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Abstract

The acquisitionof a 3D modelof a real environmentcan be accomplishedusing range sensos. In practice
suitablesensos to denselycover a large ervironmentare oftenimpractical. This paperpresentongoingwork on
the synthesi®f 3D environmentmodelsfromaslittle asoneintensityimage and sparserange data. Our method
is basedon interpolatingthe availablerange datausingstatisticalinferencedearnedfromthe availableintensity
image andfromthose(spaise)regionswhee bothrange andintensityinformationis available Sincewe compute
the relationshipbetweenrextisting range data and the images we start with, we do not needto male any strong
assumptionaboutthekind of surfacesn theworld (for examplewedo notneedto assuméheworld exhibitsonly
diffusereflectance)Experimentatesultsshowthe feasibility of our method.

1. Introduction

While Image-BasedRenderingIBR) hasenjoyedgreatsuc-
cessmostrenderingmethodsdependon 3D models.While

therehasheenenormousgprogreson theautomatedcquisi-
tion of suchmodelstheproces®f obtaining3D datafor real
ervironmentsis often costly or labor intensve in practice.
3D scannershat producerangedatacancommonlybeused
for building modelsof individual objects but eventheseof-

tenneedto berefinedusingmanualintervention4,

More importantly while volume scannergor measuring
the 3D layoutof alarge ervironmentexist, they oftensuffer
from eitherhigh cost,non-uniformcaoverageof the environ-
ment,drop-outsor othercomplicationsLaserline-scanners
areattractive but only producemeasurementonga“slice”
throughthe environmentand covering a volume with such
slicesentailssignificantcomplications.

In this paper we look at hov one can combine a
monochromatidantensity image with very spaise 3D data
to interpolatethe missing3D measurementshis canbere-
ferredto as Image-Basedodeling (sadly the acrorym of
choiceis alreadytaken by a small New York compamp).
Therehasbeenwork oninferring 3D structurefrom intensity
datausing “shape-from-shadingfethodsbut this tendsto
beinaccuratedependenof strongknowledgeof reflectance
functions,andhighly errorprone.Ourapproachin contrast,
is basedon computingthe statisticalrelationshipbetween
the (limited) obsenedrangemeasuremen@ndtheintensity
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imagesand using statisticalinferenceto fill in the missing
rangebasedntheappearancef theavailableintensitydata.

Theability to reconstruca 3D modelof anobjector scene
greatlydepend®nthetype,quality andamountof informa-
tion available.We areinterestedn the classof ervironment
modelingwhich involvestherecovery andrepresentationf
photometriand3D geometridnformationof indoorscenes.
This particularproblemis challengingbecausef a perfect
3D modelis desiredhugeamountsof datafrom severaldif-
ferentviewpoints of the objector sceneare neededHow-
ever, thisis bothimpracticalandcomputationallycostlyand
demandingThis beingthe case the methoddescribechere
was designedto overcomethis problem:;it is aimedat re-
constructinggood 3D modelswhile usinga relatively small
amountof information andfacilitating the acquisitionpro-
cess.

Our approachs basedon assumptionsegardingthe co-
herenceof surfacesin the world and their causalinter-
relationship.Theseareformalizedin the form of a Markov
RandomField (MRF) model of how both pixels and vox-
elsinterrelate.Ratherthanperformingour computationsn
only the pixel domain,or thevoxel domain,we make ourin-
ferencesn acompounchigherdimensionakpacehatcom-
binesreflectancedataand spatialoccupang. It shouldbe
noted that using Markov RandomFields for image com-
pletion haspreviously proven successfuln texture synthe-
sis 215, In the contet of texture synthesisMRF methods
model a texture basedon its local stationaryproperties A
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new texture is generategixel by pixel in sucha way that
thesetwo propertiesarepreseredin a smallsetof spatially
neighboringpixels which characterizegvery pixel on the
textureimage.Insteadof modelingtextures,we modelcom-
mon characteristicbetweerrangeandintensityimages.

