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Abstract

Thispaperdescribes highly successfuhpplicationof MRFsto theprob-
lem of generatinghigh-resolutionrangeimages. A newv generationof
rangesensorgombineshe captureof low-resolutionrangeimageswith
the acquisitionof registeredhigh-resolutioncameraimages. The MRF
in this paperexploits the fact that discontinuitiesn rangeand coloring
tendto co-align. This enablest to generatehigh-resolution Jow-noise
rangeimagesby integratingregular cameraimagesinto the rangedata.
We show thatby usingsuchan MRF, we cansubstantiallyimprove over
existing rangeimagingtechnology

1 Intr oduction

In recentyearstherehasbeenanenormousnterestin developingtechnologiegor measur
ing range.The setof commerciallyavailabletechnologiesncludepassie stereowith two
or more camerasactive stereo,triangulatinglight stripers,millimeter wavelengthradar
andscanningand ash lidar. In thelow-costarenasystemsuchasthe SwissRangr and
the Canestaision sensorprovide meango acquirelow-resrangedataalongwith passve
cameramages.Both of thesedevicescapturehigh-resvisualimagesalongwith lowerres
depthinformation. This is the casefor a numberof devicesat all price rangesjncluding
thehighly-praisedangecameraby 3DV Systems

This paperaddressea singleshortcominghat (with the exceptionof stereo)s shared
by mostactive rangeacquisitiondevices: Namelythat rangeis capturedat much lower
resolutionthanimages.Thisraiseghequestiorasto whethemwe canturn a low-resolution
depthimager into a high-resolutionone by exploiting corventionalcamen images? A
positive answerto this questionwould signi cantly advancethe eld of depthperception.
Yetwe lack techniquego fusehigh-rescorventionalimageswith low-resdepthimages.

Thispaperappliesgraphicaimodelsto theproblemof fusinglow-resdepthimageswith
high-rescameramages.Speci cally, we proposea Markov RandomField (MRF) method
for integratingbothdatasourcesTheintuition behindthe MRF is thatdepthdiscontinuities
in a sceneoften co-occurwith color or brightnesschangeswithin the associatedtamera
image. Sincethe cameraimageis commonly available at much higher resolution,this
insightcanbe usedto enhanceheresolutionandaccurag of thedepthimage.

Our approactperformsthis dataintegrationusinga multi-resolutionMRF, which ties
togetherimageandrangedata. The modeof the probability distribution de ned by the
MRF providesuswith a high-resdepthmap.Becauseave areonly interestedn nding the
mode,we canapply fastoptimizationtechniqueto the MRF inferenceproblem,suchasa



Figure 1. The MRF is composedf 5 nodetypes: The measurementsiappedo two typesof vari-
ables,the rangemeasurementariableslabeledz, imagepixel variableslabeledx. The densityof
imagepixelsis largerthanthoseof therangemeasurement§ hereconstructedangenodes)abeled
y, areunobserable, but their densitymatcheghat of theimagepixels. Auxiliary nodeslabeledw
andu mediatetheinformationfrom theimageandthe depthmap,asdescribedn thetext.

conjucategradientalgorithm. This approacheadsto a high-resdepthmapwithin seconds,
increasingthe resolutionof our depthsensory an orderof magnitudewhile improving
local accurag. To backup this claim, we provide several exampleresultsobtainedusinga
low-reslaserrange nder pairedwith a corventionalpoint-and-shotamera.

While noneof the modelingor inferencetechniquesn this paperare new, we believe
that this paperprovides a signi cant applicationof graphicalmodelingtechniquego a
problemthatcandramaticallyalteranentiregrowing industry

2 Thelmage-RangeMRF

Figurel shavsthe MRF designedor ourtask. Theinputto the MRF occursattwo layers,
throughthevariableslabeledx; andthevariableslabeledz;. Thevariablesx; correspond
to the imagepixels, andtheir valuesare the three-dimensionadRGB value of eachpixel.
Thevariablesz; aretherangemeasurementsherangemeasurementaresamplednuch
lessdenselythantheimagepixels,asindicatedin this gure.

Thekey variablesin this MRF arethe oneslabeledy, which modelthe reconstructed
rangeat the sameresolutionasthe imagepixels. Thesevariablesareunobserable. Addi-
tional nodedabeledu andw leveragetheimageinformationinto the estimatediepthmap
y.

