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ABSTRACT:

We presenta setof algorithmsthatrecoversdetailedbuilding surfacestructuresfrom multiple imagestakenundernormalurbanconditions,
wheresevereocclusionsandlighting variationsoccurandaredif�cult to bemodeledeffectively. An iterative weighted-averagealgorithmis
designedto recover high-qualityconsensustextureof thewall facades.A genericalgorithmis developedto extract the2D microstructures.
Depthis estimatedandcombinedwith 2D structuresto obtain3D structures,facilitatingurbansitemodelre�nementandvisualization.

1 INTR ODUCTION

Extractingandrenderingdetailed3D urbanenvironmentsis an im-
portantproblemin computervision andcomputergraphicsbecause
of its numerousapplications.The main bottleneckof this problem
lies in theneedfor humaninterventionin currentsystems,prevent-
ing them from being scalableto large datasets(Teller, 1998). A
large body of researchhasbeenmadefor automatingsomeof the
processes,including reconstructionof coarse3D geometricmod-
els,mainly at thelevel of buildings(Collins et al., 1998;Coorg and
Teller, 1999;FirscheinandStrat,1996).Detailedanalysisof facade
textureandsubstructureshasbeenvery limited (Mayer, 1999).

Real-world textureanddetailedstructureareimportantbecausethey
provide high visual realismaswell asculturalandfunctionalinfor-
mationof theurbansite. However, it becomesincreasinglydif�cult
whentheinformationof concernis detailedto thedegreeof microc-
structure (surfacestructuressuchaswindows thatpossessfew sup-
portingpixelsdueto insuf�cient imageresolution).Figure1(a2,b2,
c2,d) showssomesample(recti�ed) imagesof a real-world building
facadecapturedfrom differentviewpoints. Largeportionsof useful
textureareeitheroccludedby otherobjectsor degradeddueto sig-
ni�cant lighting variations. Someocclusionsarecausedby regular
structures,suchasotherbuildings,whichcouldbemodeledusingex-
isting techniques;someothersarecausedby irregularobjects,such
astrees,which areverydif�cult to bemodeledeffectively.

In summary, adetailedanalysisof suchimagesposesadif�cult prob-
lem due to variousfactorsthat affect imagequality, including (1)
varying resolutiondueto perspective effects,(2) noiseintroduction
duringacquisition,(3) non-uniformillumination causedby lighting
variationsandcomplex environmentalsettings,(4) occlusionscaused
by modeledobjects,suchasotherbuildings,(5) occlusionscausedby
unmodeledobjects,suchastrees,utility poles,andcars. A system
mustbecapableof dealingwith all thesecoexisting factorsin order
to facilitatea detailedanalysis.In addition,interactive methodsare
not preferablebecauseof the large numberof pixels andstructures
presentin many situations(e.g. morethana thousandwindows for
four or � ve buildings).

We develop an automatedmethodfor effectively recovering high-
quality facadetexture and its microstructurepatternfrom multiple
images.Input to ourmethodis asetof imagesannotatedwith camera
intrinsic parametersandreasonablyaccurate(but not exact)camera
pose,aswell asa coarsegeometricmodel,mainly thefacadeplanes
of buildingsin theurbansite.

The informationrequiredasinput to our methodis availableusing
existing techniquesdevelopedin the City ScanningProject(Teller,
1998). Imageacquisitionis performedby a semi-autonomousrobot
(Bosseetal, 2000),whichis amovableplatformmountedwith adif-
ferentialGPSsensor, a relative motion sensor, anda rotative CCD
camera.The robot acquiresthousandsof imagesfrom differentlo-
cations(callednodes) on thegroundsurface,annotatingthe images
with metadatasuchastime andposeestimation.Spatialpositionsof
the nodesare re�ned using featurecorrespondencesacrossimages
(AntoneandTeller, 2000).A setof facades, eachcorrespondingto a
wall surfaceof abuilding, is thenextractedfrom theoriginal images
using a priori constraints(suchas vertical surfacesand horizontal
lines) to establishthe geometricmodelof the urbansite (Collins et
al., 1998;Coorg andTeller1999).