The organizationof this paperis asfollows. In the next
section,we review somerelatedwork. In Section3, we de-
scribeour rangesynthesismethod.Someexperimentalre-
sultsare shawn in Section4, and,finally, in Section5 we
give someconclusionandsuggestiongor futureresearch.

2. Previous Work

The procesof producinga 3D modelof areal ervironment
canbe divided onto two processesacquisitionof measure-
mentsin 3D andsynthesiof usefulgeometricmodelsfrom
measurementsn somecasesfor examplewhenmodelsare
generatednanually thesestepsmay be combined.In other
caseghe processesf collectingsetsof 3D points(oftenre-
ferredto asa rangescans),combiningthem onto surfaces
and then generatingsuitablemodelsfor graphicsapplica-
tionsentaildistinctcomputationgthis is quite typicalin au-
tomatedmeasuremendpplications)4 1.6, In this paperwe
focusonly onthe processesf obtaining3D data.

Most prior work on synthesisof 3D environmentmodels
usesoneof eitherphotometricdata(intensity) or geometric
data(range)>4 10 to reconstructa 3D model of an scene.
FitzgibbonandZissermart proposedh methodthatsequen-
tially retrievestheprojective calibrationof acompleteémage
sequencéasedon trackingcornerand/orline featuresover
two or moreimagesandreconstructgachfeatureindepen-
dentlyin 3D. Their methodsolve thefeaturecorrespondence
problemusingmethodsasednthefundamentamatrixand
tri-focal tensor which encodepreciselythe geometriccon-
straintsavailablefrom two or moreimagesf thesamescene
from differentviewpoints.A similarwork is thatof Pollefeys
et.al. 19, they obtaina 3D modelof anobjectfrom imagese-
guencescquiredrom afreely moving cameraThecamera
motionandits settingsareunknavn. Their methodis based
on a combinationof the projective reconstructionself cal-
ibration and densedepthestimationtechniquesin general,
thesemethodsderive the epipolargeometryandthe trifocal
tensorfrom point correspondencesiowever, they assume
thatit is possibleto run an interestoperatorsuchasa cor-
ner detectorto extractfrom oneof theimagesa suficiently
large numberof pointsthat canthenbe reliably matchedn
the otherimages.It appearghatif oneusesinformationof
only onetype,thereconstructioriaskbecomewery difficult
and works well only undernarrav constraintsFor exam-
ple, shape-from-shadingiethods” ° reconstruca 3D scene
by inferring depthfrom a 2D image;in general this taskis
difficult, requiringstrongassumptionsboutreflectanceand
boundssurfacevariability. Morerecentlyseveralresearchers
have consideredusing two or more typesof data. Specif-
ically, the combinationof intensity information and range

dataappeargo be particularly promisingdue to the obvi-
ousrelationshipbetweemmary typesof singularityin these
two domainstt 312 8,13 Pyl etal. 11 addressheproblemof
surfacereconstructiorby scanningooththe intensityin dif-
ferentcolorschannelsandthe geometryof real objectsand
displayingrealisticimagesof objectsfrom arbitrary view-
points. They usea stereocamerasystemwith active light-
ing to obtainrangeandintensityimagesasvisible from one
pointof view. Theintegrationof therangedatainto asurface
modelis accomplishedy usinga hierarchicalspacecarv-
ing method Theintegrationof intensitydatawith rangedata
hasbeenproposed? to helpdefinethe edgesof surfacesex-
tractedrom 3D datasince3D measurementreoftensome-
whatsparseanddo not explicitly definesurfaceboundaries.
In thiswork is wasnecessaryo hypothesizehe existenceof
surfacecontinuityandintersectionamongsurfaces andthe
formationof compositeeaturefrom the surfaces.

