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Abstract

Thispaperpresentsa quantitativecomparisorof several
multi-view stereoreconstructioralgorithms.Until now the
lack of suitablecalibrated multi-view image datasetswith
knowngroundtruth (3D shapemodels)aspreventedsud
directcomparisonsin this paperwe r stsurvey multi-view
stereo algorithmsand compae themqualitatively using a
taxonomythat differentiatestheir key properties. We then
describeour processfor acquiring and calibrating multi-
view image datasetswith high-accueacy groundtruth and
introduceour evaluationmethodolgy. Finally, we present
theresultsof our quantitativecomparisorof state-of-the-art
multi-view stereo reconstructionalgorithmson six bend-
mark datasets. The datasets,evaluation details, and in-
structionsfor submittingnew modelsare available online
at http://vision.middlebry.edu/mvie.

1. Intr oduction

The goal of multi-view stereois to reconstructa com-
plete 3D objed modelfrom a collection of imagestaken
from known cameraviewpoints. Over the last few years,
a numberof high-qualityalgorithmshave beendeveloped,
andthe stateof theartis improving rapidly. Unfortunately
the lack of benchmarkdatasetsnakesit dif cult to quan-
titatively comparethe performancef thesealgorithmsand
to thereforefocusresearchon the mostneededareasof de-
velopment.

The situationin binocular stereo,wherethe goalis to
producea densadlepthmapfrom a pair of imageswasuntil
recentlysimilar. Here,however, a databasef imageswith
ground-truthresultshasmadethe comparisorof algorithms
possibleandhencestimulatedan evenfasterincreasen al-
gorithm performancd1].

In this paper we aim to rectify this imbalanceby pro-
viding, for the rst time, a collection of high-quality cal-
ibrated multi-view stereoimagesregisteredwith ground-
truth 3D modelsand an evaluationmethodologyfor com-
paringmulti-view algorithms.

Our papers contritutionsinclude a taxonomyof multi-
view stereoreconstructioralgorithmsinspiredby [1] (Sec-
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tion 2), the acquigtion and disseminationof a set of
calibratedmulti-view image datasetswith high-accurag
ground-truth3D surface models (Section 3), an evalua-
tion methodologythat measuresreconstructionaccurag
andcompleteneséSection4), anda quantitatve evaluation
of someof the currently best-performingalgorithms(Sec-
tion 5). While the currentevaluationonly includesmeth-
odswhoseauthorswereableto provide us their resultsby
CVPR nal submissiontime, our datasetsand evaluation
resultsare publicly available [2] and opento the general
community We plan to regularly updatethe results,and
publisha morecomprehensie comparatie evaluationasa
full-length journal publication.

We limit the scopeof this paperto algorithmsthat re-
constructdenseobjectmodelsfrom calibratedviews. Our
evaluationthereforedoesnot includetraditional binocular
trinocular and multi-baselinestereomethods,which seek
to reconstructisingledepthmap,or structure-from-motion
andsparsestereomethodgshatcomputea sparsesetof fea-
ture points. Furthermoreye restrictthe currentevaluation
to objectsthatarenearlyLambertianwhich is assumedy
most algorithms. However, we also capturel and plan to
provide dataset®f specularscenesandplanto extendour
studyto includesuchscenesn thefuture.

This paperis not the rst to surey multi-view stereo
algorithms; we refer readersto nice suneys by Dyer [3]
and Slabaughet al. [4] of algorithmsup to 2001. How-
ever, thestateof thearthaschangediramaticallyin thelast

ve years,warrantinga new overview of the eld. In addi-
tion, this paperprovidesthe rst quantitativeevaluationof
abroadrangeof multi-view sterecalgorithms.

