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Figure1: Oursystemtakesunstructuredcollectionsof photographssuchasthosefrom onlineimagesearches(a) andreconstructs3D points
andviewpoints(b) to enablenovel waysof browsingthephotos(c).

Abstract

We presenta systemfor interactively browsingandexploring large
unstructuredcollectionsof photographsof a sceneusing a novel
3D interface. Our systemconsistsof an image-basedmodeling
front endthatautomaticallycomputestheviewpointof eachphoto-
graphaswell asasparse3D modelof thesceneandimageto model
correspondences.Our photoexplorer usesimage-basedrendering
techniquesto smoothlytransitionbetweenphotographs,while also
enablingfull 3D navigationandexplorationof thesetof imagesand
world geometry, alongwith auxiliary informationsuchasoverhead
maps. Our systemalsomakes it easyto constructphoto toursof
scenicor historic locations,and to annotateimagedetails,which
areautomaticallytransferredto otherrelevant images.We demon-
strateoursystemonseverallargepersonalphotocollectionsaswell
asimagesgatheredfrom Internetphotosharingsites.
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tual realities I.2.10 [Arti�cial Intelligence]: Vision and Scene
Understanding—Modelingandrecoveryof physicalattributes
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1 Intr oduction

A centralgoalof image-basedrenderingis to evokeavisceralsense
of presencebasedon a collectionof photographsof a scene.The
last several yearshave seensigni�cant progresstowardsthis goal
throughview synthesismethodsin theresearchcommunityandin
commercialproductssuchaspanoramatools. Oneof the dreams

is that theseapproacheswill oneday allow virtual tourismof the
world's interestingandimportantsites.

Duringthissametime,digital photography, togetherwith theIn-
ternet,have combinedto enablesharingof photographson a truly
massive scale. For example, a Google image searchon “Notre
DameCathedral”returnsover 15,000photos,capturingthe scene
from myriad viewpoints, levels of detail, lighting conditions,sea-
sons,decades,and so forth. Unfortunately, the proliferation of
sharedphotographshasoutpacedthetechnologyfor 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
largephotocollectionsof popularsiteswhichexploits thecommon
3D geometryof the underlyingscene.Our approachis basedon
computing,from the imagesthemselves,the photographers'loca-
tionsandorientations,alongwith a sparse3D geometricrepresen-
tation of the scene,usinga state-of-the-artimage-basedmodeling
system.Our systemhandleslargecollectionsof unorganizedpho-
tographstakenby differentcamerasin widely differentconditions.
We show how the inferredcameraandsceneinformationenables
thefollowing capabilities:

� Scenevisualization. Fly aroundpopularworld sitesin 3D by
morphingbetweenphotos.

� Object-basedphoto browsing. Show me moreimagesthat
containthis objector partof thescene.

� WherewasI? Tell mewhereI waswhenI took this picture.
� What am I looking at? Tell meaboutobjectsvisible in this

imageby transferringannotationsfrom similar images.

Our paperpresentsnew image-basedmodeling, image-based
rendering,and user-interface techniquesfor accomplishingthese
goals,and their compositioninto an end-to-end3D photobrows-
ing system.Theresultingsystemis remarkablyrobust in practice;
we include resultson numeroussites,rangingfrom Notre Dame
(Figure1) to theGreatWall of ChinaandYosemiteNationalPark,
asevidenceof its broadapplicability.

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



in vision, graphics,and imagebrowsing. Section4 presentsour
approachto obtain geo-registeredcameraandsceneinformation.
Our photoexploration interfaceand renderingtechniquesarede-
scribedin Section5, our navigation tools in Section6, andanno-
tation transfercapabilitiesin Section7. Section8 presentsresults.
We concludewith a discussionof limitations and future work in
Section9.

2 System Overview

In this section,we provide anoverview andmotivationfor thespe-
ci�c featuresof our system. For visual demonstrationsof these
features,we referthereaderto thecompanionvideo.

Our work is basedon the ideaof usingcamerapose(location,
orientation,and�eld of view) andsparse3D sceneinformationto
createnew interfacesfor browsinglargecollectionsof photographs.
Knowing the cameraposeenablesplacingthe imagesinto a com-
mon 3D coordinatesystem(Figure 1 (b)) and allows the userto
virtually explorethesceneby moving in 3D spacefrom oneimage
to anotherusingour photoexplorer. We usemorphingtechniques
to provide smoothtransitionsbetweenphotos. In addition,there-
constructedfeaturesprovide a sparsebut effective 3D visualization
of the scenethat servesasa backdropfor the photographsthem-
selves. Beyond displayingthesefeaturesasa simplepoint cloud,
wepresentanovel non-photorealisticrenderingtechniquethatpro-
videsa bettersenseof sceneappearance.

While standard3D navigation controlsareuseful for somein-
teractions,they arenot idealfor othertasks.For example,suppose
youwantto seeimagesof aparticularobjector region in thescene.
To supportthis kind of object-basedbrowsing, we allow the user
to draw abox aroundanobjectof interestin oneimage;thesystem
thenmovessmoothlyto the“best” view of thatobject.Wealsopro-
vide theability to geometricallystabilizeasetof views of thesame
object,to moreeffectively comparesceneappearanceoverdifferent
timesof day, seasons,or weatherconditions.

Often, we are interestedin learningmoreaboutthe contentof
an image,e.g.,“which statueis this?” or “when wasthis building
constructed?”A greatdealof annotatedimagecontentof this form
alreadyexists in guidebooks,maps,andInternetresourcessuchas
Wikipedia (www.wikipedia.org) and Flickr. However, the image
you may be viewing at any particular time (e.g., from your cell
phonecamera)maynothavesuchannotations.A key featureof our
systemis theability to transferannotationsautomaticallybetween
images,so that informationaboutanobjectin oneimageis linked
to all otherimagesthatcontainthesameobject.

The backboneof our systemis a robust structurefrom motion
approachfor reconstructingthe required3D information. Our ap-
proach�rst computesfeaturecorrespondencesbetweenimages,us-
ing descriptorsthat are robust with respectto variationsin pose,
scale,andlighting, andrunsanoptimizationto recover thecamera
parametersand3D positionsof thosefeatures.Theresultingcorre-
spondencesand3D dataenableall of theaforementionedfeatures
of oursystem.

3 Related work

Thereare threemain categoriesof work relatedto ours: image-
basedmodeling;image-basedrendering;andimagebrowsing, re-
trieval, andannotation.

