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Abstract

This paperpresentsa genertive modelbasedapproadc
to man-madsestructure detectionin 2D natural images.The
proposedapproadc usesa causalmultiscalerandom eld
suggestedn [3] asa prior modelontheclasslabelsonthe
image sites. However, insteadof assuminghe conditional
independencef the observeddata, we proposeto captue
thelocal dependencieis thedatausinga multiscalefeatuie
vector Thedistribution of the multiscalefeature vectos is
modeledas mixture of Gaussians. A setof robust multi-
scalefeatuesis presentedhat captuesthe geneal statis-
tical propertiesof man-madestructules at multiple scales
withoutrelyingonexplicit edge detection.Theproposedap-
proach wasvalidatedon real-world imagesfromthe Corel
data set, and a performancecomparisonwith other tech-
niquesis presented.

1. Intr oduction

Automatic detectionof man-madestructurein ground-
level imagess usefulfor sceneunderstanding,obotic nav-
igation,suneillance,imageindexing andretrieval etc. This
paper focuseson the detectionof man-madestructures,
which canbecharacterizegrimarily by thepresencef lin-
ear structures. The detectionof sucha constrainedset of
man-madestructuresrom a single staticground-lerel im-
ageis still anon-trivial problemdueto threemainreasons.
First,therealisticviews of astructuredbjectcapturedrom
a ground-level cameraare unconstrainedinlike the aerial
views, which complicateghe useof prede nedmodelsor
model-speci cpropertiesn detection. Secondno motion
or stereainformationis available,precludingthe useof ge-
ometricalinformation pertainingto the structure. Finally,
the imagesof naturalscenesontainlarge amountof clut-
ter, andthe edgeextractionis very noisy This makesthe
computationof the imageprimitivessuchasjunctions,an-
glesetc.,whichrely onexplicit edgeor line detectionprone
to errors.

Buildings areonepossibleinstanceof man-madestruc-
turesand someof the relatedwork on structuredetection
exists for buildings [13][12][9][7]1[4]. A majority of the
techniquedor building detectionfrom aerialimagerytry to
generate hypothesison the presencef building roof-tops
in thescend13]. Thisis usuallyattainedby rst detecting
low-level image primitives, e.g. edgesjines or junctions,
andthengroupingtheseprimitivesusingeithergeometric-
model basedheuristics[12], or a statistical model, e.g.
Markov RandomField (MRF) [9]. For theground-level im-
agesthedetectionof roof-topsis not feasibleandshadevs
do not constrainthe detectionproblemunlike the aerialim-
ages.

PerceptualOrganization basedbuilding detectionhas
beempresentedh [7] forimageretrieval. In [17] atechnique
wasproposedo learnthe parametersf a large perceptual
organizationusing graph spectralpartitioning. However,
thesetechniquesilsorequirethelow-level imageprimitives
to be computedexplicitly, andto be relatively noise-free.
There hasbeensomerecentresearchwork regarding the
classi cation of a whole image as a landscapeor an ur-
bansceng14][18]. Oliva andTorralba[14] obtaina low-
dimensionaholistic representationf the sceneusingprin-
cipalcomponentsf thepower spectraWe foundthe power
spectrabasedfeaturesto be noisy for our images,which
containa mixture of boththe landscapeandman-madee-
gionswithin thesamemage.It mightbedueto thefactthat
a'single’'image(or aregion containedn it) maynotfollow
theassumptiorthatthe power spectrdalls with aform f
wheref is spatialfrequeng [10]. Vailayaetal. [18] use
the edgecoherencéhistogramsover the whole image for
the sceneclassi cation, using edgepixels at differentori-
entations.OlmosandTrucco[15] have recentlyproposeda
systento detecthepresencef man-madebjectsin under
waterimagesusingpropertieof the contoursin theimage.
Thetechniquesvhich classifythewholeimagein a certain
classimplicitly assumeheimageto beexclusively contain-
ing eitherman-mader naturalobjectswhichis nottruefor
mary real-world images.

