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Abstract

This paper introduces a new mid-level featue, the
consistentline cluster for use in content-basedmage
retrieval. The color, orientation, and spatial featues
of line segmentsare exploited to group them into line
clustes. The interrelationshipsamongdifferent clustes
and the intrarelationshipswithin single clustes are used
to recaynizeand roughlylocate buildings in photagraphic
images. Experimentsre performedon a databaseof color
imagesof outdoorscenes.
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1. Intr oduction

With the rapid growth of storagedevices, digital pho-
tographsandinternetaccess¢ontent-baseinageretrieval
(CBIR) hasbecomeincreasinglypopularin recentyears.
Systemsthat can automaticallyanalyze, cateyorize, and
searchimage database$ave beendevelopedboth in re-
searchabsandby commerciakconcernsMost of theearly
researctsystemgerformretrieval basedorimarily on low-
levelimagefeaturessuchascolorandtexture. They expect
the userto provide a queryimage,which is an exampleof
theimageshewishesto retrieve. The queryimagefeatures
areextracted anddatabasémageswith similar featuresare
returnedusuallyin orderof similarity. Thecommercialver-
sionsof thesesystemshave not provento be very useful,
becausédhumanusers,who are looking for imagesfor ad-
vertising, marketing, andotherillustrations,think in terms
of the high-level objectsandconceptghatshouldappeaiin
animage,andthey usuallydo not have an exampleimage
to shav. Commercialsystemssuchasthoseprovided by
Corbis,Inc. andGetty Imagesstill usekeyword indexing
performedin advanceby humantechnicians.They do not
expecttheir usersto posses®r createa queryimagethat
hasthe exact characteristicshey seek. Instead thesesys-
temsprovide arich vocatulary in which usersdescribethe

This researctwassupportedoy the National ScienceFoundationun-
derGrantslRI-9711771andIlS-0097329.

objectsandconceptgo befoundin theimageshey seek.

Thereis alreadya wealth of literaturein the areaof
content-based@mageretrieval, muchof it relatedto global
color and texture features. Someefforts have beenmade
to shortenthe distancebetweerhumanusersandcomputer
systems.Oneapproaclis to de ne structural featuesthat
attemptto capturethe structureof a classof images[10]
[11]. Anotheris to sggmentimagesinto regions whose
featuresaretypical of certainwell-known objects,suchas
tigersandzebraswhich have characteristicolor and tex-
ture[2] or characteristicshapg3]. Queriescanrequesim-
ageghathaveregionswith certainpropertiesn certainspa-
tial relationshipg9]. Another approach8] is to employ
userrelevancefeedbacko re ne the queryresults,but this
is usuallypairedwith the query-by-exampleapproach.

Our ultimategoalis to developa systenthatcanrecog-
nize a variety of objectsand conceptsn imagesandthus
canbe usedfor automatedr semi-automateéhdexing of
largeimagedatabasesSomeexamplesof work onthislevel
includepeopleandhorserecognition[6], building recogni-
tion [7], and high-level imageclassi cation systemg10].
We have developednew structuralfeaturescalled consis-
tentline clustess thatareusefulin recognizingandlocating
man-madeobjectsin images. Consistentine clustersare
local ratherthanglobal imagefeatures.Thusthey support
both keyword indexing andspatialrelationshipqueries.In
this papemwe will de ne theconsistent-line-clustdeature,
describats implementationn termsof lower-level features,
anddiscusdts usein building recognition.

2. ConsistentLine Clusters

Linesareveryimportantfor objectrecognition particularly
for man-madeobjects. An importantquestionfor CBIR is
how to usethe extractedsegmentsto form moreadwanced
featureghatcanbe usedto recognizevariousobjects.Our
solutionis to groupthelinesinto consistentine clustersand
to useintra-clusterandinter-clusterrelationshipgo recog-
nize complex objects. We have appliedthis approachto
building recognitionandachiezed promisingresults.