Section2 describesaniterative,weighted-averageapproachto high-
quality facadetexturerecovery. Sections3 and4 introduce2-D and
3-D methodsfor microstructureextraction. Section5 concludesthe
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,becausea high-�delity texture representationis
key to the successof detailedimageanalysis.Multi-view methods
have beenproposedfor texture fusion/recovery, suchas interpola-
tion methods(Debevecet al., 1996),re�ectancemodels(Satoet al.,
1997),andinpaintingtechniques(Bertalmioet al., 2000).Themain
drawbackof thesemethodsis thatthey do nothandleocclusionsau-
tomatically. A systemintroducedby (WangandHanson,2001) is
capableof determiningocclusionscausedby regular, modeledstruc-
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Figure1: Texture recovery. (a) environmentmask[a1: cameraposition,a2: LNF image,a3: mask];(b) obliquenessmask[b1: cameraposition,b2: LNF
image,b3: mask];(c) correlationmask[c1: aversionof CTF image,c2: LNF image,c3: mask];(d) sampleoriginal facadeimagesof thiswall; (e) initial CTF
imagewithoutdeblurring;(f) CTF imageafteriterative deblurring.

tures,but notunmodeledones.A median-basedtechniquedeveloped
by (Coorg andTeller, 1999)repairsunmodeledocclusions;however,
themethodmaycauseblurredor disruptedboundariesof structures.

We describea new methodto obtaina realisticfacadetexture map,
removing occlusionsand effects of illumination variations. This
methodtakesasinputacoarsegeometricmodelof buildingsandaset
of imagestakenfrom nodesatdifferentlocationsandassociatedwith
reasonablyaccurate,but notexact,cameraposeinformation.We as-
sumethat the light sourcefor theurbanimagesarenormalsunlight
(i.e. nearlywhite) andthusonly the luminancein thecolor spaceis
consideredin this paper. We alsoassumethat the building facades
arecloseto theLambertiansurfacemodel(Foley etal., 1990).

As a preprocessingstep,the input imagesarerecti�ed into facade
images, i.e. imagesunderorthographicprojectionof a facade.This
happensonly 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. Figure1(d) shows somesamplefa-
cadeimagesin our experiments.To facilitatetexture fusion for re-
moving degradationeffects(e.g. occlusions),the facadeimagesare
normalizedby lineargray-level stretching;theresultingluminance-
normalizedfacadeimages(or LNF images) have the sameaverage
luminanceandthusarecomparableto oneanother.

2.1 WeightedAveraging

The coreof our methodis a weighted-averagealgorithmthat gen-
eratesa consensustexture facadeimage (or CTF image) for each
facade.The luminancevalueof pixel [i; j ] in the CTF imageof a
facadeis a weightedaverageof all LNF imagesof thatfacade:

YCTF[i; j ] =
X

�

Y �
LNF[i; j ] � w� [i; j ]; (1)

X

�

w� [i; j ] = 1; (2)

in which Y �
LNF is LNF image� , YCTF is the fusedCTF image,and

w� is theweightfactordeterminedby threemasksdescribedbelow.
A maskis an imagewhosepixel valueindicatesthe relative impor-
tanceof thecorrespondingpixel in theLNF image.Thethreemasks
measurethreedifferentphysicalattributes.

EnvironmentMaskis a binarymaskthatspeci�eswhethera pixel is
occludedby amodeledobject(Figure1(a)). It is computedusingthe
camerageometryand the 3D coarsemodel: M �

E [i; j ] is set to 0 if
pixel [i; j ] is occluded;otherwise,it is setto 1.

ObliquenessMaskis a grey-scalemaskthat representstheoblique-
nessof afacadeasseenfromthecamera(Figure1(b)),alsocomputed
from thegeometry:

M �
O[i; j ] = cos� � (i; j ); (3)

in which � � (i; j ) is thecameraviewing angleat [i; j ] on the facade
measuredfrom thenormalof thefacade.

