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Abstract
The acquisitionof a 3D modelof a real environmentcan be accomplishedusing range sensors. In practice,
suitablesensors to denselycover a large environmentare oftenimpractical.Thispaperpresentsongoingworkon
thesynthesisof 3D environmentmodelsfromas little asoneintensityimage andsparserange data.Our method
is basedon interpolatingtheavailablerange datausingstatisticalinferenceslearnedfromtheavailableintensity
image andfromthose(sparse)regionswhere bothrange andintensityinformationis available. Sincewecompute
the relationshipbetweenextisting range data and the imageswe start with, we do not needto make any strong
assumptionsaboutthekindof surfacesin theworld (for examplewedonotneedto assumetheworld exhibitsonly
diffusereflectance).Experimentalresultsshowthefeasibilityof our method.

1. Introduction

While Image-BasedRendering(IBR) hasenjoyedgreatsuc-
cess,mostrenderingmethodsdependon 3D models.While
therehasbeenenormousprogresson theautomatedacquisi-
tion of suchmodels,theprocessof obtaining3D datafor real
environmentsis often costly or labor intensive in practice.
3D scannersthatproducerangedatacancommonlybeused
for building modelsof individual objects,but eventheseof-
tenneedto berefinedusingmanualintervention14.

More importantly, while volumescannersfor measuring
the3D layoutof a largeenvironmentexist, they oftensuffer
from eitherhigh cost,non-uniformcoverageof theenviron-
ment,drop-outsor othercomplications.Laserline-scanners
areattractivebut only producemeasurementsalonga“slice”
throughthe environmentandcovering a volumewith such
slicesentailssignificantcomplications.

In this paper we look at how one can combine a
monochromaticintensity imagewith very sparse 3D data
to interpolatethemissing3D measurements:this canbere-
ferredto as Image-BasedModeling (sadly, the acronym of
choice is alreadytaken by a small New York company).
Therehasbeenworkoninferring3D structurefrom intensity
datausing“shape-from-shading”methodsbut this tendsto
beinaccurate,dependentof strongknowledgeof reflectance
functions,andhighly error-prone.Ourapproach,in contrast,
is basedon computingthe statisticalrelationshipbetween
the(limited) observedrangemeasurementsandtheintensity

imagesandusingstatisticalinferenceto fill in the missing
rangebasedontheappearanceof theavailableintensitydata.

Theability to reconstructa3D modelof anobjector scene
greatlydependson thetype,qualityandamountof informa-
tion available.We areinterestedin theclassof environment
modelingwhich involvestherecovery andrepresentationof
photometricand3D geometricinformationof indoorscenes.
This particularproblemis challengingbecauseif a perfect
3D modelis desired,hugeamountsof datafrom severaldif-
ferentviewpoints of the objector sceneareneeded.How-
ever, this is bothimpracticalandcomputationallycostlyand
demanding.This beingthecase,themethoddescribedhere
wasdesignedto overcomethis problem;it is aimedat re-
constructinggood3D modelswhile usinga relatively small
amountof informationandfacilitating the acquisitionpro-
cess.

Our approachis basedon assumptionsregardingthe co-
herenceof surfacesin the world and their causal inter-
relationship.Theseareformalizedin the form of a Markov
RandomField (MRF) model of how both pixels andvox-
els inter-relate.Ratherthanperformingour computationsin
only thepixel domain,or thevoxel domain,wemakeour in-
ferencesin acompoundhigher-dimensionalspacethatcom-
binesreflectancedataand spatialoccupancy. It shouldbe
noted that using Markov RandomFields for image com-
pletion haspreviously proven successfulin texture synthe-
sis 2� 15. In the context of texture synthesis,MRF methods
modela texture basedon its local stationaryproperties.A
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new texture is generatedpixel by pixel in sucha way that
thesetwo propertiesarepreservedin a smallsetof spatially
neighboringpixels which characterizesevery pixel on the
textureimage.Insteadof modelingtextures,wemodelcom-
moncharacteristicsbetweenrangeandintensityimages.

