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ABSTRACT:

Semantically-enhanced3D modelreconstructionin urbanenvironmentsis usefulin a varietyof applications,suchasextract-
ing metric andsemanticinformationaboutbuildings,visualizingthedatain a way thatoutlinesimportantaspects,or urban
planning.
We presenta probabilisticimage-basedapproachto the semanticinterpretationof building facades.We aremotivatedby
the4D Atlantaprojectat Georgia Tech,which aimsto createa systemthat takesa collectionof historicalimageryof a city
andinfersa 3D modelparameterizedby time. Hereit is necessaryto recover, from historicalimagery, metric andsemantic
informationaboutbuildingsthatmight no longerexist or have undergoneextensive change.Currentapproachesto automated
3D modelreconstructiontypically recover only geometry, anda systematicapproachthatallows hierarchicalclassi�cationof
structuralelementsis still largelymissing.
We extract metric andsemanticinformationfrom imagesof facades,allowing us to decodethe structuralelementsin them
and their inter-relationships,thusproviding accessto highly structureddescriptionsof buildings. Our methodis basedon
constructinga Bayesiangenerative modelfrom stochasticcontext-freegrammarsthatencodeknowledgeaboutfacades.This
modelcombineslow-level segmentationandhigh-level hierarchicallabellingsothatthelevelsreinforceeachotherandproduce
a detailedhierarchicalpartitionof thedepictedfacadeinto structuralblocks. Markov chainMonteCarlosamplingis usedto
approximatetheposteriorover partitionsgivenanimage.
Weshow resultsonavarietyof realimagesof building facades.While wehavecurrentlytestedonly limited modelsof facades,
we believe thatour framework canbeappliedto muchmoregeneralmodels,andarecurrentlyworking towardsthatgoal.

1 INTRODUCTION

Buildingsandmany otherman-madeobjectsdiffer from nat-
ural objectsin the high incidenceof symmetricand regular
shapes.Theseshapesarecommonlyorganizedin logicalhier-
archiesthataretheresultof thenaturaltendency of humansto
usedivideandconquermethodsfor dealingwith complex de-
signs. The symmetryandhierarchicalstructureof buildings
is obvious to any observer in mostcases. It is then natural
to make useof them when trying to automaticallyreverse-
engineera designbasedon the actual building, especially
sincethedesiredoutcomeis usuallynot anaccuraterecovery
of theoriginaldesign,but aplausibleorganizationthatcanbe
usedasa sourceof new designs,asa way to storeknowledge
abouta building, or asa basisfor reasoningaboutit.

This paperdemonstratesa proof of conceptof how theregu-
larity andhierarchyof objectssuchas buildings can be ad-
vantageouslyexploited in order to automaticallyinfer �ne-
detailedmodelsandrich semanticinterpretationsof themthat
go beyond what is currentlypossiblein lessstructuredenvi-
ronments.As such,many simplifying assumptionshave been
done,andinsteadof presentingafull-blown framework,a few
aspectsof theprocesshave beenchosento illustrateit. Nev-
ertheless,we believe thatthereis a clearline alongwhich the
ideaspresentedherecanfurtherbedeveloped,andthat is the
aim of our futurework.

We have initially restrictedour modelsto building facades,

andchoseto modelthemby meansof stochasticcontext-free
grammars.Context-free grammarsarewell establishedand
understoodin many practicalandtheoreticalbranchesof com-
puterscience.Furthermore,stochasticextensionshave been
successfullyappliedfor adecadenow in at leasttwo unrelated
areas.This classof grammarsprovidesa soundandprinci-
pledframework for bothlearningandmeta-learning,in which
not only parametersfor modelsbut alsorulesgoverningwide
classesof them can be inferred. While this paperdoesnot
dealwith inferenceof the grammarsbut considersthemasa
�x edinput, our work mayeventuallyextendto automatically
learningthemfrom datasets.

Wewill presentamethodto infer ahierarchicalrepresentation
of thefacadedepictedin arecti�ed input image.In thispaper,
we make the simplifying assumptionthat no structuralele-
mentsin the facadearetotally occludedin the image.While
partial occlusionsare inevitable, we assumethem to cover
portionsof the imagesmall enoughfor the outputnot to be
affected.Undertheseassumptions,theproblemcanbetrans-
formedinto thatof inferringahierarchicalpartitionof theim-
age. Therefore,we wish to �nd a semanticallymeaningful
segmentationof theinput imageinto regions,andthenrepeat
theprocessso thateachregion is segmentedinto subregions,
andsoon.

We assumeall regionsto becomposedof rectangularblocks
of constantcolor. Even thoughthis assumptionseemsto be
toorestrictive,it is suitablefor many facadesfoundin modern
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of�ce buildings.Obviousgeneralizationsincludeconsidering
moretypesof regionsanda moreelaboratecolor, illumina-
tion andtexturemodel. Nevertheless,many of the ideaspre-
sentedwould equallyapplyto themorecomplex models,and
themethodologydiscusseddoesnot dependon theparticular
type of regionsconsidered,exceptwhenexplicitely pointed
out.

A generativemodelbasedonstochastic,context-free,attribute
grammarsis usedasaconcisewayto describethesetT of hi-
erarchicalpartitionsof theimage.Theuseof grammarsallows
usto breakthespaceof all possiblepartitionsinto subsetscor-
respondingto the parsetreesfor eachgrammar. Moreover,
termsof a grammararenaturallyinterpretedaslabelsfor the
correspondingregionsandgiven semanticmeaningin terms
of theobjectthey represent.