2. A multi-view stereotaxonomy

One of the challengesin comparing and evaluating
multi-view stereoalgorithmsis that existing techniques
vary signi cantly in their underlyingassumptionspperat-
ing ranges,and behaior. Similar in spirit to the binoc-
ular stereo taxonomy[1], we cateorize existing meth-
ods accordingto six fundamentapropertiesthat differen-
tiatethe majoralgorithms:the scenerepresentationphoto-
consistencymeasue, visibility mode] shapeprior, recon-
structionalgorithm andinitialization requirements



2.1.Scenerepresentation

The geometryof an objector scenecanbe represented
in numepus ways; the vast majority of multi-view algo-
rithms use voxels, level-sets, polygon meshes,or depth
maps.While somealgorithmsadoptasinglerepresentation,
othersemploy differentrepresentationor variousstepsin
the reconstructiorpipeline. In this sectionwe give a very
brief overview of theserepresentationandin Section2.5
we discusshow they areusedin thereconstructiorprocess.

Many techniquesepresengieometryonaregularly sam-
pled3D grid (volume),eitherasa discreteoccupang func-
tion (e.g.,voxels[5-19]), or asafunctionencodingdistance
totheclosessurface(e.g.,level-set420-26]). 3D gridsare
popularfor their simplicity, uniformity, and ability to ap-
proximateary surface.

Polygonmeshesepresena suriaceasasetof connected
planarfaces. They are efcient to storeand renderand
arethereforea popularoutputformat for multi-view algo-
rithms. Meshesarealsoparticulaty well-suitedfor visibil-
ity computationsandarealsousedasthe centralrepresen-
tationin somealgorithms[27-32].

Some methodsrepresentthe sceneas a set of depth
maps,onefor eachinput view [33—38]. This multi-depth-
maprepresentatioavoidsresamplingthegeometryona3D
domain, and the 2D representations corvenientparticu-
larly for smallerdatasets. An alternatve is to de ne the
depthmapsrelative to scenesurfacesto form a relief sur
face[39,40].

2.2.Photo-consistencymeasure

Numerousmeasurehave beenproposedor evaluating
thevisualcompatibility of areconstructiorwith a setof in-
putimages.Thevastmajority of thesemeasuregperateby
comparingpixelsin oneimageto pixelsin otherimagesto
seehow well they correlate.For this reasonthey areoften
calledphoto-consistenaypeasurefl1]. Thechoiceof mea-
sureis not necessarilyntrinsic to a particularalgorithm—it
is often possibleto take a measurerom one methodand
substituteit in another We cateorize photo-consistenc
measuredasedn whetherthey arede ned in scenespace
or image spacg22].

Scenespacemeasuresvork by taking a point, patch,or
volumeof geometryprojectingit into theinputimagesand
evaluatingthe amountof mutualagreenent betweenthose
projections A simplemeasuref agreemenis the variance
of the projectedpixels in the input images[8, 11]. Other
methodscompareimagestwo at a time, and usewindow-
matchingmetricssuchassumof squaredlifferencer nor-
malizedcrosscorrelation[20,23,31]. An interestingfea-
ture of scene-spaceindow-basedmethodss thatthe cur-
rentestimateof thegeometrycaninform the sizeandshape
of thewindow [20]. A numberof otherphoto-consistenc

measurebave beenproposedo provide robustnesso small
shiftsandothereffects[12,18].

Image spacemethoduseanestimateof scenegeometry
to warp animagefrom oneviewpointto predicta different
view. Comparinghe predictedandmeasuredmagesyields
aphoto-consistencmeasur&nown aspredictionerror [26,
41]. While predicton erroris conceptuallyvery similar to
scenespacemeasuresgnimportantdifferencds thedomain
of integration. Scenespaceerror functionsare integrated
overasurfaceandthusoftentendto prefersmallersurfaces,
whereagredictionerroris integratedover the setof images
of asceneandthusascribemoreweightto partsof thescene
thatappearfrequentlyor occupy alargeimagearea.

While moststereaalgorithmshave traditionallyassumed
approximatelyview-independenintensities,i.e., Lamber
tian seenes,a numberof nenv photo-consistenc metrics
have beendevisedthat seekto modelmore generalre ec-
tion functions(BRDFs)[15-17,22,23,32]. Somemethods
alsoutilize silhouette§27,30,31] or shadavs [17,42].

