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Abstract

Thispaperpresentsa generativemodelbasedapproach
to man-madestructuredetectionin 2D natural images.The
proposedapproach usesa causalmultiscalerandom�eld
suggestedin [3] asa prior modelon theclasslabelson the
image sites. However, insteadof assumingtheconditional
independenceof the observeddata,we proposeto capture
thelocaldependenciesin thedatausingamultiscalefeature
vector. Thedistribution of themultiscalefeature vectors is
modeledas mixture of Gaussians.A set of robust multi-
scalefeaturesis presentedthat capturesthegeneral statis-
tical propertiesof man-madestructuresat multiple scales
withoutrelyingonexplicit edgedetection.Theproposedap-
proach wasvalidatedon real-world imagesfromtheCorel
data set, and a performancecomparisonwith other tech-
niquesis presented.

1. Intr oduction

Automaticdetectionof man-madestructurein ground-
level imagesis usefulfor sceneunderstanding,roboticnav-
igation,surveillance,imageindexing andretrieval etc.This
paper focuseson the detectionof man-madestructures,
whichcanbecharacterizedprimarily by thepresenceof lin-
earstructures.The detectionof sucha constrainedsetof
man-madestructuresfrom a singlestaticground-level im-
ageis still a non-trivial problemdueto threemainreasons.
First,therealisticviewsof astructuredobjectcapturedfrom
a ground-level cameraareunconstrainedunlike the aerial
views, which complicatesthe useof prede�nedmodelsor
model-speci�cpropertiesin detection.Second,no motion
or stereoinformationis available,precludingtheuseof ge-
ometricalinformationpertainingto the structure. Finally,
the imagesof naturalscenescontainlarge amountof clut-
ter, andthe edgeextractionis very noisy. This makesthe
computationof the imageprimitivessuchasjunctions,an-
glesetc.,whichrely onexplicit edgeor line detection,prone
to errors.

Buildingsareonepossibleinstanceof man-madestruc-
turesandsomeof the relatedwork on structuredetection
exists for buildings [13][12][9][7][4]. A majority of the
techniquesfor building detectionfrom aerialimagerytry to
generatea hypothesison thepresenceof building roof-tops
in thescene[13]. This is usuallyattainedby �rst detecting
low-level imageprimitives,e.g. edges,lines or junctions,
andthengroupingtheseprimitivesusingeithergeometric-
model basedheuristics[12], or a statistical model, e.g.
Markov RandomField(MRF) [9]. For theground-level im-
ages,thedetectionof roof-topsis not feasibleandshadows
donotconstrainthedetectionproblemunlike theaerialim-
ages.

PerceptualOrganization basedbuilding detectionhas
beenpresentedin [7] for imageretrieval. In [17] atechnique
wasproposedto learntheparametersof a largeperceptual
organizationusing graphspectralpartitioning. However,
thesetechniquesalsorequirethelow-level imageprimitives
to be computedexplicitly, and to be relatively noise-free.
Therehasbeensomerecentresearchwork regarding the
classi�cation of a whole imageas a landscapeor an ur-
banscene[14][18]. Oliva andTorralba[14] obtaina low-
dimensionalholistic representationof thesceneusingprin-
cipalcomponentsof thepowerspectra.Wefoundthepower
spectrabasedfeaturesto be noisy for our images,which
containa mixtureof both the landscapeandman-madere-
gionswithin thesameimage.It mightbedueto thefactthat
a 'single' image(or aregioncontainedin it) maynot follow
theassumptionthatthepowerspectrafallswith aform f � �

wheref is spatialfrequency [10]. Vailayaet al. [18] use
the edgecoherencehistogramsover the whole imagefor
the sceneclassi�cation,usingedgepixels at differentori-
entations.OlmosandTrucco[15] have recentlyproposeda
systemto detectthepresenceof man-madeobjectsin under-
waterimagesusingpropertiesof thecontoursin theimage.
Thetechniqueswhich classifythewholeimagein a certain
classimplicitly assumetheimageto beexclusively contain-
ing eitherman-madeor naturalobjects,whichis nottruefor
many real-world images.

The techniquesdescribedin [5][8] perform classi�ca-



(a) Input image (b) Edgeimage

Figure 1. A natural image and the corresponding edge

image obtained using Canny edge detector to illustrate

that reliab le extraction of low­level image primitives, e:g:
lines, edges or junctions for man­made structure detec­

tion is hard in natural images.

tion in outdoorimagesusingcolor andtexturefeatures,but
employ differentclassi�cation schemes.Thesepapersre-
port poorperformanceon theclassescontainingman-made
structuressincecolor andtexture featuresarenot very in-
formative for theseclasses[18]. In addition,in comparison
to the Sowerby databaseusedby them,we usea moredi-
versesetof imagesfrom theCoreldatabasefor trainingas
well astesting.

