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ABSTRACT:

We presenta setof algorithmsthatrecoversdetailedbuilding surfacestructuredrom multiple imagestaken undernormalurbanconditions,
wheresevereocclusionsandlighting variationsoccurandaredif cult to be modeledeffectively. An iterative weighted-aeragealgorithmis
designedo recover high-qualityconsensugexture of thewall facadesA genericalgorithmis developedto extractthe 2D microstructures.
Depthis estimatecandcombinedwith 2D structurego obtain3D structuresfacilitating urbansite modelre nementandvisualization.

1 INTRODUCTION

Extractingandrenderingdetailed3D urbanervironmentsis anim-
portantproblemin computervision andcomputergraphicsbecause
of its numerousapplications. The main bottleneckof this problem
liesin the needfor humaninterventionin currentsystemsprevent-
ing them from being scalableto large datasetqTeller, 1998). A
large body of researcthasbeenmadefor automatingsomeof the
processesincluding reconstructionof coarse3D geometricmod-
els, mainly at thelevel of buildings (Collins et al., 1998; Coorg and
Teller, 1999;FirscheinandStrat,1996). Detailedanalysisof facade
textureandsubstructurelhasbeenvery limited (Mayer, 1999).

Real-vorld texture anddetailedstructureareimportantbecausé¢hey
provide high visualrealismaswell ascultural andfunctionalinfor-
mationof the urbansite. However, it becomesncreasinglydif cult
whentheinformationof concernis detailedto the degreeof microc-
structue (surfacestructuressuchaswindows that posses$ew sup-
portingpixelsdueto insufcient imageresolution).Figure1l(a2,b2,
c2,d) shavs somesample(recti ed) imagesof areal-world building
facadecapturedrom differentviewpoints. Large portionsof useful
texture are eitheroccludedby otherobjectsor degradeddueto sig-
ni cant lighting variations. Someocclusionsare causecby regular
structuressuchasotherbuildings,which couldbemodeledisingex-
isting techniguessomeothersare causedy irregular objects,such
astreeswhich arevery dif cult to bemodeledeffectively.

In summaryadetailedanalysisof suchimagesposesadif cult prob-
lem dueto variousfactorsthat affect image quality, including (1)
varying resolutiondueto perspectie effects, (2) noiseintroduction
during acquisition,(3) non-uniformillumination causedoy lighting
variationsandcomple ervironmentakettings(4) occlusionsaused
by modeledbjects suchasotherbuildings,(5) occlusioncausedy
unmodeledbjects,suchastrees,utility poles,andcars. A system
mustbe capableof dealingwith all thesecoexisting factorsin order
to facilitatea detailedanalysis.In addition,interactve methodsare
not preferablebecausef the large numberof pixels andstructures
presentin mary situations(e.g. morethana thousandvindows for
four or vebuildings).

We develop an automatedmethodfor effectively recovering high-

quality facadetexture and its microstructurepatternfrom multiple

images.Inputto ourmethods asetof imagesannotateavith camera
intrinsic parameterandreasonablyaccurategbut not exact) camera
pose,aswell asa coarsegeometricnodel,mainly thefacadeplanes
of buildingsin the urbansite.

The informationrequiredasinput to our methodis available using
existing techniquegevelopedin the City ScanningProject(Teller,

1998). Imageacquisitionis performedby a semi-autonomousobot
(Bosseetal, 2000),whichis amovableplatformmountedwith adif-

ferential GPSsensor a relative motion sensor anda rotative CCD

camera.Therobotacquiresthousand®f imagesfrom differentlo-

cations(callednode$ on the groundsurface,annotatinghe images
with metadatasuchastime andposeestimation.Spatialpositionsof

the nodesare re ned using featurecorrespondencescrossimages
(AntoneandTeller, 2000).A setof facadeseachcorrespondingo a
wall surfaceof abuilding, is thenextractedfrom theoriginalimages
using a priori constraints(suchas vertical surfacesand horizontal
lines) to establishthe geometricmodel of the urbansite (Collins et
al.,1998;Coomg andTeller 1999).