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



(a) Inputimage (b) Edgeimage
Figure 1. A natural image and the corresponding edge
image obtained using Canny edge detector to illustrate
that reliab le extraction of low-level image primitives, €:0.
lines, edges or junctions for man-made structure detec-
tion is hard in natural images.

tion in outdoorimagesusingcolor andtexture featuresput
employ differentclassi cation schemes.Thesepapersre-
port poorperformancen the classesontainingman-made
structuressincecolor andtexture featuresare not very in-
formative for theseclasse$18]. In addition,in comparison
to the Sawerby databaseisedby them, we usea more di-
versesetof imagesfrom the Coreldatabaséor trainingas
well astesting.

In this paper we proposeto detectman-madestructures
in a2D image Jocatedatmediumto long distance$rom the
camera.To visualizetheproblemswith low-level primitives
usingedgesaninputimageandthecorrespondingdgeim-
age obtainedfrom the Canry edgedetectorare shavn in
Figurel. It is clearthatdetectionbasedon theseprimitives
is goingto 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-davn
approachof classifyingimage blocks basedon statistical
distribution of thefeaturedearnedfrom thetrainingdata.

2.Image Generative Model

Given an input image, the detectionproblem can be
posedasaclassi cationproblemwhereeachsite (ablockor
apixel) in theimageis classi edinto thestructuied classor
thenonstructued class.Lety bethe obsereddataassoci-
atedwith theinputimage,wherey = fyq gm -1+ Ym bethe
datafrom m™ site. Let the correspondindabelsat theim-

agesitesbegivenbyx™ = x{ ~_ ,wherex}) 2 f0;1g.

In the Bayesiarframenork, giveny, we areinterestedn
nding the predictive posteriorover the labelsx N , which
can be written as P(xNjy) / P(yjxN)P(xN). Here
P(yjxN) is the obseration (or likelihood) model and
P (xN) is the prior modelon the labels. For vision appli-
cations,MRF hasbeena popularchoicefor modelingthe

prior over the labels. However, thereare several disadwan-

(a) Proposednodel (b) Approximatedmodel

Figure 2. A 1-Drepresentation of the quad-tree structured
MSRF based image generative model. See text for more.

tagesof usingthe MRF models[3]. In the standardVIRF
formulation, computationof exact Maximum a Posteriori
(MAP) or Modesof PosterioMarginal (MPM) estimatess
in generalNP-hard,andthe approximateestimatesare ex-
pensve to compute. The parameteestimationin MRF is
dif cult dueto the presencef the partitionfunction. To al-
leviate theseproblems,n the presenwork we usea causal
MultiscaleRandomField (MSRF) asa prior modelaspro-
posedby Boumanand Shapiro[3] andfurtherusedby [5]
for semantidmagesegmentation.

InaMSRFmodel,labelsoveranimagearegeneratedis-
ing Markov chainsde ned over coarseto ne scales.Such
a hierarchicalstructureis also known as Tree-Structured
Belief Network (TSBN) [5]. It canfacilitate easyincor
porationof long-rangecorrelationsin the image. We use
the standardsingly-connectedjuad-treerepresentatiorof
MSRFto modelthe prior distribution over labels. Onebig
advantageof suchMSRF modelsis that the MAP/MPM
inferenceis noniteratve and time compleity is linearin
the numberof imagesites. However, thesemodelssuffer
from the nonstationarityof theinducedrandom eld, lead-
ing to 'blocky' smoothingof theimagelabels[5]. Accord-
ing to the overall imagegeneratie model, the imagedata
y is generatedrom an underlyingprocessx, wherex is
a MSRE For simplicity, a 1-D representatioof the overall
imagegeneratie modelis givenin gure 2 (a). Thelabelsat
N levelsof the causatreearedenotedoy x 1;x2;::: ; xN
with P(x) = P(x%;x?;:::;xN). It canbenotedthatthe
obsered imagelabelsare nodesof the layerxN . In the
MSRF model, the Markov assumptiorover scalesmplies
P(x"jx%:oo;x™ )y = P(x"jx™ ) forn= 2;:::;N.
Further from the conditionalindepenéencassumptiorfor
the directedgraphs,P (x"jx" 1) = ~,q. P(x"jz" 1),
wherex! is i nodeatlevel n, z" ! is its parentat level
(n 1), andS" is the setcontainingall the nodesat level
n. Eachnodein the MSRF modelis a bernoullivariablein
our case.