Thelinesfrom atypicalbuildingimageareshovnin Fig-
ure 1. Our algorithmusesthe Canry edgedetector]1] to
nd edgedn theimageandthe ObjectRecognitionToolkit
[4] to sgmenttheminto straightlines. Oneimportantchar
acteristicof buildings is that they containmary line sey-
ments,often horizontalandvertical, which comefrom the
boundariesof the windows, the doors, or the building it-
self. Anotherobsenationis thatif two line segmentscome
from differentobjects thepixel colorsaroundthemareusu-
ally (thoughnot always) different. In addition, line sey-
mentsfrom differentobjectswill clusterinto differentspa-
tial groups.Basedon theseobsenations,we usethe color,
orientation,andspatialfeaturesof theline segmentsto par
tition theminto consistentine clusters.

Figure1: (top left) Original image. (top right) Line sey-
ments.(bottom)Color-consistentine clusters.

Color-ConsistentLine Clusters

Ideally, a line sgmentforms the boundaryof two re-
gionsof differentcolors. Both colorsareusedfor the color
featureof theline, whichwewill referto asacolor pair. To
reducehecompleity, we rst classifyeachpixel of theim-
ageasoneof severaldominantcolors,usingthe Gongcolor
clusteringalgorithm [5] and the CIEL*a*b* color space.
Theneachline segmentis assigneaneor morecolor pairs
consistingof one dominantcolor from its left region and
onefrom its right region, basedn a smallwindow of anal-
ysis. Theline sggmentsare groupedinto color-consistent
line clustersbasedon their color pairs. Themaincolor pair
of theleft building in Figure1l is (tan,gray) while the main
color pair of theright building is (grayblue,gray) The two
color clusters(bottomrow) alsocontainspurioussegments
from otherobjects.

Orientation-ConsistentLine Clusters

Theresultof thecolor clusteringis a setof line clusters,
eachof which corresponds$o a speci ¢ color pair. For ev-

ery color-consistentine cluster the orientationfeatureof
theline sgmentscanbe usedto further classifythem. We
would like to assignthe parallel sggmentsof an objectto
exactly one orientation-consisterine cluster Becauseof
the effect of perspectie projection,the parallellineson an
objectmaynotbeparallelin theimage but will corvergeto
asinglepoint. Becausef this, we usetwo stepsto achiere
ourobjectve: rst, roughlyclassifythe sgmentsaccording
totheirorientationin theimage andseconddecidewhether
they are parallelto eachotheror they corvergeto a van-
ishingpointin theimage. Findingthe roughly orientation-
consistentine clustersis achievzed througha simple clus-
tering algorithmthat nds the peaksin the orientationhis-
togramand assignseachline segmentto the clusterasso-
ciatedwith its closestpeak. After the roughly-orientation-
consistentine clustersare obtained the perspectie infor-
mationis usedasakey bothto decidewhetherthesegments
in aline clusterareconsistenandto Iter outthe “noise”
lines. Eachof the two color clustersin Figure 1 produced
severalorientation-consistertiustersasshavn in Figure2.

Figure2: Orientation-consisterine clustersobtainedrom
the color-consistentine clustersshawvn in Figure1. The
resultsare nal orientation-consistentlustersusing both
orientationandperspectie informationwith smallclusters
removed.

Spatially-ConsistentLine Clusters

After constructingheconsistentine clustersusingcolor
andorientationfeaturestheresultanclusteramaystill have
somesegmentsfrom different physical entities. To rule
out such segments, spatial clusteringis performedusing