Given an input consistingof an imageand a grammar, our
goal is thento infer a goodhierarchicalpartitionof theinput
imagefrom amongall partitionsthatcanbegeneratedby the
givengrammar. Thus,our methodologycanbeappliedsemi-
automatically. A humanoperatorlooksat theinput imageand
selectsa suitablegrammarto useas input for the inference
process,which canthenbeperformedwithout furtherhuman
intervention. The role of a grammaris two-fold: to encode
the knowledgeabout the model and to selectthe degreeof
granularitydesired.

Thereis aconsiderableamountof ambiguityin thismethodol-
ogy, becausethereis no one-to-onecorrespondencebetween
input grammarsandoutputpartitions.Furthermore,different
parsetreesof a singlegrammarmayproduceequallyaccept-
ablepartitions.In thecontext of stochasticgrammars,thereis
aneasysolutionto thisproblemby assumingthattheoutputto
theproblemis not just a singlepartitionbut a probabilitydis-
tribution over all possiblepartitions. If the input grammaris
reasonable,we expectthis probabilitydistribution to becon-
centratedarounda smallnumberof peaks.

The grammarswe usewere designedso that they naturally
mirror the processby which a humanwould constructa hi-
erarchicalpartition of an image,but makingexplicit the as-
sumptionsthat humansuseimplicitely. This resultedin the
grammarsto be associatedwith a mini-languagein which a
partition is representedasa seriesof operatorsactingon sets
of blocks.We will dedicatetherestof sections2 and3 to de-
scribethem,�rst at thesymboliclevel, andthenat theproba-
bilistic level.

Hierarchicalstructure,symmetryandrepetitionalsoarisein
otherman-madecreationssuchaslanguage,eithernaturalor
computer-oriented. It is commonto encodethe organization
of languageis by theuseof grammars.In particular, context-
free and regular grammarsare critically important in many
�elds of computerscience,both at the theoreticalandat the
practicallevel, sincethey arecloseto the optimumtrade-off
pointbetweenexpressivenessandtractability.

While context-free grammarsare too simple to encodethe
complexity of naturallanguages,generalizationsof them in
which the generative processis no longerdeterministichave
beenusedfor many years.Suchgrammarsareusuallyknown
as stochastic grammars. After [Stolcke,1994] introduced
a methodfor automaticallylearningstochasticcontext-free
grammarsfrom corporaof naturallanguagetexts, the num-
ber of papersusing similar approacheshasbloomed. In a

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

Grammar-based approaches to modeling have also
been tried in the �eld of architecture. George Stiny
([Stiny andGips,1972]) introduced the notion of shape
grammars, which area generalizationof string grammarsin
whichproductionrulestaketheform of tranformationsof sets
of two or three-dimensionalshapes.They havebeenusedwith
varying degreesof successby the architecturalcommunity,
anda systeminspiredon themhasbeenrecentlyintroduced
by [Wonka,2003] into the �eld of computergraphicsfor
generationof realisticmodelsof buildings. However, shape
grammarsare often context-dependent,and thus generative
modelsbasedon them are dif�cult to automateef�ciently ,
sincethegenerationstepneedsa pattern-recognitionsub-step
that identi�es combinationsof shapes(producedby possibly
differentrules)thatcanbefedasa left termof a shaperule.

In the computervision community, a differentapproachfor
generative modelingof buildingsnotbasedon grammarswas
introducedby [Dick etal., 2002]. In this approach,a build-
ing is seenasa non-hierarchicalcompositionof a lego-kit of
parametrizableparts that areaddedor removed from a can-
didatemodel,which is thenfed into a Markov chainMonte
Carlosamplerthatacceptsit or rejectsit accordingto a scor-
ing function.This processcompletelysidestepsthecomplex-
ity of non-context-free shapegrammars,but its �at model is
not adequatefor meta-learning,i. e., learningnot the model
givena realizationof it, but learninga relatively small setof
rulesto beusedin modelgenerationgivenacorpusof images
representinga certainclassof buildings. It is alsoarguable
that the lack of hierarchyin this approachmakes it dif�cult
for humansto interpretandmanipulatetheoutputof theinfer-
ence.

On the other hand, [PinarDuyguluandForsyth,2002]
showed how a �at model that associateswords to image
regions, and that can be learned via an expectation-
maximizationmethod,will automaticallyproducemeaningful
annotationsof imagesfor humanconsumption. However,
this approachis betterjusti�ed for naturalscenes,for which
hierarchicaldescriptionswould be very complex, dueto the
high levels of complexity and irregularity that they usually
exhibit.

It wasalso importantto avoid dependenceof our high-level
modelon the performanceof a low-level vision systemthat
coulddistorttheassessmentof ourapproach.Thus,we chose
not to dependon black-boxfeaturedetectors.Instead,we ex-
tendedourgenerative modeldown to thepixel intensitylevel.
Thismethodologywassomehow inspiredby [Tu et al., 2003],
althoughtheparticulartechniqueswe usedaredifferent.

The simpli�cations and assumptionswe madereducedthe
low-level problemto thatof segmentinganimageinto disjoint
blocks.Oursegmentationmethodis not far from theclassical
split-and-merge algorithm ([Horowitz andPavlidis, 1976].)
However, in ourcasethesetof possiblesplit treesis restricted
by the choiceof input grammarbecausethey mustbe valid
parsetreesfor thegrammar. Moreover, in ourmethodamerge
stepis not performedexplicitely, but aspartof the construc-
tion of anew split proposalto befedto aMarkov chainMonte
Carlo sampler. This cleanseparationinto a high-level anda
low-level partwill eventuallyallow usto coupleourhigh-level



TYPE FORM

Subdivide l 7! op r 1 r 2 : : : r N

Copy l 7! r

Table1: Typesof productions

grammar-basedsamplerwith any low-level split-and-merge
strategy, not only image-basedbut alsofeature-based,aslong
as the correspondingtreesare consistentwith the grammar.
While we implementeda single image-basedstrategy based
on intensityvariance,alternativestrategiesmaybeconsidered
in thefuture.