2.3.Visibility model

Visibility modelsspecifywhich views to considerwhen
evaluatingphoto-consistencmeasuresBecausecenevis-
ibility canchangedramaticallywith viewpoint, almostall
modern multi-view stereoalgorithms accountfor occlu-
sionsin someway or another Early algorithmsthatdid not
modelvisibility [6,27,43] have troublescalingto large dis-
tributionsof viewpoints. Techniquegor handlingvisibility
include geometri¢ quasi-ggcometri¢ and outlier-basedap-
proaches.

Geometridechniqueseekto explicitly modeltheimage
formationprocessandthe shapeof the sceneto determine
which scenestructuresrevisible in whichimages.A com-
monapproachn surfaceevolution approachess to usethe
currentestimateof the geometryto predictvisibility for ev-
ery point on thatsurface[5, 11,12,19,20,29,30,40]. Fur
thermorejf the surfaceevolution beginswith a surfacethat
encloseshescenea/olumeandevolvesby carvingawaythat
volume,thisvisibility approackcanbe shown to be conser
vative[11, 18]; i.e., the setof camerador which a scene
pointis predictedto bevisible is a subsebf thesetof cam-
erasin whichthatpointis truly visible.

Visibility computationscanbe simpli ed by constrain-
ing the allowabledistribution of cameraviewpoints. If the
scenelies outsidethe corvex hull of the cameracenters,
the occlusionordering of pointsin the sceneis samefor
all camerad8], enablinga numberof moreef cient algo-
rithms[8,10,13,35,44].

Quasi-ggometrictechniquesiseapproximategeometric
reasoningo infer visibility relationships.For example,a
popularheuristicfor minimizing the effectsof occlusionds
to limit the photo-consistencanalysiso clugersof nearby
cameraq31,45]. This approachis often usedin combi-



nation with other forms of geometricreasoningto avoid

obligueviewsandto minimizecomputation$5,11,26]. An-

othercommonquasi-geometritechniques to usearough
estimateof the surfacesuchasthe visual hull [46] to guess
visibility for neighboringpoints[19,47,48].

The third type of methodis to avoid explicit geometric
reasoningand insteadtreat occlusionsas outliers [31, 34,
37,38]. Especiallyin casesvherescenepointsarevisible
moreoftenthanthey areoccludedsimpleoutlier rejection
techniqueq49] canbe usedto selectthe goodviews. A
heuristicoften usedin tandemwith outlier rejectionis to
avoid comparingviews thatarefarapart,therebyincreasing
thelikely percentagef inliers[31,34,37,38].

2.4. Shapeprior

Photo-consisterycmeasuresalone are not always suf-
cient to recover precisegeometry particularly in low-
texturedsceneregions[11,50]. It canthereforebe helpful
to imposeshapepriors thatbiasthe reconstructiorio have
desiredcharacteristicswWhile priorsareessentiafor binoc-
ular stereo,they play a lessimportantrole in multi-view
stereowherethe constraintdrom mary views arestronger

Techniques that minimize scene-based photo-
consisteng measuresnaturally seek minimal surfaces
with small overall surfacearea. This biasis what enables
mary level-setalgorithmsto corverge from a grossinitial
shape[20]. The preferencdor minimal surfacescanalso
resultin atendeng to smoothover pointsof high curvature
(see[51,52] for ways to addressthis problem). Recent
approachesbasedon volumetric min-cut [19, 47] also
have a bias for minimum surfaces. A numberof mesh-
basedalgorithmsincorporatetermsthat causetrianglesto
shrink [29, 31] or preferreferenceshapesuchasa sphere
or aplane[27].

Many methodshasedon voxel coloringandspacecarv-
ing [5,8,9,11,12,16,18,53] insteadprefer maximal sur
faces Sincethesemethods operateby remaoving voxels
only whenthey arenot photo-consistenthey producethe
largestphoto-consistergcenaeconstructionknovn asthe
“photo hull.” Becausehey do not assumehatthe surface
is smooth thesetechniquesregoodat reconstructingigh
curvatureor thin structures.However, the surfacetendsto
bulge outin regionsof low surfacetexture[8, 11].

