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ABSTRACT:

Semantically-enhance2D modelreconstructionn urbanenvironmentsis usefulin a variety of applicationssuchasextract-
ing metric and semantidnformationaboutbuildings, visualizingthe datain a way that outlinesimportantaspectspr urban
planning.

We presenta probabilisticimage-base@pproachto the semanticinterpretationof building facades. We are motivated by
the 4D Atlanta projectat Geogia Tech,which aimsto createa systemthat takesa collectionof historicalimageryof a city
andinfersa 3D modelparameterizetby time. Hereit is necessaryo recover, from historicalimagery metricand semantic
informationaboutbuildingsthatmight no longerexist or have undegoneextensive change Currentapproacheso automated
3D modelreconstructiortypically recover only geometryanda systemati@pproactthatallows hierarchicalklassi cationof
structuralelementss still largely missing.

We extract metric and semanticinformationfrom imagesof facadesallowing us to decodethe structuralelementsn them
andtheir interrelationshipsthus providing accesgo highly structureddescriptionsof buildings. Our methodis basedon
constructinga Bayesiangeneratre modelfrom stochasticontet-free grammarghatencodeknowledgeaboutfacades This
modelcombinedow-level segmentatiorandhigh-level hierarchicalabellingsothatthelevelsreinforceeachotherandproduce
a detailedhierarchicalpartition of the depictedfacadeinto structuralblocks. Markov chainMonte Carlo samplingis usedto
approximatehe posteriorover partitionsgivenanimage.

We shaw resultsonavariety of realimagesof building facadesWhile we have currentlytestedonly limited modelsof facades,

we believe thatour framewnork canbeappliedto muchmoregeneraimodels,andarecurrentlyworking towardsthatgoal.

1 INTRODUCTION

Buildingsandmary otherman-madebjectsdiffer from nat-
ural objectsin the high incidenceof symmetricand regular
shapesTheseshapesarecommonlyorganizedn logical hier

archieghataretheresultof thenaturaltendeng of humango

usedivideandconquemethoddor dealingwith complex de-
signs. The symmetryand hierarchicalstructureof buildings
is obvious to ary obserer in mostcases. It is then natural
to make useof them whentrying to automaticallyreverse-
engineera designbasedon the actual building, especially
sincethe desiredoutcomeis usuallynot anaccurateecoery

of theoriginal design but a plausibleorganizatiorthatcanbe
usedasa sourceof new designsasaway to storeknowledge
abouta building, or asa basisfor reasoningboutit.

This paperdemonstratea proof of conceptof how the regu-
larity and hierarchyof objectssuchas buildings can be ad-
vantageouslyexploited in orderto automaticallyinfer ne-

detailedmodelsandrich semantidnterpretation®f themthat
go beyond whatis currentlypossiblein lessstructuredervi-

ronments As such,mary simplifying assumptionfiave been
done,andinsteadof presenting full-blown framevork, afew

aspectof the processhave beenchoserto illustrateit. Nev-

erthelesswe believe thatthereis a clearline alongwhich the
ideaspresentedherecanfurtherbe developed,andthatis the
aim of our futurework.

We have initially restrictedour modelsto building facades,

andchoseto modelthemby meansof stochasticontet-free

grammars. Context-free grammarsare well establishedand
understoodn mary practicalandtheoreticabranche®f com-

puterscience. Furthermore stochastiextensionshave been
successfullyappliedfor adecadenow in atleasttwo unrelated
areas. This classof grammarsprovides a soundand princi-

pledframework for bothlearningandmeta-learningin which

not only parametergor modelsbut alsorulesgoverningwide

classesf them canbe inferred. While this paperdoesnot

dealwith inferenceof the grammarsbut considershemasa

x edinput, our work may eventuallyextendto automatically
learningthemfrom datasets.

Wewill presenamethodto infer ahierarchicalepresentation
of thefacadedepictedn arecti ed inputimage.In this paper
we malke the simplifying assumptiorthat no structuralele-
mentsin the facadearetotally occludedin theimage. While
partial occlusionsare inevitable, we assumethem to cover
portionsof the image small enoughfor the outputnot to be
affected. Undertheseassumptionsthe problemcanbetrans-
formedinto thatof inferring a hierarchicabpartitionof theim-
age. Therefore,we wish to nd a semanticallymeaningful
segmentatiorof theinputimageinto regions,andthenrepeat
the processsothateachregion is sgmentednto subregions,
andsoon.

We assumaall regionsto be composedf rectangulablocks
of constantcolor. Eventhoughthis assumptiorseemso be
toorestrictve, it is suitablefor mary facadegoundin modern



of ce buildings. Obviousgeneralizationincludeconsidering
moretypesof regions anda more elaboratecolor, illumina-

tion andtexture model. Neverthelessmary of theideaspre-
sentedvould equallyapplyto themorecomplex models,and
the methodologyiscussedioesnot dependon the particular
type of regions consideredgxceptwhen explicitely pointed
out.

A generatie modelbasedn stochasticcontext-free, attribute
grammarss usedasaconciseway to describehesetT of hi-

erarchicapartitionsof theimage.Theuseof grammarsllows
usto breakthe spaceof all possiblepartitionsinto subsetgor-

respondingto the parsetreesfor eachgrammar Moreover,

termsof a grammararenaturallyinterpretedaslabelsfor the
correspondingegions and given semanticneaningin terms
of theobjectthey represent.