CorrelationMaskis a grey-scalemaskintendedto deweight theef-
fectsof unmodeledocclusionsandlocal illumination variations.To
computethis mask,aninitial CTF imageis needed,andthemaskis
calculatedusingastandardlinearcorrelationbetweentheLNF image
andtheinitial CTF image(Figure1(c)):

M �
C[i; j ] =

Covi;j [Y �
LNF; YCTF]

Vari;j [Y �
LNF]Vari;j [YCTF]

; (4)

in which Covi;j andVari;j arebasedin an imagewindow, centered
at [i; j ], of a predeterminedsize(8 � 8 in ourexperiments).In prac-
tice, the weighted-averagealgorithmis carriedout iteratively (Sec-
tion 2.2),andin eachiterationa new CTF imageis usedto calculate
M �

C. Theinitial CTFimageis obtainedby the�rst iteration,in which
only M �

E andM �
O areused.



Oncethethreemasksaredeterminedfor eachLNF imageof afacade,
theweightw� atpixel [i; j ] of LNF image� is computedby:

W � [i; j ] = M �
E [i; j ]M �

O[i; j ]M �
C[i; j ]; (5)

w� [i; j ] =
W � [i; j ]P
� W � [i; j ]

: (6)

2.2 Iterati ve Deblurring

TheCTFimagethusobtainedmaylook blurred(Figure1(e))because
theLNF imagesmaynotbeperfectlyregistereddueto errorsin cam-
eraparameters.(Notethatouralgorithmdonot requirepreciseinput
cameraparameters;thatis, any two versionsof LNF imagesmaynot
align accuratelyto eachother.) A deblurringprocessis usedthatre-
warpsthesourceLNF imagesto align with theCTF image,similar
to thatof (Szeliski,1996):

[ u; v; 1 ]T �= P [ u0; v0; 1 ]T ; (7)

whichwarpspixel [u0; v0] to [u; v] usingP . Ourgoalis to �nd awarp
P thatbestregistersthetwo images.Weusethefollowing constraint
functionsin ourmethod:

ECTF =
X

u;v

[e(u; v)]2 ; (8)

[e(u; v)]2 = W � [u0; v0](YCTF[u; v] � Y �
LNF[u0; v0])2 : (9)

Note that the overall weight maskW � is used,re�ecting the de-
greeof con�dencewe have for eachpixel of Y �

LNF. TheLevenberg-
Marquardtalgorithm (Presset al., 1992) is employed to solve the
constrainedminimizationproblem.It is aniterativeprocess(starting
from theidentitymatrix); in eachiteration,P is incrementedby

� p = � (H + �I ) � 1g; (10)

where

g =
X

u;v

e(u; v) [ @e(u; v)=@p]; (11)

H =
X

u;v

[ @e(u; v)=@p][ @e(u; v)=@p]T ; (12)

in whichp is a 8 � 1 vectorrepresentationof P (noteonly 8 param-
etersareneededto describeP), and� is a parameterreducedto 0 as
theprocedureconverges. After a new P is calculated,theLNF im-
agesarerewarpedandtheweighted-averagealgorithm(Section2.1)
is rerunusingtherewarpedLNF imagesto computefor a new CTF
image.Figure1(f) shows sucha CTF imagewith deblurring.

Thedeblurringprocessis alsoexecutedin anrecursive manner. Re-
call thatthecorrelationmaskM C is dependentonaninitial CTF im-
age.After deblurring,thenew CTFimageis usedto computeamore
accurateM C, which thenagainupdatestheCTF imageandtriggers
anotherroundof deblurring.Theconvergenceof therecursionis en-
suredby stoppingwhenthedifferencebetweentwo successive CTF
imagesis suf�ciently small.

