrolsfoundin mary gamesand3D viewers. Theusercan
move the virtual cameraforward, back, left, right, up, and down,
andcancontrol pan,tilt, andzoom. This allows the userto freely
move aroundthesceneandprovidesasimplewayto nd interesting
viewpointsandto nd nearbyphotographs.

At ary time, the usercanclick on a frustumin the main view,
and the virtual camerawill smoothlymove until it is coincident
with the selectedcamera. The virtual camerapansandzoomsso
thattheselectedmage lls asmuchof themainview aspossible.

6.2 Moving between related views

Whenvisiting a photographCeur , the userhasa snapshobf the
world from a single point of view andaninstantin time. Theuser
canpanandzoomto explore the photo,but might alsowantto see
aspectof the scenebeyond thosecapturedn a single picture; he
or shemight wonder for instancewhatlies just outsidethe eld
of view, or to theleft of the objectsin the photo,or whatthe scene
lookslike atadifferenttime of day.

To male it easierto nd relatedviews suchasthesewe provide
theuserwith a setof “geometric”browsingtools. Iconsassociated
with thesetools appeaiin two rows in theinformationpane which
appearsvhenthe useris visiting a photograph. Thesetools nd
photosthatdepictpartsof the scenewith certainspatialrelationsto
whatis currentlyin view. The mechanisnfor implementingthese
searchoolsis to projectthepointsobsened by thecurrentcamera,
Points(Cecur ), into otherphotos(or vice versa),andselectviews
basedntheprojectednotionof thepoints.Forinstanceto answer
the query“show mewhat's to theleft of this photo, we searchfor
aphotoin which Points(Ccur ) appeato have movedright.

For geometricsearcheshew imagesareselectedrom the setof
neighbos of the currentcamera.We de ne the neighborsof C to
bethesetof camerashatseeatleastonepointin Points(C), i.e.,

Neighbors(C) = fC;jPoints(Cj)\ Points(C) 6 ;g

Thetoolsin the rst row nd relatedimagesat differentscales.
Thesetools selectimagesby estimatingvisibility and“how large”
asetof pointsappearsn differentviews. Becausave do not have
completeknowledgeof thegeometryof the sceneto checkthevis-
ibility of a pointin a camerawe simply checkwhetherthe point
projectsinsidethecameras eld of view. To estimatethe appaent
sizeof a setof pointsP in animageC, we projectthe pointsof P
into C, computethe axis-alignedboundingbox of the projections
thatareinsidethe image,and calculatethe ratio of the areaof the
boundingbox (in pixels)to the areaof theimage. We referto this
quantityasSize(P; C).

There are threetools in this set: (1) nd details or higher
resolutionclose-upsof the currentphoto, (2) nd similar photos,
and(3) nd zoom-outsor photosthatshav moresurroundingcon-
text. If thecurrentphotois Ccurr , thesetoolssearcHor appropriate
neighboringphotosC; by computingSize(Points(C; ); Ccurr ) O,
conversely Size(Points(Ccurr ); Cj ). We deemaphotoC; to be:

adetailof Ccyrr if Size(Points(C;); Ceur ) < 0:75andmost
pointsvisiblein Ccu arevisiblein C;

similarto Ceyrr if

Size(Points(Ceurr ); Cj)

0:75< — -
Size(Points(Ccurr ); Ceurr )

< 1.3

andtheanglebetweertheviewing directionsof Ccur andcC;
is lessthanathreshold

azoom-oudf Ceyr if Ceurr is adetailof Cj

Theresultsof ary of thesesearchearedisplayedin the thumb-
nail pane(sortedby increasingapparensize,in the caseof details
and zoom-outs). Thesetools are useful for viewing the scenein
moredetail, comparingsimilar views of an objectwhich differ in
otherrespectssuchastime of day seasonandyear andfor “taking
astepback”to seemoreof thescene.

Thetoolsin thesecondow give theusera simpleway to “step”
left or right, i.e., to seemoreof the scenein a particulardirection.
For eachcamerawe precomputea “left” and“right” image,and
displaythemasthumbnails.To nd aleft andrightimagefor cam-
eraC; , we computetheaverage2D motionmj of the projections
of Points(C; ) fromimagel; to eachneighboringmagel . If the
anglebetweemmj andthe desireddirectionis small (andthe ap-
parentsizesof Points(C;) in bothimagesaresimilar), thenCy is
a candidatdeft or rightimage.Out of all the candidateswe select
theimagel « whosemotionmagnitudgjmjjj is closesto 10% of
thewidth of imagel; .