Given an input consistingof an image and a grammay our

goalis thento infer a good hierarchicalpartition of theinput

imagefrom amongall partitionsthatcanbe generatedy the

givengrammar Thus,our methodologycanbe appliedsemi-
automatically A humanoperatolooksattheinputimageand
selectsa suitablegrammarto useas input for the inference
processwhich canthenbe performedwithout furtherhuman
intervention. The role of a grammaris two-fold: to encode
the knowledge aboutthe model andto selectthe degree of

granularitydesired.

Thereis aconsiderablemountof ambiguityin this methodol-
ogy, becausehereis no one-to-onecorrespondencbetween
input grammarsandoutputpartitions. Furthermoredifferent
parsetreesof a singlegrammarmay produceequallyaccept-
ablepartitions.In thecontext of stochastigrammarsthereis

aneasysolutionto this problemby assuminghatthe outputto

the problemis not just a singlepartition but a probability dis-

tribution over all possiblepartitions. If theinput grammaris

reasonablewe expectthis probability distribution to be con-
centratecarounda smallnumberof peaks.

The grammarswe use were designedso that they naturally
mirror the processby which a humanwould constructa hi-

erarchicalpartition of animage, but making explicit the as-
sumptionsthat humansuseimplicitely. This resultedin the
grammargo be associatedvith a mini-languagein which a
partitionis representedsa seriesof operatorsactingon sets
of blocks. We will dedicatetherestof section2 and3 to de-
scribethem, rst atthe symboliclevel, andthenat the proba-
bilistic level.

Hierarchicalstructure, symmetryand repetitionalso arisein

otherman-madereationssuchaslanguageegithernaturalor

computeforiented. It is commonto encodethe organization
of languages by the useof grammarsin particular context-

free and regular grammarsare critically importantin mary

elds of computerscience both at the theoreticaland at the
practicallevel, sincethey arecloseto the optimumtrade-of

pointbetweerexpressienessandtractability

While contet-free grammarsare too simple to encodethe
compleity of naturallanguagesgeneralization®f themin
which the generatie procesds no longerdeterministichave
beenusedfor mary years.Suchgrammarsareusuallyknowvn
as stodastic grammas. After [Stolcke, 1994 introduced
a methodfor automaticallylearning stochasticcontet-free
grammarsfrom corporaof naturallanguagetexts, the num-
ber of papersusing similar approache$asbloomed. In a

parallel development,this approachhas also beensuccess-
fully appliedto biologyfor decodingof someRNA molecules
([Sakakibaraetal.,1994.)

Grammatbased approaches to modeling have also
been tried in the eld of architecture. Geoge Stiny

([Stiny andGips,1977) introduced the notion of shape
grammas, which are a generalizatiorof string grammarsn

which productionrulestake theform of tranformationf sets
of two or three-dimensionathapesThey have beenusedwith

varying degreesof succesdy the architecturalcommunity

anda systeminspiredon themhasbeenrecentlyintroduced
by [Wonka,2003 into the eld of computergraphicsfor

generatiorof realisticmodelsof buildings. However, shape
grammarsare often contet-dependentand thus generatie

modelsbasedon them are dif cult to automateefciently,

sincethe generatiorstepneedsa pattern-recognitiolsub-step
thatidenti es combinationsof shapegproducedby possibly
differentrules)thatcanbefed asa left termof a shapeule.

In the computervision community a differentapproachfor
generatre modelingof buildingsnotbasedon grammaravas
introducedby [Dick etal.,2003. In this approacha build-
ing is seenasa non-hierarchicatompositionof a lego-kit of
parametrizableparts that are addedor removed from a can-
didatemodel,which is thenfed into a Markov chain Monte
Carlosamplerthatacceptst or rejectsit accordingto a scor
ing function. This procesompletelysidestepshe comple-
ity of non-contat-free shapegrammarsput its at modelis
not adequatdor meta-learningj. e.,learningnotthe model
givenarealizationof it, but learninga relatively small setof
rulesto beusedin modelgeneratiorgivena corpusof images
representinga certainclassof buildings. It is alsoamguable
that the lack of hierarchyin this approachmalesit dif cult
for humango interpretandmanipulateheoutputof theinfer-
ence.

On the other hand, [PinarDuyguluandForsyth,2002
shaved howv a at model that associatesvords to image
regions, and that can be learned via an expectation-
maximizationmethodwill automaticallyproducemeaningful
annotationsof imagesfor humanconsumption. However,
this approachs betterjusti ed for naturalscenesfor which
hierarchicaldescriptionswvould be very comple, dueto the
high levels of complity andirregularity that they usually
exhibit.

It wasalsoimportantto avoid dependencef our high-level
modelon the performanceof a low-level vision systemthat
coulddistortthe assessmermtf our approachThus,we chose
notto dependon bladk-boxfeaturedetectorsinstead we ex-
tendedour generatre modeldown to the pixel intensitylevel.
This methodologywassomehw inspiredby [Tu etal., 2003,
althoughthe particulartechniquesve usedaredifferent.

The simpli cations and assumptionsve madereducedthe
low-level problemto thatof sggmentinganimageinto disjoint
blocks. Our sgmentatiormethodis notfar from the classical
split-and-mege algorithm ([Horowitz andPavlidis, 1974.)

