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Abstract

Thispaperdescribesahighlysuccessfulapplicationof MRFsto theprob-
lem of generatinghigh-resolutionrangeimages. A new generationof
rangesensorscombinesthecaptureof low-resolutionrangeimageswith
the acquisitionof registeredhigh-resolutioncameraimages.The MRF
in this paperexploits the fact that discontinuitiesin rangeandcoloring
tendto co-align. This enablesit to generatehigh-resolution,low-noise
rangeimagesby integratingregular cameraimagesinto the rangedata.
We show thatby usingsuchanMRF, we cansubstantiallyimprove over
existing rangeimagingtechnology.

1 Intr oduction

In recentyears,therehasbeenanenormousinterestin developingtechnologiesfor measur-
ing range.Thesetof commerciallyavailabletechnologiesincludepassive stereowith two
or morecameras,active stereo,triangulatinglight stripers,millimeter wavelengthradar,
andscanningand�ash lidar. In thelow-costarena,systemssuchastheSwissRanger and
theCanestaVision sensorsprovide meansto acquirelow-resrangedataalongwith passive
cameraimages.Both of thesedevicescapturehigh-resvisual imagesalongwith lower-res
depthinformation. This is thecasefor a numberof devicesat all price ranges,including
thehighly-praisedrangecameraby 3DV Systems.

This paperaddressesa singleshortcomingthat(with theexceptionof stereo)is shared
by mostactive rangeacquisitiondevices: Namely that rangeis capturedat much lower
resolutionthanimages.Thisraisesthequestionasto whetherwecanturn a low-resolution
depthimager into a high-resolutionone, by exploiting conventionalcamera images? A
positive answerto this questionwould signi�cantly advancethe�eld of depthperception.
Yetwe lack techniquesto fusehigh-resconventionalimageswith low-resdepthimages.

Thispaperappliesgraphicalmodelsto theproblemof fusinglow-resdepthimageswith
high-rescameraimages.Speci�cally, we proposea Markov RandomField (MRF) method
for integratingbothdatasources.Theintuition behindtheMRF is thatdepthdiscontinuities
in a sceneoften co-occurwith color or brightnesschangeswithin the associatedcamera
image. Sincethe cameraimageis commonlyavailable at much higher resolution,this
insightcanbeusedto enhancetheresolutionandaccuracy of thedepthimage.

Our approachperformsthis dataintegrationusinga multi-resolutionMRF, which ties
togetherimageandrangedata. The modeof the probability distribution de�ned by the
MRF providesuswith ahigh-resdepthmap.Becauseweareonly interestedin �nding the
mode,we canapply fastoptimizationtechniqueto theMRF inferenceproblem,suchasa



Figure 1: TheMRF is composedof 5 nodetypes:Themeasurementsmappedto two typesof vari-
ables,the rangemeasurementvariableslabeledz, imagepixel variableslabeledx. The densityof
imagepixelsis largerthanthoseof therangemeasurements.Thereconstructedrangenodes,labeled
y, areunobservable,but their densitymatchesthat of the imagepixels. Auxiliary nodeslabeledw
andu mediatetheinformationfrom theimageandthedepthmap,asdescribedin thetext.

conjugategradientalgorithm.Thisapproachleadsto ahigh-resdepthmapwithin seconds,
increasingthe resolutionof our depthsensorby an orderof magnitudewhile improving
localaccuracy. To backup this claim,weprovideseveralexampleresultsobtainedusinga
low-reslaserrange�nder pairedwith aconventionalpoint-and-shotcamera.

While noneof themodelingor inferencetechniquesin this paperarenew, we believe
that this paperprovides a signi�cant applicationof graphicalmodelingtechniquesto a
problemthatcandramaticallyalteranentiregrowing industry.

2 The Image-RangeMRF

Figure1 showstheMRF designedfor our task.Theinput to theMRF occursat two layers,
throughthevariableslabeledx i andthevariableslabeledzi . Thevariablesx i correspond
to the imagepixels, andtheir valuesarethe three-dimensionalRGB valueof eachpixel.
Thevariableszi aretherangemeasurements.Therangemeasurementsaresampledmuch
lessdenselythantheimagepixels,asindicatedin this �gure.