Section2 describesaniterative, weighted-aerageapproacho high-
quality facadetexture recovery. Sections3 and4 introduce2-D and
3-D methodsfor microstructuresxtraction. Section5 concludeghe
paperwith discussions.

2 TEXTURE RECOVERY

Facadetexture recovery is itself an important task for computer
graphicsapplications;it is even more importantwhen microstruc-
ture is of concern,because high- delity texture representatioris
key to the succesof detailedimageanalysis. Multi-view methods
have beenproposedfor texture fusion/receery, suchasinterpola-
tion methodgDebe/ecetal., 1996),re ectancemodels(Satoet al.,
1997),andinpaintingtechniqueg¢Bertalmioetal., 2000). The main
dravbackof thesemethodss thatthey do nothandleocclusionsau-
tomatically A systemintroducedby (WangandHanson,2001)is
capableof determiningocclusionscausedy regular, modeledstruc-
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Figure 1: Texturerecwery. (a) ervironmentmask[al: cameraposition,a2: LNF image,a3: mask]; (b) obliquenessnask[bl: camergposition,b2: LNF
image,b3: mask];(c) correlationmask|c1: aversionof CTFimage,c2: LNF image,c3: mask];(d) sampleoriginal facadamagesof thiswall; (e)initial CTF

imagewithoutdeblurring;(f) CTFimageatfteriterative deblurring.

tures,but notunmodelednes.A median-basetkchniquedereloped
by (Coomg andTeller, 1999)repairsunmodeledcclusionshowever,
themethodmay causeblurredor disruptedboundarie®f structures.

We describea newv methodto obtaina realisticfacadetexture map,
removing occlusionsand effects of illumination variations. This
methodtakesasinputacoarsegeometrianodelof buildingsandaset
of imagegakenfrom nodesatdifferentlocationsandassociategvith
reasonablyccuratebut not exact,camergoseinformation. We as-
sumethatthelight sourcefor the urbanimagesarenormalsunlight
(i.e. nearlywhite) andthusonly the luminancein the color spaces
consideredn this paper We alsoassumehatthe building facades
arecloseto the Lambertiansurfacemodel(Foley etal., 1990).

As a preprocessingtep,the input imagesarerecti ed into facade
images i.e. imagesunderorthographigrojectionof afacade.This
happensnly to a subsetof the input imagesin which the facade
is (at leastpartially) visible. For eachimage,the facadevisibility
andrecti cation is calculatedbasedon the camerageometryat the
nodewherethe imageis taken. Figure 1(d) shavs somesamplefa-
cadeimagesin our experiments.To facilitate texture fusion for re-
moving degradationeffects(e.g. occlusions)the facademagesare
normalizedby linear gray-level stretching;the resultingluminance-
normalizedfacadeimages (or LNF images have the sameaverage
luminanceandthusarecomparabléo oneanother

2.1 WeightedAveraging

The core of our methodis a weighted-aeragealgorithmthat gen-
eratesa consensusgexture facadeimage (or CTF image) for each
facade. The luminancevalue of pixel [i; j] in the CTF imageof a
facadds aweightedaverageof all LNF imagesof thatfacade:

@)
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in which Y| \g is LNF image , Yctr is the fusedCTF image,and
w is theweightfactordeterminedby threemasksdescribedelow.
A maskis animagewhosepixel valueindicatesthe relative impor-
tanceof the correspondingixel in the LNF image.Thethreemasks
measurehreedifferentphysicalattributes.

ErvironmentMaskis a binary maskthatspeci eswhethera pixel is
occludedby amodeledobject(Figurel(a)). It is computedusingthe
camerageometryandthe 3D coarsemodel: M[i; j] is setto O if
pixel [i; j ] is occludedptherwiseijt is setto 1.

Obliquenesdviaskis a grey-scalemaskthat representshe oblique-
nesof afacadeasseerfromthecamergFigurel(b)),alsocomputed
from thegeometry:

Moli;j]1= cos (i;}); ®3)

in which  (i; j) is thecameraviewing angleat[i; j ] onthefacade
measuredrom the normalof thefacade.