However, in our casethesetof possiblesplit treesis restricted
by the choiceof input grammarbecausehey mustbe valid

parsetreesfor thegrammar Moreover, in ourmethodameige
stepis not performedexplicitely, but aspart of the construc-
tion of anew split proposato befedto aMarkov chainMonte
Carlo sampler This cleanseparatiorinto a high-level anda
low-level partwill eventuallyallow usto coupleourhigh-level
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Tablel: Typesof productions

grammasbasedsamplerwith ary low-level split-and-mege

strat@y, notonly image-basetiut alsofeature-basedslong

asthe correspondingreesare consistentwith the grammar

While we implementeda singleimage-basedtratgly based
onintensityvariance alternatve stratgiesmaybeconsidered
in thefuture.

2 GRAMMARS AND
TION

IMA GE GENERA-

Our terminology for grammarsand parse trees follows
roughlythesettingdescribedn [Aho etal., 198§. Thegram-
marG = ( o; S;P) consistof a nite setof symbolsS such
thatS = L [ N, with terminalsL andnon-terminalsN, a
nite setof context-free productionsP anda designatiorof
aninitial non-terminal ¢ 2 N:

We imposeonthegrammalrG the additionalrestrictionthatit
be non-recursie in the following sense.Let D be adirected
graphwith nodesthe symbolsin G: Let the edgesof D be
givenby thisrule: anedges: 7! s isin D if andonly if s;
ands, appeain aproductin with s;astheleft symbol. Then,
the non-recursiity conditionmeansthatD be agyclic. This
conditionguaranteethatthe setof all possibleparsetreesof
G will be nite.

Sucha grammarcharacterizea set of nite stringsdravn
from symbolsin S; sinceastringisin  onlyif it canbegen-
eratedby productionsn P startingatthesymbol o: Thepro-
cessof producingsuchastringcanbeencodedn aparsetree
with root o; internalnodeghenon-terminalsised andleaves
the terminalsymbolscomposingthe string. This processas
well asthe generatedtringsandassociategbarsetrees,is il-
lustratedn table2.

Parsetreesin ourmodelaretightly connectedo hierarchieof
regionsandsubrgionsof theinputimage asexplainedbelow.
This fact makes manipulatingparsetreesbettersuitedto our
purposeghan manipulatingthe associatetrings, sincethe
former translatedirectly into geometrictransformationon
thecorrespondingegions. Thereforepurapproactavorsthe
interpretatiorof agrammarascharacterizationf a certainset
T of treesrepresentingartitionsof animage.

2.1 Production rules and symbols

We considetwo typesof productiorrules,whichareshavnin
tablel. Thecopyruleis atrivial rulethatjustrelabelsaregion
with a different symbol. So we will concentrateour effort
into explaining the subdivisionrule. Two typesof symbols,
which we call regionsandoperatos, areusedin theserules.
Operatorsarerestrictedto appearasthe rst right termin a
subdvision rule, andall otherright andleft termsareregion
symbols.

Region symbolscorrespondo setsof identicalblocks. They
represenibcal characteristicsef theobjectsin theimage such

start{color=grg}

vsplit(1,2,1)f 1 = 0:35;r, = 0:65}
side{color=black}
center{color=grg}
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vsplit(1,2,1)f 1 = 0:35;r, = 0:65}
side{color=black}
hdiv(1,2fM = 9;r1 = 0:2;r, = 0:8}
small{color=darkgrg}
big{color=lightgre/}

Table2: Generatiorof anidealimagein 3 steps.Theresultof

applyingeachproductionis shavn graphicallytogetherwith

the correspondingyeneratedstring and its associatecparse
tree. Curly braclets encloseattributes,as explainedin sub-
section2.2.1.



DESCRIPTION

A block in region A is
divided along the hor
izontal direction into 3
regions. An unspeci ed
numberof blockswill be
created,so that the re-
gion type of eachblock
will be BCBBCBBCB...
Notethatblocks1 and4
areclones,but blocks 3
and4 arenotclones.

A block in region A is
horizontally split into 3
regions, resulting in 3
unique blocks with no
clones.

A block in region A
is vertically split into 2
regions, resulting in 3
blocks so that blocks 1
and3 areclonesof type
B, andblock2is asingle
block of type C.

PrRODUCTION
A 7'hdv(1,2,3)B CB

A7'hsplit(1,2,3)B CB

A7lvsplit(1,2,1)B C

Table3: Examplesof grammarproductions

asshapecolor, texture or appeareancelhereasonwhy are-
gionis in generak setof blocksandnotasingleblockis that
it is thensimplerto specifyrepeatingelementsn animage.
A typical exampleis windows, mary of which are usually
identicalin a facade. So, all identicalwindows canthenbe
representedby a singlewindowsymbolinsteadof a variable
numberof symbols.Table2 shavs graphicallythe difference
betweernregionsandblocks. The numberof blocks (alsore-
ferredto ascloneg will sometimederegardedasaparameter
to be estimatedandsometimese consideregart of the def-
inition of anoperatorsymbol,but will notbeby itself a valid
symbolof thegrammar The downsideof thisis thatmapping
from parsetreesto imagepartitionsis not asstraightforvard
asonecould naively expectandmustbe performedoy means
of aninterpreterof theresultingmini-language Furthermore,
thismappingis notinvertible,becausén mary instanceshere
is morethanonepossiblevayto ordertheoperationghatpro-
duceagivenpartition.

Operatorsymbolscorrespondo waysof segmentingaregion
into subrg@ions. Whenaregionis composeaf morethanone
clone,it is enoughto specifyhow to subdvide oneblock and
thenrepeathe operationfor all theremainingclones.There-
fore,operatorsaredescribedy specifyingtheresultof apply-
ing themto a singleblock.