The organizationof this paperis as follows. In the next
section,we review somerelatedwork. In Section3, we de-
scribeour rangesynthesismethod.Someexperimentalre-
sultsareshown in Section4, and,finally, in Section5 we
give someconclusionsandsuggestionsfor futureresearch.

2. Previous Work

Theprocessof producinga 3D modelof a realenvironment
canbe dividedonto two processes:acquisitionof measure-
mentsin 3D andsynthesisof usefulgeometricmodelsfrom
measurements.In somecases,for examplewhenmodelsare
generatedmanually, thesestepsmaybecombined.In other
casestheprocessesof collectingsetsof 3D points(oftenre-
ferred to asa rangescans),combiningthemonto surfaces
and then generatingsuitablemodelsfor graphicsapplica-
tionsentaildistinctcomputations(this is quitetypical in au-
tomatedmeasurementapplications)14� 1� 6. In this paperwe
focusonly on theprocessesof obtaining3D data.

Most prior work on synthesisof 3D environmentmodels
usesoneof eitherphotometricdata(intensity)or geometric
data(range)5� 4� 10 to reconstructa 3D model of an scene.
FitzgibbonandZisserman4 proposedamethodthatsequen-
tially retrievestheprojectivecalibrationof acompleteimage
sequencebasedon trackingcornerand/orline featuresover
two or moreimages,andreconstructseachfeatureindepen-
dentlyin 3D.Theirmethodsolvethefeaturecorrespondence
problemusingmethodsbasedonthefundamentalmatrixand
tri-focal tensor, which encodepreciselythe geometriccon-
straintsavailablefrom two or moreimagesof thesamescene
from differentviewpoints.A similarwork is thatof Pollefeys
et.al. 10, they obtaina3D modelof anobjectfrom imagese-
quencesacquiredfrom a freelymoving camera.Thecamera
motionandits settingsareunknown. Their methodis based
on a combinationof the projective reconstruction,self cal-
ibration anddensedepthestimationtechniques.In general,
thesemethodsderive theepipolargeometryandthetrifocal
tensorfrom point correspondences.However, they assume
that it is possibleto run an interestoperatorsuchasa cor-
nerdetectorto extract from oneof the imagesa sufficiently
largenumberof pointsthatcanthenbereliably matchedin
the otherimages.It appearsthat if oneusesinformationof
only onetype,thereconstructiontaskbecomesverydifficult
and works well only undernarrow constraints.For exam-
ple,shape-from-shadingmethods7� 9 reconstructa 3D scene
by inferring depthfrom a 2D image;in general,this taskis
difficult, requiringstrongassumptionsaboutreflectanceand
boundssurfacevariability. Morerecentlyseveralresearchers
have consideredusing two or more typesof data.Specif-
ically, the combinationof intensity information and range

dataappearsto be particularly promisingdue to the obvi-
ousrelationshipbetweenmany typesof singularityin these
two domains11� 3 � 12� 8� 13. Pulli etal. 11 addresstheproblemof
surfacereconstructionby scanningboththeintensityin dif-
ferentcolorschannelsandthegeometryof realobjectsand
displayingrealistic imagesof objectsfrom arbitrary view-
points.They usea stereocamerasystemwith active light-
ing to obtainrangeandintensityimagesasvisible from one
pointof view. Theintegrationof therangedatainto asurface
model is accomplishedby usinga hierarchicalspacecarv-
ing method.Theintegrationof intensitydatawith rangedata
hasbeenproposed12 to helpdefinetheedgesof surfacesex-
tractedfrom 3Ddatasince3D measurementsareoftensome-
whatsparseanddo not explicitly definesurfaceboundaries.
In thiswork is wasnecessaryto hypothesizetheexistenceof
surfacecontinuityandintersectionsamongsurfaces,andthe
formationof compositefeaturesfrom thesurfaces.