2 GRAMMARS AND IMA GE GENERA-
TION

Our terminology for grammars and parse trees follows
roughlythesettingdescribedin [Aho et al., 1988]. Thegram-
marG = (� 0 ; S;P ) consistsof a �nite setof symbolsS such
that S = L [ N , with terminalsL andnon-terminalsN , a
�nite setof context-free productionsP anda designationof
aninitial non-terminal� 0 2 N :

Weimposeon thegrammarG theadditionalrestrictionthatit
benon-recursive in the following sense.Let D bea directed
graphwith nodesthe symbolsin G: Let the edgesof D be
givenby this rule: anedges1 7! s2 is in D if andonly if s1

ands2 appearin aproduction with s1astheleft symbol.Then,
the non-recursivity conditionmeansthat D be acyclic. This
conditionguaranteesthat thesetof all possibleparsetreesof
G will be�nite.

Sucha grammarcharacterizesa set� of �nite stringsdrawn
from symbolsin S; sincea stringis in � only if it canbegen-
eratedby productionsin P startingat thesymbol� 0 : Thepro-
cessof producingsuchastringcanbeencodedin aparsetree
with root� 0 ; internalnodesthenon-terminalsused,andleaves
the terminalsymbolscomposingthe string. This process,as
well asthegeneratedstringsandassociatedparsetrees,is il-
lustratedin table2.

Parsetreesin ourmodelaretightly connectedto hierarchiesof
regionsandsubregionsof theinputimage,asexplainedbelow.
This factmakesmanipulatingparsetreesbettersuitedto our
purposesthan manipulatingthe associatedstrings,sincethe
former translatesdirectly into geometrictransformationson
thecorrespondingregions.Therefore,ourapproachfavorsthe
interpretationof agrammarascharacterizationof acertainset
T of treesrepresentingpartitionsof animage.

2.1 Production rules and symbols

Weconsidertwo typesof productionrules,whichareshown in
table1. Thecopyrule is atrivial rulethatjustrelabelsaregion
with a different symbol. So we will concentrateour effort
into explaining the subdivisionrule. Two typesof symbols,
which we call regionsandoperators, areusedin theserules.
Operatorsarerestrictedto appearasthe �rst right term in a
subdivision rule, andall otherright andleft termsareregion
symbols.

Region symbolscorrespondto setsof identicalblocks. They
representlocalcharacteristicsof theobjectsin theimage,such

start{color=grey}

start

vsplit(1,2,1){r 1 = 0:35; r 2 = 0:65}

side{color=black}

center{color=grey}

start

vsplit

side

center

vsplit(1,2,1){r 1 = 0:35; r 2 = 0:65}

side{color=black}

hdiv(1,2){M = 9; r 1 = 0:2; r 2 = 0:8}

small{color=darkgrey}

big{color=lightgrey}

start

vsplit

side

center

hdiv

small

big

Table2: Generationof anidealimagein 3 steps.Theresultof
applyingeachproductionis shown graphicallytogetherwith
the correspondinggeneratedstring and its associatedparse
tree. Curly bracketsencloseattributes,asexplainedin sub-
section2.2.1.



PRODUCTION DESCRIPTION

A 7! hdiv(1,2,3)B C B 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 beBCBBCBBCB...
Notethatblocks1 and4
areclones,but blocks3
and4 arenotclones.

A7! hsplit(1,2,3)B C B A block in region A is
horizontally split into 3
regions, resulting in 3
unique blocks with no
clones.

A7! vsplit(1,2,1)B C A block in region A
is vertically split into 2
regions, resulting in 3
blocks so that blocks 1
and3 areclonesof type
B, andblock2 is asingle
blockof typeC.

Table3: Examplesof grammarproductions

asshape,color, textureor appeareance.Thereasonwhy a re-
gion is in generala setof blocksandnota singleblock is that
it is thensimpler to specifyrepeatingelementsin an image.
A typical example is windows, many of which are usually
identical in a facade.So, all identicalwindows canthenbe
representedby a singlewindowsymbolinsteadof a variable
numberof symbols.Table2 shows graphicallythedifference
betweenregionsandblocks. Thenumberof blocks(alsore-
ferredto asclones) will sometimesberegardedasaparameter
to beestimatedandsometimesbeconsideredpartof thedef-
inition of anoperatorsymbol,but will not beby itself a valid
symbolof thegrammar. Thedownsideof this is thatmapping
from parsetreesto imagepartitionsis not asstraightforward
asonecouldnaively expectandmustbeperformedby means
of aninterpreterof theresultingmini-language.Furthermore,
thismappingis not invertible,becausein many instancesthere
is morethanonepossiblewayto ordertheoperationsthatpro-
ducea givenpartition.

Operatorsymbolscorrespondto waysof segmentinga region
into subregions.Whenaregion is composedof morethanone
clone,it is enoughto specifyhow to subdivide oneblock and
thenrepeattheoperationfor all theremainingclones.There-
fore,operatorsaredescribedby specifyingtheresultof apply-
ing themto a singleblock.

2.1.1 Rectangularblocks

In the caseof rectangularblocks, we split only alonga co-
ordinatedirection. Therefore,we use two main classesof
operators:vertical subdivisions andhorizontalsubdivisions.
Productionrulesfor theseoperatorshave the form shown in
table 1, wherel and ri are region symbols,op is an opera-
tor symbol,andthe numberof regionsN is �x ed. This rule
will split a regionassociatedwith symboll into N subregions
alonga coordinatedirection,assigningthe symbolsr 1 to r N

to thesubregionsin a left-to-rightor top-to-bottomorder.