3.1 Image-based modeling

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

et al. 1996;Grzeszczuk2002;Pollefeys et al. 2004]. Our image-
basedmodelingsystemis basedon recentwork in structure from
motion (SfM), whichaimsto recovercameraparameters,poseesti-
mates,andsparse3D scenegeometryfrom imagesequences[Hart-
ley andZisserman2004]. In particular, our SfM approachis sim-
ilar to thatof Brown andLowe [2005], with severalmodi�cations
to improve robustnessover a variety of datasets. Theseinclude
initializing new camerasusingposeestimation,to helpavoid local
minima;adifferentheuristicfor selectingtheinitial two imagesfor
SfM; checkingthat reconstructedpoints arewell-conditionedbe-
fore addingthemto thescene;andusingfocal lengthinformation
from imageEXIF tags.Schaffalitzky andZisserman[2002]present
anotherrelatedtechniquefor calibratingunorderedimagesets,con-
centratingon ef�ciently matchinginterestpointsbetweenimages.
While bothof theseapproachesaddressthesameSfM problemthat
wedo,they weretestedonmuchsimplerdatasetswith morelimited
variationin imagingconditions.Our papermarksthe�rst success-
ful demonstrationof SfM techniquesbeingappliedto thekindsof
real-world imagesetsfound on GoogleandFlickr. For instance,
our typical imagesethasphotosfrom hundredsof differentcam-
eras,zoom levels, resolutions,different times of day or seasons,
illumination,weather, anddifferingamountsof occlusion.

Oneparticularapplicationof IBM hasbeenthecreationof large
scalearchitecturalmodels. Notableexamplesinclude the semi-
automaticFaçadesystem[Debevec et al. 1996], which was used
to reconstructcompelling �y-throughs of the UC Berkeley cam-
pus;automaticarchitecturereconstructionsystemssuchasthat of
Dick, et al.[2004]; andtheMIT City ScanningProject[Telleretal.
2003],which capturedthousandsof calibratedimagesfrom an in-
strumentedrig to computea 3D modelof theMIT campus.There
are also several ongoing academicand commercialprojects fo-
cusedon large-scaleurbanscenereconstruction.Theseefforts in-
clude the 4D Cities project (www.cc.gatech.edu/4d-cities),which
aims to createa spatial-temporalmodel of Atlanta from histor-
ical photographs;the StanfordCityBlock Project [Román et al.
2004],which usesvideoof city blocksto createmulti-perspective
strip images;and the UrbanScapeprojectof Pollefeys andNistér
(www.cs.unc.edu/Research/urbanscape/).

3.2 Image-based rendering

The �eld of image-basedrendering(IBR) is devotedto the prob-
lem of synthesizingnew views of a scenefrom a setof input pho-
tographs.A forerunnerto this �eld wasthegroundbreakingAspen
MovieMapproject[Lippman1980],in which thousandsof images
of AspenColoradowerecapturedfrom a moving car, registeredto
astreetmapof thecity, andstoredonlaserdisc.A userinterfaceen-
abledinteractively moving throughtheimagesasa functionof the
desiredpathof theuser. Additional featuresincludeda navigation
mapof the city overlayedon the imagedisplay, andthe ability to
touchany building in thecurrent�eld of view andjump to a facade
of thatbuilding. Thesystemalsoallowedattachingmetadatasuch
asrestaurantmenusandhistoricalimageswith individualbuildings.
Ourwork canbeseenasa way to automaticallycreateMovieMaps
from unorganizedcollectionsof images. (In contrast,the Aspen
MovieMap involved a teamof over a dozenpeopleworking over
a few years.) A numberof our visualization,navigation, andan-
notationcapabilitiesaresimilar to thosein theoriginal MovieMap
work, but in animprovedandgeneralizedform.

Morerecentwork in IBR hasfocusedontechniquesfor new view
synthesis,e.g., [Chen and Williams 1993; McMillan andBishop
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 perhapsclosestto oursin its useof a largecollection
of imagestakenthroughoutanarchitecturalspace;thesameauthors



addresstheproblemof computingconsistentfeaturematchesacross
multiple imagesfor the purposesof IBR [Aliaga et al. 2003b].
However, our imagesarecasuallyacquiredby differentphotogra-
phers,ratherthanbeingtakenona �x edgrid with a guidedrobot.

In contrastto most prior work in IBR, our objective is not to
synthesizea photo-realisticview of the world from all viewpoints
per se, but to browsea speci�c collectionof photographsin a 3D
spatialcontext thatgivesa senseof thegeometryof theunderlying
scene. Our approachthereforeusesan approximateplane-based
view interpolationmethodand a non-photorealisticrenderingof
backgroundscenestructures.As such,we side-stepthemorechal-
lengingproblemsof reconstructingfull surfacemodels[Debevec
et al. 1996; Teller et al. 2003], light �elds [Gortler et al. 1996;
Levoy andHanrahan1996], or pixel-accurateview interpolations
[ChenandWilliams 1993;McMillan andBishop1995;Seitzand
Dyer1996;Zitnick etal. 2004].Thebene�t of doingthis is thatwe
areableto operaterobustly with input imagerythat is beyond the
scopeof previousIBM andIBR techniques.

3.3 Image browsing, retrie val, and annotation

Therearemany techniquesandcommercialproductsfor browsing
setsof photosandmuchresearchonthesubjectof how peopletend
to organizephotos,e.g.,[RoddenandWood2003]. Many of these
techniquesusemetadata,suchaskeywords,photographer, or time,
asa basisof photoorganization[Cooperetal. 2003].

Therehasbeengrowing interestin usinggeo-locationinforma-
tion to facilitate photo browsing. In particular, the World-Wide
Media Exchange[Toyamaet al. 2003] arrangesimageson an in-
teractive 2D map.PhotoCompas[Naamanet al. 2004]clustersim-
agesbasedon time andlocation. Reality�ythrough [McCurdy and
Griswold 2005] usesinterfaceideassimilar to ours for exploring
videofrom camcordersinstrumentedwith GPSandtilt sensors,and
KadobayashiandTanaka[2005] presentaninterfacefor retrieving
imagesusingproximity to a virtual camera.In thesesystems,lo-
cationis obtainedfrom GPSor is manuallyspeci�ed. Becauseour
approachdoesnot requireGPSor otherinstrumentation,it hasthe
advantageof beingapplicableto existing imagedatabasesandpho-
tographsfrom the Internet. Furthermore,many of the navigation
featuresof our approachexploit thecomputationof imagefeature
correspondencesandsparse3D geometry, andthereforego beyond
whatwaspossiblein thesepreviouslocation-basedsystems.

Many techniquesalsoexist for therelatedtaskof retrieving im-
agesfrom a database.Oneparticularsystemrelatedto ourwork is
VideoGoogle[Sivic andZisserman2003](not to beconfusedwith
Google's own videosearch),which allows a userto selecta query
objectin oneframeof videoandef�ciently �nd thatobjectin other
frames.Our object-basednavigationmodeusesa similar idea,but
extendedto the3D domain.

A numberof researchershave studiedtechniquesfor automatic
and semi-automaticimageannotation,and annotationtransferin
particular. TheLOCALE system[Naamanet al. 2003]usesprox-
imity to transferlabelsbetweengeo-referencedphotographs.An
advantageof the annotationcapabilitiesof our systemis that our
featurecorrespondencesenabletransferat much�ner granularity;
wecantransferannotationsof speci�c objectsandregionsbetween
images,takinginto accountocclusionsandthemotionsof theseob-
jectsunderchangesin viewpoint. Thisgoalis similarto thatof aug-
mentedreality (AR) approaches(e.g.,[Feineret al. 1997]),which
alsoseekto annotateimages.While mostAR methodsregistera
3D computer-generatedmodelto animage,we insteadtransfer2D
imageannotationsto otherimages.Generatingannotationcontent
is thereforemucheasier. (We can, in fact, import existing anno-
tationsfrom popularserviceslike Flickr.) Annotationtransferhas
beenalsoexploredfor videosequences[Irani andAnandan1998].