Ratherthanimposeglobal priors on the overall size of
the surface, other methodsemploy shapepriors that en-
couragelocal smoothness.Approacheghat representhe
scenewith depthmapstypically optimize animage-based
smoothnesgerm[33—-37 45] thatseekdo give neighboring
pixels the samedepthvalue. This kind of prior ts nicely
into a 2D Markov RandomField (MRF) framework, and
canthereforetake advantageof ef cient MRF solvers[35].
A disadantaye is thatthereis a biastoward fronto-parallel
surfaces. This bias can be avoided by enforcing surface-

basedpriors,asin [27,29-3240,47,48].

2.5.Reconstructionalgorithm

Multi-view stereaalgorithmscanberoughlycateyorized
into four classes.

The rst classoperatedy rst computinga costfunction
on a 3D volume, and then extracting a surface from this
volume. A simple exampleof this approachis the voxel
coloring algorithm andits variants[8, 17], which malke a
single sweepthroughthe volume, computingcostsandre-
constructing/oxelswith costshelow athresholdn thesame
pass(notethat[13] avoidsthe needfor a threshold).Other
algorithmsdiffer in the de nition of the costfunction and
the surfaceextraction method. A nhumberof methodsde-

ne avolumetricMRF andusemax- ow [6,19,47,48] or
multi-way graphcut[35] to extractanoptimalsurface.

The secondclass of techniquesworks by iteratively
evolving a surfaceto decreaseor minimize a cost func-
tion. This classincludesmethodsbasedon voxels, level
sets, and surface meshes. Spacecarving [5, 11] and its
variants[9, 11,12,14,18,40,53] progressiely remove in-
consistenvoxels from aninitial volume. Othervariantsof
this approachenableaddingas well as deletingvoxels to
minimize anenegy function[15,54]. Level-settechniques
minimize a setof partial differentialequationsde ned on
a volume. Like spacecarving methods|evel-setmethods
typically start from a large initial volume and shrink in-
ward; unlike most spacecarving methods,however, they
canalsolocally expandif neededto minimize an enegy
function. Otherapproachegepresenthe sceneasanevolv-
ing mesh[27-32] that movesasa function of internaland
externalforces.

In the third classare image-spacenethodsthat com-
pute a set of depthmaps. To ensurea single consistent
3D scendnterpretationthesemethodsenforceconsisteng
constraintshetweendepthmaps[33,35-37],0r memge the
setof depthmapsinto a 3D sceneasa postprocesg45].

The nal classconsistsof algorithmsthat rst extract
andmatcha setof featurepointsandthen t asurfaceto the
reconstructedeatured55-58].

2.6.Initialization requirements

In additionto a setof calibratedimages,all multi-view
stereaalgorithmsassumer requireasinput someinforma-
tion aboutthe geometricextentof the objector scenebeing
reconstructedProviding someconstraintson scenegeom-
etryis in factnecessaryo rule out trivial shapessuchasa
differentpostcardplacedin front of eachcamerdens.

Many algorithmsrequire only a rough boundingbox
or volume (e.g., spacecarving variants[8, 9, 11,12,14,
18,40,53] and level-setalgorithms[20—26]). Somealgo-
rithmsrequirea foreground/backgroundeggmentationi.e.,
silhouette)for eachinput image and reconstructa visual
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bird dogs

Figurel. Multi-view datasetsvith laserscanned®D models.

Figure2. The317camergositionsand orientationdor thetemple
datasetThegapsaredueto shadevs. The47 cameragorrespond-
ing to thering datasetreshavn in blueandred,andthe 16 sparse
ring cameraonly in red.

hull [46] that senesasaninitial estimateof scenegeom-
etry[5,19,31,47,48].

Image-spacealgorithms [33, 35-37] typically enforce
constrainton theallowablerangeof disparityor depthval-
ues, thereby constrainingscenegeometryto lie within a
nearandfar depthplanefor eachcameraviewpoint.

3. Multi-view data sets

To enablea quantitatve evaluationof multi-view stereo
reconstructionalgorithms,we collectedseveral calibrated

multi-view imagesetsand correspondingyroundtruth 3D
meshmodels. Similar dataare availablefor surfacelight-
eld studies[59,60]; we have followed similar procedures
for acquiring the imagesand modelsand for registering
themto one another(althoughwe add a stepto automati-
cally re ne the alignmentof the groundtruth to theimage
setsbasedon minimizing photo-consisteng. The surface
light eld datasetsthemselesarenot, however, suitablefor
this evaluationdueto the highly speculamatureof the ob-
jectsselectedor thosestudies. We note that a numberof
otherhigh quality multi-view datasetarepublicly available
(without registeredgroundtruth models),and we provide
links to mary of thesethroughour website.