Along with theleft andright images,we provide a “step back”
tool, whichis a shortcutto the rst zoom-outchoserby the proce-
duredescribedabove.

6.3 Object-based navigation

Anothersearchquery our systemsupportsis “show me photosof
thisobject; wheretheobjectin questioncanbedirectly selectedn
aphotographor in the point cloud. This type of searchappliedto
videoin [Sivic andZissermar2003]is complementaryo, andhas
certainadwantagesover, keyword search. Being ableto selectan
objectis especiallyusefulwhenexploring a scene—whetthe user
comesacrossan interestingobject, direct selectionis an intuitive
wayto nd abetterpictureof thatobject.

In our photo exploration system,the userselectsan objectby
dragginga 2D box aroundaregion of the currentphotoor thepoint
cloud. All pointswhoseprojectionsareinsidethe box are consid-
eredselectedOursystenthensearchefor the“best” pictureof the
selectegpointsby scoringeachimagein thedatabas®éasednhow
goodarepresentatioit is of theselection.Thetop scoringphotois



Figure 6: Object-basedrowsing The userdragsa rectanglearoundNeptunein one photo, andthe system nds a new, high-resolution

photograph.

selectedastherepresentatie view, andthevirtual cameras moved
to thatimage.Theremainingimageswith scoresabore athreshold
aredisplayedin the thumbnailpane,sortedby descendingcore.
An exampleinteractionis shavn in Figure®.

Any functionthatratesthe “goodness’of animagewith respect
to a selectioncan be usedas the scoringfunction. We choosea
function basedon threecriteria: 1) the selectedpointsarevisible,
2) theobjectis viewedfrom agoodangle,and3) the objectappears
in sufcient detail. For eachimagel j , we computethe scoreasa
weightedsumof threeterms,E visible , Eangle ; @aNdE getail . Details
of thecomputatiorof thesetermscanbefoundin AppendixC.

A point selectioncansometimesontainpointsthatthe userdid
not intendto select. In particular it may include occludedpoints
that happento projectinsidethe selectionrectangle.Becausehe
completescenegeometryis unknawn, it is dif cult to testfor visi-
bility. To avoid problemsdueto largerthan-intendedelectionsye
rst prunethe pointsetto remove likely occludedpixels. In partic-
ular, if the selectionwas madewhile visiting animagel; (andis
containedn theimageboundary)we usethepointsthatareknowvn
to bevisible from thatviewpoint (Points(C; )) to re ne the selec-
tion. Wecomputethe3 3 covariancematrixfor theselectegoints
thatarealsoin Points(C; ), andremove all selectechointswith a
Mahalanobidlistancegreaterthan1.2. If the selectionwasmade
directly on the projectedpoint cloud (i.e., not on animage)we in-
steadcomputea weightedmeanand covariancematrix using the
entiresetof selectedboints. The weight for eachpoint is thein-

verseof thedistancefrom thevirtual cameracenterto the point.

6.4 Creating stabiliz ed slidesho ws

Wheneer the thumbnail panecontainsmore than one image, its
contentscanbe viewed asa slideshav by pressinghe “play” but-
ton in the pane. By default, the virtual camerawill move through
spacegrom camerao camerapausingat eachimagefor afew sec-
ondsbeforeproceedingo the next. The usercanalso“lock” the
camera,xing it to theits currentposition,orientation,and eld of
view. Whenthe imagesin the thumbnailpaneareall taken from
approximatelythe samelocation, this modestabilizesthe images,
makingit easierto compareoneimageto the next. This modeis
usefulfor studyingchangesn sceneappearanceas a function of
time of day seasonyear weathermatternsgtc. An examplestabi-
lized slideshav is shavn in the companionvideo.

In additionto beingableto view searchresultsasa slideshav,
theusercanloadasavedimagesequenceThis featurecanbeused
to interactively view toursauthoredoy otherusers.

7 Enhancing scenes

Our systemallows usersto addcontentto a scenen severalways.
First, the usercanregister their own photographgo the sceneat
run-time,aftertheinitial setof photoshasbeenregistered.Second,
userscanannotateegionsof imagesandtheseannotationganbe
propagatedo otherimages.