Theoperators,whichwetermedsplit operators,havepatterns
associatedwith them that describethe breakupinto blocks
of eachregion andtheclonerelationshipsamongthecreated
blocks. Patternsconsistof lists of M numbers,whereM is
thetotal numberof blocksto becreatedinsidea singleblock.
Eachnumberin the patternis an integer between1 andthe
numberof regionsN that speci�es the region to which the
correspondingblock will belong.

Thegeneralform of a split operatorfor N regionsis thusei-
therhsplit (i 1 ; : : : ; i N ) or vsplit (i 1 ; : : : ; i N ), dependingon
whetherthesplit is to beperformedalongthehorizontalor the
verticaldirection,respectively.

We alsode�ned anotherclassof operators,termeddiv opera-
tors,with thesameform asthesplit operators,but wherethe
patternis assumedto repeatasmany timesasit �ts within the
parentregion. Notethatwe do not currentlyrequirethe total
numberof blocks M to be a multiple of the numberof re-
gionsN . This meansthatthelastrepeatedpatternis allowed
to be includedonly partially. Examplesof bothsplit anddiv
productionsaregivenin table3.

2.2 Attrib utesand SemanticRules

ThegrammarG is augmentedwith attributesassociatedwith
eachsymbol. This type of grammaris usuallycalledan at-
tributegrammar. However, we will considera restrictedtype
of attributegrammarwith semanticrulesonly for inheritedat-
tributes.It will thenbepossibleto applythesemanticrulesin
a top-down singlepassover theparsetree.

Attributesfor region nodesfall into two categories: styleat-
tributes,whichdescribeglobalaspectsof thegeneratedimage,
andgeometricattributes,suchasthepixel coordinates,shape
parametersandboundingboxof thetheobjectsdepicted.The
former are inheritedby just copying themonto the children
nodes.Therefore,thereis no ambiguityin consideringinher-
ited styleattributesasattributesof a grammaritself, notasso-
ciatedwith any particularsymbol,sincetheirvaluewill bethe
sameat every nodein thecorrespondingparsetree. The lat-
ter areinheritedthroughtheapplicationof thesemanticrules
detailedbelow. On theotherhand,operatornodeshave only
synthesizedattributes,which we mentionedbeforeunderthe
nameof parameters.

The semanticrules in our grammarscombinethe geometric
attributesof the input region with the synthesizedattributes
of the operatorin order to producenew region nodeswith
geometricattributescorrespondingto the given partitioning.
Therefore,applicationof the semanticrules proceedsin a
top-down fashionfrom thestartsymbol,which representsthe
whole imageasa singleblock, to the leaf level, which rep-
resentsthe �nal segmentedregions,whereeachregion is as-
sumedto beasetof identicalblocks.

2.2.1 Attrib utes and semantic rules for rectangular
blocks

In thecaseof rectangularblocks,geometricattributesfor each
block aregiven by 4 numberscorrespondingto 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 f r i �
0gN

i =1 ; suchthat
P

i r i = 1: Eachratio representsthe pro-
portionof thetotalareaa thatwill beassignedto eachregion,
independentlyof the numberof blocks. This meansthat we
�rst assignanarear j � a to regionj andthenfurthersubdivide
this region into anumber� of identicalblockssothatthearea
assignedto asingleblockwill ber j � a=� : ThevalueN is not
a parameter, but a �x ed constantin eachproduction. There-
fore, split operatorsaredrawn from an in�nite family. Note,
however, that in any given grammar, only a �nite numberof
variationswill bepresent.Thesemanticrule for a horizontal
split operatorhsplit(i 1 ; : : : ; i M ) is appliedasfollows. Let the
geometricattributesof an input block be (x; y; w; h); where
(x; y) arethe coordinatesof the top-left cornerof theblock,
and(w; h) arethewidth andheightof theblock. Let � (k) be
the region type of block k: We thenconsiderthe numberof
clonesfor eachsymbolj , which is givenby

� j =
MX

k =1

� j;� ( k ) ; j = 1; : : : ; N

Then, the width and height of block k are wk = (w �
r k )=� � ( k ) and hk = h, respectively. The other geometric
attributesof blocksarethengeneratedby thefollowing recur-
sion:

(x1 ; y1) = (x; y)
(xk +1 ; yk +1 ) = (xk + wk ; yk ):

A similar semanticrule is de�ned for verticalsplits.

Finally, operatorsof type div have two parameters:the total
numberM of sub-blocksinto which a block is to bedivided,
andtheratiosf 1 � r i � 0gN

i =1 : Thesemanticrule for these
operatorsis appliedindirectly by �rst transformingtheoper-
atorinto split(i 1 ; i 2 ; : : : ; i N ; i 1 ; i 2 ; : : :) sothatthetotal num-
berof indicesis M : We canthenapplytheprevioussemantic
rule to theinputblocks.

In summary, a partition of an image is characterizedby a
string producedby our grammarplus the parametersof the
operatorsappearingin thestringandthestyleattributes.If the
coordinatesystemfor theimageis chosensothattheimageis
1 unit wide and1 unit high, thena partitioncanbegenerated
in a top-down way in two passes:the �rst passgeneratesa
parsetreeby applyingproductionrulesat eachnon-terminal
node,andthesecondpassappliessemanticrulesto generate
all the geometricattributes. Thesetwo passescaneitherbe
sequentiallyexecutedor alternatively appliedto eachnodein
theparsetreeasit is built.