For the obsenation model, it is generallyassumedhat
the datais conditionallyindependengiventhe classlabels



[5][3]. However, this assumptionis not correctfor man-
made structures,since the neighboringsites containinga
man-madestructureexhibit strongdependenciesin other
words,thelines andedgesat suchspatiallyadjoiningsites
follow someunderlyingorganizationrules ratherthan be-
ing random.In thiswork, insteadwe assumehatgiventhe
classlabelxN\ atsitem, the datayy, is dependenonly on
its neighbors.This imposesa MRF-like noncausatlepen-
deny amongthedatay , whichis shavn by undirectedinks
in Figure2 (a). Thus,thegeneratre modelhastwo random
elds, oneon the labels,andthe other on the datagiven
the labels. HierarchicalMRFs have beenusedto perform
texture sggmentationby de ning separateMRFs over the
texture labelsandthe datagiven the labels[19]. To avoid
dealingwith intractabletruejoint conditionalP (yjx N ), we
assume factoredform of the obserationmodelsimilar to
[19] suchthat,

P(yix") P (YmiYi i Xi) (1)
m2SN

where! ,, is the neighborhoodsetof sitem, andy, , =
fymojm® 2 ! 1 g. The above approximationis known as
PseuddLikelihood (PL) in the MRF literature[11]. Thus,
the overall generatre modelof theimagecanbe expressed
as,

Y Y

P(x;y)=P(xY)  P(xijz)

i2S m2 SN

P(Ymiy1 »iXm) (2)

whereS is the set containingall the nodesin the tree x
excepttherootnodex?, andz; is the parentof nodex;. To
simplify the notations,we have denoteda genericnodeat
ary level of thetreeby x;, andits parentby z;.

We furtherassumehe eld overthedatay to behomo-
geneousandapproximatethe conditionalP (Ymjy: , ; XN)
by p(fmjxN), wheref, is a multiscale feature vector
which encodeghe dependenciesf dataat sitem givenits
neighborsThis approximations drivenby thefactthatthe
conditionaldistribution P (ym jy: ., ; XN) hasavery limited
power of structuredescriptiorbecausdt is aboutthe datum
on a single site m given the neighborhood19]. In [19],
the authorsusedthe distribution of the datacontainedin
the neighborhoodf site m to approximatethe conditional
distribution in the context of texture segmentation.For our
application this issuebecomesven moreimportantaswe
needa rich representationf the datafor man-madestruc-
ture detectionwhich is inherentlycontainedover multiple
scales.Generictexture featureshave beenshawn to bein-
adequatelueto wide variationsin the appearancef man-
madestructureg8]. The needfor rich datarepresentation
becomescrucial in the caseof limited training data. The
idea of multiscalefeaturevectoris similar to the concept
of parentvectorde ned by De Bonet[2], with the distinc-
tion thatwe computefeaturesat a particularsite by varying

the size of the window aroundit so thatthe dependencies
on the neighborscould be encodedexplicitly. This kind of
scaleis alsoknown asintegrationor arti cial scalein the
vision literature.Usingthe abose assumptionsye cannow
approximatethe overall image generatie model as given
in Figure2 (b). Notethatthe original obsenation layery
hasbeenreplacedy a multiscaleobsenrationlayerf . The
topologyof theapproximatedjeneratie modelis similarto
the oneusedin [3], andthe bene ts of thatmodelin terms
of exactnoniteratve inferencecannow bereaped.

Finally, exploiting the assumptiorof homogeneitythe
likelihood of the multiscale feature vector was modeled
using a Gaussiarivl'pgture Model (GMM) for eachclass,
as P(fnjxN) = - P(FmixNs )P jxN), where
P(fmjxN; ) N( ; ), isthemeanand isthe
covarianceof the ™ Gaussianand is thetotal numberof
Gaussiangn GMM.

2.1.Parameter Estimation

The full imagegeneratie modelhastwo differentsets
of parameters: , in the prior model,and , in the obser
vationmodel. Theobsenationmodelparametersonsistof
meanand covariancematricesof the Gaussianswhich are
estimatedthrough standardmaximumlik elihood formula-
tion for GMM using ExpectationrMaximization(EM). The
prior modelparametesetconsistsf conditionaltransition
probabilitiesover differentlinks in the tree, andthe prior
probabilitiesover the root node. Let | bethetransition
probability for nodei 2 § denedas, k= P(xj=ljz =
k), with the constraint | i, = 1, wherek;l 2 f0; 1g.
It simply de nes the conditionaldistribution ati®™ nodein
MSRFgiventhelabelof its parenin thepreviouslayer The
prior model parametersvere learnedusing the Maximum
Likelihood(ML) approach5] by maximizingthe probabil-
ity of thelabeledtrainingimagesas,