7.1 Registering new photographs

New photographganberegisteredonthe y , asfollows. First, the
userswitcheso amodewhereanoverheadnap lls theview, opens
a setof images,which are displayedin the thumbnailpanel,and
dragsand dropseachimageonto its approximatelocation on the
map. After eachimagehasbeendropped the systemestimateghe
location,orientation,andfocal lengthof eachnew photoby running
an abbreiated versionof the SfM pipelinedescribedn Section4

atalocallevel. First, SIFT keypointsareextractedandmatchedo

the keypoints of the twenty cameraslosestto the initial location;
the matchego eachothercameraare prunedto containgeometri-
cally consistenimatchesthe existing 3D points correspondingo

the matchesareidenti ed; and nally, thesematchesare usedto

re ne the poseof the new camera.After a setof photoshasbeen
draggedontothe map, it generallytakesaroundten secondso op-

timize the parametergor eachnen cameraon our testmachine,a
3.40GHzIntel Pentium4.

7.2 Annotating objects

Annotationsare supportedin other photo organizingtools, but a
uniquefeatureof our systemis that annotationscan be automati-
cally transfered from oneimageto all otherimagesthat contain
thesamesceneaegion(s).

Theusercanselectaregion of animageandenteratext annota-
tion. The annotations thenstored,alongwith the selectechoints,
andappearsasa semi-transparertiox aroundthe selectedpoints.
Onceannotatedan objectcanbe linked to othersourcesof infor-
mation,suchaswebsites,guidebooksandvideoandaudioclips.

When an annotationis created, it is automaticallytransferred
to all otherrelevant photographs.To determineif an annotation
is appropriatefor a given cameraC; , we checkfor visibility and
scale. To determinevisibility, we simply testthat at leastone of
the annotatecdpointsis in Points(C;). To checkthatthe annota-
tion is at an appropriatescalefor theimage,we determinethe ap-
parentsize, Size(Pann ; Cj ), of the annotationin imagel;, where
Pann is the setof annotategoints. If the annotationis visible and



Figure7: Exampleof annotationtransfer Threeregionswere annotatedn the photograplon the left; the annotationavere automatically
transferredo the otherphotographsafew of which areshavn ontheright. Our systemcanhandlepartialandfull occlusions.

0:05 < Size(Pann ; Cj) < 0:8 (to avoid barelyvisible annotations
andannotationghattake up the entireimage),we transferthe an-
notationto C; . Whentheuservisits C; , theannotatioris displayed
asabox aroundtheannotategoints,asshavn in Figure7.

Besidesquickly enhancinga scenewith semanticinformation,
the ability to transferannotationshas several applications. First,
it enablesa systemin which a tourist cantake a photo(e.g.,from
a cameraphonethat runsour software) andinstantly seeinforma-
tion aboutobjectsin the scenesuperimposedon the image. In
combinationwith a head-mountedisplay sucha capabilitycould
offer a highly portable,computetvision-basedaugmentedeality
system[Feineretal. 1997]. Secondjt makeslabelingphotographs
in preparationfor keyword searchmore ef cient. If anobjectis
annotatedvith a setof keywordsin onephoto,transferringthe an-
notationto otherphotosenablesnultiple imagesto be addedto a
keyword searctdatabaséasedn a singleannotation.

We canalsoleveragethemary existingimagesthathave already
beenannotated.Thereareseveral sourcef existing annotations.
On Flickr, for instance,userscan attachnotesto rectangulare-
gionsof photos. Tools suchasthe ESPGame[von Ahn andDab-
bish 2004] and LabelMe [Russellet al. 2005] encourageausersto
labelimageson the web, and have accumulatech databasef an-
notations.By registeringsuchlabeledimageswith anexisting col-
lection of photosusing our system,we could transferthe existing
labelsto every otherrelevant photoin the system. Otherimages
on the web areimplicitly annotated:for instance,animageon a
Wikipediapageis “annotated'with the URL of thatpage.By reg-
isteringsuchimageswe couldlink otherphotosto the samepage.

8 Results

We have evaluatedour systemusingseveraldatasets.The rst two
setsweretakenin morecontrolledsettingg(i.e.,asinglepersorwith
asinglecameraandlens): Prague, a setof 197 photographsf the
Old Town Squardén PragueCzechRepublic takenoverthecourse
two days,andGreatWall, asetof 120photographsakenalongthe
GreatWall of China(82 of which wereultimatelyregistered).