2.1.1 Rectangularblocks

In the caseof rectangulatblocks, we split only alonga co-
ordinatedirection. Therefore,we usetwo main classesof
operators:vertical subdvisions and horizontalsubdvisions.
Productionrulesfor theseoperatorshave the form shawvn in
table 1, wherel andr; areregion symbols,op is an opera-
tor symbol,andthe numberof regionsN is x ed. This rule
will splitaregionassociateavith symboll into N subregions
alonga coordinatedirection, assigningthe symbolsr 1to ry

to the subrgionsin aleft-to-right or top-to-bottomorder

Theoperatorswhichwe termedsplit operatorshave patterns
associatedvith them that describethe breakupinto blocks
of eachregion andthe clonerelationshipsamongthe created
blocks. Patternsconsistof lists of M numberswhereM is
thetotal numberof blocksto be creatednsidea singleblock.
Eachnumberin the patternis an integer betweenl andthe
numberof regionsN that speci es the region to which the
correspondindplock will belong.

The generalform of a split operatorfor N regionsis thusei-

whethetthesplitis to beperformedalongthehorizontalor the
verticaldirection,respectiely.

We alsode ned anotherclassof operatorstermeddiv opera-
tors, with the sameform asthe split operatorsput wherethe
patternis assumedo repeatasmary timesasit ts within the
parentregion. Note thatwe do not currentlyrequirethe total
numberof blocks M to be a multiple of the numberof re-
gionsN . This meanghatthe lastrepeatecatternis allowed
to beincludedonly partially. Examplesof both split anddiv
productionsaregivenin table3.

2.2 Attrib utesand SemanticRules

ThegrammarG is augmentedvith attributesassociatedvith
eachsymbol. This type of grammaris usually called an at-
tribute grammar However, we will considera restrictedtype
of attributegrammamwith semantiaulesonly for inheritedat-
tributes.It will thenbe possibleto applythe semantiaulesin
atop-davn singlepassover the parsetree.

Attributesfor region nodesfall into two cateyories: style at-
tributes whichdescribeglobalaspect®f thegeneratedmage,
andgeometricattributes,suchasthe pixel coordinatesshape
parameterandboundingbox of thethe objectsdepicted.The
former are inherited by just copying them onto the children
nodes.Therefore thereis no ambiguityin consideringnher
ited style attributesasattributesof agrammaiitself, notasso-
ciatedwith ary particularsymbol,sincetheirvaluewill bethe
sameat every nodein the correspondingarsetree. The lat-
ter areinheritedthroughthe applicationof the semanticules
detailedbelon. On the otherhand,operatomodeshave only
synthesizedttributes,which we mentionedbeforeunderthe
nameof parametes.

The semanticrulesin our grammarscombinethe geometric
attributesof the input region with the synthesizedttributes
of the operatorin orderto producenew region nodeswith
geometricattributescorrespondingo the given partitioning.
Therefore,applicationof the semanticrules proceedsin a
top-davn fashionfrom the startsymbol,which representshe
whole imageasa single block, to the leaf level, which rep-
resentghe nal sggmentedregions,whereeachregion is as-
sumedo beasetof identicalblocks.

2.2.1 Attrib utes and semantic rules for rectangular
blocks

In thecaseof rectangulablocks,geometricattributesfor each
block are given by 4 numberscorrespondindo the position,



width andheightof the block. The collectionof thesenum-
bersfor all clonesof a given region constitutethe geometric
attributefor thatregion.

Operatorsof type split are characterizedby ratios fr;

0gl\; ; suchthat i i = 1. Eachratio representshe pro-
portionof thetotal areaa thatwill beassignedo eachregion,
independentlyof the numberof blocks. This meansthatwe
rst assigranarear; atoregionj andthenfurthersubdvide
thisregioninto anumber of identicalblockssothatthearea
assignedo asingleblockwill ber; a= : ThevalueN isnot
a parameterbut a x ed constantin eachproduction. There-
fore, split operatorsaaredravn from anin nite family. Note,
however, thatin ary given grammayonly a nite numberof
variationswill be present.The semantiaule for a horizontal

geometricattributesof aninput block be (x; y; w; h); where
(x; y) arethe coordinatef the top-left cornerof the block,
and(w; h) arethewidth andheightof theblock. Let (k) be
the region type of block k: We then considerthe numberof
clonesfor eachsymbolj , whichis givenby

X

Then, the width and height of block k arewy, = (w
r«)= (¢ andhg = h, respectiely. The other geometric
attributesof blocksarethengeneratedy thefollowing recur
sion:

(X13y1) = (X;y)
(Xk+1 3 Yk+1) = (Xk + Wi Yk):

A similar semanticquleis de ned for vertical splits.

Finally, operatorof type div have two parametersthe total
numberM of sub-blocksnto which a block is to be divided,
andtheratiosf1 r;  Ogl\; : Thesemantiaule for these
operatords appliedindirectly by rst transformingthe oper

berof indicesis M : We canthenapplythe previous semantic
rule to theinputblocks.

In summary a partition of an imageis characterizedy a
string producedby our grammarplus the parameterof the
operatorappearindn thestringandthe styleattributes.If the
coordinatesystentor theimageis chosersothattheimageis
1 unit wide and1 unit high, thena partition canbe generated
in atop-davn way in two passesthe rst passgenerates
parsetree by applyingproductionrulesat eachnon-terminal
node,andthe secondpassappliessemanticulesto generate
all the geometricattributes. Thesetwo passesan eitherbe
sequentiallyexecutedor alternatvely appliedto eachnodein
theparsetreeasit is built.

