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Abstract

With the advent of many large image databases,both
commercial and personal, content-basedimage retrieval
hasbecomean importantresearch area. Whilemostearly
efforts retrieved images basedon appearance, it is now
recognizedthat mostusers want to retrieve imagesbased
on the objectspresentin them. This paperaddressesthe
challengingtask of recognizing commonobjectsin color
photographic images. We represent images as sets of
feature vectors of multiple typesof abstract regions,which
comefromvarioussegmentationprocesses.We modeleach
abstract region asa mixture of Gaussiandistributionsover
its featurespace. Wehavedevelopeda new semi-supervised
version of the EM algorithm for learning the distributions
of theobjectclasses.Weusesupervisoryinformationto tell
the procedure the setof objectsthat exist in each training
image, but wedo not useanysuch supervisoryinformation
aboutwhere (ie. in which regions)the objectsare located
in theimages.Instead,werelyonour EM-likealgorithmto
breakthe symmetryin an initial solutionthat is estimated
with error. Experimentsare conductedon a set of 860
imagesto showtheef�cacy of our approach.

Keywords: object recognition, abstract regions, mixture
models,EM algorithm.

1. Intr oduction
Recognizingclassesof objects in ordinary color photo-
graphic images is a dif�cult and challenging problem.
Images may contain many different common objects,
from different viewpoints, and in different arrangements.
In this scenario,alignment-basedtechniques[4] are not
appropriate, since they are intended for recognizing
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particular objects, and appearance-basedtechniquesthat
attemptclassi�cation of the entire image[7][10] are also
not suitable. Region-basedtechniques[1][9][3] require
presegmentationof the imageinto regionsof interest. In
most applications,the reliability of image segmentation
techniqueshasbeena problemfor object recognition,but
newer imagesegmentationalgorithms[6][8] that useboth
color and texture cannow partition an imageinto regions
that can, in many cases,be identi�ed asclassesof natural
objects. Furthermore,a new mid-level featurecalled a
consistentline cluster [5] can produceregions that often
correspondto man-madestructures.Sinceregionsusedin
recognitioncancomefrom several differentsegmentation
processes,we will refer to the regionswe usein our work
asabstract regions.

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,includingstructureregions,
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 successfullyused in a new and
promising approachto object class recognition [2] that
modelsclassesas�e xible con�gurationsof parts.

We havedevelopeda new methodfor objectrecognition
thatuseswhole imagesof abstractregions,ratherthansin-
gle regionsfor classi�cation.A key partof our approachis
thatwedonotneedto know wherein eachimagetheobjects
lie. We only utilize the fact thatobjectsexist in an image,
not wherethey arelocated.We have designedanextended
EM-like procedurethat begins by computingan average
featurevectorover all regionsin all imagesthat containa
particularobject. It relieson the fact that suchan average
featurevectoris likely to retainattributesof the particular
object, even thoughthe averagecontainsinstancesof re-
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gionsthatdonotcontributeto thatobject.Fromtheseinitial
estimates,which arefull of errors,theprocedureiteratively
re-estimatestheparametersto be learned.It is thusableto
computetheprobabilitythatobjecto is in imageI giventhe
setof featurevectorsfor all the regionsof I . This paper
describesourapproachandillustratesits usewith colorand
textureregions.In Section2 we formalizeour approach,in
Section3 we describeour experimentsandresults,andin
Section4 wediscusstheimplicationsof theresults.

2. Methodology
We aregivena setof training images,eachcontainingone
or more object classes,suchas grass,trees,sky, houses,
zebras,andso on. Eachtraining imagecomeswith a list
of theobjectclassesthat canbe seenin that image. There
is no indicationof wheretheobjectsappearin the images.
We would like to develop classi�ers that can train on the
featuresof theabstractregionsextractedfrom theseimages
andlearnto determineif a given classof objectis present
in animage.

Let T bethesetof training imagesandO bea setof m
objectclasses.Supposethatwe have a particulartypea of
abstractregion (e.g. color) andthat this typeof region has
asetof na attributes(e.g.(H,S,I))whichhavenumericval-
ues.Thenany instanceof region typea canberepresented
by a featurevectorof valuesr a = (v1; v2; : : : ; vn a ). Each
imageI is representedby a setF a

I of typea region feature
vectors.Furthermore,associatedwith eachtraining image
I 2 T is a setof object labelsOI , which givesthe name
of eachobjectpresentin I . Finally, associatedwith each
objecto is thesetRa

o =
S

I :o2 O I
F a

I , thesetof all typea
regionsin trainingimagesthatcontainobjectclasso.