In this paper, we proposeto detectman-madestructures
in a2D image,locatedatmediumto longdistancesfrom the
camera.To visualizetheproblemswith low-level primitives
usingedges,aninput imageandthecorrespondingedgeim-
ageobtainedfrom the Canny edgedetectorare shown in
Figure1. It is clearthatdetectionbasedon theseprimitives
is going to be a dauntingtaskfor this type of images. In-
stead,in the presentwork we proposea hybrid approach
which usesthe bottom-upapproachof extracting generic
featuresfrom the imageblocks,followed by the top-down
approachof classifying imageblocks basedon statistical
distributionof thefeatureslearnedfrom thetrainingdata.

2. ImageGenerativeModel

Given an input image, the detectionproblem can be
posedasaclassi�cationproblemwhereeachsite(ablockor
apixel) in theimageis classi�edinto thestructuredclassor
thenonstructuredclass.Let y betheobserveddataassoci-
atedwith theinput image,wherey = f ym gM

m =1 , ym bethe
datafrom mth site. Let thecorrespondinglabelsat theim-
agesitesbegivenby x N =

�
xN

m

	 M
m =1 , wherexN

m 2 f 0; 1g.
In theBayesianframework, giveny , weareinterestedin

�nding the predictive posteriorover the labelsx N , which
can be written as P(x N jy ) / P(y jx N )P(x N ). Here
P(y jx N ) is the observation (or likelihood) model and
P(x N ) is the prior modelon the labels. For vision appli-
cations,MRF hasbeena popularchoicefor modelingthe
prior over the labels.However, thereareseveraldisadvan-
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(a)Proposedmodel (b) Approximatedmodel

Figure 2. A 1­D representation of the quad­tree structured

MSRF based image generative model. See text for more .

tagesof usingthe MRF models[3]. In the standardMRF
formulation, computationof exact Maximum a Posteriori
(MAP) or Modesof PosteriorMarginal (MPM) estimatesis
in generalNP-hard,andtheapproximateestimatesareex-
pensive to compute. The parameterestimationin MRF is
dif�cult dueto thepresenceof thepartitionfunction.To al-
leviatetheseproblems,in thepresentwork we usea causal
MultiscaleRandomField (MSRF)asa prior modelaspro-
posedby BoumanandShapiro[3] andfurtherusedby [5]
for semanticimagesegmentation.

In aMSRFmodel,labelsoveranimagearegeneratedus-
ing Markov chainsde�ned over coarseto �ne scales.Such
a hierarchicalstructureis also known as Tree-Structured
Belief Network (TSBN) [5]. It can facilitate easyincor-
porationof long-rangecorrelationsin the image. We use
the standardsingly-connectedquad-treerepresentationof
MSRFto modeltheprior distribution over labels.Onebig
advantageof suchMSRF modelsis that the MAP/MPM
inferenceis noniterative and time complexity is linear in
the numberof imagesites. However, thesemodelssuffer
from thenonstationarityof the inducedrandom�eld, lead-
ing to 'blocky' smoothingof theimagelabels[5]. Accord-
ing to the overall imagegenerative model, the imagedata
y is generatedfrom an underlyingprocessx , wherex is
a MSRF. For simplicity, a 1-D representationof theoverall
imagegenerativemodelisgivenin �gure 2 (a). Thelabelsat
N levelsof thecausaltreearedenotedby x 1; x 2; : : : ; x N

with P(x ) = P(x 1; x 2; : : : ; x N ). It canbenotedthat the
observed imagelabelsare nodesof the layer x N . In the
MSRF model,the Markov assumptionover scalesimplies
P(x n jx 1; : : : ; x n � 1) = P(x n jx n � 1) for n = 2; : : : ; N .
Further, from theconditionalindependenceassumptionfor
the directedgraphs,P(x n jx n � 1) =

Q
i 2 Sn P(xn

i jzn � 1
i ),

wherexn
i is i th nodeat level n, zn � 1

i is its parentat level
(n � 1), andSn is thesetcontainingall thenodesat level
n. Eachnodein theMSRFmodelis a bernoullivariablein
ourcase.