The target objectsfor this study were selectedto have
a variety of characteristicghat are challengingfor typi-
cal multi-view stereoreconstructioralgorithms.We sought
objectsthat broadly samplethe spaceof thesecharacter
istics by including both sharpand smoothfeatures,com-
plex topologies,strongconcaities, and both strongly and
weaklytexturedsurfaces(seeFigurel).

The imageswere capturedusing the Stanfordspherical
gantry, aroboticarmthatcanbe positionedon a one-meter
radiussphereo anaccurag of approximately0.01degrees.
Imageswere captredusinga CCD camerawith a resolu-
tion of 640 480 pixels attachedo the tip of the gantry
arm. At this resolution,a pixel in theimagespansoughly
0:25mm on the surfaceof the object (the templeobjectis
10cm 16cm 8cm, andthedinois7cm 9cm  7cm).

The systemwas calibratedby imaginga planarcalibra-
tion grid from 68 viewpointsoverthehemispher@andusing
[61] to computeintrinsic and extrinsic parameters.From
theseparameterswe computedthe cameras translational
androtationaloffsetrelative to thetip of thegantryarm en-
ablingusto determinghe cameras positionandorientation
asafunctionof ary desiredarmposition.

The target objectsits on a stationaryplatform nearthe
centerof the gantry sphereandis lit by threeexternalspot-
lights. Becausehe gantry castsshadevs on the objectin
certainviewpoints,we double-ceeredthe hemispheravith
two differentarm con gurations, capturinga total of 790
images. After shadeved imageswere manuallyremoved,
we obtainedroughly 80% coverageof the sphere Fromthe
resultingimageswe createdhreedatasetsor eachobject,
correspondingo afull hemisphereasinglering aroundthe
object,anda sparselysampleding (Figure?2).

The reference3D model was capturedusing a Cyber
wareModel 15 laserstripescanner This unit hasa single-
scanresolutionof 0:25mm and an accurag of 0:05mm
to 0:2mm, dependingon the surface characteristicand
the viewing angle. For eachobject, roughly 200 individ-
ual scanswerecapturedalignedandmemgedon a 0:25mm
grid, with theresultingmeshextractedwith sub-voxel preci-
sion[62]; theaccurag of thecombinedscangs appreciably



greaterthantheindividual scans.The procedurealsopro-
ducespervertex con denceinformation, which we usein
theevaluationprocedure.

The referencemodelswere alignedto their image sets
using an iterative optimizationapproachthat minimizesa
photo-consistencfunctionbetweerthereferenceaneshand
the images. The alignmentparametergonsistof a trans-
lation, rotation, and uniform scale. The scalefactor was
introducedto compensatéor small differencesn calibra-
tion betweenthe laser scannerand eachimage set. The
photo-consistencfunction for eachvertex of the meshis
the varianceof the color of all raysimpingingon thatver
tex, timesthenumberof imagesin which thatvertex is vis-
ible, timesthe con denceof that vertex. This function is
summedover all verticesin themesh,andminimizedusing
a coordinatedescentmethodwith a bounded nite differ-
enceNewton line search. The size of the nite difference
incremenis reducedetweersuccessieiterationsby afac-
tor of two until a minimum valueis reached. After every
step,a checkis madeto ensurethat the objective function
strictly decreases. The optimizationwasinitialized with
the outputof aniterative closestpoint (ICP) alignmentbe-
tweenthe referenceameshandone of the submittedrecon-
structions. It wasfound thatthe resultof the optimization
wasinvariantto which samplereconstructiorwas selected
for theICP alignment.The quality of thesealignmentavas
validatedoy manuallyinspectinghereprojectionof thefull
images;maximumreprojectionerrorswerefoundto be on
theorderof 1 pixel, andusuallysubstantiallyless.