Thekey variablesin this MRF aretheoneslabeledy, which modelthe reconstructed
rangeat thesameresolutionastheimagepixels. Thesevariablesareunobservable.Addi-
tional nodeslabeledu andw leveragetheimageinformationinto theestimateddepthmap
y.

Speci�cally, theMRF is de�ned throughthefollowing potentials:

1. Thedepthmeasurementpotentialis of theform

	 =
X
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HereL is the setof indexesfor which a depthmeasurementis available,andk
is a constantweightplacedon thedepthmeasurements.This potentialmeasures
thequadraticdistancebetweentheestimatedrangein thehigh-resgrid y andthe
measuredrangein thevariablesz, whereavailable.

2. A depthsmoothnessprior is expressedby apotentialof theform
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HereN (i ) is the setof nodesadjacentto i . � is a weightedquadraticdistance
betweenneighboringnodes.

3. Theweightingfactors wij area key element,in that they provide the link to the
imagelayerin theMRF. Eachwij is adeterministicfunctionof thecorresponding
two adjacentimagepixels,which is calculatedasfollows:

wij = exp(� c uij ) (3)

uij = jjx i � x j jj2
2 (4)

Herec is aconstantthatquanti�eshow unwilling weareto havesmoothingoccur
acrossedgesin theimage.
The resultingMRF is now de�ned throughthe constraints	 and � . The con-
ditional distribution over the target variablesy is given by an expressionof the
form

p(y j x; z) =
1
Z

exp(�
1
2

(	 + �)) (5)

whereZ is anormalizer(partitionfunction).

3 Optimization

Unfortunately, computingthe full posterioris impossiblefor suchan MRF, not leastbe-
causetheMRF maypossessesmany millions of nodes;evenloopy beliefpropagation [19]
requiresenormoustime for convergence.Instead,for thedepthreconstructionproblemwe
shallbecontentwith computingthemodeof theposterior.

Findingthemodeof thelog-posterioris,of course,aleastsquareoptimizationproblem,
which we solve with the well-known conjugategradient(CG) algorithm[12]. A typical
single-imageoptimizationwith 2� 105 nodestakesaboutasecondto optimizeonamodern
computer.

The detailsof the CG algorithmareomittedfor brevity, but canbe found in contem-
porarytexts. The resultingalgorithmfor probabledepthimagereconstructionis now re-
markablysimple:Simplysety[0] by thebilinearinterpolationof z, andtheniteratetheCG
updaterule. Theresultis aprobablereconstructionof thedepthmapat thesameresolution
asthecameraimage.

4 Results

Our experimentswereperformedwith a SICK sweepinglaserrange�nder anda Canon
consumerdigital camerawith 5 mega pixelsper image.Both weremountedon a rotating
platform controlledby a servo actuator. This con�guration allows us to survey an entire
room from a consistentvantagepoint andwith known cameraand laserpositionsat all
times. The output of this systemis a set of pre-alignedlaserrangemeasurementsand
cameraimages.

Figure2 shows a scanof a bookshelfin our lab. Thetop row containsseveralviews of
the raw measurementsandthebottomrow is theoutputof theMRF. The latter is clearly
muchsharperandlessnoisy;many featuresthataresmallerthantheresolutionof thelaser
scannerarepulled out by the cameraimage. Figure5 shows the samescenefrom much
furtherback.

A moredetailedlook is taken in Figure3. Herewe examinethe paintedmetaldoor
frame to an of�ce. The detailedstructureis completelyinvisible in the raw laserscan
but is easilydrawn out whenthe imagedatais incorporated.It is notablethat traditional
meshfairing algorithmswould not beableto recover this �ne structure,asthereis simply
insuf�cient evidenceof it in the rangedataalone. Speci�cally, whenrunningour MRF
using a �xed value for wij , which effectively decouplesthe rangeimageand the depth
image,thedepthreconstructionleadsto a modelthatis eitheroverly noise(for wij = 1 or