Correlation Maskis a grey-scalemaskintendedto dewveightthe ef-
fectsof unmodeledcclusionsandlocal illumination variations. To
computethis mask,aninitial CTFimageis neededandthe maskis
calculatedusingastandardinearcorrelatiorbetweertheLNF image
andtheinitial CTFimage(Figurel(c)):

Covij [Yinr: Yerel .
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in which Covij andVar; arebasedn animagewindow, centered
at[i; j ], of apredeterminedize(8 8in ourexperiments)ln prac-
tice, the weighted-aeragealgorithmis carriedout iteratively (Sec-
tion 2.2),andin eachiterationanen CTFimageis usedto calculate
M. Theinitial CTFimageis obtainedoy the rst iteration,in which

only Mg andM 4 areused.



Oncethethreemasksaredeterminedor eachLNF imageof afacade,
theweightw atpixel[i; j] of LNFimage is computedoy:

W [i;j]= Mg[i; iIMgli; jIMc[i; j1; 5)
Lo pWOGGT L
wiij]= PT[H] (6)

2.2 Iterati ve Deblurring

TheCTFimagethusobtainednaylook blurred(Figurel(e))because
theLNF imagesmaynotbeperfectlyregistereddueto errorsin cam-
eraparameters(Notethatour algorithmdo not requirepreciseinput
camergparameterghatis, ary two versionsof LNF imagesmaynot
align accuratelyto eachother) A deblurringprocesss usedthatre-
warpsthe sourceLNF imagesto align with the CTF image,similar
to thatof (Szeliski,1996):

[uvi1]" = PLUSVoLTT (7)
whichwarpspixel [u% v to [u; v] usingP . Ourgoalisto nd awarp
P thatbestregistersthetwo images.We usethefollowing constraint
functionsin our method:
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Note that the overall weight maskW is used,re ecting the de-
greeof con dencewe have for eachpixel of Y| \r. TheLevenbeg-
Marquardtalgorithm (Presset al., 1992) is employed to solve the
constrainedninimizationproblem.lt is aniterative procesgstarting
from theidentity matrix); in eachiteration,P is incrementedy

p= (H+ 1) ‘g (10)
where
X
g= e(u; v) [ @(u; v)=@1, (11)
x u;v ;
H = [@(u;V)=@][ @(u; V)=@] ; (12)
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inwhichpisa8 1 vectorrepresentationf P (noteonly 8 param-
etersareneededo describeP ), and is aparametereducedo 0 as
the procedurecorverges. After anew P is calculatedthe LNF im-
agesarerewarpedandtheweighted-g&eragealgorithm(Section2.1)
is rerunusingthe rewarpedLNF imagesto computefor anenv CTF
image.Figure1(f) shavs sucha CTFimagewith deblurring.

Thedeblurringprocesss alsoexecutedin anrecursve manner Re-
call thatthecorrelationmaskM ¢ is dependenbnaninitial CTFim-
age.After deblurring thenew CTFimageis usedto computeamore
accurateM ¢, which thenagainupdateshe CTF imageandtriggers
anotheroundof deblurring. The convergenceof therecursionis en-
suredby stoppingwhenthe differencebetweertwo successie CTF
imagess sufciently small.

2.3 Experiments

Experimentsverecarriedoutto testtheconsensutexturegeneration
algorithmagainstan imagedatasetcquiredat TechnologySquare,
anof ce parkof four buildings locatedon the MIT campus.About
4,000imageswerecapturedusingthe movableplatform (Sectionl)

Figure2: CTFtexturedmodel.

at81 nodesn this site. At eachnode,47 imageswereacquiredwith
distinctrotations.LNF imageswereextractedfor eachfacade.