For the observation model, it is generallyassumedthat
thedatais conditionallyindependentgiven theclasslabels



[5][3]. However, this assumptionis not correctfor man-
madestructures,since the neighboringsitescontaininga
man-madestructureexhibit strongdependencies.In other
words,the linesandedgesat suchspatiallyadjoiningsites
follow someunderlyingorganizationrules ratherthanbe-
ing random.In thiswork, instead,weassumethatgiventhe
classlabelxN

m at sitem, thedataym is dependentonly on
its neighbors.This imposesa MRF-like noncausaldepen-
dency amongthedatay , whichis shown by undirectedlinks
in Figure2 (a). Thus,thegenerativemodelhastwo random
�elds, one on the labels,and the other on the datagiven
the labels. HierarchicalMRFs have beenusedto perform
texture segmentationby de�ning separateMRFs over the
texture labelsandthe datagiven the labels[19]. To avoid
dealingwith intractabletruejoint conditionalP(y jx N ), we
assumea factoredform of theobservationmodelsimilar to
[19] suchthat,

P(y jx N ) �
Y

m 2 SN

P(ym jy! m ; xN
m ) (1)

where! m is the neighborhoodsetof site m, andy! m =
f ym 0jm0 2 ! m g. The above approximationis known as
PseudoLikelihood(PL) in the MRF literature[11]. Thus,
theoverall generative modelof theimagecanbeexpressed
as,

P(x ; y ) = P(x1)
Y

i 2 S

P(x i jzi )
Y

m 2 SN

P(ym jy! m ; xN
m ) (2)

whereS is the set containingall the nodesin the tree x
excepttheroot nodex1, andzi is theparentof nodex i . To
simplify the notations,we have denoteda genericnodeat
any level of thetreeby x i , andits parentby zi .

We furtherassumethe�eld over thedatay to behomo-
geneous,andapproximatetheconditionalP(ym jy! m ; xN

m )
by p(f m jxN

m ), where f m is a multiscale feature vector
which encodesthedependenciesof dataat sitem given its
neighbors.Thisapproximationis drivenby thefactthatthe
conditionaldistribution P(ym jy! m ; xN

m ) hasa very limited
powerof structuredescriptionbecauseit is aboutthedatum
on a single site m given the neighborhood[19]. In [19],
the authorsusedthe distribution of the datacontainedin
theneighborhoodof sitem to approximatetheconditional
distribution in thecontext of texturesegmentation.For our
application,this issuebecomesevenmoreimportantaswe
needa rich representationof the datafor man-madestruc-
turedetection,which is inherentlycontainedover multiple
scales.Generictexture featureshave beenshown to be in-
adequatedueto wide variationsin theappearanceof man-
madestructures[8]. The needfor rich datarepresentation
becomescrucial in the caseof limited training data. The
idea of multiscalefeaturevector is similar to the concept
of parentvectorde�ned by De Bonet[2], with thedistinc-
tion thatwecomputefeaturesataparticularsiteby varying

the sizeof the window aroundit so that the dependencies
on theneighborscouldbeencodedexplicitly. This kind of
scaleis alsoknown as integrationor arti�cial scalein the
vision literature.Usingtheaboveassumptions,wecannow
approximatethe overall imagegenerative model as given
in Figure2 (b). Note that the original observation layer y
hasbeenreplacedby a multiscaleobservationlayerf . The
topologyof theapproximatedgenerativemodelis similar to
theoneusedin [3], andthebene�ts of thatmodelin terms
of exactnoniterative inferencecannow bereaped.

Finally, exploiting the assumptionof homogeneity, the
likelihood of the multiscale featurevector was modeled
using a GaussianMixture Model (GMM) for eachclass,
as P(f m jxN

m ) =
P �


 =1 P(f m jxN
m ; 
 )P(
 jxN

m ), where
P(f m jxN

m ; 
 ) � N (� 
 ; � 
 ), � 
 is themeanand� 
 is the
covarianceof the
 th Gaussian,and� is thetotalnumberof
Gaussiansin GMM.

2.1.Parameter Estimation

The full imagegenerative modelhastwo differentsets
of parameters:� p in theprior model,and� o in theobser-
vationmodel.Theobservationmodelparametersconsistof
meanandcovariancematricesof theGaussians,which are
estimatedthroughstandardmaximumlikelihood formula-
tion for GMM usingExpectationMaximization(EM). The
prior modelparametersetconsistsof conditionaltransition
probabilitiesover different links in the tree,and the prior
probabilitiesover the root node. Let � ik l be the transition
probability for nodei 2 S, de�ned as,� ik l = P(x i = l jzi =
k), with the constraint

P
l � ik l = 1, wherek; l 2 f 0; 1g.