3 BAYESIAN FORMULA TION AND IN-
FERENCE

3.1 Priors and lik elihood

Wewill now putaprobabilisticmachineryontopof theprevi-
ously de�ned symbolicgrammarby assigningprior distribu-
tionsto thestyleattributes,theparametersandtheproduction

rules,but not to the geometricattributesof the startsymbol,
which we alwaysparametrizeastheunit square.Note,how-
ever, that thegeometricattributesof the othernodeswill ac-
quirea probabilitydistribution inducedby theapplicationof
thesemanticrules.

Prior probabilitiesfor the style attributesandthe parameters
areeasilyde�ned by just consideringthemrandomvariables
insteadof constants.For example,in the caseof rectangu-
lar blocks,theparameterM in thediv operatorsmaybepro-
videdwith eithera unit massat a givenvalue,a discreteuni-
form distribution in a given rangeor a Poissondistribution
with a givenvariance(moremeaningfulthanthemeanin this
case.) Similarly, it seemsnatural to considerpriors for the
ratio parametersin div andsplit operatorsto be given by a
Dirichlet distribution with means(r̂ 1 ; r̂ 2 ; : : : ; r̂ N ) andvari-
ances� 2

i = r̂ i (1 � r̂ i )
1+ û ; i = 1; : : : ; N so that

P N
i =1 r̂ i = 1

and

P(r 1 ; : : : ; r N j r̂ 1 ; : : : ; r̂ N ; û) =
1
Z

NY

i =1

r r̂ i û � 1
i ;

whereZ is thenormalizationconstant:

Z =

Q N
i =1 �( r̂ i û)

�( û)
:

Additionally, eachproductionis given a prior probability of
beingtriggered.Let S =

�
s1 ; : : : ; sj S j

	
bethesetof all style

attributesof grammarG. Theprior probabilityP (S) is given
by P(S) =

Q j S j
i =1 P(si ): LetP (l 7! r jS) be theprobability

of aproductionwith left terml andright termr = r 1r 2 : : : r n

andlet R bethesetof all productionsin our grammar. Then,
� is characterizedby thefollowing properties:

1. P (l 7! r jS) = 0 if l 7! r =2 R

2.
P

f r : l 7! r 2 R g P(l 7! r jS) = 1

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

P (T; S) = P(S)P (T jS) = P(S)
nY

k =1

P(� k jS)

where� 1 :::� n areall therulesthatwereusedto generatethe
parsetree.Notethatsomerulesmighthavebeenappliedmul-
tiple times.

Finally, given a parsetreeT for a grammarG, we cancom-
pute the probabilitiesinducedby the semanticrules on the
geometricattributes. We will �rst transformthe treeT into
anequivalentrepresentationknown asa syntax tr ee. Syntax
treesarecommonlyusedin interpretersasa concise,proce-
duralrepresentationof acomputation,andthey makesensein
any context in which leavesin a parsetreecanbe classi�ed
aseitheroperatorsor operands.Note that this is a semantic
propertyratherthana syntacticproperty, sincethe existence
of sucha classi�cationdependsexclusively on the semantic
rules. Syntax treesdiffer from parsetreesin that operator
nodesaremovedup onelevel so that they becomeparentsof



Figure 1: Bayesiannetwork representingthe model in this
paper

theirprevioussiblings,sothatthey shareanodewith thenon-
terminal that generatedthem. If necessary, the nonterminal
symbolmaybeaddedasa synthesizedattributeof theopera-
tor node.

In our case,it is easyto seethat the requirementsthat sub-
division operatorsdo not createoverlappingblocksand that
thesub-blocksfully cover theparentblockmeanthatthesub-
blocks are conditionally independent given the parent. In
otherwords,syntaxtreesof G form Bayesnetworkswith pos-
sibly varyingnodesandedges(cf �gure 1.)

We will connecttheseBayesnetworks to the input imageby
addingthe pixels asevidencenodeswith probabilitiesgiven
by a likelihoodfunction. Thus,we needto enhanceour gen-
erative modelwith a function� thatmapspartitions,asgiven
by the parsetreeT with parameters� T ; into imageintensi-
ties. Under our assumptionthat terminal blocks have uni-
form color, areasonablemodelfor � canbede�nedby adding
graphicalattributesto theparameters.

In the previous context, graphicalattributescan be thought
of assynthesizedattributesof terminalsymbolsthatrepresent
color, textureor appeareance.In thecaseof rectangularblocks
of uniformcolor, they will justbe3 numberscorrespondingto
themeanRGBintensityvalueof theblock.

Let f R i g bethesetof terminalregionsof agivenparsetreeT:
We canthenusethegeometricattributesof R i to constructa
function� (x) thatreturnstheindex of theregion thatcontains
the imagepoint x: Let 
 i bethegraphicalattributeof region
R i : Then,we cande�ne a function

� x (T; � T ; 
 T ) = 
 � ( x ) + � x ;

where� x areindependentidenticallydistributedrandomvari-
ableswith zero meanand � 2 variance. This function maps
parsetreesenhancedwith graphicalattributes(which we will

referto aspartitions) into images.Its inducedprobabilitydis-
tribution dependson theprior probabilityof thegraphicalat-
tributesaswell ason thenoise�: For simplicity, we assumed
thenoiseto beGaussian,despiteof beingawarethatthismight
notbethebestchoicefor dealingwith variableswith bounded
rangesuchasintensities.This choicewill be revisited in the
future.