both vertical and horizontal position histograms. First,
the line sggmentsin a clusterare projectedto the y-axis
to createa vertical position histogram,which canbe seg-
mentedinto groupsof y-positionsthat yield vertical posi-
tion clusters.Then,theline sgmentsof eachvertical posi-
tion clusterare projectedto the x-axis to createa horizon-
tal position histogramwhose segmentationproduceshor-
izontal position clusters. The line sggmentsin the resul-
tantspatially-consisteriine clustersarecloseto eachother,
bothvertically andhorizontally in theimage. The applica-
tion of color-consistentlusteringfollowed by orientation-
consistentlusteringfollowed by spatially-consistentlus-
tering yields a setof consistentine clustes that are used
to detectbuildings or other line-sggment-rich structures.
Figure3 shaws two spatially-consistenine clusterswhich
camefrom the single orientation-consisterine clusterin
thetop-rightpositionof Figure2. The clusterhasbeendi-
videdinto theline segmentsfrom a building andthosefrom
anautomobile.

Figure 3: Two spatially-consistentine clustersobtained
from the single orientation-consisterine clustershovn in
Figure2 (top-rightimage).

3. Building Recognition

Oncethe consistentine clustershave all beenconstructed,
they canbe usedto detectobjects,suchasbuildings. We
usetwo criteriato detectbuildings: the interrelationships
of the consistentine clustersdetectstructure-preservingr
junction-rich buildings andtheir intra-relationshipganbe
usedto detectthe simple-structurear overlap-rich build-
ings Thesetwo situationsareshavn in Figure4 anddis-
cussedbelon. Thelocationof a building canbe estimated
from the positionof its correspondingdjne clusters.

Interr elationship Criterion

Becausemary line segmentson buildingsarefrom win-
dows anddoors,therewill be mary intersectionsTwo line
segmentsareclassi ed asintersectingf whenthey areex-
tendedtheinterceptpoint of thetwo virtual linesis onone
of the line sggmentsor is closeto one of their end points.
For everyline clusterpair , theinterrelationshige-
tweenthetwo line clustersis consideredo decidewhether
this clusterpair is a hint of the existenceof buildings. In

Figure 4: (left) Interrelationshipcriterion. (right) Intra-
relationshipcriterion.

orderfor the pair to be a quali ed hint, its line segments
shouldform enoughintersectionsThis canberepresented
by , the total numberof lines in that inter-
sectsomeline in . For eachcluster we canthende ne
, the maximumnumberof intersectingines of

over all otherclusters,and nally, its normalizedversion

_ , normalizedby the total numberof linesin
thecluster

Intra-r elationship Criterion

Dueto the mary differentappearancesf buildings and
thedifferentdistancestwhichtheimagesveretaken,some
buildings do not producemary junctions on the image,
but they do have mary overlappingline sgments. The
intra-relationshipcriterion is usedto examine how mary
lines heavily overlap in a line cluster For a line

is the numberof linesin

thatoverlapwith . If is large enough(greaterthan
alearnedhreshold ), then isaheaily overlappedine.
The numberof hearily overlappedinesis anotherhint of
the existenceof buildings. Similar to the interrelationship
criterion, the intra-relationshipcriterion is de ned by fea-
tures: , the numberof heavily overlappedinesin
theline cluster , and - , hormalizedby the
total numberof linesin the cluster

4. Experimental Evaluation

Our consistent-line-clustgfCLC) featurescanbe usedfor
two differenttasks:1) content-base@mageretrieval and?2)



buildings buildings cactus

Figure5: Sampleimagesfrom the onlinetestset.

objectrecognition. For content-base@mageretrieval, we

built a simple decision-treeclassi er. The featurevectors
for this taskweredesignedo corvertthelocal featuresor

theseparatelustersto a globalhistogramasfollows:

for =1to . With thefeaturevectors

and setto 64, we usedthe C4.5packagdo generate
simple decision-treeclassi ers. Our test databaseof 977
imageswvasobtainedrom two onlineimagedatabase<re-
atas.comand freefoto.com. We selected336 building im-
agesand 641 nonhuilding imagesand ran a setof cross-
validation experimentsin eachof which 90% of the im-
ageswere usedas the training set and the other 10% as
the testset. The averageerror (false positives plus false
negatives)over the setof cross-alidationexperimentsvas
5.8%. (Notethatour algorithmsweredevelopedon a com-
pletelyindependentlatabasef our own imagesof campus,
city, andlandscapecenes.)