It simply de�nes theconditionaldistribution at i th nodein
MSRFgiventhelabelof its parentin thepreviouslayer. The
prior modelparameterswere learnedusing the Maximum
Likelihood(ML) approach[5] by maximizingtheprobabil-
ity of thelabeledtrainingimagesas,

b� M L
p = argmax

� p

TY

t =1

P(x N t ; y t j� p; � o)

where t indexes over the training images,and T is the
total numberof training images. Assumingthe observa-
tion model to be �x ed, the ML estimateof � p is sim-
ply obtainedusing the labeledimagesx N t as, b� M L

p =

arg max� p

Q T
t =1 P(x N t j� p). Thismaximizationis carried

out usingEM, whereall the nodesof MSRF from root to
level (N � 1) areinterpretedasthehiddenvariables.De-
notingthehiddenvariablesby x h = f x nx N g, in theE-step
the lower boundis computedfor the likelihoodfunctionat
thecurrentestimateof theparameters� 0

p asthe following
expectation:

Q(� p; � 0
p) =

TX

t =1

Ex t
h j � 0

p

�
logP(x t

h ; x N t j� p)
�



Computingthe lower boundsimply amountsto estimating
theposteriorprobabilitiesovereachparent-childpair,

P(x t
i = l; zt

i = kjx N t ; � 0
p) =

� (x t
i = l) � 0

ik l � (zt
i = k)

P
k 0 � (zt

i = k0)� (zt
i = k0)

Y

u2 U (x t
i )

� u (zt
i = k) (3)

where U(x i ) is the set containingall the siblings of x i ,
� (x i ) is the� -valueatnodex i , � (zi ) is the� -valueatnode
zi , and� u (zi ) is the� -messagesentfrom nodeu to zi . All
thesenotationsarethe sameasde�ned in [16] in the con-
text of belief propagationon singly-connectedcausaltrees.
In theM-step,new parametervaluesareobtainedby maxi-
mizing thebound.In thecaseof limited trainingdata,com-
puting a different� ik l for eachlink is not practical. Thus,
all the� ik l ateachlevel n wereforcedto bethesameassug-
gestedin [5], anddenotedas� nk l . Maximizing thebound
de�ned above, subjectto the constraint

P
l � nk l = 1 yields

for level n,

� nk l =

P T
t =1

P
x i 2 Sn P(x t

i = l; zt
i = kjx N t ; � 0

p)
P T

t =1

P
x i 2 Sn

P
l 0 P(x t

i = l0; zt
i = kjx N t ; � 0

p)
(4)

The prior probabilitiesover the root node are simply
givenby thebelief at thatnodeobtainedthrough� -� mes-
sagepassingschemeof Pearl[16].

2.2.Infer ence

Given a new test imagey , the aim is to �nd the opti-
mal classlabelsover the imagesiteswhere the optimal-
ity is evaluatedwith respectto a particularcost function.
The MAP estimatecan be excessively conservative since
it maximizesthe probability that all the sites in the im-
ageare correctly classi�ed [3]. In the presentwork, the
labelsareobtainedthroughMaximumPosteriorMarginals
(MPM) suchthattheoptimallabelsmaximizeP(xN

m jf ) for
m = 1; � � � ; M . This can be achieved noniteratively by
computingthebelief at eachnodeof thetreeat level N us-
ing Pearl's � -� messagepassingscheme[16] in oneupward
andonedownwardpassover thetree.

To summarize,we have proposedMSRF basedimage
generative modelthat takesinto accountthespatialdepen-
denciesof not only the classlabelsbut also the observed
data. After makingsomecommonapproximations,learn-
ing of the modelparametersandinferenceover the model
canbecarriedoutusingef�cient techniques.

3. FeatureSetDescription

Thechoiceof appropriatefeatureswithout relyingonad
hocheuristicsis importantfor a genericstructuredetection
system.On theotherhand,givena small trainingset,task

dependentfeatureextractionbecomesunavoidableto ef�-
ciently encodethe relevant task information in a limited
numberof features.Thereis currentlyno formal solution
to deriving optimal task-dependentfeatures. In this sec-
tion, we proposea setof multiscalefeaturesthat captures
thegeneralstatisticalpropertiesof theman-madestructures
over spatiallyadjoiningsites.