(a) Raw low-resdepthmap (b) Raw low-res3D model (c) Imagemappedonto3D model

(d) MRF high-resdepthmap (e)MRF high-res3D model (f) Imagemappedonto3D model

Figure 2: Exampleresultof our MRF approach.Panels(a-c)show theraw data,the low-resdepth
map,a 3D modelconstructedfrom this depthmap,andthesamemodelwith imagetexturesuperim-
posed.Panels(d-f) show the resultsof our algorithm. Thedepthmapis now high-resolution,asis
the3D model.The3D renderingis asubstantialimprovementover theraw sensordata;in fact,many
smalldetailsarenow visible.

smoothsout theedgefeaturesfor wij = 5. Our approachclearly recoversthosecorners,
thanksto theuseof thecameraimage.

Finally, in Fig.4 wegiveonemoreexampleof ashippingcratenext to awhitewall. The
coarsetextureof thewoodensurfaceis correctlyinferredin contrastto thesmoothwhite
wall. This bringsup the obvious problemthat sharpcolor gradientsdo frequentlyoccur
on smoothsurfaces;take, for example,posters. While this fact can sometimeslead to
falsely-texturedsurfaces,it hasbeenourexperiencethatthese�a wsareoftenunnoticeable



(a) Raw 3D model,with andwithoutcolor from theimage

(b) Two resultsignoringtheimagecolor information,for two differentsmoothers

(c) Reconstructionwith ourMRF, integratingbothdepthandimagecolor

Figure 3: The importantof the imageinformationin depthrecovery is illustratedin this ®gure. It
showsapartof adoorframe,for whichacoursedepthmapanda®ne-grainedimageis available.The
renderinglabeled(b) show theresultof our MRF whencolor is entirely ignored,for different®xed
valueof theweightswij . Theimagesin (c) aretheresultsof our approach,which clearlyretainsthe
sharpcornerof thedoorframe.

andcertainlyno worsethanthe original scan. Clearly, the reconstructionof suchdepth
mapsis an ill-posed problem,and our approachgeneratesa high-resmodel that is still
signi�cantly betterthan the original data. Notice, however, that the backgroundwall is
recoveredaccurately, andthecornerof theroomis visuallyenhanced.

5 RelatedWork

Oneof theprimaryacquisitiontechniquesfor depthis stereo.A goodsurvey andcompari-
sonof stereoalgorithmscanis dueto [14]. Our algorithmdoesnot applyto stereovision,
sinceby de�nition the resolutionof the imageandthe inferreddepthmapareequivalent.



(a) 3D modelbasedon theraw rangedata,with andwithout texture

(b) Re®nedandsuper-resolvedmodel,generatedby ourMRF

Figure 4: This exampleillustratethat the amountof smoothingin the rangedatais dependenton
the imagetexture. On the left is a woodenbox with an unsmoothsurfacethat causessigni®cant
color variations.The3D modelgeneratedfrom theMRF providesrelatively little smoothing.In the
backgroundis a while wall with almostno color variation. Hereour approachsmoothsthe mesh
signi®cantly;in fact,it enhancesthevisibility of theroomcorner.

Passive stereo,in which the sensordoesnot carry its own light source,is unableto esti-
materangesin theabsenceof texture(e.g.,whenimagingafeaturelesswall). Activestereo
techniquessupplytheir own light [4]. However, thosetechniquesdiffer in characteristics
from laser-basedsystemto an extent that rendersthempractically inapplicablefor many
applications(mostnotably: long-rangeacquisition,wheretime-of-�ight techniquesarean
orderof magnitudemoreaccuratethentriangulationtechniques,andbright-light outdoor
environments).We remarkthat Markov Random�elds have becomea de�ning method-



Figure5: 3D modelof a largerindoorenvironment,afterapplyingourMRF.

ology in stereoreconstruction[15], alongwith layeredEM-stylemethods[2, 16]; seethe
comparisonin [14].

For rangeimages,surfaces,andpoint clouds,thereexistsa largeliteratureon smooth-
ing while preservingfeaturessuchasedges.This includeswork ondiffusionprocesses[6],
frequency-domain�ltering [17], andanisotropicdiffusion [5]; seealso[3] and[1]. Most
recently [10] proposedan ef�cient non-iterative techniquefor feature-preservingmesh
smoothing,[9] adaptedbilateral �ltering for applicationto meshdenoising. and[7] de-
velopedanisotropicMRF techniques.Noneof thesetechniques,however, integrateshigh-
resolutionimagesto guidethesmoothingprocess.Instead,they all operateon monochro-
matic3D surfaces.