The joint posteriordistribution P(T; � T ; 
 T jI ) given an im-
ageis thusproportionalto the productof the likelihoodand
thepriorsoneachtreeandon theattributesoneachtree:

P (I jT; � T ; 
 T )P (
 T j� T ; T )P (� T jT )P (T ); (1)

wherethe graphicalattributesarerepresentedby 
 T andall
theotherattributesarein � T :Thelikelihoodin (1) factorsover
differentregions:

P (I jT; � T ; 
 T ) =
Y

i

P(I R i jT; � T ; 
 i )

In thecaseof Gaussiannoise,thelasttermis:

P (I R i jT; � T ; 
 i ) /
Y

x 2 R i

exp(�
kI x � 
 i k2

2� 2
); (2)

whereI x is theactualimageintensity. Sincewe will sample
the posterior, it is convenient to integrateout the graphical
attributesto arrive to a marginalover theparameters

P (T; � T jI ) / P (I jT; � T )P (� T jT )P (T ) (3)

P (I jT; � T ) =
Z


 T

P(
 T jT; � T )P (I jT; � T ; 
 T ):

Sincethegraphicalattributesof a region areconditionallyin-
dependentof other regionsgiven the parametersof the tree,
this formulacanbefurtherfactoredinto region terms

Y

i

P(
 i jT; � T )P (I R i jT; � T ; 
 i ):

If we assumea uniform prior on thegraphicalattributesinde-
pendentof theotherattributesandthenuseformula (2) then
theintegral canbeexplicitely computed,giving riseto a cor-
rectedGaussianin theremainingparameters

P (I jT; � T ) =
Y

i

p
2� � 2=N i exp �

1
2� 2

X

x 2 R i

(I x � 
̂ i )
2

whereN i is thenumberof pixels in region R i , and
̂ i is the
sampleintensity meanof region R i . Finally, by observing
that the inner sumis a function of the sampleintensityvari-
ance( ^� i )2 , we arrive to the �nal expression,which in sam-
pling contextssuchasoursdescribedbelow, is known asRao-
Blackwellizationof thecolor intensity:

P (I jT; � T ) =
Y

i

p
2� � 2=N i exp �

1
2� 2

N i ( ^� i )
2 (4)



3.2 Approximateposterior via MCMC sampling

Weareinterestedin computingtheposteriordistributiongiven
by 4. Due to thecomplexity of thedistribution, it is not fea-
sible to computeit exactly. Instead,we will usea sampling
methodthatapproximatesit. Inferenceis thusperformedby
runningareversiblejumpMarkov chainMonteCarlosampler
thatfollowstheframework explainedin [Green,2003]. Using
that terminology, eachstateconsistsof a model indicatorT
anda parametervector� T . Themodelindicatorrunsover all
possibleparsetreescompatiblewith ourgrammar, andthepa-
rametervectoris thecollectionof all theparametersin all the
nodesof a giventree. We will alsorefer to a state(T; � T ) as
apartition whenever wewantto emphasizeanimagepointof
view ratherthana grammarpoint of view. Both initialization
andconstructionof new proposalsaredriven by thedata. In
fact,thesameprocessis usedin bothcases,exceptfor minor
differences.

Thesampleris constructedaccordingto theusualMetropolis-
Hastingsalgorithmasfollows:

1. Givena grammarG; generatea randominitial partition
� 0 = (T0 ; � 0):

2. From a given partition � n generatethe corresponding
idealimage~I n = � (� n ):

3. UseaproposaldistributionQ(T 0; � 0jTn ; � n ) to samplea
new treeT 0 with attributes� 0 andcompute~I 0 = � (� 0);
where� 0 = (T 0; � 0):

4. Computetheacceptanceratio

r =
L (I ; T 0; � 0)P (T 0; � 0)Q(Tn ; � n jT 0; � 0)

L (I ; Tn ; � n )P (Tn ; � n )Q(T 0; � 0jTn ; � n )

5. Set� n +1 = � 0 with probabilitymin( r ; 1): Otherwise,
set� n +1 = � n :

6. Repeatfrom 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 the initial state,thepartial treeis theemptytree. In any
case,thereinitially isasinglepointof insertionfor addingnew
nodesto the partial tree. Thesamplerchoosesonegrammar
rule thatcanbeappliedto theinsertionpoint andexpandsthe
tree,proceedingrecursively until a new full parsetreeis cre-
ated.Everytimearule is expanded,thecorrespondingparam-
etersarealsochosen.Thus,therearethreeseparatetasksin
theprocessof constructinga new proposal:choosinga point
of insertion,choosingwhichrulesto applyfor generatingeach
new node,andchoosingthenew parameters.Notethatthelast
two tasksdonotoccursequentially, but alternateateachnode,
sothatnodesarenotexpandeduntil all parametersin existing
nodesareselected.Eachof thesesubtasksis detailedbelow.

3.2.1 Selectingthe insertion point

Givenacurrenttree,anodeis selectedat randomfrom among
all nodesthatareparentsof anoperatornode,andthe treeis
prunedat thatnode.Theprobabilityp1 of selectinga nodeis
just the inverseof thenumberof selectablenodesin thecur-
renttree.Thistaskhastheeffectof mergingthecorresponding
blocksin theassociatedplanarpartition.

3.2.2 Selectingthe grammar rule

If morethanonerulecanbeappliedat agivennode,theprior
probability is usedto sampleone of them. Therefore,the
probability p2 of selectinga rule is just the prior probability
of thecorrespondingrule.

3.2.3 Selectingthe parameters

We currentlyperformexhaustive searchfor the global mini-
mum of the discretizederror, which is de�ned as the minus
logarithm of the expressionin formula (4), which is inter-
pretedasif thecurrentnodewerealeafnodein theparsetree.
This processhasprobabilityp3 = 1. Note that this is anap-
proximationto thetruelikelihood,sincewedonotaccountfor
thecontributionof nodesbelow thecurrentnode.However, it
maximizesthelikelihoodof acloselyrelatedproblem,namely
onewith thesamegrammarexceptat thecurrentnode,which
becomesa terminalnode,andat all nodesbelow it, which do
notappearin thetransformedgrammar. Thepartialparsetree
generatedsofarthuscanbeseenasafully expandedparsetree
of thepartialgrammar, andsoall thepreviousformulationcan
beappliedto thatproblem.

