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Abstract

With the advent of many large image databases,both
commecial and personal, content-basedmage retrieval
hasbecomean importantreseach area. While mostearly
efforts retrieved images basedon appeaance it is now
recaynizedthat mostusess want to retrieve images based
on the objectspresentin them. This paperaddresseghe
challengingtask of recaynizing commonobjectsin color
photaraphic images. We representimages as sets of
feature vectos of multiple typesof abstract regions,which
comefromvarioussggmentatiorprocesseswwe modeleac
abstiact region as a mixture of Gaussiardistributionsover
its feature space We havedevelopeda new semi-supervised
version of the EM algorithm for learning the distributions
of theobjectclassesWe usesupervisoryinformationto tell
the procedue the setof objectsthat exist in ead training
image, but we do not useany sud supervisoryinformation
aboutwheie (ie. in which regions)the objectsare located
in theimages. Instead werely on our EM-like algorithmto
breakthe symmetryin an initial solutionthat is estimated
with error. Experimentsare conductedon a set of 860
imagesto showtheefcacy of our approac.

Keywords: object recanition, abstact regions, mixture
modelsEM algorithm.

1. Intr oduction

Recognizingclassesof objectsin ordinary color photo-
graphic imagesis a dif cult and challenging problem.
Images may contain mary different common objects,
from different viewpoints, and in differentarrangements.
In this scenario,alignment-basedechniques[4] are not
appropriate, since they are intended for recognizing

This researctwassupportedoy the National ScienceFoundationun-
der GrantsIRI-9711771,11S-0097329,and [1S-0093430. Any opinions,
ndings, and conclusionsor recommendationexpressedn this material
arethoseof theauthor(syanddo notre ect the views of the NationalSci-
enceFoundation.

particular objects, and appearance-baseaédchniquesthat
attemptclassi cation of the entire image[7][10] are also
not suitable. Region-basedtechniqueg[1][9][3] require
presgmentationof the imageinto regions of interest. In

most applications,the reliability of image segmentation
techniqueshasbeena problemfor objectrecognition,but

newer imagesegmentationalgorithms[6][8] that useboth
color andtexture cannow partition animageinto regions
thatcan,in mary casespeidenti ed asclasseof natural
objects. Furthermore,a nev mid-level feature called a
consistentline cluster [5] can produceregions that often
correspondo man-madestructures.Sinceregionsusedin

recognitioncan comefrom several differentseggmentation
processeswe will referto the regionswe usein our work

asabstractregions

The idea behind the abstractregion approachis that
all featuresare image regions, eachwith its own set of
attributes. The regions we have usedto start our work
are color regions and texture regions. We intend to add
othertypesof abstractregions,including structureregions,
axes of symmetry and major vertical line segments,in
later work. Another possibility for abstractregions are
the squarepatchesselectedby an entropy-basedfeature
detector[11] that were successfullyusedin a new and
promising approachto object class recognition [2] that
modelsclassess e xible con gurationsof parts.

We have developeda new methodfor objectrecognition
thatuseswhole imagesof abstractegions,ratherthansin-
gleregionsfor classi cation. A key partof our approachs
thatwe donotneedo know wherein eachimagetheobjects
lie. We only utilize the factthat objectsexist in animage,
notwherethey arelocated.We have designedan extended
EM-like procedurethat begins by computingan average
featurevectorover all regionsin all imagesthat containa
particularobject. It relieson the factthat suchan average
featurevectoris likely to retainattributesof the particular
object, even thoughthe averagecontainsinstancesof re-



gionsthatdo notcontributeto thatobject. Fromthesanitial
estimateswhich arefull of errors,the procedureteratively
re-estimateshe parameterso belearned.It is thusableto
computetheprobabilitythatobjectois in imagel giventhe
setof featurevectorsfor all the regionsof | . This paper
describe®urapproactandillustratesits usewith colorand
textureregions.In Section2 we formalizeour approachin
Section3 we describeour experimentsand results,andin
Sectiond we discusgheimplicationsof theresults.

2. Methodology

We aregivena setof trainingimages,eachcontainingone
or more object classessuchas grass,trees,sky, houses,
zebras,andso on. Eachtrainingimagecomeswith a list

of the objectclasseghat canbe seenin thatimage. There
is no indicationof wherethe objectsappeatin the images.
We would like to develop classi ersthat cantrain on the

featureof the abstractegionsextractedfrom theseémages
andlearnto determinef a given classof objectis present
in animage.