However, oneof the mainissuesn usingthe abore con-
figurationsis thatthe acquisitionprocesss very expensve
becausedenseand completeintensity and range data are
neededn orderto obtaina good 3D model.As far aswe
know, thereis no methodthat basests reconstructiorpro-
cesson having a smallamountof intensityand/orrangedata
and syntheticallyestimatingthe areasof missinginforma-
tion by usingthe currentavailable data.In particular such
a methodis feasiblein man-madeenvironments,which, in
generalhave inherentgeometricconstraintssuchasplanar
surfaces.

3. TheAlgorithm

To restateour objective, we wish to infer adenserangemap
from anintensityimageandalimited amountof initial range
data.At the outsetwe malke two key assumptions(l1) the

initial rangedataandintensitydatais registeredand(2) the

rangedatais clumpedinto at leastsomesetsof mutually-

adjacentvoxels (as opposedo scatteredneasurementfar

from one-another)in this paperwe are only interpolating
dataacrossa singlerangescan(i.e. a graphsurfaceof the

form z(x,y)). Note that while the processof inferring dis-

tancesfrom intensity superficially resemblesshape-from-
shadingwe donotdependn prior knowvledgeof reflectance
or on surface smoothnes®r even on surface integrability

(which is an technicalpreconditionfor most shape-from-
shadingmethodsgvenwherenot explicitly stated).

We usea Markov RandomFields (MRF) to expressthat
relationshipbetweenlocal neighborhood®f rangeandin-
tensitydata.Althoughintensityalonedoesnot constrairthe
surfacedepth,intensityinformationcanbeviewedasaprob-
abilistic biason the extrapolationof rangedata.As in MRF-
basednethodsywe assuméhattheintensityandrangevalue
at eachpixel dependsonly on its immediatespatialneigh-
borhood.While this assumptioris not strictly valid in real
scenesthe local coherencef mattermakesthis an accept-
able approximationsinceit only needsto hold in between
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the original 3D estimatesContraryto mostMRF basedal-
gorithms,our approachis completelydeterministic,mean-
ing thatno explicit probability distribution needso be con-
structed.

It is importantto highlight that we are not just dealing
with intensity imagesthat representextures,but arbitrary
imageswhich maycontainoneor moreobjects.Sincerange
dataof theform z(x, y) is representeth thesameform asthe
intensityimagestheimplementatioris straightforvard.

(@)

T [ Pixel contains intensity and range
[ Pixel contains only intensity
M Pixel to synthesize

I
Neighborhood N

P (xy)

= =0l

(b)

Figure 1. Algorithmovervien.

3.1. Synthesizing range

We startby consideringanillustrative examplewith a sim-
plified (special-casejeometryLet | be anintensityimage
of sizemx n andRs be a rangeimageof sizer x s, such
thatmx n > r x s, andthe areacoveredby Rs is alsocov-
eredby |. Let Is be theintensityimageof sizer x s where
Rs overlapsl. The completerangeimageR of sizemx nis
to be synthesizedrom the combinedinformationof Rs and
Is and from intensity dataavailable aroundthe pixel to be
synthesizedseeFigure la).

Thealgorithmstartsgrowing Rs pixel by pixel incremen-
tally until its size equalsthe size of R. The rangevalue
of pixel p with position (x,y) in R is determinedby com-
paring its intensity and rangespatial neighborhoods, ( B)
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andng(p), respectrely, againstall currentavailableinten-
sity and rangeneighborhoods () and nk(p). The range
valueof the pixel with the mostsimilar rangeandintensity
neighborhoodss assignedo p. Similarity betweenspatial
neighborhoodss calculatedasfollows,

> G(0,d— o) (11 (@) — i (&))* + (ne(e) — nR(@))?]

0eNi

whereN| is the neighborhoodgje(x, y) is apixel position,n
andngr representshe intensity andrangespatialneighbor
hoodsrespectrely, aroundthe pixel to be synthesizedand
n| andng arethe intensity and rangeneighborhoodso be
comparedwith. G is a 2-D Gaussiarkernelthatgivesmore
weightto thosepixels nearthe centerthanthoseat the edge
of thewindow. Figurelb givesagraphicalillustrationof the
rangesynthesigrocess.