3 BAYESIAN FORMULATION AND
FERENCE

IN-

3.1 Priors and lik elihood

Wewill now putaprobabilisticmachineryontop of the previ-
ously de ned symbolicgrammarby assigningprior distribu-
tionsto the styleattributes,the parameterandthe production

rules, but not to the geometricattributesof the startsymbol,
which we always parametrizeasthe unit square.Note, how-
ever, thatthe geometricattributesof the othernodeswill ac-
quire a probability distribution inducedby the applicationof
thesemantiaules.

Prior probabilitiesfor the style attributesandthe parameters
areeasilyde ned by just consideringhemrandomvariables
insteadof constants.For example,in the caseof rectangu-
lar blocks,the parameteM in the div operatorsnay be pro-
videdwith eithera unit massat a given value,a discreteuni-
form distribution in a given rangeor a Poissondistribution
with a givenvariance(moremeaningfulthanthe meanin this
case.) Similarly, it seemsnaturalto considerpriors for the
ratio parametersn div andsplit operatorsto be given by a

Dirichlet distribution with means(f1; f2;:::;£n ) andvari-
ances 7 = M@ f):j = 1. N sothat [, A o= 1
and
. 1Y
P(rl;:::;rNJf‘l;"';f‘N;O)=z rfie L

Additionally, eachproductionis given a prior probability of

beingtriggered.Let S = bethesetof all style

attributesof %ammarG. Theprior probability P (S) is given

by P(S) = “13! P(si): LetP(l 7! rjS) bethe probability

of aproductionwith left terml andrighttermr = ryro:::rp

andlet R bethesetof all productionsn our grammar Then,
is characterizedty thefollowing properties:

1.P(I7rjS)=0ifl 7' r 2R

P )
2. fr:I7!r2RgP(I I I’jS): 1

This probability over the grammamaturallyinducesa prob-
ability over the parsetreesconstructedy applyingthe pro-
ductions. The probability P (T; S) of a parsetreeT will be
then:

Y1
P(T;S) = P(S)P(TjS) = P(S)
k=1

P( «iS)

where 1::: , areall therulesthatwereusedto generateghe
parsetree.Notethatsomerulesmighthave beenappliedmul-
tiple times.

Finally, givena parsetreeT for agrammarG, we cancom-
pute the probabilitiesinducedby the semanticrules on the
geometricattributes. We will rst transformthetreeT into
anequialentrepresentatioknowvn asa syntax tree Syntax
treesare commonlyusedin interpretersasa concise,proce-
duralrepresentationf acomputationandthey make sensen
ary contet in which leavesin a parsetree canbe classi ed
aseitheroperatorsor operands.Note that this is a semantic
propertyratherthana syntacticproperty sincethe existence
of sucha classi cation dependsxclusively on the semantic
rules. Syntaxtreesdiffer from parsetreesin that operator
nodesaremoved up onelevel sothatthey becomeparentsof
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Figure 1: Bayesiannetwork representinghe modelin this
paper

their previoussiblings,sothatthey shareanodewith thenon-
terminalthat generatedhem. If necessarythe nonterminal
symbolmay be addedasa synthesizedttribute of the opera-
tor node.

In our case,it is easyto seethat the requirementghat sub-
division operatorsdo not createoverlappingblocks and that
thesub-blockdully coverthe parentblock meanthatthe sub-
blocks are conditionally independentgiven the parent. In
otherwords,syntaxtreesof G form Bayesnetworkswith pos-
sibly varyingnodesandedgeqcf gure 1.)

We will connecttheseBayesnetworksto theinputimageby
addingthe pixels as evidencenodeswith probabilitiesgiven
by a likelihoodfunction. Thus,we needto enhanceour gen-
eratve modelwith afunction thatmapspartitions,asgiven
by the parsetree T with parametersy ; into imageintensi-
ties. Under our assumptiorthat terminal blocks have uni-
form color, areasonablenodelfor canbede nedby adding
graphicalattributesto the parameters.

In the previous contet, graphicalattributescan be thought
of assynthesizedttributesof terminalsymbolsthatrepresent
color, textureor appeareancén thecaseof rectangulablocks
of uniform color, they will justbe3 numbersorrespondingo
themeanRGB intensityvalueof theblock.

Letf R; g bethesetof terminalregionsof agivenparsetreeT:
We canthenusethe geometricattributesof R; to constructa
function (x) thatreturnstheindex of theregion thatcontains
theimagepointx: Let ; bethegraphicalattribute of region
Ri: Then,we cande ne afunction

x(Ty 15 1) = ot x

where x areindependenidenticallydistributedrandomvari-
ableswith zeromeanand 2 variance. This function maps
parsetreesenhancedvith graphicalattributes(which we will

referto aspartitions) into images.Its inducedprobability dis-
tribution depend®n the prior probability of the graphicalat-
tributesaswell asonthenoise : For simplicity, we assumed
thenoiseto be Gaussiandespiteof beingawarethatthismight
notbethebestchoicefor dealingwith variableswith bounded
rangesuchasintensities. This choicewill berevisitedin the
future.