For eachsite in the image,we computethe featuresat
multiple scales,which captureintrascaleas well as inter-
scaledependencies.Themultiscalefeaturevectorat sitem
is thengivenas: f m =

�
f f j

m gJ
j =1 ; f f �

m gR
� =1

�
where,f j

m is
j th intrascalefeatureandf �

m is � th interscalefeature.

3.1.Intrascale Features

As mentionedearlier, herewe focuson thoseman-made
structureswhich are primarily characterizedby straight
linesandedges.To capturethesecharacteristics,at �rst, the
input imageis convolvedwith thederivativeof Gaussian�l-
tersto yield thegradientmagnitudeandorientationat each
pixel. Then, for an imagesite m, the gradientscontained
in a window Wc at scalec (c = 1; : : : ; C) are combined
to yield a histogramover gradientorientations.However,
insteadof incrementingthe countsin the histogram,we
weight eachcountby the gradientmagnitudeat that pixel
asin [1]. It shouldbenotedthat theweightedhistogramis
madeusingthe raw gradientinformationat every pixel in
Wc without any thresholding.Let E � be themagnitudeof
thehistogramat the � th bin, and� be the total numberof
binsin thehistogram.To alleviatetheproblemof hardbin-
ning of the data,we smoothedthe histogramusingkernel
smoothing.Thesmoothedhistogramis givenas,

E 0
� =

P �
i =1 K (( � � i )=h)E i

P �
i =1 K (( � � i )=h)

(5)

whereK is a kernel function with bandwidthh. The ker-
nel K is generallychosento bea non-negative, symmetric
function.

If thewindow Wc containsasmoothpatch,thegradients
will beverysmallandthemeanmagnitudeof thehistogram
overall thebinswill alsobesmall.Ontheotherhand,if Wc

containsa texturedregion, thehistogramwill have approx-
imately uniformly distributed bin magnitudes.Finally, if
Wc containsa few straightlinesand/oredgesembeddedin
smoothbackground,asis thecasefor thestructured class,
a few bins will have signi�cant peaksin the histogramin
comparisonto theotherbins.Let � 0 bethemeanmagnitude
of the histogramsuchthat � 0 = 1

�

P �
� =1 E 0

� . We aim to
capturetheaverage'spikeness',of thesmoothedhistogram
asanindicatorof the'structuredness'of thepatch.For this,
weproposeheavedcentral-shiftmomentsfor whichpth or-



dermoment� p is givenas,

� p =
P �

� =1 (E 0
� � � 0)p+1 H (E 0

� � � 0)
P �

� =1 (E 0
� � � 0)H (E 0

� � � 0)
(6)

whereH (x) is the unit stepfunction suchthat H (x) = 1
for x > 0, and0, otherwise. The momentcomputationin
Eq. (6) considersthecontribution only from thebins hav-
ing magnitudeabove themean� 0. Further, eachbin value
abovethemeanis linearlyweightedby its distancefrom the
meanso that the peaksfar away from the meancontribute
more.Themoments� 0 and� p at eachscalec form thegra-
dientmagnitudebasedintrascalefeaturesin themultiscale
featurevector.

Since the lines and edgesbelongingto the structured
regionsgenerallyeitherexhibit parallelismor combineto
yield different junctions, the relation betweenthe peaks
of the histogramsmust contain useful information. The
peaksof the histogramareobtainedsimply by �nding the
local maximaof the smoothedhistogram. Let � 1 and � 2

be theorderedorientationscorrespondingto the two high-
est peakssuch that E 0

� 1
� E 0

� 2
. Then, the orientation

basedintrascalefeature� c for eachscalec is computedas
� c = j sin(� 1 � � 2)j. This measurefavors thepresenceof
nearright-anglejunctions.Thesinusoidalnonlinearitywas
preferredto the Gaussianfunction becausesinusoidshave
much slower fall-off rate from the mean. The sinusoids
havebeenusedearlierin thecontext of perceptualgrouping
of prespeci�edimageprimitives[9]. We usedonly the�rst
two peaksin the currentwork but onecancomputemore
suchfeaturesusingthe remainingpeaksof the histogram.
In additionto the relative locationsof thepeaks,theabso-
lute locationof the�rst peakfrom eachscalewasalsoused
to capturethe predominanceof the vertical featuresin the
imagestakenfrom uprightcameras.