2.3 Experiments

Experimentswerecarriedoutto testtheconsensustexturegeneration
algorithmagainstan imagedatasetacquiredat TechnologySquare,
anof�ce parkof four buildings locatedon theMIT campus.About
4,000imageswerecapturedusingthemovableplatform(Section1)

Figure2: CTF texturedmodel.

at 81 nodesin this site.At eachnode,47 imageswereacquiredwith
distinctrotations.LNF imageswereextractedfor eachfacade.

Figure1(f) shows the CTF resultof the iterative weighted-average
algorithmonafacade,for which28LNF imageswereextractedfrom
thedatabaseandusedto generatetheCTF image. Most occlusions
causedby modeled/unmodeledobjectsweresatisfactorily removed;
the luminanceis also reasonablyconsistentacrossthe entire CTF
image. Figure2 shows a perspective view of the resultingtextured
modelof this site.

Our experimentsalsoshow that only abouta dozenoriginal facade
images,with qualityshown in Figure1(d),areneededfor texturere-
covery with a satisfactoryresult.In addition,theiterative deblurring
is a very stableprocess;only a coupleof iterationsarenecessaryto
reachtheimagequality asshown in Figure1(f), underthecondition
of up to 5-pixel mis-alignmentof LNF imagesdueto input camera
poseerror. Therefore,thehaltingof the iterationscanbesimpli�ed
asto a certainnumberof iterations,insteadof complex criteria.

3 MICR OSTRUCTURE DETECTION

In the areaof urbansite reconstruction,a large body of research
hasbeenfocusingon methodsof establishinggeometricmodelsfor
large-scalestructures,especiallybuildings,whosestructuralfeatures
(corners,edges,etc.) typically possesssuf�cient imagecuesto sup-
portdirectandreliable3D reconstructionfrom theimages(Firschein
andStrat,1996;Mayer, 1999). In this paper, we emphasizethe im-
portanceof microstructuresbecausethey providerich informationof
thebuildingsandresultin addedrealismfor visualization.

Two piecesof evidenceareusedfor microstructureextraction: the
relative 3D depthof the structuresand their 2D appearances.The
relativedepthof asurfacemicrostructureis typically verysmall(see
Section4). Thusdirectly extractingthesestructuresfrom noisy 3D
depthdatamay be beyond the state-of-the-artof currentcomputer
visionalgorithmswithoutapriori knowledge.In thissection,weuse
a 2D-basedstrategy to detectthelocationsof microstructuresin the
CTF imagesgeneratedin Section2.

TheCTFimagesprovideagoodtexturerepresentationof thefacade,
free from effects of occlusionsand local illumination variationsif
enoughviews areprovided. However, symbolicextractionof win-
dows is still dif�cult dueto theexistenceof noise.Onetypeof noise
is theglobal illumination variationon thefacade.It happensin Fig-
ure2 that the lower partof thewalls is universallydarker thantheir
upperpart (sometimeseven darker than upperwindows). This is
becauselower partsof buildingstypically receive lesssunlightthan
upperpartsin a denselyurbanizedarea.Thepixel-basedweighted-
averagealgorithmis unableto removeglobalilluminationvariations,
becausethe lower part is darker on themajority of LNF images.A
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Figure3: Orientedregiongrowing (ORG).(a)oneiterationof regiongrow-
ing; (b) determiningthelocationof thegrown boundary.

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 majoradvantagesis that it
dealswith global illumination variationsandothertypesof noise.It
requiresthatawindow beonaveragedarker thanthewall locally but
notnecessarilyglobally.

In thecurrentsystem,thesymbolicmicrostructuresarerepresented
asa setof disjoint 2-D rectangles,eachhaving two verticalandtwo
horizontaledges.A largenumberof windows in urbanareas�t well
into this representation.Window extractionis performedontheCTF
images,on which windows appearasdark,rectangularblobson the
brighterwall surface.