oML = argmax  P(<"Gy'j 5 o)
Pot=1
wheret indexes over the training images,and T is the
total numberof training images. Assumingthe obsena-
tion modelto be x ed, the ML estimateof | is sim-

ply obtain%dusing the labeledimagesx Nt as, b'g" L=

argmax th1 P(xNtj p). Thismaximizationis carried

out using EM, whereall the nodesof MSRF from root to
level (N 1) areinterpretedasthe hiddenvariables.De-
notingthehiddenvariablesoy x, = fxnxN g, in theE-step
the lower boundis computedor the likelihoodfunction at
the currentestimateof the parameters g asthefollowing
expectation:

X
Q( ps 3):

t=1

Exij g logP (xh;xN' p)



Computingthe lower boundsimply amountsto estimating
the posteriomprobabilitiesover eachparent-childpair,

P(xit:I'z-t:ijNt; 0=
(Xt ) 8 @=k Y
o (Z=Kk9 (Z=K)

u2U(x})

u(zi=k) @)

where U(x;) is the set containingall the siblings of x;,
(xi) isthe -valueatnodex;, (z)isthe -valueatnode
zi,and ,(z) isthe -messagsentfrom nodeu to z;. All
thesenotationsarethe sameasde ned in [16] in the con-
text of belief propagtionon singly-connectedausalrees.
In the M-step,new parameteraluesareobtainedoy maxi-
mizing thebound.In the caseof limited trainingdata,com-
puting a different | for eachlink is not practical. Thus,
all the i, ateachlevel n wereforcedto bethesameassug-
gestedn [5], anddenotedas k. Maxinizing the bound

de ned abore, subjectto the constraint | n = 1 yields
for level n,
P P
_ o x2w P(xi=1;zl=kjxN'; D)
nki = P<=F oo voNT o 4
=1 xi2sn 10 POGEISZ=KxNE D)

The prior probabilitiesover the root node are simply
given by the belief at thatnodeobtainedthrough - mes-
sagepassingschemeof Pearl[16].

2.2.Inference

Given a new testimagey, theaimis to nd the opti-
mal classlabels over the image sites where the optimal-
ity is evaluatedwith respectto a particularcostfunction.
The MAP estimatecan be excessiely conserative since
it maximizesthe probability that all the sitesin the im-
ageare correctly classi ed [3]. In the presentwork, the
labelsare obtainedthroughMaximum PosteriorMarginals
(MPM) suchthattheoptimallabelsmaximizeP (xN jf ) for
m = 1, ;M. This canbe achiezed noniteratvely by
computingthe belief at eachnodeof thetreeatlevel N us-
ing Pearls - messaggassingschemd16] in oneupward
andonedownward passover thetree.

To summarize we have proposedMSRF basedimage
generatre modelthattakesinto accountthe spatialdepen-
denciesof not only the classlabelsbut alsothe obsered
data. After making somecommonapproximations|earn-
ing of the modelparameteraindinferenceover the model
canbecarriedout usingef cient techniques.

3. Feature SetDescription

The choiceof appropriatdeatureswvithout relyingon ad
hocheuristicsis importantfor a genericstructuredetection
system.On the otherhand,given a smalltraining set, task

dependenfeatureextraction becomeaunavoidableto ef -
ciently encodethe relevant task information in a limited
numberof features. Thereis currently no formal solution
to deriving optimal task-dependenfeatures. In this sec-
tion, we proposea setof multiscalefeaturesthat captures
thegeneraktatisticalpropertieoof the man-madestructures
over spatiallyadjoiningsites.

For eachsite in the image,we computethe featuresat
multiple scales,which captureintrascaleas well asinter
scaledependenciesThe multiscalefeaturevectorat sitem
is thengivenas:fy, = ffl g’ ;ff d%, wheref] is
j™ intrascaldfeatureandf , is " interscalefeature.