We have alsoexperimentedwith “uncontrolled” setsconsisting
of imagesdownloadedfrom Flickr. In eachcase,our systemde-
tectedandmatchedeaturentheentiresetof photosandautomat-
ically identi ed andregistereda subsetcorrespondingo onecon-
nectedcomponenbf thescene Thefour setsareasfollows. Notre
Dameis a setof 597 photosof the Notre DameCathedralin Paris.
Thesephotoswereregisteredstartingfrom 2,635photosmatching
the searchterm “notredameAND paris’! Yosemiteis a setof 325

Figure8: Aregisteredhistorical photo.Left: MoonandHalf Dome
1960. Photograptby Ansel Adams. We registeredthis historical
phototo our Half Domemodel. Right: renderingof DEM datafor
Half Dome from where Ansel Adamswas standing,as estimated
by our system. The white borderwasdravn manuallyfor clarity.
(DEM andcolor texture courtesyof the U.S. GeologicalSurey.)

photosof Half Domein YosemiteNational Park, registeredfrom
1,882 photosmatching“halfdome AND yosemit€. Trevi Foun-
tain is asetof 360photosof the Trevi Fountainin Rome registered
from 466 photosmatching“trevi AND rome” Trafalgar Square
is a setof 278 photosfrom Trafalgar Square,from 1893 photos
matching‘trafalgarsquaré.

Theaveragereprojectiorerrorover eachof thedatasetss 1.516
pixels(theaveragdongandshortdimensionof theimagesve reg-
isteredare1,611by 1,128pixels). Visualizationsof thesedatasets
areshawvn in Figures1-8. Pleaseseethe accompaying video for
a demonstratiorf featuresf our photoexplorer, includingobject
selectionyelatedimageselectionmorphing,andannotatiortrans-
fer, on several datasets.

FortheHalf Domedataset,afterinitially constructinghemodel,
we alignedit to a digital elevation map using the approachde-
scribedin Section4.3.1. We then registereda historical photo,
Ansel Adam's “Moon and Half Dome’, to the dataset, by drag-
ging anddroppingit ontothe modelusingthe methoddescribedn
Section7.1. Figure8 shavs asyntheticrenderingof the scenefrom
the estimatedpositionwhereAnsel Adamstook the photo.

9 Discussion and future work

We have presentedh novel end-to-endsystemfor taking an un-
orderedsetof photos,registeringthem, and presentinghemto a



Figure9: Unregisteed photaraphs. A few representatie photosfrom the Trevi Fountainthat our systemwas unableto register These
includeimageshataretoo noisy, dark, cluttered,or whosescaleor viewpoint aretoo differentfrom otherimagesto bereliably matched.

userin a novel, interactve 3D browser We evaluatedour recon-
structionalgorithmand explorationinterfaceon several large sets
of photosof popularsitesgatheredrom the Internetandfrom per

sonalphotocollections.

For the datasetstaken from the Internet,our reconstructioral-
gorithm successfullyregistereda signi cant subsetof the photos.
Most of the photosthat were not registeredbelongto partsof the
scendlisconnectefrom thereconstructegortion,but otherscould
notbematcheddueto otherfactors suchasexcessve blur or noise,
undergposure,or too little overlap with other photos. Figure 9
shaws a few representatie imagesrom the Trevi Fountaindataset
thatour systemwasunableto register

Our reconstructionalgorithm has several limitations that we
would like to addressn the future. Our currentSfM implementa-
tion becomeslow asthe numberof registeredcameragrows. We
would like to speedup the processfor instancepy choosinga bet-
ter orderin which to registerthe photographsA moreefcient or-
deringmightreconstructhelarge-scalescenestructurewith asmall
numberof views, thenregisterthe remainingviews usinglocal op-
timization. Additionally, we canimprove ef ciency usingpartition-
ing methodqSteedlyet al. 2003]. Our SfM procedureas alsonot
guaranteetb produceametricsceneeconstructionvithoutground
control points,which makes obtainingvery accuratenodelsmore
dif cult. This problemwill be alleviated as more georeferenced
databecomesvailable. Our cameramodel doesnot handlelens
distortion,resultingin greaterreconstructiorerror;we planto usea
moresophisticatednodelin the future. Somescenesarechalleng-
ing to reconstructautomatically particularly thosewith repeating
structuresor without strongfeatures. Finally, our algorithmonly
reconstructone connectedcomponentof the input images. We
planto extendit to reconstrucall structurepresenin theinput.