Detailsof theORGalgorithmareshown in Figure3(a)in thefacade
imagespace. It runs iteratively, startingfrom a smaller rectangle
(calleda seed) andgrowing outward into a larger onethat best�ts
thewindow blob. Thegrowing processesareperformedonly in the
two vertical andhorizontaldirections. In eachdirection, a search
strip,e.g.s in 3(a),is establishedbasedon theseed.A zerosecond-
orderderivative criterion, shown in 3(b), is appliedto the intensity
pro�le, h(s), of the strip for determiningthe grown boundary. A
new rectangleis �t to thefour boundaries,foundin thefour strips,to
form alargerrectangle,which is thentreatedasanew seedto initiate
anotheriterationof orientedgrowing. The iterationhaltswhenthe
region ceasesto grow; theresultingrectangularregion is taken asa
window candidate.

The ORG modulerequiresonly two user-provided parameters,the
lower andupperboundsof window size. It attemptsto �nd all win-
dows of any sizebetweenthetwo bounds.

3.2 Periodic Pattern Fixing (PPF)

TheORGalgorithmis a purelybottom-upprocessandmayresultin
missingcandidatesdue to imagenoise. A top-down module(Fig-
ure4) is designedto �x themissingcandidatesby applyinga high-
level constraintabout the microstructurepattern. This constraint
statesthatmicrostructuresof similar sizehave a periodicpatternin
horizontalandvertical directionson the facade.Basedon this con-
straint, a periodic pattern �xing (PPF) moduleis designedfor re-
pairing periodicmicrostructurepatterns.Structuresof similar size
are groupedtogether;the horizontaland vertical periodsof a mi-
crostructuregrouparethenfoundusingclusteringalgorithmsbased
on their neighboringdistances.Missingcandidatesarethenhypoth-
esizedusinginterpolationor extrapolation.

In reality, theperiodicpatternconstraintmaynot alwaysbestrictly

find a 
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Figure4: Periodicpattern®xing (PPF).

satis�edon all buildings. To ensurethatmissingcandidatehypothe-
sesareonly �lled in for windows that exist, a “bottom-upveri�ca-
tion” testis usedto verify their existencein theLNF imagesbefore
interpolation/extrapolation.OneachLNF image,averticalandhori-
zontaledgedetectionalgorithmis performedat locationsof missing
candidates(if they arevisible). A missingcandidateis acceptedfor
�lling in only if therearesuf�ciently many LNF imagesthatsupport
thehypothesis.

3.3 Experiments

Ten facadeimages,representingthemajorbuildings in Technology
Square,wereusedto testthesymbolicwindow extractionalgorithm.
Figure5(a) shows a CTF image(512 � 256), wheretherearetwo
typesof windowsonthefacade:twentysmallonesalignedonthetop
�oor and192windows in a matrix pattern.The imageis noisy: the
lowerpartof thefacadehassigni�cantly lessluminanceandcontrast
thantheupperpart;windows have differentlocalbackgroundcondi-
tionsanddifferentdegreesof blurrinesson their edges.In addition,
therearestructureson thebottom�oor with irregularre�ectance.

In the experiments,the lower/upperboundsof window sizeareset
to 3 and 100 pixels, respectively, for both height andwidth. Fig-
ure 5(b) shows the resultsof the ORG algorithm. The majority of
thewindows areextractedcorrectly;somewindows aremissingdue
mainly to extremelylow contrastin theCTF image;therearesome
falseextractionscausedby the irregular re�ectanceon the bottom
�oor . Figure5(c) shows thePPFresults,in which missingwindows
arecorrectly�lled in andirregularstructuresareproperlyremoved.

Table1 lists the extraction resultsin the experiments. Among the
1146windows on thetenfacades,1119of themhave beenextracted
correctly. Only 27 aremissing,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 theimagesshows thatthemissingwin-
dows aremainly causedby low contrastof the windows and their
blurrededges.Thefalsepositivesaremostlydueto thecomplex in-
tensitypatternscausedby rectangularstructureson thewall surfaces
thatlook like windows but arenot.