Figure 1(f) shaws the CTF resultof the iterative weighted-aerage
algorithmonafacadefor which28 LNF imageswvereextractedfrom
the databasendusedto generatehe CTF image. Most occlusions
causedby modeled/unmodeledbjectsweresatistctorily removed;
the luminanceis also reasonablyconsistentacrossthe entire CTF
image. Figure2 shaws a perspectie view of the resultingtextured
modelof this site.

Our experimentsalsoshav thatonly abouta dozenoriginal facade
imageswith quality shavn in Figure1(d), areneededor texturere-
covery with asatishctoryresult.In addition,theiterative deblurring
is a very stableprocesspnly a coupleof iterationsarenecessaryo
reachtheimagequality asshavn in Figure1(f), underthe condition
of up to 5-pixel mis-alignmentof LNF imagesdueto input camera
poseerror. Therefore the halting of the iterationscanbe simpli ed
asto a certainnumberof iterations,insteadof comple criteria.

3 MICROSTRUCTURE DETECTION

In the areaof urban site reconstructiona large body of research
hasbeenfocusingon methodsof establishinggeometricmodelsfor
large-scalestructuresespeciallybuildings,whosestructuralfeatures
(cornersedgesegtc.) typically possessufcient imagecuesto sup-
portdirectandreliable3D reconstructiorirom theimagegFirschein
andStrat,1996; Mayer, 1999). In this paper we emphasizehe im-
portanceof microstructurebecausehey providerich informationof
thebuildingsandresultin addedrealismfor visualization.

Two piecesof evidenceare usedfor microstructureextraction: the

relative 3D depthof the structuresandtheir 2D appearancesThe

relative depthof a surfacemicrostructuras typically very small(see
Section4). Thusdirectly extractingthesestructuregrom noisy 3D

depthdatamay be beyond the state-of-the-arbf currentcomputer
vision algorithmswithouta priori knowledge.In this sectionwe use
a 2D-basedstrat@y to detectthe locationsof microstructuresn the

CTFimagesgeneratedn Section2.

TheCTFimagesprovide agoodtexturerepresentationf thefacade,
free from effects of occlusionsand local illumination variationsif
enoughviews are provided. However, symbolic extraction of win-
dowsis still dif cult dueto theexistenceof noise.Onetype of noise
is the globalillumination variationon the facade.Ilt happensn Fig-
ure 2 thatthe lower partof thewalls is universallydarker thantheir
upperpart (sometimeseven darker than upperwindows). This is
becausdower partsof buildingstypically receve lesssunlightthan
upperpartsin a denselyurbanizedarea. The pixel-basedveighted-
averagealgorithmis unableto remove globalilluminationvariations,
becausehe lower partis darker on the majority of LNF images.A
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globalthresholdingalgorithmis not usefulfor detectingmicrostruc-
turesin suchimages.

3.1 Oriented RegionGrowing (ORG)

We apply an orientedregion growing (ORG algorithmto the CTF
imagesfor window structureextraction (WangandHanson,2001).
Thisalgorithmdetectsagenericclassof objectsthatexhibit aregular
size,pattern,andorientation. Oneof its major adwvantagess thatit
dealswith globalillumination variationsandothertypesof noise. It
requireghatawindow beon averagedarker thanthewall locally but
notnecessarilyglobally.

In the currentsystem the symbolicmicrostructuresrerepresented
asasetof disjoint 2-D rectanglesgachhaving two verticalandtwo
horizontaledgesA largenumberof windows in urbanareast well
into thisrepresentatiorMWindow extractionis performedontheCTF
images,on which windows appearsdark, rectangulablobson the
brighterwall surface.

Detailsof the ORG algorithmareshavn in Figure3(a)in thefacade
image space. It runsiteratively, startingfrom a smallerrectangle
(calleda seed andgrowing outward into a larger onethat best ts
thewindow blob. The growing processesreperformedonly in the
two vertical and horizontaldirections. In eachdirection, a search
strip, e.g.s in 3(a),is establishedasedn theseed A zerosecond-
orderderivative criterion, shavn in 3(b), is appliedto the intensity
prole, h(s), of the strip for determiningthe grovn boundary A
new rectanglds t tothefour boundariesfoundin thefour strips,to
form alargerrectanglewhichis thentreatedasanew seedo initiate
anotheriteration of orientedgrowing. The iterationhaltswhenthe
region ceasedo grow; theresultingrectangularegion is takenasa
window candidate.