Finally, JohanssonandCipolla [2002] have developeda system

whereausercantakeaphotograph,uploadit to aserver whereit is
comparedto an imagedatabase,andreceive locationinformation.
Oursystemalsosupportsthis applicationin additionto many other
capabilities(visualization,navigation,annotation,etc.).

4 Reconstructing Cameras and Sparse
Geometr y

Our systemrequiresaccurateinformationaboutthe relative loca-
tion, orientation,andintrinsic parameterssuchasfocal lengthfor
eachphotographin a collection,aswell assparse3D scenegeom-
etry. Somefeaturesof our systemrequiretheabsolutelocationsof
the cameras,in a geo-referencedcoordinateframe. Someof this
informationcanbeprovidedwith GPSdevicesandelectroniccom-
passes,but thevastmajority of existing photographslack suchin-
formation. Many digital camerasembedfocal lengthandotherin-
formationin theEXIF tagsof image�les. Thesevaluesareuseful
for initialization,but aresometimesinaccurate.

In our system,we do not rely on thecameraor any otherpiece
of equipmentto provide uswith location,orientation,or geometry.
Instead,we computethis informationfrom the imagesthemselves
usingcomputervision techniques.We�rst detectfeaturepointsin
eachimage,thenmatchfeaturepointsbetweenpairsof images,and
�nally run an iterative, robust SfM procedureto recover the cam-
eraparameters.BecauseSfM only estimatesthe relativeposition
of eachcamera,andwe arealsointerestedin absolutecoordinates
(e.g.,latitudeandlongitude),weuseaninteractivetechniqueto reg-
istertherecoveredcamerasto anoverheadmap.Eachof thesesteps
is describedin thefollowing subsections.

4.1 Keypoint detection and matc hing

The �rst stepis to �nd featurepoints in eachimage. We usethe
SIFT keypoint detector[Lowe 2004], becauseof its invarianceto
imagetransformations.A typical imagecontainsseveral thousand
SIFT keypoints. Other featuredetectorscould alsopotentiallybe
used;several detectorsarecomparedin the work of Mikolajczyk,
etal.[2005]. In additionto thekeypoint locationsthemselves,SIFT
providesa localdescriptorfor eachkeypoint. Next, for eachpairof
images,we matchkeypoint descriptorsbetweenthepair, usingthe
approximatenearestneighborspackageof Arya, et al.[1998], then
robustlyestimateafundamentalmatrix for thepairusingRANSAC
[FischlerandBolles 1987]. During eachRANSAC iteration,we
computea candidatefundamentalmatrix usingthe eight-pointal-
gorithm[Hartley andZisserman2004], followedby non-linearre-
�nement. Finally, weremovematchesthatareoutliersto therecov-
eredfundamentalmatrix. If the numberof remainingmatchesis
lessthantwenty, weremove all of thematchesfrom consideration.

After �nding a setof geometricallyconsistentmatchesbetween
eachimagepair, weorganizethematchesinto tracks, wherea track
is a connectedsetof matchingkeypointsacrossmultiple images.
If a trackcontainsmorethanonekeypoint in thesameimage,it is
deemedinconsistent.We keepconsistenttrackscontainingat least
two keypointsfor thenext phaseof thereconstructionprocedure.

4.2 Structure from motion

Next, we recover a setof cameraparametersanda 3D locationfor
eachtrack. Therecoveredparametersshouldbeconsistent,in that
the reprojectionerror, i.e., the sumof distancesbetweenthe pro-
jectionsof eachtrackandits correspondingimagefeatures,is min-
imized. This minimizationproblemis formulatedasa non-linear
leastsquaresproblem(seeAppendixA) andsolvedwith algorithms
suchasLevenberg-Marquardt[NocedalandWright 1999].Suchal-
gorithmsareonly guaranteedto �nd local minima,andlarge-scale



Figure2: Camera and3D point reconstructionsfromphotoson the
Internet.Fromtop to bottom: theTrevi Fountain,Half Dome,and
TrafalgarSquare.

SfM problemsareparticularlyproneto gettingstuckin badlocal
minima,so it is importantto provide goodinitial estimatesof the
parameters.Ratherthanestimatingtheparametersfor all cameras
andtracksat once,we take anincrementalapproach,addingin one
cameraat a time.

We begin by estimatingtheparametersof a singlepair of cam-
eras.This initial pair shouldhave a largenumberof matches,but
alsohave a largebaseline,sothatthe3D locationsof theobserved
pointsarewell-conditioned.Wethereforechoosethepairof images
thathasthelargestnumberof matches,subjectto theconditionthat
thosematchescannotbewell-modeledby a singlehomography, to
avoid degeneratecases.

Next, we addanothercamerato theoptimization.We selectthe
camerathatobservesthe largestnumberof trackswhose3D loca-
tionshave alreadybeenestimated,andinitialize thenew camera's
extrinsic parametersusingthe direct linear transform(DLT) tech-
nique[Hartley andZisserman2004] insidea RANSAC procedure.
The DLT alsogivesan estimateof the intrinsic parametermatrix

Figure3: Estimatedcamera locationsfor theGreatWall dataset.

K asa generalupper-triangularmatrix. We useK andthe focal
lengthestimatedfrom the EXIF tagsof the imageto initialize the
focal lengthof thenew camera(seeAppendixA for moredetails).

Finally, we add tracks observed by the new camerainto the
optimization. A track is addedif it is observed by at leastone
otherrecoveredcamera,andif triangulatingthetrackgivesa well-
conditionedestimateof its location. This procedureis repeated,
onecameraat a time, until no remainingcameraobservesany re-
constructed3D point. To minimize theobjective functionat every
iteration,we usethe sparsebundleadjustmentlibrary of Lourakis
andArgyros [2004]. After reconstructinga scene,we optionally
run a post-processingstepto detect3D line segmentsin thescene
using a line segmentreconstructiontechnique,as in the work of
SchmidandZisserman[1997].

For increasedrobustnessandspeed,we make a few modi�ca-
tionsto thebasicprocedureoutlinedabove. First,afterevery runof
the optimization,we detectoutlier tracksthat containat leastone
keypoint with a high reprojectionerror, and remove thesetracks
from the optimization. We thenrerun the optimization,rejecting
outliersaftereachrun,until no moreoutliersaredetected.Second,
ratherthanaddinga singlecameraat a time into theoptimization,
weaddmultiplecameras.We�rst �nd thecamerawith thegreatest
numberof matches,M , to existing3D points,thenaddany camera
with at least0:75M matchesto existing3D points.

Figures2 and3 show reconstructedcameras(renderedasfrusta)
and3D featurepointsfor several famousworld sitesreconstructed
with this method.