Alternatively, we canalsojust samplea ratio from the prior.
In thiscase,theprobabilityp3 is just theprior probabilityover
thecorrespondingparameters.

3.2.4 Summary

Theconstructionof aproposalcanbesummarizedasfollows:

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

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

(b) If we are at an unexpandednon-terminall then
samplea productionl 7! r from the setof appli-
cableproductionsandreplacetheunexpandednon-
terminalby a productionnode.

(c) If we areat a terminalnode,thenstop. We have
now a completenew treeT 0:Thecolorof thisnode
is computedfrom theoriginal imageby averaging
over all pixelsbelongingto theassociatedregion.

(d) When expanding an operator rule, we consider
all possiblepartitionsup to the imageresolution
level, computethelikelihoodof eachpartitionand
choosethepartitionwith thehighestlikelihood.

(e) An alternative to thepreviousstepis to justsample
a randompartition.

2. The proposalprobability Q(T 0jT ) is just the product
p1 � p2 � p3 of all the probabilitiescomputedin the
previoussteps.

3. The reverse probability Q(T jT 0) is computedin the
sameway, sincetheprocessdescribedabove is symmet-
ric.



(a)Original image,recti�ed andclipped

(b) Inferredimage

start-> vsplit(1,2)topbody
body-> hsplit(1,2)margin main

main-> vdiv(1,2) �oor wall
�oor -> hdiv(1,2)window wall

window -> hdiv(1,2)glassmetal

Figure2: A clippedfacade.This �gure illustratesthe prob-
lemsthataretypically encounteredin mostimagesof facades.
Somelargeocclusionsin theoriginal imagehadto beclipped
off. The top of sometreesanda lightpole arestill visible at
thebottom,but they arenot largeenoughto interferewith the
inferenceprocess.The inferredimageshows the �nest detail
we couldget,andthe insetshows the input grammarusedto
achieve it. We unsuccessfullyattemptedto capturethebricks
on the top, but the inferencefailed. On the otherhand,the
discrepancy in window illumination andtexturedid not pose
a seriousproblem.

start:hsplit

left

center:vsplit

right

up

middle:vsplit

down

group:vdiv

wall

floor:hdiv

wall

window

wall

Final syntaxtree

start-> hsplit(1,2,3)left centerright
center-> vsplit(1,2,3)upmiddledown

middle-> vsplit(1,2)groupwall
group-> vdiv(1,2) �oor wall

�oor -> hdiv(1,2)window wall
down -> anything

Figure3: Intermediatestepsin a successfulinference

start:hsplit

left

center:vsplit

right

up

group:vdiv

down:vsplit

floor:hdiv

wall

down1

down2

window

wall

Final syntaxtree

start-> hsplit(1,2,3)left centerright
center-> vsplit(1,2,3)up groupdown

middle-> group
group-> vdiv(1,2) �oor wall

�oor -> hdiv(1,2)window wall
down -> vsplit(1,2)anything anything

Figure4: A failedinferencewith a grammarslightly different
from thatin �gure 3

Figure5: Original input imagefor the inferencein �gures 3
and4 andinferredmodel.



Figure6: Errorcomparisonbetweenthegrammarsin �gures 3
and4. Thisgraphshows theintra-classerrorof thethird rules
in �gures 3 and4 asa function of the ratio betweenthe two
regionsto besplit. It isworthnotingtheabsenceof any special
featurein thebaderrorcurve at thepointwheretheright split
shouldhave beenperformed.Notealsohow theminimumof
theerrorin thegooderrorcurveis closelyfollowedby another
sharplocal minimumafterthe�rst window row, thusmaking
theresultsusceptibleto smallperturbationsof thenoise.

4 RESULTS

We choseto initially concentrateon inferring theparameters
of aninput grammarcustomizedfor theinput image.Evenin
this simpli�ed settingmany problemswereencountered,and
theinferenceprocesswasmorecomplex thananticipated.

The most importantproblemwe facedwas the existenceof
large occlusionsin almostany imageof a facade. Figure2
showsatypicalexampleof thetypeof clippingwehadto per-
form,aswell asthelevel of detailwewereableto accomplish.
Weaddedproductionrulesto accountfor thebricksat thetop
of thefacade,but theinferencefailed. On theotherhand,the
mullions(metaldividersbetweenpiecesof glass)wereprop-
erly inferred. The inferenceprocesstook just a few seconds
with ournon-optimizedcode.

As statedpreviously, in this paperwe focusedin imageswith
few or manually removed occlusions. Without occlusions
andwith a grammarcustomizedto the image,the inference
methodbecomesa searchfor error minima at eachlevel of
the parsetree,asexplainedbefore. However, grammarcus-
tomizationmakestheerrordependentontheparticularchoice
of grammar, astheexamplesin �gures 3 and4 show. In these
examples,the �rst seriesshows a correctinferenceprocess,
while the secondseriesgetsonerow too many of windows.
Only the third productionrule is essentiallydifferent in the
grammars.In the correctcase,the rule groupsthe windows
togetherwith theclearareabelow them,while theotherrule
groupsthatareawith theclutteredregionat thebottom.