The joint posteriordistribution P (T; t; tjl) givenanim-
ageis thus proportionalto the productof the likelihoodand
thepriorson eachtreeandon the attributeson eachtree:

PUIT; v D)PC 7] miTP(AIT)P(T); (1)
wherethe graphicalattributesarerepresentedy + andall
theotherattributesarein t:Thelikelihoodin (1) factorsover
differentregions:

Y
PUJT; 75 1) = P(r,jT; 1; 1)

In thecaseof Gaussiamoisethelasttermis:

Y Kly K

PR JT; 75 i)/ expl ———5 )

X2 R;
wherel y is the actualimageintensity Sincewe will sample
the posterior it is convenientto integrate out the graphical
attributesto arrive to amaiginal over the parameters

P(T; TjI)Z/ PJT; t)P( 7jT)P(T) 3)

P(IT; 1) = P(+iT; 1)PUIT; v 1)

T

Sincethe graphicalattributesof a region areconditionallyin-
dependenbf otherregions given the parametersf the tree,
this formulacanbefurtherfactorednto regionterms

P(iT;, 1)PURr,T; 1; i):

If we assume uniform prior on the graphicalattributesinde-
pendentbf the otherattributesandthenuseformula (2) then
theintegral canbe explicitely computedgiving riseto a cor
rectedGaussiann theremainingparameters

] Y
P(jT; )=

X

— 1
2 2:'\|i eXp ﬁ
i X2 Rj

(Ix A2

whereN; is the numberof pixelsin region R;, and A is the
sampleintensity meanof region Ri. Finally, by observing
thatthe inner sumis a function of the sampleintensity vari-
ance( )2, we arrive to the nal expressionwhich in sam-
pling contets suchasoursdescribedelow, is knovn asRao-
Blackwellizationof the color intensity:

Y
PUJT; 1) =

2 2=N; exp 2—12Ni(".)2 4)



3.2 Approximate posterior via MCMC sampling

We areinterestedn computingtheposteriordistributiongiven
by 4. Dueto the compleity of the distribution, it is not fea-
sible to computeit exactly. Instead,we will usea sampling
methodthat approximatest. Inferenceis thusperformedby
runningareversiblejump Markov chainMonte Carlosampler
thatfollows theframework explainedin [Green,2003. Using
that terminology eachstateconsistsof a modelindicator T
andaparameterector 1. Themodelindicatorrunsover all
possibleparsetreescompatiblewith ourgrammayrandthe pa-
rametewvectoris the collectionof all the parameterin all the
nodesof agiventree. We will alsoreferto astate(T; 1) as
apartition when&er we wantto emphasizenimagepoint of
view ratherthana grammarpoint of view. Both initialization
andconstructionof new proposalsaredriven by the data. In
fact,the sameprocesss usedin both casesexceptfor minor
differences.

Thesampleiis constructedccordingo theusualMetropolis-
Hastingsalgorithmasfollows:

1. GivenagrammarG; generatea randominitial partition
0= (To; o0):
2. From a given partition
idealimagerh = ( n):

3. UseaproposalistributionQ(T% 9T,; ) tosamplea
new treeT ° with attributes ® andcomputer®= ( 9);
where %= (T% 9):

n generatethe corresponding

4. Computetheacceptanceatio

_ L;T% 9P(TS 9Q(Ta; wiTS 9
T LT )P (T n)Q(T® 9Ta; n)

ne1 = O with probability min(r; 1): Otherwise,
set n+1 = n-.

6. Repeafrom step2 on, until convergence.

Data-driven constructionof a proposalstartswith a partial
parsetree extractedfrom the previous stateby pruning the
treefrom a certainnodedown to the leaveshangingfrom it.
For theinitial state,the partialtreeis the emptytree. In ary
casethereinitially is asinglepointof insertionfor addingnen
nodesto the partial tree. The samplerchooseone grammar
rule thatcanbeappliedto theinsertionpoint andexpandshe
tree,proceedingecursvely until a new full parsetreeis cre-
ated.Everytimearuleis expandedthecorrespondingaram-
etersarealsochosen.Thus,therearethreeseparateasksin
the procesf constructinga new proposal:choosinga point
of insertion,choosingwvhichrulesto applyfor generatingach
new node,andchoosinghenew parametersNotethatthelast
two tasksdo notoccursequentiallybut alternateateachnode,
sothatnodesarenot expandeduntil all parameteri existing
nodesareselected Eachof thesesubtaskss detailedbelow.

3.2.1 Selectingthe insertion point

Givenacurrenttree,anodeis selectecatrandomfrom among
all nodesthatare parentsof anoperatomode,andthetreeis
prunedat thatnode. The probability p; of selectinga nodeis
just the inverseof the numberof selectablenodesin the cur
renttree. Thistaskhastheeffectof memgingthecorresponding
blocksin theassociateglanarpartition.

3.2.2 Selectingthe grammar rule

If morethanonerule canbe appliedatagivennode,theprior
probability is usedto sampleone of them. Therefore,the
probability p, of selectinga rule is just the prior probability
of thecorrespondingule.

3.2.3 Selectingthe parameters

We currently performexhaustve searchfor the global mini-
mum of the discretizederror, which is de ned asthe minus
logarithm of the expressionin formula (4), which is inter-
pretedasif thecurrentnodewerealeafnodein theparsetree.
This processhasprobabilityps = 1. Notethatthisis anap-
proximationto thetruelik elihood,sincewe donotaccounfor
the contritution of nodesbelow the currentnode.However, it
maximizeghelik elihoodof acloselyrelatedproblem,namely
onewith the samegrammarexceptat the currentnode,which
becomes terminalnode,andatall nodesbelow it, which do
notappeatin thetransformedyrammar The partialparsetree
generatedofarthuscanbeseerasafully expandedarseree
of thepartialgrammayrandsoall thepreviousformulationcan
beappliedto thatproblem.