Speci cally, the MRF is de ned throughthefollowing potentials:

1. Thedepthmeasuementpotentialis of theform

X
= k(yi z)? (1)
i2L
Herel is the setof indexesfor which a depthmeasuremens available,andk
is a constantveight placedon the depthmeasurementsThis potentialmeasures
the quadraticdistancebetweenthe estimatedangein the high-resgrid y andthe
measuredangein thevariablesz, whereavailable.

2. A depthsmoothnesprior is expressedy a potentialof theform
X X
= wi (Vi Y;)? (2
i j2N(i)



HereN (i) is the setof nodesadjacentoi. is a weightedquadraticdistance
betweemeighboringnodes.

3. Theweightingfactors w;; areakey element,n thatthey provide thelink to the
imagelayerin theMRF. Eachw;; is adeterministidunctionof thecorresponding
two adjacenimagepixels,whichis calculatecasfollows:

wj = exp( cuj) 3)
u = ixi X3 4)
Herec is aconstanthatquanti eshow unwilling we areto have smoothingoccur
acrossedgedn 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

pyixz) = 5 e 5 +)) ©)

whereZ is anormalizer(partitionfunction).

3 Optimization

Unfortunately computingthe full posterioris impossiblefor suchan MRF, not leastbe-
cause¢he MRF maypossesseamary millions of nodes;evenloopy belief propagtion [19]
requiresenormougime for corvergence.Insteadfor the depthreconstructiorproblemwe
shallbe contentwith computingthe modeof the posterior

Findingthemodeof thelog-posterioiis, of coursealeastsquareoptimizationproblem,
which we solve with the well-known conjugate gradient(CG) algorithm[12]. A typical
single-imageoptimizationwith 2 10° nodegakesaboutasecondo optimizeonamodern
computer

The detailsof the CG algorithmare omittedfor brevity, but canbe foundin contem-
porarytexts. The resultingalgorithmfor probabledepthimagereconstructioris now re-
markablysimple: Simply sety® by thebilinearinterpolationof z, andtheniteratethe CG
updaterule. Theresultis a probablereconstructiorof the depthmapatthe sameresolution
asthecameramage.

4 Results

Our experimentswere performedwith a SICK sweepinglaserrange nder anda Canon
consumedigital camerawith 5 mega pixels perimage. Both weremountedon a rotating
platform controlledby a seno actuator This con guration allows us to surey an entire
room from a consistentvantagepoint and with known cameraand laserpositionsat all

times. The outputof this systemis a set of pre-alignedlaserrangemeasurementand
cameramages.

Figure2 shavs a scanof abookshelfin ourlab. Thetop row containsseveral views of
the raw measurementandthe bottomrow is the outputof the MRF. The latteris clearly
muchsharpeandlessnoisy; mary featureghataresmallerthantheresolutionof thelaser
scannemare pulled out by the cameraimage. Figure5 shows the samescenefrom much
furtherback.

A moredetailedlook is takenin Figure 3. Herewe examinethe paintedmetaldoor
frameto an of ce. The detailedstructureis completelyinvisible in the raw laserscan
but is easilydravn out whenthe imagedatais incorporated.It is notablethat traditional
meshfairing algorithmswould not be ableto recover this ne structure asthereis simply
insufcient evidenceof it in the rangedataalone. Speci cally, whenrunningour MRF
usinga xed valuefor w;j , which effectively decoupleshe rangeimage and the depth
image the depthreconstructioneadsto a modelthatis eitheroverly noise(for w; = 1or



(a) Raw low-resdepthmap (b) Raw low-res3D model (c) Imagemappedonto 3D model

(d) MRF high-resdepthmap  (e) MRF high-res3D model  (f) Imagemappednto3D model

Figure 2: Exampleresultof our MRF approach.Panels(a-c) shav theraw data,the low-resdepth
map,a 3D modelconstructedrom this depthmap,andthe samemodelwith imagetexture superim-
posed.Panels(d-f) shaw the resultsof our algorithm. The depthmapis now high-resolutionasis
the3D model. The 3D renderings a substantialmprovementovertheraw sensodata;in fact,mary
smalldetailsarenow visible.

smoothsout the edgefeaturesfor w; = 5. Our approactclearly recoversthosecorners,
thanksto theuseof thecameramage.