3.1.Intrascale Features

As mentioneckarlier herewe focusonthoseman-made
structureswhich are primarily characterizedby straight
linesandedges.To capturethesecharacteristicst rst, the
inputimageis convolvedwith thederivative of Gaussianl-
tersto yield the gradientmagnitudeandorientationat each
pixel. Then,for animagesite m, the gradientscontained
in awindovw W, at scalec (c= 1;:::;C) arecombined
to yield a histogramover gradientorientations. However,
insteadof incrementingthe countsin the histogram,we
weight eachcountby the gradientmagnitudeat that pixel
asin [1]. It shouldbe notedthatthe weightedhistogramis
madeusing the raw gradientinformation at every pixel in
W, without ary thresholding.Let E be the magnitudeof
the histogramatthe ™ bin, and be the total numberof
binsin the histogram.To alleviate the problemof hardbin-
ning of the data,we smoothedhe histogramusingkernel
smoothing.The smoothedistogramis givenas,

i)=h)E;
i)=h)

P
g0 g K
= K

®)

whereK is a kernelfunction with bandwidthh. The ker-
nel K is generallychosernto be a non-ngative, symmetric
function.

If thewindow W, containsasmoothpatch thegradients
will bevery smallandthemeanmagnitudeof thehistogram
overall thebinswill alsobesmall. Ontheotherhand,if W,
containsa texturedregion, the histogramwill have approx-
imately uniformly distributed bin magnitudes. Finally, if
W, containsafew straightlines and/oredgesembeddedn
smoothbackgroundasis the casefor the structued class,
a few binswill have signi cant peaksin the histogramin
comparisorto theotherbins. Let 0 l:’gthemeanmagnltude
of the histogramsuchthat o = = ; E% Weaimto
capturethe average spikeness' of the smoothed’nstogram
asanindicatorof the'structurednessf the patch.For this,
we proposeheaved central-shiftmomentgor which p or-



dermoment , is givenas,

P
n:l (EO

P L (EO

o)P"*H(E® o)
o)H(E® o)

whereH (x) is the unit stepfunction suchthatH (x) = 1
for x > 0, and0, otherwise. The momentcomputationin
Eq. (6) considerghe contritution only from the bins hav-
ing magnitudeabove the mean . Further eachbin value
aborethemeanis linearly weightedby its distancefrom the
meanso thatthe peaksfar away from the meancontritute
more. Themoments o and , ateachscalec form thegra-
dientmagnitudebasedntrascalefeaturesn the multiscale
featurevector
Sincethe lines and edgesbelongingto the structuied

regions generallyeither exhibit parallelismor combineto
yield different junctions, the relation betweenthe peaks
of the histogramsmust contain useful information. The
peaksof the histogramare obtainedsimply by nding the
local maximaof the smoothedhistogram. Let ; and
be the orderedorientationscorrespondindo the two high-
est peakssuch that E° E®. Then, the orientation
basedntrascalefeature © for eachscalec is computedas

€= jsin( 1 2)j. Thismeasurdavorsthe presencef
nearright-anglejunctions. The sinusoidalnonlinearitywas
preferredto the Gaussiarfunction becausesinusoidshave
much slower fall-off rate from the mean. The sinusoids
have beenusedearlierin the context of perceptuagrouping
of prespeci edimageprimitives[9]. We usedonly the rst
two peaksin the currentwork but one can computemore
suchfeaturesusing the remainingpeaksof the histogram.
In additionto the relative locationsof the peaksthe abso-
lute locationof the rst peakfrom eachscalewasalsoused
to capturethe predominancef the vertical featuresin the
imagegtakenfrom uprightcameras.

(6)

p:

3.2.Interscale features

We usedonly orientationbasedeaturesastheinterscale
features.Letf §; §;:::; §g betheorderedsetof peaks
in the histogramat scalec, wherethe setelementsare or-
deredin the descendingrderof their correspondingnag-
nitudes.Thefeaturesetweerscales andj, g werecom-
putedby comparingthe p" correspondingreaksof their
respectie histogramsjie: | = jcos2( ,  1)j, where
i;j = 1;:::;C. This measurdavors eithera continuing
edgel/lineor nearright-anglejunctionsat multiple scales.