The ORG modulerequiresonly two userprovided parametersthe
lower andupperboundsof window size. It attemptgo nd all win-
dows of ary sizebetweerthetwo bounds.

3.2 Periodic Pattern Fixing (PPF)

The ORGalgorithmis a purely bottom-upprocesandmayresultin
missingcandidatesiue to imagenoise. A top-davn module (Fig-
ure4) is designedo x themissingcandidatedy applyinga high-
level constraintaboutthe microstructurepattern. This constraint
statesthat microstructuresf similar size have a periodicpatternin
horizontalandvertical directionson the facade.Basedon this con-
straint, a periodic pattern xing (PPF) moduleis designedfor re-
pairing periodic microstructurepatterns. Structuresof similar size
are groupedtogether;the horizontaland vertical periodsof a mi-
crostructuregrouparethenfound usingclusteringalgorithmsbhased
ontheir neighboringdistancesMissing candidatesrethenhypoth-
esizedusinginterpolationor extrapolation.

In reality, the periodicpatternconstraintmay not alwaysbe strictly
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Figure4: Periodicpattern®xing (PPF).

satis edon all buildings. To ensurethat missingcandidatéhypothe-
sesareonly lled in for windows thatexist, a “bottom-upveri ca-

tion” testis usedto verify their existencein the LNF imagesbefore
interpolation/etrapolation.On eachLNF image,averticalandhori-

zontaledgedetectionalgorithmis performedat locationsof missing
candidategif they arevisible). A missingcandidatds acceptedor

lling in only if therearesufciently mary LNF imagesthatsupport
thehypothesis.

3.3 Experiments

Tenfacademages representinghe major buildingsin Technology
Squarewereusedto testthe symbolicwindow extractionalgorithm.
Figure5(a) shavs a CTFimage(512 256), wheretherearetwo

typesof windows onthefacadetwentysmallonesalignedonthetop

oor and192windows in a matrix pattern. Theimageis noisy: the
lower partof thefacadehassigni cantly lessluminanceandcontrast
thantheupperpart; windows have differentlocal backgroundtondi-
tions anddifferentdegreesof blurrinesson their edges.In addition,
therearestructureon thebottom oor with irregularre ectance.

In the experiments the lower/upperboundsof window size are set
to 3 and 100 pixels, respectiely, for both heightand width. Fig-
ure 5(b) shaws the resultsof the ORG algorithm. The majority of
thewindows areextractedcorrectly;somewindows aremissingdue
mainly to extremelylow contrastin the CTF image;therearesome
false extractionscausedby the irregular re ectanceon the bottom
oor. Figure5(c) shavs the PPFresults,in which missingwindows
arecorrectly lled in andirregularstructuresareproperlyremoved.

Table 1 lists the extractionresultsin the experiments. Among the
1146windows onthetenfacades1119of themhave beenextracted
correctly Only 27 are missing,accountingfor 2.4% of the actual
windows. Among the 1133 extractedstructures,about98.8% are
correctwindows andonly 1.2% (14 extractedstructures)are false
positives. An examinationof theimagesshavs thatthemissingwin-

dows are mainly causedby low contrastof the windows and their
blurrededges.Thefalsepositivesaremostly dueto the comple in-

tensitypatternscausedy rectangulastructureon thewall surfaces
thatlook like windows but arenot.