A graphshowing the errorsfor the good andthe bad gram-
marstogetheris shown in �gure 6. Fromthis graph,it is easy
to seethatthegoodgrammarfoundtheright answerby avery
narrow margin. A small perturbationof the intensitiescould

(a)Original image (b) Inferredimage

start:vsplit

top

group1:vsplit

group2:vdiv

floor:hdiv

wall

floor:hdiv

wall

floor:hdiv

wall

floor:hdiv

beam

windows:hdiv

beam

windows:hdiv

beam

windows:hdiv

beam

windows:hdiv

glass

metal

glass

metal

glass

metal

glass

metal

(c) Correspondingsyntaxtree

start-> vsplit(1,2,3)topgroup1group2

group1-> 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 someasymmetryandnestedstruc-
ture. This exampleshows oneof thepossibleinterpretations
of the structurein the facade. Thereare two big groupsof
windows. Theasymmetryin thetopgrouphadto becaptured
by a specializedrule in a split operator. Themaingroupis a
typical repetitionpatternmodeledby a div operator. As in the
previousexample,thetiny elementsseparatingpiecesof glass
arefully captured.



changethebalancebetweentheweightsof eachregionandin-
fer adifferent(wrong)outcome.In otherwords,theinference
processis currentlynot very robust. However, this problem
maybelessseriousin productionruleswith multiplechoices,
becauseperturbationsthatotherwisewouldhaveconfusedthe
inferencewouldguidethesamplerto a low probabilityregion
of thestatespace,andsuchproposalswould berejected.

Anotherpotentialproblemthatmay becomemoreimportant
aswe try morecomplex grammarsis asymmetriesandnon-
standardstructuralelements.Figure7 shows an examplein
which we had to add an ad-hocrule to the grammarin or-
der to accountfor asymmetriesin the facade.Typically, the
simplicity of therulesusedis well suitedto ourgoalof gener-
alizing thegrammarto modellargeclassesof buildingswith-
out humanintervention. However, rulessuchas the second
rule in this example,which requiredanoperatoron5 regions,
will bedif�cult to addto agenericsystemwithout imposinga
substantialpenaltyon the inferenceprocess.Therefore,non-
�at priors thatgive low probabilityweightsto suchruleswill
needto be usedin the genericgrammar. Note that the more
complex therule, thelongerit takesfor theoptimizationto be
computed.

Wearein theprocessof collectinga datasetfor runningmore
systematictests. Nevertheless,an informal comparisonof
ourmethodwith somecommonsegmentationmethodsis pro-
vided for illustration purposesin �gures 8 and 9. We ran
thesetestsusingsoftwaredistributedby the ImageRecogni-
tion Laboratoryat theUniversityof Koblenz-Landauin Ger-
many.

5 CONCLUSION

The preliminary resultswe obtaineddemonstratethe poten-
tial of this approach,althoughit is clearthatmoretestingand
a moresystematicvalidationon a consistentandreasonably
largedatasetstill needto beperformed.

We have identi�ed several sourcesof inaccuracy in our pro-
cess,andthe list is expectedto grow asmorecomplex gram-
marsaretried. On the otherhand,many improvementsand
extensionsto our framework arecurrentlybeingplanned.

At the segmentationlevel, it is worth exploring the perfor-
manceof replacingthe current image-basedsystemwith a
corneror edgedetector. We expectthis would make our sam-
pler fasterbut lessreliable.However, it is unclearwhetherthe
degradationof accuracy will fall within acceptablelimits.

In animage-basedsystem,adifferenterrormodelmightmake
it more robust againstsmall perturbations.Furthermore,as
we statedabove, a Gaussianis not well-suitedfor modeling
compact-supportedquantitiessuchasimageintensities.

At theinferencelevel, ef�cient methodsto guidethesampler
in thepresenceof multiple-choicerulesneedto bedeveloped.
We would like to exploit the top-down approachasmuchas
possible,sothattherandomsearchexploresrelatively low di-
mensionalspaces.However, we mayalsoneedto incorporate
somebottom-upfeedbackor adaptsomebelief-propagation
techniquesto ourmethod.

We have repeatedlyobserved in our teststhat thereis a high
amountof synergy amonggrammarsthat sharerules at the

(a)Original image (b) CSC

(c) Grammar-based (d) Regiongrowing

(e)Recursivehistogram (f) Split andmerge

Figure8: Comparisonof ourmethodwith somecommonseg-
mentationalgorithms.Note:CSCis analgorithminventedby
L. Prieseat theUniversityof Koblenz-Landau.



(a)Original image

(b) CSC

(c) Grammar-based

(d) Regiongrowing

(e)Recursivehistogram

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

coarserlevels, and formalizing this observation in termsof
multi-resolutioninferencemayprove to befruitful.

As for grammars,we envision usinga widervarietyof subdi-
visionoperatorsandshapes,whichwill createsomeadditional
problems.For example,shapeswith holesaredif�cult to in-
corporateto our systembecausethesplit operationscancre-
atetopologicallyincompatible(i.e.,non-homeomorphic)sub-
regions,which may complicatethe grammars.Furthermore,
weneedto accountfor occlusions.Thiswould likely make us
considerlayeredmodelsandlayer-handlingoperators.

Finally, at the model level, the currentequivalencebetween
imagepartitionsandactualobjectpartsneedsto be replaced
by amorerealisticmodelof 3-D facadesandprojections,with
the additionaldif�culty of �nding the facadewithin a given
picture.

In conclusion,theapproachwe presentedis a promisingway
to addstructuredknowledgeto geometricmodels.As stated
in [Dick et al., 2001], wealsobelieve thatadvancementof the
stateof theart in the�elds of modelreconstructionandstruc-
turefrom motionwill bedif�cult unlessmodelsabandon�at
parametricestimationandbaseinferenceontightly integrated
parametricandsemanticinformation. Themodelintroduced
in this papershows a methodologyto carryout suchintegra-
tion that lies on well-establishedconceptsand seemsto be
scalable,ef�cient andvery expressive. We weresurprisedby
theperformanceof suchasimplemodelandareveryenthusi-
asticaboutits possibilities.
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