4. Experimental Results

The proposeddetectionschemewas trainedand tested
on two differentdatasetgdravn randomlyfrom the Corel
PhotoStock. Thetrainingsetconsisteaf 108imageswhile
thetestingsetcontainedl29imagesgachof size256 384

pixels. Most of the imagesin both the datasetsontained
both naturalobjectsand man-madestructurescapturedat
mediumto long distancedrom a ground-leel cameraThe
groundtruthwasgeneratedby hand-labelinggachnonover-
lapping16 16 pixelsblock in eachimageasa structued
or nonstructued block. This kind of coarselabelingwas
sufcient for our purposeaswe wereinterestedn nding
thelocationof the structured blockswithout explicitly de-
lineatingthe objectboundary However, the block quanti-
zationintroducesnoisein the labelsof the blockslying on
theobjectboundarysinceablock containingasmallpartof
thestructurecouldbegiveneitherof thelabels. This makes
thequantitatve evaluationof theresultshardandthereis no
formal solutionto this problem. To circumentthis, we do
notcountasfalsepositive amisclassi cationthatis adjacent
to a block with groundtruth label structued In practice,
smallclassi cationvariationsat the objectboundarydo not
affect future processingsuchasgroupingblocksinto con-
nectedregions or extracting boundingboxes. The whole
training set contained36; 269 blocks from the nonstruc-
tured class,and3; 004 blocksfrom the structued class.

To trainthegeneratie model,amultiscalefeaturevector
wascomputedor eachnonoverlappingl6 16 pixelsblock
in thetrainingimages.Oneof thereasongor choosingthis
block sizeis relatedto the fundamentalambiguity in the
structuredetectiortask. If thestructueis toofar, it will be-
comelike'texture', andif it istoonear only asmallportion
(e.g.,alongedgeor asmoothpatchfrom awall) will occupy
almostthewholeimage. Thelowestandthe highestscales
for the featureextractionwerechoserto constrainthis am-
biguity. We areinterestedn the structueswhich are not
smallerthanthelowestscale,andarenot totally smoothor
containonly unidirectionaledgesat the highestscale. For
multiscalefeaturecomputation the numberof scaleswas
choserto be 3, with the scaleschangingin regularoctaves.
Thelowestscalewas x edat16 16 pixels,andthehighest
scaleat 64 64 pixels. Thelargestscaleimplicitly de nes
theneighborhood ,, de nedin Eq. (1) overwhichthedata
dependenciearecaptured.

For eachimageblock, a Gaussiarsmoothingkernelwas
usedto smooththe weightedorientationhistogramat each
scale. The bandwidthof the kernelwas chosento be 0:7
to restrictthe smoothingto two neighboringbins on each
side. The momentfeaturesfor ordersp 1 werefoundto
becorrelatedatall thescalesThus,we choseonly two mo-
mentfeatures, ¢ and , ateachscale.Thisyieldedtwelve
intrascalefeaturesfrom the threescalesincluding oneori-
entationbasedeaturefor eachscale.For theinterscaldea-
tures,we usedonly the highestpeaksof the histogramsat
eachscale,yielding two features. Hence,for eachimage
block m, a fourteencomponentmultiscalefeaturevector
fm wasobtained. We usedonly a limited numberof fea-
turesdueto the lack of sufcient training datato reliably
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Figure 3. The learned parameter s for the 2-class, 5-level
MSRF model. The brighter intensity indicates a higher
probability . (a) Prior probabilities at the root node (right
block indicates the structuedclass), (b) through (e) tran-
sition probability matrices for the links between adjacent
levels starting from level 1 to level 5 (top left block indi-
cates the transition from structuiedto structuedclass).

estimatethe GMM parameters Eachfeaturewasnormal-
izedlinearly over the training setbetweerzeroandonefor
numericalreasons.