Alternatively, we canalsojust samplea ratio from the prior.
In this casetheprobabilityps is justthe prior probabilityover
thecorrespondingarameters.

3.2.4 Summary

Theconstructiorof aproposakanbesummarizedsfollows:

1. We remove all the nodesunderthe fork andgeneratea
new subtreeaccordingo thefollowing rules:

(a) If we areat a productionnode,thengeneratehe
children accordingto the production,but leaving
non-terminalsinexpanded.

(b) If we are at an unexpandednon-terminall then
samplea productionl 7! r from the setof appli-
cableproductionsaandreplaceheunexpandechon-

terminalby a productionnode.

(c) If we areat a terminalnode,thenstop. We have
now acompletenaw treeT % The color of thisnode
is computedrom the original imageby averaging

over all pixelsbelongingto the associatedegion.

(d) When expanding an operatorrule, we consider
all possiblepartitionsup to the image resolution
level, computethelikelihoodof eachpartitionand
choosehe partitionwith the highestik elihood.

(e) An alternatve to the previous stepis to just sample
arandompartition.

2. The proposalprobability Q(TYT) is just the product
p1  p2 ps of all the probabilitiescomputedin the
previous steps.

3. The reverse probability Q(TjT? is computedin the
sameway, sincethe procesglescribedabove is symmet-
ric.



(a) Originalimage,recti ed andclipped

Final syntaxtree

start-> hsplit(1,2,3)left centemright
center-> vsplit(1,2,3)up groupdowvn
middle-> group

(b) Inferredimage group->vdiv(1,2) oor wall
oor ->hdiv(1,2) window wall
start-> vsplit(1,2)top body down -> vsplit(1,2)anything anything
body-> hsplit(1,2)maigin main
main-> vdiv(1,2) oor wall Figure4: A failedinferencewith agrammarslightly different
oor ->hdiv(1,2) window wall fromthatin gure 3
window -> hdiv(1,2) glassmetal

Figure2: A clippedfacade.This gure illustratesthe prob-
lemsthataretypically encountereth mostimagesof facades.
Somelargeocclusiondn theoriginalimagehadto beclipped
off. Thetop of sometreesanda lightpole arestill visible at
thebottom,but they arenotlarge enoughto interferewith the

inferenceprocess.Theinferredimageshavs the nest detail |  QEaEUSOUTH
we could get,andthe insetshaws the input grammarusedto e g S it o
achieve it. We unsuccessfullattemptedo capturethe bricks P S S o o g
on the top, but the inferencefailed. On the otherhand,the R Y S
discrepang in window illumination andtexture did not pose U O S S e b
aseriousproblem. S -
e L ———
TS e e peen NN TR PEmy

Final syntaxtree

start-> hsplit(1,2,3)left centemright
center-> vsplit(1,2,3)up middle down
middle-> vsplit(1,2)groupwall
group->vdiv(1,2) oor wall
oor -> hdiv(1,2) window wall Figure5: Original input imagefor the inferencein gures 3
down -> arything and4 andinferredmodel.

FER

Figure3: Intermediatestepsin a successfuinference
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Figure6: Errorcomparisorbetweerthegrammarsn gures 3

and4. This graphshawvs theintra-classerrorof thethird rules
in gures 3 and4 asa function of theratio betweenthe two

regionsto besplit. It isworthnotingtheabsencef any special
featurein thebad errorcurve atthe pointwheretheright split

shouldhave beenperformed.Note alsohow the minimum of

theerrorin thegooderrorcurveis closelyfollowedby another
sharplocal minimum afterthe rst window row, thusmaking
theresultsusceptibleo smallperturbation®f thenoise.

4 RESULTS

We choseto initially concentraten inferring the parameters
of aninput grammarcustomizedor theinputimage.Evenin
this simpli ed settingmary problemswere encounteredand
theinferenceprocessvasmorecomplex thananticipated.

The mostimportantproblemwe facedwas the existenceof
large occlusionsin almostary image of a facade. Figure 2
shaws atypical exampleof thetype of clipping we hadto per
form, aswell asthelevel of detailwe wereableto accomplish.
We addedproductionrulesto accountor the bricksat thetop
of thefacadebput theinferencefailed. On the otherhand,the
mullions (metaldividersbetweerpiecesof glass)wereprop-
erly inferred. The inferenceprocesgook just a few seconds
with our non-optimizectode.

As statedpreviously in this paperwe focusedn imageswith
few or manually remored occlusions. Without occlusions
andwith a grammarcustomizedo the image,the inference
methodbecomesa searchfor error minima at eachlevel of
the parsetree, as explainedbefore. However, grammarcus-
tomizationmakestheerrordependenbn the particularchoice
of grammarastheexamplesin gures 3 and4 shaw. In these
examples,the rst seriesshaws a correctinferenceprocess,
while the secondseriesgetsone row too mary of windows.
Only the third productionrule is essentiallydifferentin the
grammars.In the correctcase the rule groupsthe windows
togetherwith the clearareabelav them,while the otherrule
groupsthatareawith the clutteredregion at the bottom.