The PPFmoduleis basedon the assumptiorthat the windows pos-
sessa periodicpattern.This strongassumptiordid not causesignif-

icant false positives becausenf the bottom-upveri cation process.
However, it is worth noting that PPFis an optional module highly

dependenbn a priori knowledgeof the domain,sceneand/orspe-
ci ¢ object. For urbansiteswherewindows do not shav periodic
patternon buildings, this optionmaynot be used.
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4 DEPTH ESTIMATION

The goal of depthestimationis to recover the relative depthof mi-
crostructure®n the facadesurfaces. Accuratedepthrecovery from
imagesis very dif cult in the contet of the City ScanningProject,
mainly dueto the smallratio of the depthof microstructuregon the
orderof centimetersjo the camera-to-wll distancegon the orderof
tensof meters).

Stereoanalysis(Faugeras,1993) is widely usedto recover depth
from multiple images. There are someshortcomingsin the pure
form of stereaanalysisvhenappliedto the problemof urbansitemi-
crostructurextraction. First, the analysis(e.g. epipolarmatching)
typically takesplaceon two imageswhereagnary morefacadem-
agesareavailablein our application. Secondgeometricconstraints
(suchasthatmicrostructuresreshallav structuren alargely pla-
nar surface)is not easilyincorporatednto stereoprocessesThird,
otherknowledge,suchasthat of occlusions(both modeledandun-
modeled)s notreadilyapplicablein sterecanalysis.

FuaandLeclercdevelopedamethodthatgeneratea 3D meshto rep-
resentthe 3D structureson a surface(FuaandLeclerc,1994). This
approachhasa numberof advantagesover the pure form of stereo
analysis It is correlation-basedndmalkesuseof arny numberof im-
ages.It usesaminimizationfunctionin which geometricconstraints
canbe added. In particular the minimization processstartsfrom a
plane,addressinghe planarconstrainiof thefacades.

In this section, surface microstructuresare recovered using a hy-
brid methodthatcombineghe 2D informationobtainedn Section3
andthe 3D informationobtainedusinga revisedversionof Fuaand
Leclercs method.

Facade| Actual Extracted Correct Falseneg. Falsepos.
7 301 303 300 1 3
17 18 17 17 1

18 54 54 54

19 18 11 6 12 5
24 192 192 192

25 82 72 72 10

26 212 211 211 1

27 72 72 72

44 144 150 144 6
45 53 51 51 2

Total 1146 1133 1119 27 14

Tablel: window extractionresults

4.1 3D MeshGeneration

The facadesurfaceS is representedby a mesh,which is a hexag-
onally connectedset of verticesorganizedinto triangularelements
calledfacets Thealgorithmstartswith aplanarsurfaceanddeforms
it by iteratively minimizing objective functionE (S):

E(S) =

pEp(S) + sEs(S)+ GEac(S); (13)

pt s+ =1 (14)
in which Ep is a planarsurfaceconstraintthat controlsthe amount
thesurfaceis allowedto deviatefrom aplane E (S) isacorrelation-
basedstereaconstrainaattemptingo minimizetheappearancdiffer-
encesf eachfacetof the meshacrossall theimagesandE g(S) is
a geometricconstraint. Detailsfor thesecomponentandthe mini-
mizationschemecanbe foundelsevhere(FuaandLeclerc,1994).

In orderto take advantageof knowledgeobtainedin Section2, we
modi ed FuaandLeclerc's algorithmby excluding occlusiondrom
stereocomputationin Es. We de ne anocclusion-emwedfacade
image (or ORFimage) by

Yoreli; j1= Yineli; jIMEM s

whereM g is the ervironmentmaskthatrepresentshe modeledoc-
clusion,andM . is abinaryversionof thecorrelationmaskM . that
representshe unmodeledcclusion. Thuswe useYggg ratherthan
YNk to calculateE g, usingonly unoccludedpixelsandfocusingon
thevisible partsof eachfacade.

We appliedthe 3D meshgeneratiomalgorithmto all the major fa-
cadesn our datasetln theexperimentsyeset p = 0:1, g= 0.9,
and g = 0; thatis, the geometricconstrainte g(S) wasnotimple-
mented.Figure 6 shaws the depthestimationon one of the facades.
Theseesultsarenoisy but thegenerapatternof windowsis evident.