TherearethreeCBIR methodghatseemmostrelatedto
our own: Igbal and Aggarwals's approach7] to building
recognitionusing perceptualgrouping (rectangles)Zhou,
Rui, andHuangswater lling algorithm[11] for extracting
edge-mapfeatures,and Vailaya, Jain, and Zhangs edge-
direction-histogran(EDH) feature410] for classifyingcity
vs. landscapémages.Becauseheemphasisn [7] and[11]
was quite differentfrom our own and since several early
reviewers of our papersuggestecomparingour features
to the EDH features,we implementedEDH and testedit
on classifyingbuilding vs. nontuilidng imagesusingC4.5
and crossvalidation as abose. On the sametest set, the
EDH methodhad an averageerror of 16.5% comparedo
CLC's 5.8%. Note thatthis testdataset(seeFigure5 for
examples)is afairly dif cult onewith the building images

taken from mary differentviewpointsandthe nonhuilding
imagescontainingmary vertical line segments.We found
that EDH worked very well on imageswith mary vertical
linesandlesswell onthosewithoutverticallines. OurCLC
featuresarenot sensitve to a particularorientationandcan
alsohandleperspectie.

The CLC featurescan also be usedfor object recog-
nition and approximatelocalization, so that the presence
and locations of objectsin imagescan be detectedand
indexed for future retrievals. For object recognition,
we testedthe algorithm on 97 well-patternedbuildings,
44 non-well-patternedbuildings, 16 non-patternednon-
buildings, and 25 patternednon-tuildings in a local test
set, speci cally acquiredto control these experiments.
The resultswere 0% error for well-patternedbuildings,
4.5% error for non-well-patternedbuildings, 6.2% error
for non-patternechon-kuildings, and 100% error for the
patternednon-huildings, which were objectslike faculty
mailboxes, buses,and fences, all selectedto try to fool
the algorithm (and they all did!). Additional features
(context) will be requiredto distinguish these similarly
structuredobjectsfrom buildings. Figure 6 shavs some
correctclassi cation/locatiorresultson thisimageset. The
rst and secondrow imageswere consideredto contain
well-patternedbuildings, while the third and fourth row
images,which are more dif cult, were consideredo be
non-well-patterned.

Two of the misclassi cationsare shavn in Figure 7.
The reasonsfor false negatives are the lack of enough
patternsand the patterninterferencefrom other objects,
for example,trees. Somepatternsfrom objectsotherthan
buildings, such as trees and bridges, are recognizedas
buildingsin thefalsepositives.

Two imagesfrom the patternechon-tuildingsareshovn
in Figure8. Althoughthey arecurrentlyfalsepositives,they
alsoshawv thepotentialusefor consistentine clustersalong
with otherfeatures,for recognizingadditionalman-made
objects.

5. Summary

We have describedanalgorithmthatuseshelow-level fea-
turesof extractedine sggmentgo assigrthemto consistent
line clusters,new mid-level featuresthat can be usedfor
high-level objectdetectionandlocation. The experiments
on buildings shaw thatit providesgoodresultsbothin im-
ageretrieval andin objectrecognition. Our algorithmwas
ableto nd both closeand far-away buildings from mary
differentviewpointsandin mary differentcontexts. It does
not rely on vertical line sggmentsor rectangularwindow
features Furthermoreit outperformedhe EDH featuresof



Figure6: Somecorrectclassi cations.

[1Q] in classifyingimagesof anindependentveb-derved
datasets building or nontuilding. We intendto usecon-
sistentline clustersaspartof a large setof both low- and
mid-level featuresin a systemthatwill learnto recognize
mary differentcommonobjectsfoundin photographiam-

agesof outdoorscenes.
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