The total running time of the SfM procedurefor the datasets
we experimentedwith rangedfrom a few hours(for GreatWall,
120 photosprocessedandmatched,and82 ultimately registered)
to abouttwo weeks(for NotreDame,2,635photosprocessedand
matched,and597 photosregistered). The running time is domi-
natedby theiterativebundleadjustment,whichgetsslowerasmore
photosareadded,andastheamountof couplingbetweencameras
increases(e.g.,whenmany camerasobservethesamesetof points).

4.3 Geo-registration

TheSfM procedureestimatesrelativecameralocations.The �nal
stepof thelocationestimationprocessis to align themodelwith a
geo-referencedimageor map(suchasa satelliteimage,�oor plan,
or digital elevation map) to enablethe determinationof absolute
geocentriccoordinatesof eachcamera.Thisstepis unnecessaryfor
many featuresof our explorer systemto work, but is requiredfor
others(suchasdisplayinganoverheadmap).

Theestimatedcameralocationsare,in theory, relatedto theab-
solutelocationsby a similarity transform(global translation,rota-
tion, anduniform scale). To determinethe correcttransformation



Figure 4: Exampleregistration of cameras to an overheadmap.
Here, the camerasand recovered line segmentsfrom the Prague
datasetareshown superimposedonanaerialimage.(Aerial image
shown hereandin Figure5 courtesyof Gefos,a.s.(www.gefos.cz)
andAtlas.cz.)

the userinteractively rotates,translates,andscalesthe modelun-
til it is in agreementwith a provided imageor map. To assistthe
user, we estimatethe “up” or gravity vectorusing the methodof
Szeliski [2005]. The 3D points, lines, and cameralocationsare
thenrenderedsuperimposedon the alignmentimage,usingan or-
thographicprojectionwith thecamerapositionedabove thescene,
pointeddownward. If the up vector was estimatedcorrectly, the
userneedsonly to rotatethemodelin 2D, ratherthan3D.Ourexpe-
rienceis thatit is fairly easy, especiallyin urbanscenes,to perform
thisalignmentby matchingtherecoveredpointsto features,suchas
building façades,visible in theimage.Figure4 shows a screenshot
of suchanalignment.

In somecasesthe recoveredscenecannotbe alignedto a geo-
referencedcoordinatesystemusing a similarity transform. This
canhappenif the SfM procedurefails to obtaina fully metric re-
constructionof thescene,or becauseof low-frequency drift in the
recoveredpointandcameralocations.Thesesourcesof errordonot
have a signi�cant effect on many of thenavigationcontrolsusedin
ourexplorerinterface,astheerroris notusuallylocally noticeable,
but areproblematicwhenanaccuratemodelis desired.

Oneway to “straightenout” therecoveredsceneis to pin down
a sparsesetof groundcontrol pointsor camerasto known 3D lo-
cations(acquired,for instance,from GPStagsattachedto a few
images)by addingconstraintsto the SfM optimization. Alterna-
tively, ausercanmanuallyspecifycorrespondencesbetweenpoints
or camerasand locationsin an imageor map, as in the work of
RobertsonandCipolla [2002].

4.3.1 Aligning to Digital Elevation Maps

For landscapesandothervery large scalescenes,we cantake ad-
vantageof Digital Elevation Maps (DEMs), usedfor examplein
Google Earth (earth.google.com)and with coverageof most of
the United Statesavailable through the U.S. GeologicalSurvey
(www.usgs.com).To align point cloud reconstructionsto DEMs,
we manually specify a few correspondencesbetweenthe point
cloudandtheDEM, andestimatea 3D similarity transformto de-
terminean initial alignment.We thenre-runtheSfM optimization
with anadditionalobjectivetermto �t thespeci�edDEM points.In
thefuture,asmoregeo-referencedground-basedimagerybecomes
available(e.g.,throughsystemslikeWWMX), thismanualstepwill

no longerbenecessary.

4.4 Scene representation

Therepresentationof thereconstructedscenemodelthatweusefor
ourphotoexplorationtool is asfollows:

� A setof pointsP = f p1 ; p2 ; : : : ; pn g. Eachpoint consists
of a 3D locationanda color obtainedfrom oneof the image
locationswherethatpoint is observed.

� A setof cameras,C = f C1 ; C2 ; : : : ; Ck g. EachcameraCj

consistsof animageI j , a rotationmatrixR j , a translationt j ,
anda focal lengthf j .

� A mapping,Points, betweencamerasandthepointsthey ob-
serve. That is, Points(C) is the subsetof P containingthe
pointsobservedby camerac.

� A setof 3D line segmentsL = f l1 ; l2 ; : : : ; lm g anda map-
ping, Lines, betweencamerasand the setof lines they ob-
serve.

5 Photo explorer rendering

Oncea setof photographsof a scenehasbeenregistered,theuser
canbrowsethephotographswith ourphotoexplorerinterface.Two
importantaspectsof this interfacearehow we rendertheexplorer
display, describedin this section,andthe navigation controls,de-
scribedin Section6.

5.1 User interface layout

Figure5 shows a screenshotfrom themain window of our photo
explorationinterface.Thecomponentsof thiswindow arethemain
view, which �lls thewindow, andthreeoverlaypanes:aninforma-
tion andsearchpaneontheleft, athumbnailpanealongthebottom,
anda mappanein theupper-right corner.

The main view shows the world asseenfrom a virtual camera
controlledby the user. This view is not meantto show a photo-
realisticview of thescene,but ratherto displayphotographsin spa-
tial context andgive a senseof thegeometryof thetruescene.

The information paneappearswhen the user visits a photo-
graph.This panedisplaysinformationaboutthatphoto,including
its name,thenameof thephotographer, andthedateandtimewhen
it wastaken. In addition,this panecontainscontrolsfor searching
for otherphotographswith certaingeometricrelationsto thecurrent
photo,asdescribedin Section6.2.

Thethumbnailpaneshows the resultsof searchoperationsasa
�lmstrip of thumbnails.Whenthe uservisits a cameraCcurr and
mousesover a thumbnail,thecorrespondingimageI j is projected
onto a planein the main view to show the contentof that image
andhow it is situatedin space(we precomputeprojectionplanes,
CommonPlane(Cj ; Ck ), for eachpair Cj ; Ck of cameras,by ro-
bustly �tting aplaneto Points(Cj ) [ Points(Ck )). Thethumbnail
panelalsohascontrolsfor sortingthe currentthumbnailsby date
andtime andviewing themasa slideshow.

Finally, the mappanedisplaysan overheadview of scenethat
trackstheuser's positionandheading.