However, oneof themain issuesin usingtheabove con-
figurationsis that the acquisitionprocessis very expensive
becausedenseand completeintensity and rangedata are
neededin order to obtain a good3D model.As far as we
know, thereis no methodthat basesits reconstructionpro-
cessonhaving asmallamountof intensityand/orrangedata
andsyntheticallyestimatingthe areasof missinginforma-
tion by usingthe currentavailabledata.In particular, such
a methodis feasiblein man-madeenvironments,which, in
general,have inherentgeometricconstraints,suchasplanar
surfaces.

3. The Algorithm

To restateour objective,we wish to infer adenserangemap
from anintensityimageandalimited amountof initial range
data.At the outsetwe make two key assumptions:(1) the
initial rangedataandintensitydatais registeredand(2) the
rangedatais clumpedinto at leastsomesetsof mutually-
adjacentvoxels (asopposedto scatteredmeasurementsfar
from one-another).In this paperwe are only interpolating
dataacrossa single rangescan(i.e. a graphsurfaceof the
form z� x � y� ). Note that while the processof inferring dis-
tancesfrom intensity superficially resemblesshape-from-
shading,wedonotdependonprior knowledgeof reflectance
or on surfacesmoothnessor even on surface integrability
(which is an technicalpreconditionfor most shape-from-
shadingmethods,evenwherenotexplicitly stated).

We usea Markov RandomFields(MRF) to expressthat
relationshipbetweenlocal neighborhoodsof rangeand in-
tensitydata.Althoughintensityalonedoesnot constrainthe
surfacedepth,intensityinformationcanbeviewedasaprob-
abilisticbiason theextrapolationof rangedata.As in MRF-
basedmethods,weassumethattheintensityandrangevalue
at eachpixel dependsonly on its immediatespatialneigh-
borhood.While this assumptionis not strictly valid in real
scenes,the local coherenceof mattermakesthis anaccept-
ableapproximationsinceit only needsto hold in between
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theoriginal 3D estimates.Contraryto mostMRF basedal-
gorithms,our approachis completelydeterministic,mean-
ing thatno explicit probabilitydistribution needsto becon-
structed.

It is important to highlight that we are not just dealing
with intensity imagesthat representtextures,but arbitrary
imageswhichmaycontainoneor moreobjects.Sincerange
dataof theform z� x � y� is representedin thesameform asthe
intensityimages,theimplementationis straightforward.

(a)

(b)

Figure 1: Algorithmoverview.

3.1. Synthesizing range

We startby consideringan illustrative examplewith a sim-
plified (special-case)geometry. Let I be an intensityimage
of sizem � n andRs be a rangeimageof size r � s, such
thatm � n � r � s, andtheareacoveredby Rs is alsocov-
eredby I . Let Is be the intensity imageof sizer � s where
Rs overlapsI . ThecompleterangeimageR of sizem � n is
to besynthesizedfrom thecombinedinformationof Rs and
Is and from intensitydataavailablearoundthe pixel to be
synthesized(seeFigure1a).

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 rangespatialneighborhoodsnI ���p�

andnR �	�p� , respectively, againstall currentavailable inten-
sity and rangeneighborhoodsn
I �	�p� andn
R �	�p� . The range
valueof thepixel with themostsimilar rangeandintensity
neighborhoodsis assignedto �p. Similarity betweenspatial
neighborhoodsis calculatedasfollows,

∑�
qε
�
Ni

G � σ ���q 
��qo ����� nI ���q��
 n
I ���q��� 2 � � nR ���q��
 n
R ���q��� 2 �

where �Ni is theneighborhood,�qε � x � y� is a pixel position,nI

andnR representsthe intensityandrangespatialneighbor-
hoodsrespectively, aroundthe pixel to be synthesized,and
n
I andn
R are the intensityandrangeneighborhoodsto be
comparedwith. G is a 2-D Gaussiankernelthatgivesmore
weightto thosepixelsnearthecenterthanthoseat theedge
of thewindow. Figure1b givesagraphicalillustrationof the
rangesynthesisprocess.