Our explorer interface can also be improved in several ways.
For large numbersof photos,the scenecanbecomeclutteredwith
frusta. To alleviate suchproblems,we wish to explore clustering
the photosand allowing the userto displayonly photoswith cer
tain attributes. Bettermorphingandview interpolationtechniques
would provide anevenmorecompellingsenseof presence.

Ultimately, we wish to scaleup our reconstructioralgorithmto
handlemillions of photograph&ndmaintaina databaseataloging
different scenesand annotations. We ervision a systemthat au-
tomatically scoursthe web for photographsainddeterminesf and
howv new photos t into the database.Sucha systemwould also
geo-rgisterphotographseveragingexisting geo-referencedata.
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A Structure from motion optimization

A perspectie cameracanbeparameterizetly aneleven-parameter
projectionmatrix. Makingthecommonadditionalassumptionghat
the pixels are squareand that the centerof projectionis coinci-
dentwith the imagecenter the numberof parameterss reduced
to seven: the 3D orientation(threeparametersthe cameracenterc
(threeparameterslandthefocal lengthf (oneparameter)We use
anincrementalotation,! to parameteriz¢he 3D rotation,where

R(:A)=1+sin [A] +(@ cos)[A?:! = n

is theincrementalotationmatrix appliedto aninitial rotation,and

" #
0 n, oy
[A] = n, 0 Ay
fy Ny 0

We groupthe seven parameterinto avectotr = [! ;c;f]. Each

pointis parameterizetdy a 3D position,p.



Recweringthe parametersanbeformulatedasanoptimization
problem. In particular we have a setof n camerasparameterized
by . Wealsohave asetof m tracks,parameterizedy p; , and
asetof 2D projectionsg; , whereg; is the obsened projectionof
thej -th trackin thei-th camera.

LetP( ;p) betheequatiormappinga3D pointp toits 2D pro-
jectionin acameravith parameters . P transformsp to homoge-
neousmagecoordinatesandperformsthe perspectie division:

P ;P =KR(p ©

P( ;p =

whereK = diag(f;f;1).
We wish to minimizethe sumof thereprojectionerrors:

0_ T

pR=p  py=p

wi jjgi  P( iipi)ij
i=1 j=1
(wj is usedasan indicatorvariablewherew; = 1 if camerai

obserespointj, andw; = 0 otherwise).

Wheninitializing anew cameraywe have oneor two independent
estimate®f the focal length. Oneestimatef 1, is %(K 11 + K22),
whereK istheintrinsicmatrixestimatedusingDLT. Theother f ,
is calculatedfrom the EXIF tagsof animage,andis unde nedif
thenecessargXIF tagsareabsent.This estimates usuallygood,
but canoccasionallybe off by morethanafactorof two. We prefer
to usef, asinitialization whenit exists, but rst we checkthat
0:7f1 < f, < 1:4f; to make suref, is areasonabl@stimate.If
this testfails, we usef ;.

B Image selection criteria

When determininghow well animagerepresents point set, the
scorefor eachimagel j is aweightedsumof threeterms,E yisipie +
E ange + Edetwt (Weuse = fand = 2).

To compute Eyisipe , We rst check whether Pipjiers \
Points(C; ) is empty If so,the objectis deemedhotto bevisible
to C; atall, andEvise = 1 . OtherwiseEvisipe = jpiide—,
whereninsige  denoteshe numberof pointsin Piniers  that project
insidetheboundaryof imagel; .

Next, to computeEange , we rst attemptto nd a dominant
planein Piniers by tting aplaneto thepointsusingorthogonatre-
gressiorinsidea RANSAC loop. If theplane ts mostof thepoints
fairly tightly, i.e., if the percentagef pointsin Pinjiers IS above
a thresholdof 30%, we favor cameraghat view the objecthead-
on (i.e., with the camerapointing parallelto the normal, A, to the
plane),by settingEange = V(Cj) N, whereV indicatesviewing
direction.If enoughpointsdonot t aplane,wesetEange = O.

Finally, we computeE qeraii  t0 be the area,in pixels, of the
boundingbox of the projectionsof Piniers into imagel; (consid-
eringonly pointsthatprojectinsidetheboundaryof 1 ). Egetail IS
normalizedby the areaof thelargestsuchboundingbox.
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