3.2.Interscale features

Weusedonly orientationbasedfeaturesastheinterscale
features.Let f � c

1; � c
2; : : : ; � c

P g be the orderedsetof peaks
in the histogramat scalec, wherethe setelementsareor-
deredin thedescendingorderof their correspondingmag-
nitudes.Thefeaturesbetweenscalesi andj , � ij

p werecom-
putedby comparingthe pth correspondingpeaksof their
respective histograms,i:e: � ij

p = j cos2(� i
p � � j

p)j, where
i; j = 1; : : : ; C. This measurefavors eithera continuing
edge/lineor nearright-anglejunctionsatmultiplescales.

4. Experimental Results

The proposeddetectionschemewas trainedand tested
on two different datasetsdrawn randomlyfrom the Corel
PhotoStock.Thetrainingsetconsistedof 108imageswhile
thetestingsetcontained129images,eachof size256� 384

pixels. Most of the imagesin both the datasetscontained
both naturalobjectsand man-madestructurescapturedat
mediumto longdistancesfrom aground-level camera.The
groundtruthwasgeneratedby hand-labelingeachnonover-
lapping16� 16 pixelsblock in eachimageasa structured
or nonstructured block. This kind of coarselabelingwas
suf�cient for our purposeaswe wereinterestedin �nding
the locationof thestructured blockswithout explicitly de-
lineatingthe objectboundary. However, the block quanti-
zationintroducesnoisein the labelsof theblockslying on
theobjectboundary, sinceablockcontainingasmallpartof
thestructurecouldbegiveneitherof thelabels.Thismakes
thequantitativeevaluationof theresultshardandthereis no
formal solutionto this problem.To circumvent this, we do
notcountasfalsepositiveamisclassi�cationthatis adjacent
to a block with groundtruth label structured. In practice,
smallclassi�cationvariationsat theobjectboundarydonot
affect future processingsuchasgroupingblocksinto con-
nectedregions or extracting boundingboxes. The whole
training set contained36; 269 blocks from the nonstruc-
turedclass,and3; 004blocksfrom thestructuredclass.

To trainthegenerativemodel,amultiscalefeaturevector
wascomputedfor eachnonoverlapping16� 16pixelsblock
in thetrainingimages.Oneof thereasonsfor choosingthis
block size is relatedto the fundamentalambiguity in the
structuredetectiontask.If thestructure is toofar, it will be-
comelike ' texture', andif it is toonear, only asmallportion
(e.g.,alongedgeorasmoothpatchfromawall) will occupy
almostthewhole image.Thelowestandthehighestscales
for thefeatureextractionwerechosento constrainthis am-
biguity. We are interestedin the structureswhich arenot
smallerthanthelowestscale,andarenot totally smoothor
containonly unidirectionaledgesat the highestscale.For
multiscalefeaturecomputation,the numberof scaleswas
chosento be3, with thescaleschangingin regularoctaves.
Thelowestscalewas�x edat16� 16pixels,andthehighest
scaleat 64� 64 pixels. The largestscaleimplicitly de�nes
theneighborhood! m de�ned in Eq. (1) overwhichthedata
dependenciesarecaptured.

For eachimageblock,a Gaussiansmoothingkernelwas
usedto smooththeweightedorientationhistogramat each
scale. The bandwidthof the kernelwaschosento be 0:7
to restrict the smoothingto two neighboringbins on each
side. Themomentfeaturesfor ordersp � 1 werefound to
becorrelatedatall thescales.Thus,wechoseonly two mo-
mentfeatures,� 0 and� 2 at eachscale.This yieldedtwelve
intrascalefeaturesfrom the threescalesincluding oneori-
entationbasedfeaturefor eachscale.For theinterscalefea-
tures,we usedonly the highestpeaksof the histogramsat
eachscale,yielding two features. Hence,for eachimage
block m, a fourteencomponentmultiscalefeaturevector
f m wasobtained. We usedonly a limited numberof fea-
turesdue to the lack of suf�cient training datato reliably
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Figure 3. The learned parameter s for the 2­class, 5­level

MSRF model. The brighter intensity indicates a higher

probability . (a) Prior probabilities at the root node (right

bloc k indicates the structuredclass), (b) thr ough (e) tran­

sition probability matrices for the links between adjacent

levels star ting from level 1 to level 5 (top left bloc k indi­

cates the transition from structuredto structuredclass).

estimatethe GMM parameters.Eachfeaturewasnormal-
izedlinearly over thetrainingsetbetweenzeroandonefor
numericalreasons.