Theshapeanddimensionof the intensityandrangespa-
tial neighborhoodswill directly determinethequality of R;
we choseto modelthespatialneighborhoodof a pixel asa
squarewindow aroundthat pixel, whereonly thosepixels
with alreadyassignedintensityand/orrangevaluesarecon-
sideredin thesynthesisprocess.Thus,theneighborhoodis in
fact,of anarbitraryshapedependingonthecurrentavailable
informationon eachof its pixels.Thesizeof theneighbor-
hoodis a parameterthatcanbedefinedby theuser.

4. Experimental Results

Wepresentillustrativeresultsof ourapproachbasedontrials
with both a very simple syntheticdataset as well as real
rangedatafrom a volumescanner. In thecasesshown here,
we startwith a completerangescan(real or synthetic)that
canbe usedasgroundtruth to estimatecorrectnessof our
solution,andthenremove someportion of that datato use
asinput to our process.Of coursein practice,thecomplete
ground-truthdatasetwouldnot beavailable.

Thesyntheticdataweregeneratedwith the3D rendering
packagePovRay. In the left side of Figure 2a a synthetic
intensity imageof an empty bookshelfis shown, the sub-
window in theright sideis theassociatedrangeimagetaken
from the position indicatedby the red rectanglein the in-
tensityimage,theseimagesaregiven asan input to our al-
gorithm.For this case,thesizeof spatialneighborhoodsnI
andnR, is setto be 9 � 9 pixels.The left sideof Figure2b
shows the rangesynthesisresults,andto theright thecom-
pletesyntheticrangedataisshown. It canbeseenthatthe3D
recoveryprocesscapturesmostof the3D structureindicated
by theintensityimage.Notethatwhile this syntheticexam-
pleis verysimple,it wouldpresentanessentiallyimpossible
challengeto traditionalshape-from-shadingmethods.

Representative resultson rangedatafrom a realenviron-
mentareshown in Figures3 and4. The real intensityand
rangeimagesof indoorsceneswereobtainedfrom theCE-
SAR lab at Oak Ridge National Laboratory. As with the
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Figure 2: Resultson syntheticdata.

syntheticdata,we startwith thecompleterangedatasetas
groundtruthandthenholdbackmostof thedatato simulate
the sparsesampleof a real scannerandto provide input to
our algorithm.This allows us to comparethequality of our
reconstructionwith what is actuallyin thescene.In thefol-
lowing we will considertwo strategiesfor subsamplingthe
rangedataanalogousto the kinds of datareturnedby two
key classesof realrangescanner.

4.1. Limited dense range

The first type of experimentinvolves the rangesynthesis
whenthe initial rangeis acquiredin rectangularregionsof
sizem � nandatposition � rx � ry � ontheintensityimage.Fig-
ure3ashows theintensityimage(left) of size128 � 128and
the initial range(right), a window of size64 � 64, i.e. only
the 25% of the total rangeis known. Here, the sizeof the
spatialneighborhoodsis 5 � 5 pixels.Thesynthesizedrange
dataobtainedafter running our algorithm is shown in the
left sideof Figure3b; for purposesof comparison,we show
thecompletereal rangedata(right side).Figure3c displays
two differentviews usingoursynthesizedrangeandthereal
range.It canbeseenthatthesynthesizedrangeis very sim-
ilar to therealrange.Thepercentageof theresidualerror is
13� 06%.