4.2 2D/3D Combination

Figure 6 shavs that an accurateshaperecovery of 3D microstruc-
turesis nearlyimpossiblefrom depthestimatesalone,becausehe
depthresultsarevery noisy For a higherquality reconstructionye
assumethat the facadesurface structurescan be approximatecby
two depthlayersonly: the wall layer andthe window layer. This
assumptioris reasonabldor normalwalls. Non- at portionson a
wall arenormally connectiondetweerwindows andthewall; these
detailedstructuresarebeyondthe scopeof our currentdiscussion.

With thisassumptionwe usethe2D rectanglegxtractedn Section3
to representhe shapeof the3D microstructuresandusetheaverage
depthinsidethe rectanglego representhe depthof the structures.
Figure 7 demonstratean exampleof 2D/3D combinationresults. It
shaws thatthe 3D structuresarewell representedhy combiningthe
2D symbolicrepresentatioandthe 3D depthinformation.



Figure6: Facadedepthestimation.

5 DISCUSSION

We describeda suite of algorithmsfor detailedurbanenvironment
extraction,includingtexture recovery, microstructuredetection,and

depthestimation. An iterative, weighted-aeragealgorithmis ca-

pableof recovering a consensusexture map, nearly free from oc-

clusions(modeledandunmodeledpandlocalillumination variations.
2D microstructuresre extractedusing an algorithmthat combines
bottom-upandtop-dawn strateies. Finally, the relative depthof 3D

microstructuresre estimatedfacilitating a combinationof 2D and

3D informationfor a completerepresentationf surfacemicrostruc-
tures.Combiningwith previoustechniquesthesealgorithmsareca-

pableof producingrealistic,detailed andtexture-mappe@D models
of urbanenvironmentsfrom large setsof real-world images.

Theproposedilgorithmsareeffective for solvinga genericsetof ur-

banenvironmentextractionandre nement problems,in which the
wall surfacesarelargely planarandthe microstructuresare mainly

rectangularMany buildingsin urbanenvironmentssatisfythesecon-
straints.In addition,practicalityis oneof thedesignemphasesf the
algorithms. For example, signi cant efforts have beeninvestedin

the algorithmsto dealwith inaccurag anduncertaintyof the input

data. The texture deblurringprocessallows the algorithmto toler-

ate camergposeerror thatoften arisesin real applications.The 2D

microstructuremoduleis adaptedo extract structuresof ary size,
requiringfrom the useronly the upper/laver boundsof the structure
sizeandneedingnointeractve parameteadjustment.

Thereareseveraldirectionsin which thealgorithmscanbe extended
to solve moregeneralproblems.First, the extracted2D microstruc-
turescan provide partial geometricconstraintan E g(S) for depth
estimation. How to improve the depthestimationby incorporating
the partialconstraintss atopic for future study

Second,the architectureof iterative texture recovery invites more
informationto be utilized for betterresults. For example,oncethe
depthof the 3D microstructuresare determinedpcclusionscaused
by thesestructureson the facadecan be computedfor eachLNF
image.Thereforethetexturerecovery algorithmcanbererunto take
into accounthis additionalinformation(excluding theseocclusions
from the CTF computation).

Third, theORGalgorithmis designedo extractagenericclassof ob-
jects. Althoughalargevariety of surfacemicrostructurest into this
class,it hastwo majorlimitations: the shapeof eachmicrostructure
is approximatedy arectangleandtheluminanceof themicrostruc-
ture mustberelatively uniform. For morespecialproblems special
objectdetectiormodulesshouldbe usedasasuccessoof ORG/PPF

Fourth,theglobalilluminationvariationproblemhasnotbeensolved
in the CTF algorithm.For renderingpurposesa bettertexturerepre-
sentatiormaybedemandedThis problemcouldbe solvedusingthe
heuristicsgiven by the periodic patternof microstructures.As the
microstructuresharethe commonshapeand commonperiod, they
shouldalsosharetheillumination in normalcases.An illumination
adjustmenslgorithmcouldthusbe designedor this end.

Figure7: Microstructurevisualization.
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