To learn the parametersof the MSRF model ( ), a
guad-treewas constructectonsideringeach16 16 pixels
nonoverlappingblock in theimageto be a nodeat the leaf
level N. This arrangementesultedin 16 24 nodesatthe
leaflevel and ve levels (N = 5) in thetree. To take into
accountthe 2 : 3 aspectratio of the images,we modi ed
the quad-treeas suggestedn [5] suchthat the root node
had six children. Sincewe had assumedhe conditional
transitionprobability to be the samefor eachlink within a
level, we neededo estimateour transitionprobability ma-
trices, nk1, andthe prior probability distribution over the
rootnode.FortheML learningdescribedn section2.1,the
parameteralueswereinitialized by building the empirical
treesover theimagelabelsin thetrainingimagesusingthe
max-\oting over the nodes. The training took 8 iterations
to corvergein 773 sin Matlab 6.5 0on a 1.5 GHz Pentium
classmachine Thelearnedparametergareshovn in Figure
3. The brighterintensityindicatesa higherprobability It
canbenotedthatfor ner levels,the diagonalprobabilities
are dominantindicating high probabilitiesof transitionto
the sameclass. The transitionmatrix betweenlevel 1 and
level 2 shavs a morerandomtransitiondueto the mixing
of blocksatcoarsetevels. Finally, theprior probability dis-
tribution at the root nodehighly favorsthe root nodeto be
from the nonstructued class.This is reasonablsincemost
of theimageshave muchlesserstructuedblockscompared
to the nonstructued blocks. For the GMM basedobsena-
tion model,the numberof Gaussian#n the mixture model
wasselectedo be 8 usingcross-alidation. The meanvec-
tors, full covariancematricesand the mixing parameters
werelearnedusingthe standardeM technique.

4.1.Performance Evaluation

In this sectionwe presenta qualitatve aswell asquan-
titative evaluationof the proposedietectionscheme.First

Figure 4. The structure detection results for the input
image given in Figure 1 (a). Top: Maximum likelihood re-
sults using only GMM. Middle: MPM results using MSRF
model. Bottom: The MSRF posterior map displaying the
posterior marginals over the image blocks for the Struc-
tured class. The brighter intensity indicates a higher
probability .

(@) (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.



NS | S NS | S
NS | 42976| 188 || NS | 42791| 373
S | 1776 | 4596 || S | 1776 | 4596

(a) MSRF (b) GMM

NS | S NS | S
NS | 42587| 577 || NS | 42534 630
S | 1777 | 4595| S | 2004 | 4368

(c)SC (d) SVM

Figure 6. Confusion matrices for diff erent techniques. S
- structuied and NS - nonstructued The detection rate
was kept nearly the same for all the techniques. The rows
contain the ground truth while the columns contain the
detection results.

we comparethe detectionresultson the testimagesusing
two different methods: only GMM (i:e: no prior model
over the labels)with maximuma/ikelihood inference,and
GMM in additionto MSRF prior with MPM inference.For
corvenience,the former will be referredto asthe GMM

andthe latter asthe MSRF modelin the restof the paper
The samesetof learnedparametersvasusedin GMM for

both the methods. For the input imagegiven in Figure 1

(a), thestructue detectiorresultsfrom thetwo methodsare
givenin Figure4. Theblocksidenti ed asstructued have
beenshawvn enclosedvithin anarti cial boundary|t canbe
notedthat for the samedetectionrate, the numberof false
positiveshave signi cantly reducedor theMSRFbasedie-
tection. The MSRF modeltendsto smooththelabelsin the
imageandremaovesmostof theisolatedfalsepositives. The
bottomimagein Figure4 shavs the MSRF posteriormap
over theinputimagefor the structued class displayingthe
posteriormamginals for eachimage block. The posterior
mapexhibits high probabilityfor the structured blocks,and
the numberof nonstructued blockswith signi cant prob-
ability is very low. This shawvs thatthe MSRF basedech-
niqueis makingfairly con dent predictions.

We comparethe abore results with the results from
two other popularclassi cation techniques:SupportVec-
tor Machine(SVM) andSparseClassi er (SC).A Bayesian
learning of sparseclassi ers was proposedrecently by
FigueiredeandJain[6], who have shavn goodresultsonthe
standardnachinelearningdatabasesBoth classi ersused
themultiscalefeaturevectorsde ned earlierasthe dataas-
sociatedwith theimageblocks. We implementeda kernel
classi er usinga symmetricGaussiarkernelof bandwidth
0.1for bothSVM andSC.Thecostparametefor SVM was
setto be 1000from cross-walidation. Thenumberof support
vectorsin SVM werefoundto be 2305, while the number
of sparserelevancevectorsin SC were66. The detection
resultsfor thesetwo techniquesreshown in Figures. The

---sc

detection ra

i
0.4

0.1

0 20 40 60 80 100
false positives per image

Figure 7. ROC curves for MSRF, GMM, and SC techniques

resultsfrom SC werebasedon the MAP inference.It can
beseenthatthedetectiorratein theimageis fairly goodfor

both the techniques.This demonstratethat the multiscale
featurecapturerelevantdatadependenciefr thestructure
detection.However, the numberof falsepositivesfor both
techniquess signi cantly higherthanthatfrom the MSRF
model. Similarto the GMM , SVM andSCdo not enforce
the smoothnes#n the labels,which led to increasedalse
positives. Theaveragdime takenin processingnimageof

size256 384 pixelsin Matlab6.50na 1.5 GHz Pentium
classmachinewvas2.8sfor MSRF, 2.3sfor GMM, 2.3sfor

SC,and2.8sfor SVM.