4. Evaluation methodology

We now describenow we evaluatereconstructionby ge-
ometriccomparisorto the groundtruth model.

Let usdenotethe groundtruth modelasG andthe sub-
mitted reconstructiorresultto be evaluatedasR. Thegoal
of our evaluationis to asses$oththe accuracy of R (how
closeR is to G), andthe completenessf R (how muchof
G is modeledby R). For the purposesof this paper we
assumehatR is itself atrianglemesh.

To measuréheaccurag of areconstructiorywe compute
the distancebetweerthe pointsin R andthe nearespoints
on G. SinceR is asurface,in theory we shouldconstruct
measureshatentailintegrationover R althoughin practice
we simply sampleR atits vertices.

A problemariseswhere G is incomplete. In this case,
for a given point on R in an areawhereG is incomplete,
thenearespointon G couldbeonits boundaryor possibly
on a distantpart of the mesh.Ratherthantry to detectand
remove sucherrorswe insteadcomputenearestistances
to G a hole- lled versionof G, and discountpoints in
R whosenearespointson G° areclosestto the hole- lled
regions. Figure 3(b) illustratesthis approach. While this
solutionis itself imperfect,if the hole lls arereasonably

@
Figure 3. Evaluationof reconstructiorR relative to groundtruth
modelG. (a)R andG arerepresentedsmeshesgachshavn here
to beincompleteat differentpartsof the surface. (b) To compute
accuray, for eachvertex on R, we nd the nearestpoint on G.
We augmen(G with ahole lled region (solid red)to give amesh
G°. Vertices(shawn in red) that projectto the hole lled region
arenotusedin theaccurag metric. (c) To measureonpleteness,
for eachvertex on G, we nd the nearespointson R (wherethe
dottedlinesterminateon R). Vertices(shawvn in red)thatmapto
theboundaryof R or are beyondan“inlier distancefromR to G
aretreatedasnotcoveredby R.

“tight,” this approachwill avoid penalizingaccuratepoints
in R atthe costof discardingsomepossiblylessaccurate
pointsthathapperto matchto thehole Il. In practice we

usethehole- lled surfacesgeneratedby spacecarving[62]

duringsurfacereconstructiorirom rangescansandwe per

form mary scans(approximately200 per object), so that
thesehole lls arefairly closeto theactualsurfaceandcon-
stitutea small portion of the surfaceof the model. In addi-
tion, the meshG haspervertex con dencevaluesindicat-
ing how well it wassampledby thescannef62]; weignore
pointson R thatmapto low con denceregionsof G.

After determiningthe nearesvalid pointson G from R,
we computethe distancedbetweenthem. We computethe
signeddistancego geta senseof whethera reconstruction
tendsto under or over-estimatethe true shape.We setthe
sign of eachdistanceequalto the sign of the dot product
betweenthe outward facingnormalat the nearespoint on
G andthevectorfrom thatpointto thequerypointon R.

Giventhe samplingof signeddistancesrom thevertices
of R to G (lessthedistancedor pointsthat projectto hole
lls of G%, we cannow visualizetheir distributionandcom-
putesummarystatisticausefulin comparingheaccurag of
thereconstrudbn algorithms.Oneusefulexampleof such
a statisticis to computethe distanced suchthat X% of the
pointson R arewithin distanced of G. WhenX = 50 for
instancethis givesmediandistancefrom R to G. Onesuch
statisticis presentedh Section5.

To measurecompletenessye computethe distances
from G to R, i.e., the oppositeof what we do for mea-
suringaccurag. Intuitively, pointson G that have no suit-
ablenearespointson R will be considerednot covered”.
Again,while we couldmeasureéhecoveredareaby integra-
tion, we insteadsampleusingthe verticesof G, which are
fairly uniformly distributedover G for our modek. Unfor-



tunately we cannotusethe sameideafor rejectingnearest
pointsthatwe usefor the accuray metric,since,generally
ahole- lled R%is notavailable.