5.2 Rendering the scene

Themain view displaysa renderingof the scenefrom thecurrent
viewpoint. Thecamerasarerenderedasfrusta.If theuseris visiting
a camera,the backfaceof that camerafrustumis texture-mapped
with an opaque,full-resolutionversionof the photograph,so that



Figure5: Screenshotsfromtheexplorer interface. Left: a view looking down on thePraguedataset,renderedin a non-photorealisticstyle.
Right: whentheuservisitsa photo,thatphotoappearsat full-resolution,andinformationaboutit appearsin a paneon theleft.

the user can seeit in detail. The back facesof the other cam-
erasfrustaareeithertexture-mappedwith a low-resolution,semi-
transparentthumbnailof thephoto(if thefrustumis neartheuser's
currentposition),or renderedwith a translucentwhite color.

The recoveredpoints and line segmentsareusedto depict the
sceneitself. Thepointsaredrawn with their acquiredcolorandthe
linesaredrawn in black . Theusercancontrolwhetheror not the
pointsandlinesaredrawn, thepoint size,andtheline thickness.

We alsoprovide a non-photorealisticrenderingmodethat pro-
videsmoreattractive visualizations.This modeusesa washed-out
coloring to give an impressionof sceneappearanceandgeometry,
but is abstractenoughto beforgiving of thelackof detailedgeome-
try. For eachcameraCj , we �rst robustly �t a planeto Points(Cj )
usingRANSAC. If thenumberof inliers to the recoveredplaneis
at least20%of thesizeof Points(Cj ), we then�t a robustbound-
ing box, Rectangle(Cj ), to the inliers in theplane.To renderthe
scene,we projecta blurred,semi-transparentversionof eachim-
ageI j ontoRectangle(Cj ) andusealphablendingto combinethe
results. In partsof the scenerepresentedwith a sparsenumberof
points,our systemfalls back to the point and line rendering. An
examplerenderingusingprojectedimagesoverlaid with line seg-
mentsis shown in Figure5.

5.3 Transitions between photographs

An importantelementof our userinterfaceis the methodusedto
generatetransitionswhentheusermovesbetweenphotosin theex-
plorer. Mostexistingphotobrowsingtoolscutfrom onephotograph
to thenext, sometimessmoothingthetransitionby cross-fading.In
ourcase,thegeometricinformationwe infer aboutthephotographs
allows us to usecameramotion and view interpolationto make
transitionsmorevisually compellingandto emphasizethe spatial
relationshipsbetweenthephotographs.

5.3.1 Camera motion

When the virtual cameramoves from onephotographto another,
thesystemlinearlyinterpolatesthecamerapositionbetweentheini-
tial and�nal cameralocations,andthecameraorientationbetween
unit quaternionsrepresentingtheinitial and�nal orientations.The
�eld of view of thevirtual camerais alsointerpolatedsothatwhen
thecamerareachesits destination,thedestinationimagewill �ll as
muchof the screenas possible. The camerapath timing is non-
uniform, easingin andout of the transition. We fadeout all other
camerafrustabeforestartingthemotion,to avoid �ick eringcaused
by many frustarapidlymoving throughtheview.

If thecameramovesastheresultof anobjectselection,thetran-
sition is slightly different. Beforethecamerastartsmoving, it ori-
entsitself to point at themeanof theselectedpoints. Thecamera
remainspointedat themeanasit moves,sothattheselectedobject
stays�x edin theview. Thishelpskeeptheobjectfrom undergoing
large,distractingmotionsduring the transition. The �nal orienta-
tion and focal length are computedso that the selectedobject is
centeredand�lls thescreen.

5.3.2 View interpolation

During cameratransitionswe alsodisplayin-betweenimages.We
have experimentedwith two simple techniquesfor morphingbe-
tweenthestartanddestinationphotographs:triangulatingthepoint
cloudandusingplanarimpostors.

Triangulated morphs To createa triangulatedmorphbetween
two camerasCj andCk , we�rst computea2D Delaunaytriangula-
tion for imageI j usingtheprojectionsof Points(Cj ) into I j . The
projectionsof Lines(Cj ) into I j areimposedasedgeconstraints
on thetriangulation[Chew 1987].TheresultingDelaunaytriangu-
lationmaynotcover theentireimage,soweoverlayagrid ontothe
imageandaddeachgrid point not containedin the original trian-
gulation. Eachaddedgrid point is associatedwith a 3D point on
a planeapproximatingthegeometryof thepointsseenby bothCj

andCk . The connectivity of the triangulationis thenusedto cre-
atea 3D meshfrom Points(Cj ) andthe endpointsof Lines(Cj ).
We texturemapthemeshby projectingI j ontoeachtriangle. We
computeameshfor Ck andtexturemapit in thesameway.

To renderan in-betweenview, we rendereachmeshfrom the
new viewpoint and blend the two renderedimagesin proportion
to the distancefrom the in-betweencamerato the two endpoints.
While this techniquedoesnot usecompletelyaccurategeometry,
the meshesareoften suf�cient to give a senseof the 3D geome-
try of the scene.However, missinggeometryandoutlying points
can sometimescausedistractingartifacts,as demonstratedin the
accompanying video.

Planar morphs To createamorphbetweencamerasCj andCk

usinga planarimpostor, we simply projectthe two imagesI j and
I k ontoCommonPlane(Cj ; Ck ) andcross-fadebetweenthepro-
jectedimagesasthe cameramovesfrom Cj to Ck . The resulting
in-betweensarenot as faithful to the underlyinggeometryas the
triangulatedmorphs,tendingto stabilizeonly a dominantplanein
thescene,but theresultingartifactsareusuallylessobjectionable,



perhapsbecausewe areusedto seeingdistortionscausedby view-
ing planesfrom differentangles.Becauseof therobustnessof this
method,we preferto useit ratherthantriangulationasthedefault
for transitions.Examplemorphsusingboth techniquesareshown
in theaccompanying video.

Thereare a few specialcaseswhen view interpolationis not
usedduring a transitionfrom imageCj to Ck . First, if the cam-
erasobserve no commonpoints,our systemcurrentlyhasno basis
for interpolatingthe images.Instead,we fadeout thestart image,
move thecamerato thedestinationasusual,thenfadein thedesti-
nationimage.Second,if thenormalto CommonPlane(Cj ; Ck ) is
nearlyperpendicularto theaverageof theviewing directionsof Cj

andCk , theprojectedimageswould undergo signi�cant distortion
during the morph. In this case,we revert to using a planepass-
ing throughthemeanof thepointscommonto bothviews, whose
normalis theaverageof theviewing directions.Finally, if thevan-
ishing line of CommonPlane(Cj ; Ck ) is visible in imagesI j or
I k , it is impossibleto projecttheentiretyof I j or I k ontotheplane.
In this case,we projectasmuchaspossibleof I j andI k onto the
plane,andprojecttherestontotheplaneat in�nity .

6 Photo explorer navigation

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

6.1 Free-�ight navigation

Thefree-�ight navigationcontrolsincludesomeof thestandard3D
motioncontrolsfoundin many gamesand3D viewers.Theusercan
move the virtual cameraforward, back, left, right, up, anddown,
andcancontrolpan,tilt, andzoom. This allows theuserto freely
movearoundthesceneandprovidesasimplewayto �nd interesting
viewpointsandto �nd nearbyphotographs.