(a)

(b)

(c)

Figure 3: Resultson real data. (a) Input. (b) Results.(c)
Resultsin 3D.
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4.2. Sparse range measurements

In thesecondtypeof experiment,the initial rangedatais a
setof stripeswith variablewidth alongthe x 
 andy 
 axis
of theintensityimage.Wetestedwith thesameintensityim-
ageusedin the previous sectionin order to compareboth
results.Two experimentsareshown in Figure4. The initial
rangeimagesareshown in the left column(the white rect-
anglesaretheregionsto beestimated),andto their right are
synthesizedresults.In Figure4a,thewidth of thestripessw,
is 5 pixels,andtheareawith missingrangedata(xw � xw) is
25 � 25, i.e.,39%of therangeimageis known. Thesizeof
thespatialneighborhoodsis 5 � 5 pixels.For Figure4b, the
valuesaresw � 3,xw � 28,in thiscase,only 23%of thetotal
rangeis known. Here,thesizeof thespatialneighborhoods
is 3 � 3. Thepercentagesof theresidualerrorsfor therecon-
structionare4 � 85%and6 � 67%,respectively. Figure5 shows
the3D viewsfor bothcases.The3D viewsfor therealrange
areshown in theright columnof figure3c.

Figure6 showsthedensityof pixelsatdifferentdepthval-
uesin theoriginalandsynthesizedrangeof Figure4a.

Figure 4: Resultson real data. The left columnshowsthe
initial range dataand to their right are synthesizedresults.
(a) rw � 5, xw � 25 (b) rw � 3, xw � 28.

The resultsaresurprisinglygood in both cases.Our al-
gorithm wascapableof recovering the whole rangeof the
image.We note,however, that resultsof experimentsusing
stripesaremuchbetterthanthoseusingawindow astheini-
tial rangedata.Intuitively, this is becausethesamplespansa
broaderdistribution of range-intensitycombinationsthanin
thelocalwindow case.

Our algorithm was testedon imagesof common(non-
simple)scenesfoundin ageneralindoorman-madeenviron-
ment.It is importantto note,thattheinitial rangedatagiven

Figure 5: 3D viewsfromtheresultsof Figure4. Thevantage
pointsare thesameasthoseshownin Figure3c for compar-
isonpurposes.(a) rw � 5, xw � 25 (b) rw � 3, xw � 28.

Figure 6: Densityof pixelsat different depthvaluesof the
realandsynthesizedrange of Figure4a.

asan input is crucial to thequality of thesynthesis,that is,
if nocorrelatedchangesexist in therangeandintensity, then
the taskbecomesdifficult. Also, existing discontinuitiesin
thedepthmapthatarenotcapturedin theinitial givenrange
andintensity, will bedifficult to detectandthereforethees-
timationwill bewrong.However, sincewe aredealingwith
smoothsurfaceswhicharemorelikely to exist in indooren-
vironments,theresultspresentedheredemonstratethat this
is a viableoptionto facilitateenvironmentmodeling.

5. Conclusions and Future Work

We have presentedanalgorithmfor recovering3D geomet-
ric datagivenanintensityimagewith little associatedrange
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information.The approachusesMarkov RandomField as
a statisticalmodel for how rangeandintensity inter-relate.
Therearea numberof parametersthatcangreatlyinfluence
thequalityof theresults— sizeof thespatialneighborhoods,
the amountof initial rangeandthe characteristicscaptured
in that initial range.In ongoingwork we areexaminingthe
inter-relationshipbetweentheseparameters.

In this work we exploit statisticalrelationshipsbetween
rangedataand intensity to interpolatethe rangemap.Do-
ing so in the absenceof assumptionsregardingsurfacere-
flectanceor geometrygives us a greatdegree of general-
ity. On the otherhand,wheresuchinformationis available
we areneglectingpotentiallypowerful sourcesof informa-
tion thatmight allow usto interpolaterangedataover much
wider regions (i.e. with fewer original measurements).In
particular, we areconsideringextensionsof this work that
explicitly considerusingstrongerassumptionsor biasesre-
garding the natureof the sceneswe are observing.This
seemsto be a naturaldirectionsincesuchassumptionsare
usedin subsequenttriangulationprocessesthatarea requi-
sitepartof thegraphicspipeline.
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