Insteadwe proposeanalternatve completenessieasure
thatsimplyreportsthefractionof pointsof G thatarewithin
anallowabledistanced of R 1. The parameted shouldbe
chosento be large enoughto accommodatéreasonable”
errorsin the reconstructions A consequencef this mea-
sureis thatunusuallynoisyreconstructionsvill tendto have
lower completenesscores.Figure3(c) illustratesthe prin-
ciple of thecompletenesmeasure.

5. Results

In this section,we presentthe resultsof our quantita-
tive evaluationof six multi-view stereareconstructioralgo-
rithmsonthetempleanddino datasetshavn in Figurel.

First, we brie y describeeachalgorithm. In an effort
to cover the currentstateof the art, we soughtto include
new, recently publishedalgorithmsratherthan evaluating
classicmethoddrom afew yearsago.In additionto thesix
reportedhere threeothergroupstried out the databut were
not ableto producereasonableesultsandarethereforenot
includedin the study

Furukava et al. [48] usewide-baselinestereomatching
to recover the 3D coordinate®f salientfeaturepoints,then
shrink a visual hull modelso that the recoveredpointslie
onits surface,thenre ne theresultusingenegy minimiza-
tion. Goeseleet al. [63] computea depthmapfrom each
cameraviewpoint (similar to [31]) and mewge the results
using VRIP [62]. Hernandezand Schmitt[31] rst com-
pute a depthmap from eachcameraviewpoint and merge
the resultsinto a costvolume. They theniteratively de-
form a mesh,initialized at the visualhull, to nd a mini-
mum costsurfacein this volume, alsoincorporatingterms
to t silhouettesKolmogoroar andZabih[35] computea set
of depthmapsusingmulti-baselinestereowith graphcuts,
then mege the resultsinto a voxel volume by computing
the intersection®f the occludedvolumesfrom eachview-
point. Pons,Keriven, and Faugerag26] computea mini-
mumcostsurfaceby evolving asurfacein alevel-setframe-
work, usinga prediction-erromeasureVogiatzis,Torr, and
Cipolla[19] computeacorrelationcostvolumein theneigh-
borhoodof thevisualhull. A minimum-costsurfaceis then
computedusingvolumetricmin-cut.

Wefoundthatthedifferentmulti-view stereaeconstruc-
tions have sub-millimetertranslationabffsetswith respect
to eachother Relative to theaccuracie®f thebestmodels,
theseoffsetsare quite signi cant. We postulatethat these
shiftsareduein partto smallerrorsin calibration,asshifts

1Pointson G thatmapto theboundaryof R donothave awell-de ned
signeddistance We thereforetreathalf of thosepointsaspositive, andhalf
asnegative.

in the gantry cancausesmall offsetsat differentlatitudes,
but alsore ect intrinsic differencedetwe=nthealgorithms.
To compensatéor theseshifts, we rst alignedthe ground
truth mesh(GTM) to eachreconstructiorusinglCP, before
computingtheaccurag andcompletenesmeasures.

Table1 summarizeghe resultsof runningour accurag
andcompletenesmetricson the alignedmodelsthatthese
six participantssubmitted. We usedan accurag threshold
of 90%, i.e.,anaccurag of 1:0mm meanghat90% of the
pointsarewithin onemm of the GTM. For completeness,
we usedaninlier thresholdof 1:25mm, i.e.,acompleteness
of 95% meansthat 95% of the pointsarewithin 1:25mm
of the GTM. We foundthatthe accurag andcompleteness
rankingsamongthe algorithmswererelatively stable(see
our webpage[2] for resultswith otherthresholds).

The accurag of mary of these methodsis remark-
able. Most methodsconsistentlyget sub-millimeteraccu-
ragy with very few outliers—andthis is from imagescap-
turedonly at videoresolution. Hernandezadthe bestac-
curagy onthetempledatasetswith 90% of its pointsbeing
within 0:36mm of the GTM on the full templeset. How-
ever, Hernandezonsistentlyhadoneof thelargesttransla-
tional offsetsamongthe algorithms(e.g.,a shift of 0:6mm
on thetempleset)—if we hadnot normalizedfor suchoff-
setstheresultswould have changedsigni cantly.