The shapeanddimensionof the intensityandrangespa-
tial neighborhoodsvill directly determinethe quality of R;
we choseto modelthe spatialneighborhoof a pixel asa
squarewindow aroundthat pixel, whereonly thosepixels
with alreadyassignedntensityand/orrangevaluesarecon-
sideredn thesynthesiprocessThus,theneighborhoods in
fact,of anarbitraryshapedependingnthecurrentavailable
informationon eachof its pixels. The sizeof the neighbor
hoodis a parametethatcanbedefinedby theuser

4. Experimental Results

We presentllustrative resultsof our approactbasedntrials
with both a very simple syntheticdataset as well asreal
rangedatafrom a volumescannerin the caseshavn here,
we startwith a completerangescan(real or synthetic)that
canbe usedas groundtruth to estimatecorrectnes®f our
solution,andthenremore someportion of that datato use
asinput to our processOf coursein practice,the complete
ground-truthdatasetwould not be available.

The syntheticdataweregeneratedvith the 3D rendering
packagePovRay In the left side of Figure 2a a synthetic
intensity image of an empty bookshelfis shavn, the sub-
window in theright sideis theassociatedangeimagetaken
from the positionindicatedby the red rectanglein the in-
tensityimage,theseimagesaregiven asaninput to our al-
gorithm. For this case the size of spatialneighborhoods
andng, is setto be 9 x 9 pixels. The left side of Figure2b
shaws the rangesynthesigesults,andto theright the com-
pletesynthetiaangedatais shavn. It canbeseerthatthe3D
recovery procesapturesnostof the 3D structureindicated
by the intensityimage.Note thatwhile this syntheticexam-
pleis very simple,it would presentinessentiallympossible
challengeto traditionalshape-from-shadingethods.

Representate resultson rangedatafrom a real erviron-
mentare shawvn in Figures3 and4. The real intensity and
rangeimagesof indoor scenesvere obtainedfrom the CE-
SAR lab at Oak Ridge National Laboratory As with the
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Figure 2: Resultoon syntheticdata.

syntheticdata,we startwith the completerangedatasetas
groundtruth andthenhold backmostof thedatato simulate
the sparsesampleof a real scannerandto provide input to
our algorithm. This allows usto comparethe quality of our
reconstructiorwith whatis actuallyin the sceneln thefol-
lowing we will considertwo stratgiesfor subsamplinghe
rangedataanalogousgo the kinds of datareturnedby two
key classe®f realrangescanner

4.1. Limited denserange

The first type of experimentinvolves the range synthesis
whenthe initial rangeis acquiredin rectangularegions of
sizemx nandatposition(rx, ry) ontheintensityimage Fig-
ure3ashaws theintensityimage(left) of size128x 128and
theinitial range(right), awindow of size64 x 64, i.e. only
the 25% of the total rangeis known. Here, the size of the
spatialneighborhoodss 5 x 5 pixels. The synthesizedange
dataobtainedafter running our algorithmis shavn in the
left sideof Figure3b; for purpose®f comparisonwe shav
the completereal rangedata(right side).Figure 3c displays
two differentviews usingour synthesizedangeandthereal
range.lt canbe seenthatthe synthesizedangeis very sim-
ilar to therealrange.The percentagef theresidualerroris
13.06%.