A graphshaving the errorsfor the good and the bad gram-
marstogetheris shavn in gure 6. Fromthis graph,it is easy
to seethatthegoodgrammarfoundtheright answetby avery
narrav magin. A small perturbationof the intensitiescould

(a) Originalimage (b) Inferredimage

group2:vei

(c) Correspondingyntaxtree

start-> vsplit(1,2,3)top grouplgroup2
groupl->vsplit(1,2,3,4,5)oor wall oor wall oor
group2-> vdiv(1,2)wall oor

oor ->hdiv(1,2)beamwindows

windows -> hdiv(1,2) glassmetal

Figure7: A facadewith someasymmetryand nestedstruc-
ture. This exampleshavs oneof the possibleinterpretations
of the structurein the facade. Thereare two big groupsof
windows. Theasymmetnyin thetop grouphadto be captured
by a specializedule in a split operator The maingroupis a
typical repetitionpatternmodeledby a div operator As in the
previousexample thetiny elementseparatingiecef glass
arefully captured.



changahebalancebetweerntheweightsof eachregionandin-
fer adifferent(wrong)outcome In otherwords,theinference
processds currently not very robust. However, this problem
maybelessseriousin productionruleswith multiple choices,
becauseerturbationshatotherwisewould have confusedhe
inferencewould guidethesampletto alow probabilityregion
of the statespaceandsuchproposalsvould berejected.

Another potentialproblemthat may becomemoreimportant
aswe try more complex grammardss asymmetriesand non-
standardstructuralelements.Figure 7 shavs an examplein
which we hadto add an ad-hocrule to the grammarin or-
derto accountfor asymmetriesn the facade. Typically, the
simplicity of therulesusedis well suitedto our goalof gener
alizing thegrammarto modellarge classe®f buildingswith-
out humanintervention. However, rules suchasthe second
rule in this example,which requiredanoperatoron 5 regions,
will bedif cult to addto agenericsystemwithoutimposinga
substantiapenaltyon the inferenceprocess.Therefore hon-
at priorsthatgive low probabilityweightsto suchruleswill
needto be usedin the genericgrammar Note thatthe more
comple therule, thelongerit takesfor the optimizationto be
computed.

We arein the procesf collectinga datasefor runningmore
systematictests. Nevertheless,an informal comparisonof
our methodwith somecommonsegmentatiormethodss pro-
vided for illustration purposesn gures 8 and9. We ran
thesetestsusing software distributed by the ImageRecogni-
tion Laboratoryat the University of Koblenz-Landaun Ger
mary.

5 CONCLUSION

The preliminary resultswe obtaineddemonstratehe poten-
tial of this approachalthoughit is clearthatmoretestingand
a more systematicvalidationon a consistentand reasonably
large datasestill needto be performed.

We have identi ed several sourcesof inaccurag in our pro-
cessandthelist is expectedto grov asmorecomplex gram-
marsaretried. On the otherhand, mary improvementsand
extensiongo our framevork arecurrentlybeingplanned.

At the sggmentationlevel, it is worth exploring the perfor
manceof replacingthe currentimage-basedystemwith a
corneror edgedetector We expectthis would make our sam-
plerfasterbut lessreliable.However, it is unclearwhetherthe
degradationof accurag will fall within acceptabldimits.

In animage-basedystemadifferenterrormodelmightmake
it more robust againstsmall perturbations. Furthermore as
we statedabore, a Gaussiaris not well-suitedfor modeling
compact-supportegquantitiessuchasimageintensities.

At theinferencelevel, ef cient methodsto guidethe sampler
in thepresencef multiple-choicerulesneedto bedeveloped.
We would like to exploit the top-davn approachasmuchas
possible sothattherandomsearchexploresrelatively low di-
mensionakpacesHowever, we may alsoneedto incorporate
somebottom-upfeedbackor adaptsomebelief-propagation
techniquedo our method.

We have repeatedlyobsened in our teststhatthereis a high
amountof synegy amonggrammarsthat sharerules at the

(a) Originalimage (b)CsC
(c) Grammarbased (d) Regiongrowing
(e) Recursie histogram (f) Splitandmemge

Figure8: Comparisorof our methodwith somecommonseg-
mentationalgorithms.Note: CSCis analgorithminventedby
L. Prieseatthe University of Koblenz-Landau.




(a) Originalimage

(b)csc

(c) Grammasbased

(d) Region growing

(e) Recursve histogram

Figure9: Anothercomparisorof our methodwith someseg-
mentationalgorithms.Seenotefor CSCin gure 8.

coarserlevels, and formalizing this obseration in termsof
multi-resolutioninferencemay prove to befruitful.

As for grammarswe ervision usinga wider variety of subdi-
visionoperatorsandshapeswhichwill createsomeadditional
problems.For example,shapeswith holesaredif cult to in-
corporateto our systembecausehe split operationsancre-
atetopologicallyincompatible(i.e., non-homeomorphicyub-
regions, which may complicatethe grammars.Furthermore,
we needto accountfor occlusions.Thiswould likely make us
considerayeredmodelsandlayerhandlingoperators.

Finally, at the modellevel, the currentequivalencebetween
imagepartitionsand actualobjectpartsneedsto be replaced
by amorerealisticmodelof 3-D facadegndprojectionswith
the additionaldif culty of nding the facadewithin a given
picture.

In conclusionthe approachwe presenteds a promisingway
to addstructuredknonvledgeto geometricmodels. As stated
in [Dick etal., 2007, we alsobelieve thatadvancemenof the
stateof theartin the elds of modelreconstructiorandstruc-
turefrom motionwill bedif cult unlessmodelsabandonat
parametriestimatiorandbasenferenceontightly integrated
parametricand semantidnformation. The modelintroduced
in this papershavs a methodologyto carry out suchintegra-
tion that lies on well-establishecconceptsand seemsto be
scalablegfcient andvery expressie. We weresurprisecby
the performancef suchasimplemodelandarevery enthusi-
asticaboutits possibilities.
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