To carry out the quantitatve evaluationof our work, we
rst computedthe block wise classi cation accurag over
all the testimages. We obtained94:6% classi cation ac-
curag for the49; 536 blockscontainedn 129testimages.
However, the classi cationaccuray is not a very informa-
tive criterion here asthe numberof nonstructued blocks
(43,164 is much higher than the numberof structued
blocks (6; 372, and a high classi cation accurag canbe
obtainedeven by classifyingevery block to the nonstruc-
tured class.Hence,we computedwo-classconfusionma-
trices for eachtechnique. The confusionmatrix for the
MSRF modelis givenin Figure6 (a). For an overall de-
tectionrateof 72:13% thefalsepositive ratewas0:43%or
1:46 falsepositivesperimage. The mainreasorfor arela-
tively low detectionrateis thatthe algorithmfails to detect
the structuled blocksthat are part of the smoothroofs or
wallsthathave nosigni cant gradient®venatlargerscales.
In fact,it is almostimpossibleto differentiatetheseblocks
from the smoothblocks containedin naturalregions (e.qg.
sky, land)usingary techniquewithoutexploiting otheraux-
iliary informationsuchascolor. Similarly, too smallstruc-
turesand badillumination contrastin naturalimagesalso
male the detectionhard. However, it shouldbe notedthat
thisis a signi cant detectionrateat the block level givena
low falsepositive rate. In generalwe do not requireall the



blocksof anstructuredbjectto bedetectedinceonecould
use other postprocessingechniquessuch as color based
region-graving to detectthe missingblocksof anobject.

Keeping the samedetectionrate as from the MSRF
model, we obtain confusion matricesfor the GMM and
SC.SinceSVM doesnot outputprobabilities we variedthe
costparameteto obtainthe closestpossibledetectionrate.
The confusionmatricesare given in Figure 6. The aver
agefalsepositives perimagefor the GMM, SC and SVM
are2:89, 4:47, and4:88 respectiely. Thebestamongthese
threegives almosttwice falsepositives perimagein com-
parisonto the MSRF model. The resultsfrom SVM and
SC are quite similar with SC having a slight adwvantage,
sincethe SVM detectionrate is 68:55% in comparisorto
72:13% of SC for comparabldalsepositives. For a more
completecomparisonof the detectionperformanceof the
MSRFE GMM, andSCtechniquesthe correspondindrROC
curvesareshavn in Figure7. The MSRF modelperforms
betterthanthe othertwo techniques.The GMM performs
betterthanthe SC mostof the timesfor our testset. For
theregionsof low falsepositive perimage(lessthan2), the
performancef MSRFmodelis signi cantly betterthanthe
othertwo techniques.

5. Conclusions

We have presentedh techniquefor man-madestructure
detectionin naturalimagesusinga causaMSRF. The pro-
posedyeneratie modelcapturespatialdependenciesf the
labelsaswell asthe obsened datato yield goodresultsin
real-world images. The empirical resultssupportthe ef-
fectivenes®f the proposednultiscalefeaturedn capturing
neighborhoodelationshipof the structuredbjects.How-
ever, the price to pay for usinga multiscalerepresentation
is someavhatdegradedocalizationatthe objectboundaries.
In thefuture,it will beinterestingo exploremorepowerful
modelsto capturethe dependencies the databy relaxing
someof the statisticalassumptionsnadein this paperand
their relationwith the prior modelover the labels. Finally,
beyondthetaskof structuredetectionusedasabasisof dis-
cussionin this paper the proposedmodel may potentially
be usedin mary vision tasksin which spatialconsisteng
of classlabelsaswell asthe obsened dataneedso be en-
forced. Suchtasksincludeobjectdetectionjmagesegmen-
tation,anddomainspeci c imageanalysis.
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