To learn the parametersof the MSRF model (� p), a
quad-treewasconstructedconsideringeach16� 16 pixels
nonoverlappingblock in the imageto bea nodeat the leaf
level N . This arrangementresultedin 16� 24 nodesat the
leaf level and� ve levels (N = 5) in the tree. To take into
accountthe 2 : 3 aspectratio of the images,we modi�ed
the quad-treeas suggestedin [5] suchthat the root node
had six children. Sincewe had assumedthe conditional
transitionprobability to be thesamefor eachlink within a
level, we neededto estimatefour transitionprobabilityma-
trices, � nk l , andthe prior probability distribution over the
rootnode.For theML learningdescribedin section2.1,the
parametervalueswereinitialized by building theempirical
treesover theimagelabelsin thetrainingimagesusingthe
max-voting over the nodes. The training took 8 iterations
to converge in 773 s in Matlab 6.5 on a 1.5 GHz Pentium
classmachine.Thelearnedparametersareshown in Figure
3. The brighter intensity indicatesa higherprobability. It
canbenotedthat for �ner levels,thediagonalprobabilities
aredominantindicatinghigh probabilitiesof transitionto
the sameclass. The transitionmatrix betweenlevel 1 and
level 2 shows a morerandomtransitiondueto the mixing
of blocksatcoarserlevels.Finally, theprior probabilitydis-
tribution at the root nodehighly favors the root nodeto be
from thenonstructuredclass.This is reasonablesincemost
of theimageshavemuchlesserstructuredblockscompared
to thenonstructured blocks. For theGMM basedobserva-
tion model,thenumberof Gaussiansin themixturemodel
wasselectedto be8 usingcross-validation.Themeanvec-
tors, full covariancematricesand the mixing parameters
werelearnedusingthestandardEM technique.

4.1.PerformanceEvaluation

In this sectionwe presenta qualitative aswell asquan-
titative evaluationof the proposeddetectionscheme.First

Figure 4. The structure detection results for the input

image given in Figure 1 (a). Top: Maxim um likelihood re­

sults using onl y GMM. Middle: MPM results using MSRF

model. Bottom: The MSRF posterior map displa ying the

posterior marginals over the image bloc ks for the struc-
tured class. The brighter intensity indicates a higher

probability .

(a) (b)

Figure 5. The structure detection results using (a) SC,

(b) SVM. Both techniques have higher number of false

positives in comparison to the MSRF result for a similar

detection rate .
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Figure 6. Confusion matrices for diff erent techniques. S

­ structured, and NS ­ nonstructured. The detection rate

was kept nearl y the same for all the techniques. The rows

contain the ground truth while the columns contain the

detection results.

we comparethe detectionresultson the test imagesusing
two different methods: only GMM (i:e: no prior model
over the labels)with maximumlikelihood inference,and
GMM in additionto MSRFprior with MPM inference.For
convenience,the former will be referredto as the GMM
andthe latter asthe MSRF model in the restof the paper.
Thesamesetof learnedparameterswasusedin GMM for
both the methods. For the input imagegiven in Figure1
(a),thestructuredetectionresultsfrom thetwo methodsare
given in Figure4. Theblocksidenti�ed asstructured have
beenshown enclosedwithin anarti�cial boundary. It canbe
notedthat for the samedetectionrate,the numberof false
positiveshavesigni�cantly reducedfor theMSRFbasedde-
tection.TheMSRFmodeltendsto smooththelabelsin the
imageandremovesmostof theisolatedfalsepositives.The
bottomimagein Figure4 shows the MSRF posteriormap
over theinput imagefor thestructuredclass,displayingthe
posteriormarginals for eachimageblock. The posterior
mapexhibitshighprobabilityfor thestructuredblocks,and
the numberof nonstructured blockswith signi�cant prob-
ability is very low. This shows that theMSRFbasedtech-
niqueis makingfairly con�dent predictions.

We comparethe above results with the results from
two otherpopularclassi�cation techniques:SupportVec-
tor Machine(SVM) andSparseClassi�er (SC).A Bayesian
learning of sparseclassi�ers was proposedrecently by
FigueiredoandJain[6], whohaveshowngoodresultsonthe
standardmachinelearningdatabases.Both classi�ersused
themultiscalefeaturevectorsde�ned earlierasthedataas-
sociatedwith the imageblocks. We implementeda kernel
classi�er usinga symmetricGaussiankernelof bandwidth
0.1for bothSVM andSC.Thecostparameterfor SVM was
setto be1000from cross-validation.Thenumberof support
vectorsin SVM werefound to be 2305,while the number
of sparserelevancevectorsin SC were66. The detection
resultsfor thesetwo techniquesareshown in Figure5. The
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Figure 7. ROC cur ves for MSRF, GMM, and SC techniques