Our approachassumesthat eachimageis a set of re-
gions,eachof whichcanbemodeledasamixtureof multi-
variateGaussiandistributions. We assumethat the feature
distribution of eachobjecto within a region is a Gaussian
No(� o; � o), o 2 O andthattheregionfeaturedistributionis
a mixtureof theseGaussians.We have developeda variant
of theEM algorithmto estimatetheparametersof theGaus-
sians. Our variantis interestingfor several reasons.First,
we keep�x ed the componentresponsibilitiesto theobject
priorscomputedover all images.Secondly, whenestimat-
ing theparametersof theGaussianmixturefor a region,we
utilize only the list of objectsthatarepresentin an image.
Wehavenoinformationonthecorrespondencebetweenim-
ageregionsandobjectclasses.Thevectorof parametersto
belearnedis:

� = (� a
o1; : : : ; � a

om ; � a
bg; � a

o1; : : : ; � a
om ; � a

bg)

where f � a
oi ; � a

oi g are the parametersof the Gaussianfor
theith objectclassandf � a

bg; � a
bgg aretheparametersof an

additionalGaussianfor thebackground.Thepurposeof the
extra modelis to absorbthefeaturesof regionsthatdo not
�t well into any of the objectmodels,insteadof allowing
themto contributeto, andthusbias,thetrueobjectmodels.
Thelabelbg is addedto thesetOI of objectlabelsof each
trainingimageI andis thustreatedjust liketheotherlabels.

Theinitializationstep,ratherthanassigningrandomval-
uesto theparameters,usesthelabelsetsof thetrainingim-
ages.For objectclasso 2 O andfeaturetypea, the initial
valuesare

� a
o =

P
r a 2 R a

o
r a

jRa
o j

(1)

� a
o =

P
r a 2 R a

o
[r a � � a

o ][r a � � a
o ]T

jRa
o j

(2)

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 regions in all imagesthat contain
that object. This property will allow subsequentiter-
ations by EM to move the parameterscloser to where
they should be. Moreover, by having eachmeanclose
to its true object, eachsuch subsequentiteration should
reducethestrengthof theerrorsassignedto eachparameter.

In theE-stepof theEM algorithm,we calculate:

p(r a jo; � a
o (t); � a

o(t)) =

(
0 if o =2 OI

1p
(2 � )n a j � a

o ( t ) j
e� 1

2 ( r a � � a
o ( t )) T � a

o ( t )( r a � � a
o ( t )) otherwise

(3)

p(ojr a ; � (t)) =
p(r a jo; � a

o(t); � a
o (t))p(o)

P
j 2 O I

p(r a jj; � a
j (t); � a

j (t))p(j )
(4)

where p(o) = jf I j o2 O I gj
jT j . Note that when calculating

p(r a jo; � a
o(t); � a

o (t)) in (3) for region vector r a of image
I andobjectclasso andwhennormalizingin (4), we use
only thesetof objectclassesof OI , which areknown to be
presentin I . The M-stepfollows theusualEM processof
updating� a

o and� a
o . After multiple iterationsof the EM-

like algorithm,we have the�nal values� a
o and� a

o for each
objectclasso andthe�nal probabilityp(ojr a ) for eachob-
ject classo andfeaturevectorr a . Now, givena testimage
I wecancalculatetheprobabilityof objectclasso beingin
imageI givenall theregionvectorsr a in I :

p(ojF a
I ) = max

r a 2 F a
I

p(ojr a ) (5)

We usemax insteadof sum, becauseeachimagehasa
differentnumberof regions,andsummingwill favor classes
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with multiple regions in the sameimage. This is still for
a single type of abstractregion a. We will describetwo
methodsto 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 regionsaremergedinto similarly-coloredadjacent
largerones.Our textureregionscomefrom a color-guided
texture segmentationprocess. Color segmentationis �rst
performed,andthenpairsof regionsaremergedif after a
dilationthey overlapby morethan50%.Eachof themerged
regionsis segmentedusingthe K-meansvariantalgorithm
on the Gabortexture coef�cients. Figure1 illustratesthe
colorandtextureregionsfor two representative images.