Our work canbe viewed asgeneratingsuper-resolution. Super-resolutiontechniques
have longbeenpopularin thecomputervision �eld [8] andin aerialphotogrammetry[11].
HereBayesiantechniquesareoftenbroughtto bearfor integratingmultiple imagesinto a
singleimageof higherresolution.Noneof thesetechniquesdealwith rangedata.Finally,
multiple rangescansareoften integratedinto a singlemodel [13, 18], yet noneof these
techniquesinvolve imagedata.

6 Conclusion

WehavepresentedaMarkov RandomFieldthatintegratedhigh-resimagedatainto low-res
rangedata,to recover rangedataat thesameresolutionastheimagedata.Thisapproachis
speci�cally aimedat a new wave of commerciallyavailablesensors,which provide range
at lower resolutionthanimagedata.

Thesigni�canceof this work lies in theresults.We have shown thatour approachcan



truly �ll the resolutiongap betweenrangeandimages,anduseimagedatato effectively
boostthe resolutionof a range�nder. While noneof the techniquesusedherearenew
(eventhoughCG is usuallynot appliedfor inferencein MRFs),we believe this is the�rst
applicationof MRF to multimodal dataintegration. A large numberof scienti�c �elds
would bene�t from better rangesensing;the presentapproachprovides a solution that
endows low-costrange�nders with unprecedentedresolutionandaccuracy.
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[7] J. Diebel,S. Thrun,andM. Brüning. A bayesianmethodfor probablesurfacereconstruction
anddecimation.IEEETransactionsonGraphics, 2005.To appear.

[8] M. EladandA. Feuer. Restorationof singlesuper-resolutionimagefrom severalblurred.IEEE
Transcationon ImageProcessing, 6(12):1646–1658,1997.

[9] S. Fleishman,I. Drori, andD. Cohen-Or. Bilateral meshdenoising. In Proceedingsof SIG-
GRAPH, pages950–953,2003.

[10] T.R. Jones,F. Durand,andM. Desbrun.Non-iterative, feature-preservingmeshsmoothing.In
Proceedingsof SIGGRAPH, pages943–949,2003.

[11] I. K. JungandS. Lacroix. High resolutionterrainmappingusing low altitudeaerial stereo
imagery. In Proceedingsof the InternationalConferenceon ComputerVision (ICCV), Nice,
France,2003.

[12] W. H. Press.Numericalrecipesin C: the art of scienti�c computing. CambridgeUniversity
Press,Cambridge;New York, 1988.

[13] S.Rusinkiewicz andM. Levoy. Ef®cientvariantsof theICPalgorithm.In Proc.Third Interna-
tional Conferenceon 3D Digital Imaging andModeling(3DIM), QuebecCity, Canada,2001.
IEEEComputerSociety.

[14] D. ScharsteinandR. Szeliski. A taxonomyandevaluationof densetwo-framestereocorre-
spondencealgorithms.InternationalJournalof ComputerVision, 47(1-3):7–42,2002.

[15] J.Sun,H.-Y. Shum,andN.-N. Zheng.Stereomatchingusingbelief propagation. IEEE Tran-
scationonPAMI, 25(7),2003.

[16] R. Szeliski. Stereoalgorithmsandrepresentationsfor image-basedrendering.In Proceedings
of theBritish MachineVisionConference, Vol 2, pages314–328,1999.

[17] G. Taubin.A signalprocessingapproachto fair surfacedesign.In Proceedingsof SIGGRAPH,
pages351–358,1995.

[18] S.Thrun,W. Burgard,andD. Fox. ProbabilisticRobotics. MIT Press,Cambridge,MA, 2005.
[19] Y. WeissandW.T. Freeman.Correctnessof beliefpropagationin gaussiangraphicalmodelsof

arbitrarytopology. Neural Computation, 13(10):2173–2200,2001.