We were surprisedhow well methodsdid on the dino
set, given that the only texture was due to subtleshading
variationson the surface. Visual inspectionof the recon-
structionsdoesshav that even the bestmulti-view stereo
resultsare noisierthanthe laserscannedsTM, indicating
thatthereis potentiallystill roomfor improvement.

While accurag numbersdecreasedvith fewer images
on the templedatasetsthe dino resultssurprisingly shav
the oppositetrend, with mostmethodsdoing betteron the
RingthanontheFull dino set.Dueto thelack of textureon
thedino, regularizationlik ely playsa morecentralrole.

Sincemostof thealgorithmsin thissurwey generateom-
plete object models, the completenessiumberswere not
very discriminatize. The primary exceptionis Goesele,
whosereconstructiongontainholesin low-con dencere-
gions,andcausethe lower completenesaumbes for tem-
pleSparseRingdueto sparseview sampling)andthe dino
sets(dueto areaswith low texture).

Almostall of thesealgorithmsexploitedthefactthatrea-
sonablesilhouetteswere easily available via background
thresholdingon thesedatasets(Hernandez\ogiatzis,and
Furukava requiresilhouettesto operate). An exceptionis
Pons,which doesnot usesilhouettes.Also, Goeseleused
silhouetteson the temple but not the dino datasets. We
foundtheselatterresultsencouragingsincesilhouettesare
notalwaysavailable(e.g.,theotherdatasetén Tablel).

We alsonotethatthe run-timesof thesealgorithmsvar
ied dramaticallywith Ponsconsistentljthefastes{31 min-



Temple Dino

Full (317) Ring(47)  SparseR(16) | Full (363) Ring(48)  SparseR(16)
Furukava [48] 0.65,98.7% 0.58,98.5% 0.82,94.3% | 0.52,99.2% 0.42,98.8% 0.58, 96.9%
Goeseld63] 0.42,98.0% 0.61,86.2% 0.87,56.6% | 0.56,80.0% 0.46,57.8% 0.56, 26.0%
HernandeZ31] 0.36,99.7% 0.52,99.5% 0.75,95.3% | 0.49,99.6% 0.45,97.9% 0.60, 98.5%
Kolmogorw [35] 1.86, 90.4% 2.80, 85.7%
Pons[26] 0.60, 99.5% 0.90, 95.4% 0.55,99.0% 0.71,97.7%
Vogiatzis[19] 1.07,90.7% 0.76,96.2% 2.77,79.4% | 0.42,99.0% 0.49, 96.7% 1.18, 90.8%

Table 1. Accuragy and Completenessesults. The rst numberO:xx measuresiccuracy. the distanced (in mm) suchthat 90% of the
reconstructioris within d of the groundtruth mesh(GTM). The secondhumberxx :x% speci escompletenesshe percentof pointson
the GTM thatarewithin 1:25mm of thereconstructionThe numberof viewsin eachdatasets shavn in parenthesem thetableheader

uteson templeRing)and Goeselevy far the slowest(more
thanadayontempleRing).

Ourwebpage[2] containgmary otherstatisticsonthese
experimentsjncluding run-times,unsignedandsignedhis-
togramsof distancesrom reconstructionto groundtruth
model(andvice versa),cumulatie histogram®f distances,
RMS error measuresand alignmentoffsets betweenthe
modelsandthe GTM. While we lack spaceo shav views of
the reconstructionfiere,we strongly encourageeaderdo
look at theserenderingson our web pageswe feel thatthe
accurag numberdn Table1 matchquitewell to the visual
quality of thereconstructions.

6. Conclusions

This paperpresenteda taxonomyof multi-view stereo
algorithms,new multi-view datasetsegisteredwith laser
scannedsurface models, an evaluation methodology that
measuresaccurag and completenessand a quantitatve
evaluationof someof the best-performingalgorithms.

We are now preparingmore challengingdatasetswith
specularitiesnosilhouettesetc.,thatwe hopewill helpfur-
theradvancethestateof theart. We alsoplanto capturedata
at higherresolutionand are investigating techniquessuch
asindustrial CT scanningo obtainhigheraccurag ground
truth. Finally, we arenow openingthe evaluationto allow
otherresearchert benchmarkheir algorithmsagginstthe
bestof breedtechniques.
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