Let T bethesetof trainingimagesandO beasetof m
objectclassesSupposédhatwe have a particulartype a of
abstractregion (e.g. color) andthatthis type of region has
asetof n? attributes(e.g. (H,S,l)) which have numericval-
ues.Thenary instanceof regiontypea canberepresented

imagel is representeddy asetF?2 of type a region feature
vectors. Furthermoreassociateavith eachtrainingimage
| 2 T is asetof objectlabelsO,, which givesthe name
of eachobjectpresentiné. Finally, associatedvith each
objectoisthesetRg = ., Ff, thesetof all typea
regionsin trainingimagesthatcontainobjectclasso.

Our approachassumeghat eachimageis a set of re-
gions,eachof which canbe modeledasa mixture of multi-
variateGaussiardistributions. We assumehatthe feature
distribution of eachobjecto within a region is a Gaussian
No( o; o),02 O andthattheregionfeaturedistributionis
amixture of theseGaussiansWe have developeda variant
of theEM algorithmto estimataheparametersf the Gaus-
sians. Our variantis interestingfor seseral reasons.First,
we keep x edthe componentesponsibilitiedo the object
priors computedover all images. Secondly whenestimat-
ing the parametersf the Gaussiammixturefor aregion,we
utilize only thelist of objectsthatarepresentin animage.
We have noinformationonthecorrespondendeetweenm-
ageregionsandobjectclassesThevectorof parameterso
belearneds:
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additionalGaussiarior the backgroundThepurposeof the
extra modelis to absorbthe featuresof regionsthatdo not
t well into ary of the objectmodels,insteadof allowing
themto contributeto, andthusbias,thetrue objectmodels.
Thelabelbgis addedto the setO, of objectlabelsof each
trainingimagel andis thustreatedustliketheotherlabels.

Theinitialization step,ratherthanassigningandomval-
uesto the parametersjsesthelabelsetsof thetrainingim-
ages.For objectclasso 2 O andfeaturetype a, theinitial
valuesare P
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Note that the initial meansand covariancematricesmost
certainly have errors. For example, the Gaussianmean
for an object in a region is composedof the average
featurevector over all regionsin all imagesthat contain
that object. This property will allow subsequeniter-
ations by EM to move the parameterscloser to where
they shouldbe. Moreover, by having eachmeanclose
to its true object, each such subsequentteration should
reducethestrengthof theerrorsassignedo eachparameter

In the E-stepof the EM algorithm,we calculate:
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where p(0) = '”'T% Note that when calculating

p(rajo; a(t); 2(t)) in (3) for region vectorr? of image
| andobjectclasso andwhennormalizingin (4), we use
only the setof objectclasse®f O, , whichareknown to be
presenin | . The M-stepfollows the usualEM processof
updating 2 and 3. After multiple iterationsof the EM-
like algorithm,we have the nal values g and 3 for each
objectclasso andthe nal probability p(ojr?) for eachob-
jectclasso andfeaturevectorr?. Now, givenatestimage
| we cancalculatethe probability of objectclasso beingin
imagel givenall theregionvectorsr2in|:

p(ojr®; (1) = P (4)

P(IF*) = max p(ojr®) 5)

We usemax insteadof sum, becausesachimagehasa
differentnumberof regions,andsummingwill favor classes



with multiple regionsin the sameimage. This is still for
a single type of abstractregion a. We will describetwo
methodgo handlemultiple typesof abstractregionsin our
experiments.

3. Experimentsand Results

Our color regions are producedby a two-stepprocedure:
1) A K-meansvariant performsclusteringin HSI space.
2) Tiny regionsare meigedinto similarly-coloredadjacent
largerones.Our texture regionscomefrom a color-guided
texture sggmentationprocess. Color sggmentationis rst
performed,andthenpairsof regionsare memgedif aftera
dilationthey overlapby morethan50%. Eachof thememed
regionsis sggmentedusingthe K-meansvariantalgorithm
on the Gabortexture coefcients. Figure 1 illustratesthe
color andtextureregionsfor two representatie images.
Texture

Original Color

Figurel: Theabstractegionsconstructedrom asetof rep-
resentatie imagesusingcolor clusteringand color-guided
texture clustering.