Original Color Texture

Figure1: Theabstractregionsconstructedfrom asetof rep-
resentative imagesusingcolor clusteringandcolor-guided
textureclustering.

Sinceour abstractregionscancomefrom severaldiffer-
entprocesses,we mustspecifyhow thedifferentattributes
of thedifferentprocesseswill becombined.We have tried
two different forms of combination: 1) treat the different
types of regions independentlyand combineonly at the
time of classi�cation (p(ojf F a

I g) =
Q

a p(ojF a
I )) and 2)

form intersectionsof thedifferenttypesof regionsanduse
them,insteadof the original regions,for classi�cation. In
the �rst case,only the speci�c attributes of a particular
type of region areusedfor the respective mixture models.
If a set of regions camefrom a color segmentation,only
their color attributes(HSI) areused,whereasif they came
from a texturesegmentation,only their texturecoef�cients
areused. In the secondcase,the intersectionsaresmaller
regions with propertiesfrom all the different processes.
Thusanintersectionregionwouldhavebothcolorattributes
andtextureattributes.

Our testdatabaseof 860imageswasobtainedfrom two
imagedatabases:creatas.comandourgroundtruthdatabase

http://www.anonymous. The imagesare describedby 18
keywords. The keywordsandtheir appearancecountsare:
mountains(30), orangutan(37), track(40), treetrunk (43),
football �eld (43),beach(45),prairiegrass(53),cherrytree
(53), snow (54), zebra(56), polarbear(56), lion (71), wa-
ter (76), chimpanzee(79), cheetah(112), sky (259), grass
(272), tree (361). We ran a setof cross-validationexper-
imentsin eachof which 80% of the imageswereusedas
the trainingsetandtheother20%asthe testset. Figure2
illustratestheROC curves(truepositive ratevs. falsepos-
itive rate) for eachobject, treatingcolor andtexture inde-
pendently. Figure3 illustratesthe resultsfor thesameob-
jects, using intersectionsof color and texture regions. In
general,theintersectionmethodachievesbetterresultsthan
the independenttreatmentmethod. This makessensebe-
cause,for example,a single region exhibiting grasscolor
andgrasstextureis morelikely to begrassthanoneregion
with grasscolorandanotherwith grasstexture.Usinginter-
sections,mostof thecurvesshow a truepositive rateabove
80%for falsepositive rate30%. Thepoorestresultsareon
object classes“tree,” “grass,” and “water,” eachof which
hasa high variance,for which a singleGaussianmodelis
not suf�cient.

Figure2: ROC curvesfor the18 objectclasseswith inde-
pendenttreatmentof colorandtexture.

Figure4 shows thetop threeimagesreturnedfor several
differentobjectclasses.The football imageis an example
of a falsepositive for the cherry treeclass;the crowd has
roughlythesamecolor andtextureasa cherrytree.
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Figure3: ROC curvesfor the18 objectclassesusinginter-
sectionsof colorandtextureregions.

4. Conclusions

Wehavepresentedanew methodfor recognizingclassesof
objectsin colorphotographicimagesof outdoorscenes.We
representimagesassetsof abstractregionsandmodeleach
of theseregionsasa mixtureof Gaussians.We developeda
new semi-supervisedEM-likealgorithmthatis giventheset
of objectspresentin eachtrainingimage,but doesnotknow
which regionscorrespondto which objects.Our EM vari-
antis ableto breakthesymmetryin theinitial solution.We
have testedthealgorithmon a datasetof 860hand-labeled
color images.We comparedtwo differentmethodsof com-
bining different typesof abstractregions, one that keeps
themindependentandonethat intersectsthem. The inter-
sectionmethodhada higherperformanceasshown by the
ROC curvesin our paper. While thesepreliminaryresults
arepromising,they arenot yet goodenough.Sinceregions
of high varianceare not well modeledby a single Gaus-
siandistribution,weplanto try multipleGaussiansfor each
objectclassandhave hadsomeinitial successwith trees.
Sincecolor andtexturearenot powerful enoughfor many
objects,we plan to addstructureregionsthatcanhelprec-
ognizebuildings andotherman-madestructures.We also
plan to usethe spatialrelationshipsamongregions,which
is anotherimportantfactor in recognition. Finally, due to
the large numberof possibleobjectclasses,we anticipate
theeventualneedfor ahierarchyof classi�ersto handlethe
load.

Figure4: Thetop3 testresultsfor cheetah,cherrytree,and
tree.
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