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

6.2 Moving between related views

Whenvisiting a photographCcurr , the userhasa snapshotof the
world from a singlepoint of view andaninstantin time. Theuser
canpanandzoomto explorethephoto,but might alsowant to see
aspectsof the scenebeyond thosecapturedin a singlepicture;he
or shemight wonder, for instance,what lies just outsidethe �eld
of view, or to theleft of theobjectsin thephoto,or whatthescene
lookslike ata differenttime of day.

To make it easierto �nd relatedviews suchasthese,we provide
theuserwith a setof “geometric”browsingtools. Iconsassociated
with thesetoolsappearin two rows in theinformationpane,which
appearswhenthe useris visiting a photograph. Thesetools �nd
photosthatdepictpartsof thescenewith certainspatialrelationsto
what is currentlyin view. Themechanismfor implementingthese
searchtoolsis to projectthepointsobservedby thecurrentcamera,
Points(Ccurr ), into otherphotos(or vice versa),andselectviews
basedontheprojectedmotionof thepoints.For instance,to answer
thequery“show mewhat's to theleft of this photo,” we searchfor
a photoin whichPoints(Ccurr ) appearto have movedright.

For geometricsearches,new imagesareselectedfrom thesetof
neighbors of thecurrentcamera.We de�ne theneighborsof C to
bethesetof camerasthatseeat leastonepoint in Points(C), i.e.,

Neighbors(C) = f Cj j Points(Cj ) \ Points(C) 6= ;g

The tools in the �rst row �nd relatedimagesat differentscales.
Thesetoolsselectimagesby estimatingvisibility and“how large”
a setof pointsappearsin differentviews. Becausewe do not have
completeknowledgeof thegeometryof thescene,to checkthevis-
ibility of a point in a camerawe simply checkwhetherthe point
projectsinsidethecamera's �eld of view. To estimatetheapparent
sizeof a setof pointsP in animageC, we projectthepointsof P
into C, computethe axis-alignedboundingbox of the projections
thatareinsidethe image,andcalculatetheratio of theareaof the
boundingbox (in pixels) to theareaof the image.We refer to this
quantityasSize(P; C).

There are three tools in this set: (1) �nd details, or higher-
resolutionclose-ups,of the currentphoto,(2) �nd similar photos,
and(3) �nd zoom-outs, or photosthatshow moresurroundingcon-
text. If thecurrentphotois Ccurr , thesetoolssearchfor appropriate
neighboringphotosCj by computingSize(Points(Cj ); Ccurr ) or,
conversely, Size(Points(Ccurr ); Cj ). We deema photoCj to be:

� adetailof Ccurr if Size(Points(Cj ); Ccurr ) < 0:75 andmost
pointsvisible in Ccurr arevisible in Cj

� similar to Ccurr if

0:75 <
Size(Points(Ccurr ); Cj )

Size(Points(Ccurr ); Ccurr )
< 1:3

andtheanglebetweentheviewing directionsof Ccurr andCj

is lessthana threshold

� a zoom-outof Ccurr if Ccurr is a detailof Cj

Theresultsof any of thesesearchesaredisplayedin thethumb-
nail pane(sortedby increasingapparentsize,in thecaseof details
andzoom-outs). Thesetools are useful for viewing the scenein
moredetail, comparingsimilar views of an objectwhich differ in
otherrespects,suchastimeof day, season,andyear, andfor “taking
astepback” to seemoreof thescene.

Thetoolsin thesecondrow give theusera simpleway to “step”
left or right, i.e., to seemoreof thescenein a particulardirection.
For eachcamera,we precomputea “left” and“right” image,and
displaythemasthumbnails.To �nd a left andright imagefor cam-
eraCj , we computetheaverage2D motionm j k of theprojections
of Points(Cj ) from imageI j to eachneighboringimageI k . If the
anglebetweenm j k andthedesireddirectionis small (andtheap-
parentsizesof Points(Cj ) in both imagesaresimilar), thenCk is
a candidateleft or right image.Out of all thecandidates,we select
theimageI k whosemotionmagnitudejjm j k jj is closestto 10%of
thewidth of imageI j .

Along with the left andright images,we provide a “step back”
tool, which is a shortcutto the�rst zoom-outchosenby theproce-
duredescribedabove.

6.3 Object-based navigation

Anothersearchqueryour systemsupportsis “show mephotosof
thisobject,” wheretheobjectin questioncanbedirectlyselectedin
a photographor in thepoint cloud. This typeof search,appliedto
videoin [Sivic andZisserman2003] is complementaryto, andhas
certainadvantagesover, keyword search.Being able to selectan
objectis especiallyusefulwhenexploring a scene—whentheuser
comesacrossan interestingobject,direct selectionis an intuitive
way to �nd a betterpictureof thatobject.

In our photo exploration system,the userselectsan object by
dragginga2D boxaroundaregionof thecurrentphotoor thepoint
cloud. All pointswhoseprojectionsareinsidethebox areconsid-
eredselected.Oursystemthensearchesfor the“best” pictureof the
selectedpointsby scoringeachimagein thedatabasebasedonhow
goodarepresentationit is of theselection.Thetopscoringphotois



Figure6: Object-basedbrowsing. The userdragsa rectanglearoundNeptunein onephoto,and the system�nds a new, high-resolution
photograph.

selectedastherepresentativeview, andthevirtual camerais moved
to thatimage.Theremainingimageswith scoresabove a threshold
aredisplayedin the thumbnailpane,sortedby descendingscore.
An exampleinteractionis shown in Figure6.

Any functionthatratesthe“goodness”of animagewith respect
to a selectioncan be usedas the scoringfunction. We choosea
functionbasedon threecriteria: 1) theselectedpointsarevisible,
2) theobjectis viewedfrom agoodangle,and3) theobjectappears
in suf�cient detail. For eachimageI j , we computethescoreasa
weightedsumof threeterms,E visible , Eangle , andEdetail . Details
of thecomputationof thesetermscanbefoundin AppendixC.

A point selectioncansometimescontainpointsthattheuserdid
not intendto select. In particular, it may includeoccludedpoints
that happento project insidethe selectionrectangle.Becausethe
completescenegeometryis unknown, it is dif�cult to testfor visi-
bility. To avoid problemsdueto larger-than-intendedselections,we
�rst prunethepoint setto remove likely occludedpixels. In partic-
ular, if the selectionwasmadewhile visiting an imageI j (andis
containedin theimageboundary),weusethepointsthatareknown
to bevisible from thatviewpoint (Points(Cj )) to re�ne theselec-
tion. Wecomputethe3� 3 covariancematrixfor theselectedpoints
thatarealsoin Points(Cj ), andremove all selectedpointswith a
Mahalanobisdistancegreaterthan1.2. If theselectionwasmade
directly on theprojectedpoint cloud(i.e., not on animage)we in-
steadcomputea weightedmeanandcovariancematrix using the
entiresetof selectedpoints. The weight for eachpoint is the in-
verseof thedistancefrom thevirtual cameracenterto thepoint.