resultsfrom SC werebasedon the MAP inference.It can
beseenthatthedetectionratein theimageis fairly goodfor
both the techniques.This demonstratesthat themultiscale
featurescapturerelevantdatadependenciesfor thestructure
detection.However, thenumberof falsepositivesfor both
techniquesis signi�cantly higherthanthat from theMSRF
model.Similar to theGMM , SVM andSCdo not enforce
the smoothnessin the labels,which led to increasedfalse
positives.Theaveragetimetakenin processinganimageof
size256� 384pixels in Matlab6.5 on a 1.5 GHz Pentium
classmachinewas2.8sfor MSRF, 2.3sfor GMM, 2.3sfor
SC,and2.8s for SVM.

To carryout thequantitative evaluationof our work, we
�rst computedthe block wise classi�cation accuracy over
all the test images. We obtained94:6% classi�cation ac-
curacy for the49; 536blockscontainedin 129testimages.
However, theclassi�cationaccuracy is not a very informa-
tive criterion hereas the numberof nonstructured blocks
(43; 164) is much higher than the numberof structured
blocks (6; 372), and a high classi�cation accuracy can be
obtainedeven by classifyingevery block to the nonstruc-
tured class.Hence,we computedtwo-classconfusionma-
trices for eachtechnique. The confusionmatrix for the
MSRF model is given in Figure6 (a). For an overall de-
tectionrateof 72:13%, thefalsepositive ratewas0:43%or
1:46 falsepositivesper image.Themainreasonfor a rela-
tively low detectionrateis thatthealgorithmfails to detect
the structured blocks that arepart of the smoothroofs or
wallsthathavenosigni�cant gradientsevenat largerscales.
In fact, it is almostimpossibleto differentiatetheseblocks
from the smoothblockscontainedin naturalregions (e.g.
sky, land)usingany techniquewithoutexploiting otheraux-
iliary informationsuchascolor. Similarly, too smallstruc-
turesandbad illumination contrastin naturalimagesalso
make thedetectionhard. However, it shouldbenotedthat
this is a signi�cant detectionrateat theblock level givena
low falsepositive rate. In generalwe do not requireall the



blocksof anstructuredobjectto bedetectedsinceonecould
use other postprocessingtechniquessuch as color based
region-growing to detectthemissingblocksof anobject.

Keeping the samedetectionrate as from the MSRF
model, we obtain confusionmatricesfor the GMM and
SC.SinceSVM doesnotoutputprobabilities,wevariedthe
costparameterto obtaintheclosestpossibledetectionrate.
The confusionmatricesare given in Figure 6. The aver-
agefalsepositivesper imagefor the GMM, SC andSVM
are2:89, 4:47, and4:88 respectively. Thebestamongthese
threegivesalmosttwice falsepositivesper imagein com-
parisonto the MSRF model. The resultsfrom SVM and
SC are quite similar with SC having a slight advantage,
sincethe SVM detectionrate is 68:55% in comparisonto
72:13% of SC for comparablefalsepositives. For a more
completecomparisonof the detectionperformanceof the
MSRF, GMM, andSCtechniques,thecorrespondingROC
curvesareshown in Figure7. TheMSRFmodelperforms
betterthanthe othertwo techniques.The GMM performs
betterthan the SC mostof the times for our testset. For
theregionsof low falsepositiveperimage(lessthan2), the
performanceof MSRFmodelis signi�cantly betterthanthe
othertwo techniques.

5. Conclusions

We have presenteda techniquefor man-madestructure
detectionin naturalimagesusinga causalMSRF. Thepro-
posedgenerativemodelcapturesspatialdependenciesof the
labelsaswell astheobserveddatato yield goodresultsin
real-world images. The empirical resultssupportthe ef-
fectivenessof theproposedmultiscalefeaturesin capturing
neighborhoodrelationshipsof thestructuredobjects.How-
ever, the price to pay for usinga multiscalerepresentation
is somewhatdegradedlocalizationat theobjectboundaries.
In thefuture,it will beinterestingto exploremorepowerful
modelsto capturethedependenciesin thedataby relaxing
someof thestatisticalassumptionsmadein this paper, and
their relationwith theprior modelover the labels.Finally,
beyondthetaskof structuredetectionusedasabasisof dis-
cussionin this paper, the proposedmodelmay potentially
be usedin many vision tasksin which spatialconsistency
of classlabelsaswell astheobserveddataneedsto been-
forced.Suchtasksincludeobjectdetection,imagesegmen-
tation,anddomainspeci�c imageanalysis.
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