ThePPFmoduleis basedon theassumptionthat thewindows pos-
sessa periodicpattern.This strongassumptiondid not causesignif-
icant falsepositivesbecauseof the bottom-upveri�cation process.
However, it is worth noting that PPFis an optionalmodulehighly
dependenton a priori knowledgeof the domain,scene,and/orspe-
ci�c object. For urbansiteswherewindows do not show periodic
patternson buildings,thisoptionmaynot beused.



(a)

(b)

(c)
Figure5: Symbolicwindow extraction.(a)CTFimage;(b) resultsof ORG;
(c) resultsof PPF.

4 DEPTH ESTIMA TION

The goal of depthestimationis to recover the relative depthof mi-
crostructureson the facadesurfaces.Accuratedepthrecovery from
imagesis very dif�cult in thecontext of the City ScanningProject,
mainly dueto thesmall ratio of thedepthof microstructures(on the
orderof centimeters)to thecamera-to-wall distance(on theorderof
tensof meters).

Stereoanalysis(Faugeras,1993) is widely usedto recover depth
from multiple images. There are someshortcomingsin the pure
form of stereoanalysiswhenappliedto theproblemof urbansitemi-
crostructureextraction. First, the analysis(e.g. epipolarmatching)
typically takesplaceon two imageswhereasmany morefacadeim-
agesareavailablein our application.Second,geometricconstraints
(suchasthatmicrostructuresareshallow structureson a largely pla-
nar surface)is not easilyincorporatedinto stereoprocesses.Third,
otherknowledge,suchasthatof occlusions(bothmodeledandun-
modeled)is not readilyapplicablein stereoanalysis.

FuaandLeclercdevelopedamethodthatgeneratesa3D meshto rep-
resentthe3D structureson a surface(FuaandLeclerc,1994). This
approachhasa numberof advantagesover the pureform of stereo
analysis.It is correlation-basedandmakesuseof any numberof im-
ages.It usesaminimizationfunctionin whichgeometricconstraints
canbe added.In particular, the minimizationprocessstartsfrom a
plane,addressingtheplanarconstraintof thefacades.

In this section,surfacemicrostructuresare recovered using a hy-
brid methodthatcombinesthe2D informationobtainedin Section3
andthe3D informationobtainedusinga revisedversionof Fuaand
Leclerc's 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

Table1: Window extractionresults

4.1 3D MeshGeneration

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

E (S) = � DED(S) + � SES(S) + � GEG(S); (13)

� D + � S + � G = 1; (14)

in which ED is a planarsurfaceconstraintthat controlstheamount
thesurfaceis allowedto deviatefrom aplane,ES(S) is acorrelation-
basedstereoconstraintattemptingto minimizetheappearancediffer-
encesof eachfacetof themeshacrossall the images,andEG(S) is
a geometricconstraint.Detailsfor thesecomponentsandthemini-
mizationschemecanbefoundelsewhere(FuaandLeclerc,1994).

In orderto take advantageof knowledgeobtainedin Section2, we
modi�ed FuaandLeclerc's algorithmby excludingocclusionsfrom
stereocomputationin ES. We de�ne an occlusion-removed facade
image (or ORFimage) by

Y �
ORF[i; j ] = Y �

LNF[i; j ]M �
E M �

C' ;

whereM �
E is theenvironmentmaskthat representsthemodeledoc-

clusion,andM �
C' is abinaryversionof thecorrelationmaskM �

C that
representstheunmodeledocclusion.Thuswe useY �

ORF ratherthan
Y �

LNF to calculateES, usingonly unoccludedpixelsandfocusingon
thevisiblepartsof eachfacade.

We appliedthe 3D meshgenerationalgorithmto all the major fa-
cadesin ourdataset.In theexperiments,weset� D = 0:1, � S = 0:9,
and� G = 0; thatis, thegeometricconstraintEG(S) wasnot imple-
mented.Figure6 shows thedepthestimationon oneof thefacades.
Theseresultsarenoisy, but thegeneralpatternof windowsis evident.