Finally, in Fig. 4 we give onemoreexampleof ashippingcratenext to awhitewall. The
coarsetexture of the woodensurfaceis correctlyinferredin contrastto the smoothwhite
wall. This bringsup the obvious problemthat sharpcolor gradientsdo frequentlyoccur
on smoothsurfaces;take, for example, posters. While this fact can sometimedead to
falsely-texturedsurfacesjt hasbeenour experienceghatthese a ws areoftenunnoticeable



(a) Rawv 3D model,with andwithout color from theimage

(b) Two resultsignoringtheimagecolor information,for two differentsmoothers

(c) Reconstructionvith our MRF, integratingboth depthandimagecolor

Figure 3: Theimportantof the imageinformationin depthrecovery is illustratedin this ®gure. It
shavs apartof adoorframe,for which acoursedepthmapanda®ne-grainedmageis available. The
renderinglabeled(b) shav the resultof our MRF whencolor is entirely ignored,for different®xed
valueof theweightsw; . Theimagesin (c) aretheresultsof our approachyhich clearlyretainsthe
sharpcornerof thedoorframe.

and certainly no worsethanthe original scan. Clearly, the reconstructiorof suchdepth
mapsis an ill-posed problem,and our approachgenerates high-resmodelthat is still

signi cantly betterthanthe original data. Notice, however, that the backgroundwall is
recoveredaccuratelyandthe cornerof theroomis visually enhanced.

5 RelatedWork

Oneof the primaryacquisitiontechniquegor depthis stereo.A goodsurney andcompari-
sonof sterecalgorithmscanis dueto [14]. Our algorithmdoesnot applyto stereovision,
sinceby de nition the resolutionof theimageandthe inferreddepthmapareequialent.



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

(b) Re®nedandsupefresolved model,generatedy our MRF

Figure 4. This exampleillustrate that the amountof smoothingin the rangedatais dependenbn
the imagetexture. On the left is a woodenbox with an unsmoothsurfacethat causessigni®cant
colorvariations.The 3D modelgeneratedrom the MRF providesrelatively little smoothing.In the
backgrounds a while wall with almostno color variation. Here our approachsmoothsthe mesh
signi®cantly;in fact,it enhanceshevisibility of theroomcorner

Passve stereo,in which the sensordoesnot carry its own light source,is unableto esti-
materangesn theabsencef texture (e.g.,whenimagingafeaturelessvall). Active stereo
techniquessupplytheir own light [4]. However, thosetechniquediffer in characteristics
from laserbasedsystemto an extent that rendersthem practicallyinapplicablefor mary
applicationgdmostnotably: long-rangeacquisition wheretime-of- ight techniquesrean
orderof magnitudemore accuratehentriangulationtechniquesand bright-light outdoor
ervironments). We remarkthat Markov Random elds have becomea de ning method-



Figure5: 3D modelof alargerindoorenvironment,afterapplyingour MRF.

ology in stereoreconstructiorj15], alongwith layeredEM-style methodq2, 16]; seethe
comparisorin [14].

For rangeimages surfacesandpoint clouds,thereexists a large literatureon smooth-
ing while preservingeaturesuchasedges Thisincludeswork on diffusionprocessefg],
frequeng-domain Itering [17], andanisotropicdiffusion[5]; seealso[3] and[1]. Most
recently[10] proposedan efcient non-iteratve techniquefor feature-preservingnesh
smoothing,[9] adaptedbilateral Itering for applicationto meshdenoising. and[7] de-
velopedanisotropidVIRF techniqguesNoneof thesetechniqueshowever, integrateshigh-
resolutionimagesto guidethe smoothingprocess.insteadthey all operateon monochro-
matic 3D surfaces.

Our work canbe viewed asgeneratingsupefresolution. Superresolutiontechniques
have long beenpopularin thecomputervision eld [8] andin aerialphotogrammetry11].
HereBayesianechniquesare often broughtto bearfor integratingmultiple imagesinto a
singleimageof higherresolution.Noneof thesetechniqueslealwith rangedata. Finally,
multiple rangescansare often integratedinto a single model[13, 18], yet noneof these
techniquesnvolve imagedata.

6 Conclusion

We have presente@ Markov RandonFieldthatintegratechigh-resimagedatainto low-res
rangedata,to recover rangedataat the sameresolutionastheimagedata. This approachs
speci cally aimedat a new wave of commerciallyavailable sensorsyhich provide range
atlower resolutionthanimagedata.

Thesigni canceof thiswork liesin the results.We have shavn thatour approactcan



truly Il the resolutiongap betweenrangeandimages,anduseimagedatato effectively
boostthe resolutionof a range nder. While noneof the techniquesusedhereare new
(eventhoughCG is usuallynot appliedfor inferencein MRFs), we believe this is the rst
applicationof MRF to multimodal dataintegration. A large numberof scienti ¢ elds
would bene t from betterrangesensing;the presentapproachprovides a solution that
endavs low-costrange nders with unprecedenterksolutionandaccurag.
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