6.4 Creating stabiliz ed slidesho ws

Whenever the thumbnailpanecontainsmore than one image,its
contentscanbeviewedasa slideshow by pressingthe“play” but-
ton in thepane.By default, the virtual camerawill move through
spacefrom camerato camera,pausingat eachimagefor a few sec-
ondsbeforeproceedingto 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
useful for studyingchangesin sceneappearanceasa function of
time of day, season,year, weatherpatterns,etc. An examplestabi-
lizedslideshow is shown in thecompanionvideo.

In additionto beingableto view searchresultsasa slideshow,
theusercanloadasavedimagesequence.This featurecanbeused
to interactively view toursauthoredby otherusers.

7 Enhancing scenes

Our systemallows usersto addcontentto a scenein severalways.
First, the usercan register their own photographsto the sceneat
run-time,aftertheinitial setof photoshasbeenregistered.Second,
userscanannotateregionsof images,andtheseannotationscanbe
propagatedto otherimages.

7.1 Registering new photographs

New photographscanberegisteredon the�y , asfollows. First, the
userswitchesto amodewhereanoverheadmap�lls theview, opens
a setof images,which aredisplayedin the thumbnailpanel,and
dragsanddropseachimageonto its approximatelocationon the
map.After eachimagehasbeendropped,thesystemestimatesthe
location,orientation,andfocal lengthof eachnew photoby running
anabbreviatedversionof the SfM pipelinedescribedin Section4
at a local level. First,SIFT keypointsareextractedandmatchedto
thekeypointsof the twenty camerasclosestto the initial location;
thematchesto eachothercameraareprunedto containgeometri-
cally consistentmatches;the existing 3D pointscorrespondingto
the matchesare identi�ed; and �nally , thesematchesareusedto
re�ne the poseof the new camera.After a setof photoshasbeen
draggedontothemap,it generallytakesaroundtensecondsto op-
timize theparametersfor eachnew cameraon our testmachine,a
3.40GHzIntel Pentium4.

7.2 Annotating objects

Annotationsare supportedin other photo organizingtools, but a
uniquefeatureof our systemis that annotationscanbe automati-
cally transferred from oneimageto all other imagesthat contain
thesamesceneregion(s).

Theusercanselecta regionof animageandentera text annota-
tion. Theannotationis thenstored,alongwith theselectedpoints,
andappearsasa semi-transparentbox aroundthe selectedpoints.
Onceannotated,an objectcanbe linked to othersourcesof infor-
mation,suchaswebsites,guidebooks,andvideoandaudioclips.

When an annotationis created,it is automaticallytransferred
to all other relevant photographs.To determineif an annotation
is appropriatefor a given cameraCj , we checkfor visibility and
scale. To determinevisibility, we simply test that at leastoneof
the annotatedpoints is in Points(Cj ). To checkthat the annota-
tion is at anappropriatescalefor the image,we determinetheap-
parentsize,Size(Pann ; Cj ), of the annotationin imageI j , where
Pann is thesetof annotatedpoints. If theannotationis visible and



Figure7: Exampleof annotationtransfer. Threeregionswereannotatedin thephotographon the left; theannotationswereautomatically
transferredto theotherphotographs,a few of whichareshown on theright. Oursystemcanhandlepartialandfull occlusions.

0:05 < Size(Pann ; Cj ) < 0:8 (to avoid barelyvisible annotations
andannotationsthat take up theentireimage),we transferthean-
notationto Cj . WhentheuservisitsCj , theannotationis displayed
asa box aroundtheannotatedpoints,asshown in Figure7.

Besidesquickly enhancinga scenewith semanticinformation,
the ability to transferannotationshasseveral applications. First,
it enablesa systemin which a tourist cantake a photo(e.g.,from
a cameraphonethat runsour software)andinstantlyseeinforma-
tion aboutobjectsin the scenesuper-imposedon the image. In
combinationwith a head-mounteddisplay, sucha capabilitycould
offer a highly portable,computer-vision-basedaugmentedreality
system[Feineret al. 1997].Second,it makeslabelingphotographs
in preparationfor keyword searchmore ef�cient. If an object is
annotatedwith a setof keywordsin onephoto,transferringthean-
notationto otherphotosenablesmultiple imagesto be addedto a
keyword searchdatabasebasedona singleannotation.

Wecanalsoleveragethemany existing imagesthathavealready
beenannotated.Thereareseveral sourcesof existing annotations.
On Flickr, for instance,userscan attachnotesto rectangularre-
gionsof photos.ToolssuchastheESPGame[von Ahn andDab-
bish 2004] andLabelMe[Russellet al. 2005] encourageusersto
label imageson the web,andhave accumulateda databaseof an-
notations.By registeringsuchlabeledimageswith anexisting col-
lection of photosusingour system,we could transferthe existing
labelsto every other relevant photo in the system. Other images
on the web are implicitly annotated:for instance,an imageon a
Wikipediapageis “annotated”with theURL of thatpage.By reg-
isteringsuchimages,wecouldlink otherphotosto thesamepage.

8 Results

Wehave evaluatedoursystemusingseveraldatasets.The�rst two
setsweretakenin morecontrolledsettings(i.e.,asinglepersonwith
a singlecameraandlens):Prague, a setof 197photographsof the
Old Town Squarein Prague,CzechRepublic,takenover thecourse
two days,andGreatWall, asetof 120photographstakenalongthe
GreatWall of China(82of whichwereultimatelyregistered).

We have alsoexperimentedwith “uncontrolled”setsconsisting
of imagesdownloadedfrom Flickr. In eachcase,our systemde-
tectedandmatchedfeaturesontheentiresetof photosandautomat-
ically identi�ed andregistereda subsetcorrespondingto onecon-
nectedcomponentof thescene.Thefour setsareasfollows. Notre
Dameis a setof 597photosof theNotreDameCathedralin Paris.
Thesephotoswereregisteredstartingfrom 2,635photosmatching
thesearchterm“notredameAND paris.” Yosemiteis a setof 325

Figure8: A registeredhistoricalphoto.Left: MoonandHalf Dome,
1960. Photographby Ansel Adams. We registeredthis historical
phototo our Half Domemodel.Right: renderingof DEM datafor
Half Domefrom whereAnsel Adamswasstanding,asestimated
by our system.The white borderwasdrawn manuallyfor clarity.
(DEM andcolor texturecourtesyof theU.S.GeologicalSurvey.)

photosof Half Dome in YosemiteNationalPark, registeredfrom
1,882photosmatching“halfdomeAND yosemite.” Trevi Foun-
tain is asetof 360photosof theTrevi Fountainin Rome,registered
from 466 photosmatching“trevi AND rome.” Trafalgar Square
is a set of 278 photosfrom Trafalgar Square,from 1893 photos
matching“trafalgarsquare.”

Theaveragereprojectionerrorover eachof thedatasetsis 1.516
pixels(theaveragelongandshortdimensionsof theimageswereg-
isteredare1,611by 1,128pixels). Visualizationsof thesedatasets
areshown in Figures1-8. Pleaseseethe accompanying video for
a demonstrationof featuresof our photoexplorer, includingobject
selection,relatedimageselection,morphing,andannotationtrans-
fer, onseveraldatasets.