4.2 2D/3DCombination

Figure6 shows that an accurateshaperecovery of 3D microstruc-
turesis nearly impossiblefrom depthestimatesalone,becausethe
depthresultsarevery noisy. For a higher-quality reconstruction,we
assumethat the facadesurfacestructurescan be approximatedby
two depthlayersonly: the wall layer and the window layer. This
assumptionis reasonablefor normalwalls. Non-�at portionson a
wall arenormallyconnectionsbetweenwindows andthewall; these
detailedstructuresarebeyondthescopeof ourcurrentdiscussion.

With thisassumption,weusethe2D rectanglesextractedin Section3
to representtheshapeof the3D microstructures,andusetheaverage
depthinsidethe rectanglesto representthe depthof the structures.
Figure7 demonstratesanexampleof 2D/3D combinationresults.It
shows that the3D structuresarewell representedby combiningthe
2D symbolicrepresentationandthe3D depthinformation.



Figure6: Facadedepthestimation.

5 DISCUSSION

We describeda suiteof algorithmsfor detailedurbanenvironment
extraction,includingtexturerecovery, microstructuredetection,and
depthestimation. An iterative, weighted-averagealgorithm is ca-
pableof recovering a consensustexture map,nearly free from oc-
clusions(modeledandunmodeled)andlocal illuminationvariations.
2D microstructuresareextractedusingan algorithmthat combines
bottom-upandtop-down strategies.Finally, therelative depthof 3D
microstructuresareestimated,facilitating a combinationof 2D and
3D informationfor a completerepresentationof surfacemicrostruc-
tures.Combiningwith previoustechniques,thesealgorithmsareca-
pableof producingrealistic,detailed,andtexture-mapped3D models
of urbanenvironmentsfrom largesetsof real-world images.

Theproposedalgorithmsareeffectivefor solvingagenericsetof ur-
banenvironmentextractionandre�nement problems,in which the
wall surfacesarelargely planarandthe microstructuresaremainly
rectangular. Many buildingsin urbanenvironmentssatisfythesecon-
straints.In addition,practicalityis oneof thedesignemphasesof the
algorithms. For example,signi�cant efforts have beeninvestedin
the algorithmsto dealwith inaccuracy anduncertaintyof the input
data. The texture deblurringprocessallows the algorithmto toler-
atecameraposeerror thatoften arisesin realapplications.The2D
microstructuremoduleis adaptedto extract structuresof any size,
requiringfrom theuseronly theupper/lower boundsof thestructure
sizeandneedingno interactive parameteradjustment.

Thereareseveraldirectionsin which thealgorithmscanbeextended
to solve moregeneralproblems.First, theextracted2D microstruc-
turescanprovide partial geometricconstraintsin EG(S) for depth
estimation. How to improve the depthestimationby incorporating
thepartialconstraintsis a topic for futurestudy.

Second,the architectureof iterative texture recovery invites more
informationto be utilized for betterresults. For example,oncethe
depthof the 3D microstructuresaredetermined,occlusionscaused
by thesestructureson the facadecan be computedfor eachLNF
image.Therefore,thetexturerecoveryalgorithmcanbererunto take
into accountthis additionalinformation(excludingtheseocclusions
from theCTF computation).

Third, theORGalgorithmisdesignedto extractagenericclassof ob-
jects.Althougha largevarietyof surfacemicrostructures�t into this
class,it hastwo major limitations: theshapeof eachmicrostructure
is approximatedby arectangle,andtheluminanceof themicrostruc-
turemustberelatively uniform. For morespecialproblems,special
objectdetectionmodulesshouldbeusedasasuccessorof ORG/PPF.

Fourth,theglobalilluminationvariationproblemhasnotbeensolved
in theCTFalgorithm.For renderingpurposes,abettertexturerepre-
sentationmaybedemanded.Thisproblemcouldbesolvedusingthe
heuristicsgiven by the periodicpatternof microstructures.As the
microstructuressharethe commonshapeandcommonperiod,they
shouldalsosharetheillumination in normalcases.An illumination
adjustmentalgorithmcouldthusbedesignedfor this end.

Figure7: Microstructurevisualization.
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