Sinceour abstracregionscancomefrom several differ-
entprocessesye mustspecifyhow the differentattributes
of the differentprocesseswvill be combined.We have tried
two differentforms of combination: 1) treatthe different
types of regions independentlyand ngbineonly at the
time of classi cation (p(ojf F?g) = . p(ojF?)) and2)
form intersection®f the differenttypesof regionsanduse
them, insteadof the original regions, for classi cation. In
the rst case,only the speci c attributes of a particular
type of region are usedfor the respectre mixture models.
If a setof regionscamefrom a color sggmentation,only
their color attributes(HSI) areused,whereadf they came
from a texture segmentationpnly their texture coefcients
areused. In the secondcase the intersectionsare smaller
regions with propertiesfrom all the different processes.
Thusanintersectiorregionwould have bothcolor attributes
andtextureattributes.

Our testdatabas®f 860imageswasobtainedfrom two
imagedatabasesreatas.comndour groundtruthdatabase

http://www.anorymous. The imagesare describedby 18

keywords. The keywordsandtheir appearanceountsare:
mountaing30), orangutan(37), track (40), treetrunk (43),

football eld (43),beach(45), prairiegrasq53),cherrytree
(53), shav (54), zebra(56), polar bear(56), lion (71), wa-

ter (76), chimpanzed79), cheetah(112), sky (259), grass
(272), tree (361). We ran a setof cross-alidation exper

imentsin eachof which 80% of the imageswere usedas
thetraining setandthe other20% asthe testset. Figure2

illustratesthe ROC curves(true positive ratevs. falsepos-
itive rate) for eachobject, treatingcolor andtexture inde-
pendently Figure 3 illustratesthe resultsfor the sameob-

jects, using intersectionsof color and texture regions. In

generaltheintersectiormethodachievesbetterresultsthan
the independentreatmentmethod. This makes sensebe-
causefor example,a singleregion exhibiting grasscolor
andgrasstextureis morelikely to be grassthanoneregion
with grasscolorandanothemith grasstexture. Usinginter-

sectionsmostof the curvesshow atrue positive rateabove
80%for falsepositive rate 30%. The poorestresultsareon

objectclasses'tree; “grass; and“water’ eachof which
hasa high variance for which a single Gaussiarmodelis
notsufcient.

Figure2: ROC curvesfor the 18 objectclasseswith inde-
pendentreatmenbf color andtexture.

Figure4 shavs the top threeimagesreturnedfor several
differentobjectclasses.The football imageis an example
of a falsepositive for the cherrytree class;the crowd has
roughlythe samecolor andtextureasa cherrytree.



Figure3: ROC curvesfor the 18 objectclassesisinginter-
sectionsof color andtextureregions.

4. Conclusions

We have presenteé new methodfor recognizingclasse ®f
objectsin color photographiémagesof outdoorscenesWe
represenimagesassetsof abstracregionsandmodeleach
of theseregionsasa mixture of GaussiansWe developeda
new semi-superviseBM-lik ealgorithmthatis giventheset
of objectspresentn eachtrainingimage but doesnotknow
which regionscorrespondo which objects. Our EM vari-
antis ableto breakthe symmetryin theinitial solution.We
have testedthe algorithmon a datasebf 860 hand-labeled
colorimages.We comparedwo differentmethodsof com-
bining different types of abstractregions, one that keeps
themindependenandonethatintersectshem. Theinter
sectionmethodhada higherperformanceasshown by the
ROC curvesin our paper While thesepreliminaryresults
arepromising,they arenotyetgoodenough.Sinceregions
of high varianceare not well modeledby a single Gaus-
siandistribution, we planto try multiple Gaussian$or each
objectclassand have had someinitial successith trees.
Sincecolor andtexture are not powerful enoughfor mary
objects,we planto addstructureregionsthatcanhelprec-
ognizebuildings and other man-madestructures.We also
planto usethe spatialrelationshipsamongregions, which
is anotherimportantfactorin recognition. Finally, dueto
the large numberof possibleobject classeswe anticipate
theeventualneedfor a hierarchyof classi ersto handlethe
load.

Figure4: Thetop 3 testresultsfor cheetahcherrytree,and
tree.
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