For theHalf Domedataset,afterinitially constructingthemodel,
we aligned it to a digital elevation map using the approachde-
scribedin Section4.3.1. We then registereda historical photo,
Ansel Adam's “Moon andHalf Dome,” to the dataset, by drag-
ging anddroppingit ontothemodelusingthemethoddescribedin
Section7.1.Figure8 showsasyntheticrenderingof thescenefrom
theestimatedpositionwhereAnselAdamstook thephoto.

9 Discussion and future work

We have presenteda novel end-to-endsystemfor taking an un-
orderedsetof photos,registeringthem,andpresentingthemto a



Figure9: Unregistered photographs. A few representative photosfrom the Trevi Fountainthat our systemwasunableto register. These
includeimagesthataretoonoisy, dark,cluttered,or whosescaleor viewpointaretoodifferentfrom otherimages,to bereliablymatched.

userin a novel, interactive 3D browser. We evaluatedour recon-
structionalgorithmandexplorationinterfaceon several large sets
of photosof popularsitesgatheredfrom theInternetandfrom per-
sonalphotocollections.

For thedatasetstaken from the Internet,our reconstructional-
gorithm successfullyregistereda signi�cant subsetof the photos.
Most of the photosthat werenot registeredbelongto partsof the
scenedisconnectedfrom thereconstructedportion,but otherscould
notbematcheddueto otherfactors,suchasexcessiveblur or noise,
underexposure,or too little overlap with other photos. Figure 9
shows afew representative imagesfrom theTrevi Fountaindataset
thatoursystemwasunableto register.

Our reconstructionalgorithm has several limitations that we
would like to addressin the future. Our currentSfM implementa-
tion becomesslow asthenumberof registeredcamerasgrows. We
would like to speedup theprocess,for instance,by choosingabet-
ter orderin which to registerthephotographs.A moreef�cient or-
deringmightreconstructthelarge-scalescenestructurewith asmall
numberof views, thenregistertheremainingviews usinglocal op-
timization.Additionally, wecanimproveef�ciency usingpartition-
ing methods[Steedlyet al. 2003]. Our SfM procedureis alsonot
guaranteedto produceametricscenereconstructionwithoutground
controlpoints,which makesobtainingvery accuratemodelsmore
dif�cult. This problemwill be alleviated as more georeferenced
databecomesavailable. Our cameramodeldoesnot handlelens
distortion,resultingin greaterreconstructionerror;weplanto usea
moresophisticatedmodelin thefuture. Somescenesarechalleng-
ing to reconstructautomatically, particularly thosewith repeating
structuresor without strongfeatures.Finally, our algorithmonly
reconstructsone connectedcomponentof the input images. We
planto extendit to reconstructall structurespresentin theinput.

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

Ultimately, we wish to scaleup our reconstructionalgorithmto
handlemillions of photographsandmaintaina databasecataloging
different scenesand annotations.We envision a systemthat au-
tomaticallyscoursthe web for photographsanddeterminesif and
how new photos�t into the database.Sucha systemwould also
geo-registerphotographsleveragingexistinggeo-referenceddata.
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A Structure from motion optimization

A perspective cameracanbeparameterizedby aneleven-parameter
projectionmatrix. Makingthecommonadditionalassumptionsthat
the pixels are squareand that the centerof projection is coinci-
dentwith the imagecenter, the numberof parametersis reduced
to seven: the3D orientation(threeparameters),thecameracenterc
(threeparameters),andthefocal lengthf (oneparameter).We use
anincrementalrotation,! to parameterizethe3D rotation,where

R (� ; n̂) = I + sin � [n̂]� + (1 � cos� ) [n̂]2� ; ! = � n̂

is theincrementalrotationmatrixappliedto aninitial rotation,and

[n̂]� =

"
0 � n̂ z n̂ y

n̂ z 0 � n̂ x

� n̂ y n̂ x 0

#

We groupthesevenparametersinto a vector, � = [! ; c; f ]. Each
point is parameterizedby a 3D position,p.



Recoveringtheparameterscanbeformulatedasanoptimization
problem. In particular, we have a setof n cameras,parameterized
by � i . We alsohave a setof m tracks,parameterizedby pj , and
a setof 2D projections,qij , whereqij is theobservedprojectionof
thej -th trackin thei -th camera.

Let P (� ; p) betheequationmappinga3D pointp to its 2D pro-
jectionin acamerawith parameters� . P transformsp to homoge-
neousimagecoordinatesandperformstheperspective division:

p0(� ; p) = KR (p � c)

P (� ; p) =
�

� p0
x =p0

z � p0
y =p0

z

� T

whereK = diag(f ; f ; 1).
Wewish to minimizethesumof thereprojectionerrors:

nX

i =1

mX

j =1

wij jj qij � P (� i ; pj )jj

(wij is usedasan indicatorvariablewherewij = 1 if camerai
observespoint j , andwij = 0 otherwise).

Wheninitializing anew camera,wehaveoneor two independent
estimatesof thefocal length.Oneestimate,f 1 , is 1

2 (K 11 + K 22 ),
whereK is theintrinsicmatrixestimatedusingDLT. Theother, f 2 ,
is calculatedfrom the EXIF tagsof an image,andis unde�ned if
thenecessaryEXIF tagsareabsent.This estimateis usuallygood,
but canoccasionallybeoff by morethana factorof two. Weprefer
to usef 2 as initialization when it exists, but �rst we checkthat
0:7f 1 < f 2 < 1:4f 1 to make suref 2 is a reasonableestimate.If
this testfails,we usef 1 .

B Image selection criteria

Whendetermininghow well an imagerepresentsa point set, the
scorefor eachimageI j is aweightedsumof threeterms,E visible +
�E angle + � Edetail (we use� = 1

3 and� = 2
3 ).

To compute Evisible , we �rst check whether Pinliers \
Points(Cj ) is empty. If so, theobjectis deemednot to bevisible
to Cj at all, andEvisible = �1 . Otherwise,E visible = n inside

j P inliers j ,
wheren inside denotesthenumberof pointsin Pinliers thatproject
insidetheboundaryof imageI j .

Next, to computeEangle , we �rst attemptto �nd a dominant
planein Pinliers by �tting a planeto thepointsusingorthogonalre-
gressioninsideaRANSAC loop. If theplane�ts mostof thepoints
fairly tightly, i.e., if the percentageof points in Pinliers is above
a thresholdof 30%, we favor camerasthat view the objecthead-
on (i.e., with thecamerapointing parallelto thenormal,n̂, to the
plane),by settingEangle = V (Cj ) � n̂, whereV indicatesviewing
direction.If enoughpointsdonot �t a plane,wesetEangle = 0.

Finally, we computeEdetail to be the area, in pixels, of the
boundingbox of theprojectionsof Pinliers into imageI j (consid-
eringonly pointsthatprojectinsidetheboundaryof I j ). Edetail is
normalizedby theareaof thelargestsuchboundingbox.
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