Eange

[ntensity

@)

Synthesized range data Real range data

(b)

With the synthesised range

With the real range

©

Figure 3: Resultson real data. (a) Input. (b) Results.(c)
Resultsn 3D.
(© TheEurographic#ssociation2002.
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4.2. Sparserange measurements

In the secondype of experiment,the initial rangedatais a
setof stripeswith variablewidth alongthe x— andy—axis
of theintensityimage We testedwith the sameintensityim-
ageusedin the previous sectionin orderto compareboth
results.Two experimentsareshawvn in Figure4. Thenitial
rangeimagesare shavn in the left column (the white rect-
anglesaretheregionsto be estimated)andto their right are
synthesizedesults.In Figure4a, thewidth of thestripessy,
is 5 pixels,andthe areawith missingrangedata(xw x Xw) is
25x 25, i.e.,39% of therangeimageis knowvn. The sizeof
the spatialneighborhoodss 5 x 5 pixels. For Figure4b, the
valuesaresy = 3, xw = 28, in thiscasepnly 23%of thetotal

rangeis known. Here,the size of the spatialneighborhoods
is 3 x 3. Thepercentagesf theresidualerrorsfor therecon-

structionare4.85%and6.67%,respectiely. Figure5 shavs

the3D viewsfor bothcasesThe 3D views for therealrange

areshawn in theright columnof figure 3c.

Figure6 shavs thedensityof pixelsatdifferentdepthval-
uesin theoriginal andsynthesizedangeof Figure4a.

Hur Sy

Figure 4: Resultson real data. Theleft columnshowsthe

initial range dataandto their right are synthesizedesults.

(a) rw=>5, Xw= 25(b) rw=3, Xw = 28.

The resultsare surprisinglygoodin both casesOur al-
gorithm was capableof recovering the whole rangeof the
image.We note,however, thatresultsof experimentsusing
stripesaremuchbetterthanthoseusingawindow astheini-
tial rangedata.Intuitively, thisis becauséhesamplespansa
broaderdistribution of range-intensiticombinationghanin
thelocal window case.

Our algorithm was testedon imagesof common(non-
simple)scene$oundin ageneraindoorman-madenviron-
ment.lt is importantto note,thattheinitial rangedatagiven

(© TheEurographicsAssociation2002.

Figure5: 3D viewsfromtheresultsof Figure 4. Thevantage
pointsare the sameasthoseshownin Figure 3c for compar
isonpurposes(a) rw = 5, xw = 25(b) rw = 3, Xw = 28.
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Figure 6: Densityof pixelsat different depthvaluesof the
real and synthesizedange of Figure 4a.

asaninputis crucialto the quality of the synthesisthatis,

if no correlatedchangesxistin therangeandintensity then
the task becomedlifficult. Also, existing discontinuitiesin

thedepthmapthatarenot capturedn theinitial givenrange
andintensity will bedifficult to detectandthereforethe es-
timationwill bewrong.However, sincewe aredealingwith

smoothsurfaceswhich aremorelikely to exist in indooren-
vironmentsthe resultspresentedheredemonstratehat this
is aviableoptionto facilitateervironmentmodeling.

5. Conclusions and Future Work

We have presentedn algorithmfor recovering 3D geomet-
ric datagiven anintensityimagewith little associatedange
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information. The approachusesMarkov RandomField as

a statisticalmodelfor how rangeandintensity inter-relate.

Therearea numberof parametershatcangreatlyinfluence

thequality of theresults— sizeof thespatialneighborhoods,
the amountof initial rangeandthe characteristicgaptured
in thatinitial range.In ongoingwork we are examiningthe

inter-relationshipbetweertheseparameters.

In this work we exploit statisticalrelationshipsbetween

rangedataandintensity to interpolatethe rangemap. Do-

ing soin the absenceof assumptionsegardingsurfacere-
flectanceor geometrygives us a greatdegree of general-
ity. On the otherhand,wheresuchinformationis available
we are ngglecting potentially powverful sourcesof informa-
tion thatmightallow usto interpolaterangedataover much
wider regions (i.e. with fewer original measurements)n

particular we are consideringextensionsof this work that
explicitly considerusingstrongerassumption®r biasese-
garding the nature of the sceneswe are observing.This
seemso be a naturaldirection sincesuchassumptionsre
usedin subsequentriangulationprocesseshatarea requi-
site partof thegraphicspipeline.
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