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Abstract

We havedevelopeda two-phasegenerative / discrimi-
nativelearningprocedure for the recognition of classesof
objectsand conceptsin outdoorscenes.Our methoduses
both multiple typesof object features and context within
the image. The generative phasenormalizesthe descrip-
tion length of images, which can havean arbitrary num-
ber of extractedfeaturesof each type. In thediscriminative
phase, a classi�er learnswhich images,as representedby
this �xed-lengthdescription,containthe target object. We
havetestedthe approach by comparingit to several other
approachesin theliteratureandbyexperimentingwith sev-
eral different data setsand combinationsof features. Our
results,usingcolor, texture, andstructure features,showa
signi�cant improvementoverpreviouslypublishedresultsin
image retrieval. Usingsalientregion features,weare com-
petitivewith recentresultsin objectrecognition.

1. Intr oduction

Recognitionof classesof objectsin imagesandvideosis
animportantproblemin computervision with applications
in autonomousvehicle navigation, surveillance, aerial
videoanalysis,andimageor videoretrieval systems.In the
context of imageannotation,imageregions from various
segmentationsare usedfor recognizingobject classesin
imagesor videos[5] [10] [16] [2] [15] [6] [7]. Appearance-
basedobjectrecognition,which wasinitially proposedfor
recognizingspeci�c objects,hasprogressedto detectionof
instancesof objectclasses[12]. Most of thesesystemsuse
formal learningmethodologies,suchasBayesiandecision
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making,neuralnets,supportvectormachines(discrimina-
tive approach)or theEM algorithm(generative approach).
More recently, thelearningapproachhasbeenextendedby
thedevelopmentof interestoperators[9] [4] [11] thatselect
imagewindowshaving patternsthatmight beusedfor rec-
ognizingobjectsandto theability to learnconstellationsof
partsthatmakeupamorecomplex object[11] [3] [17] [14].

Our goal in this work is to develop a classi�cation
methodologyfor theautomaticannotationof outdoorscene
images.The training datais a setof images,eachlabeled
with a list of oneor moreobject(or concept)classesthatit
contains.Thereis no informationon the locationsof these
entitiesin the image. For eachclassto be learned,a clas-
si�er is trainedto detectinstancesof that class,regardless
of size,orientation,or locationin the image. The solution
thatwe proposeis a generative/discriminativelearningpro-
cedurethat learnstheobjector conceptclassesthatappear
in an imagefrom multiple segmentationsof pre-annotated
trainingimages.It is signi�cant in severalrespects:
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Figure 1. Abstract regions corresponding to
color , texture , and structure segmentations.



1. It is ableto work with any typeof feature thatcanbe
extractedfrom an imageby someautomaticsegmen-
tationprocessandrepresentedby a vectorof attribute
values. It canwork with regionsfrom a color or tex-
ture segmentation,groupsof line segments,or small
windowsselectedby aninterestoperator.

2. It canwork with any numberof differentfeature types
simultaneously. Theformalismwedevelopedfor asin-
gle featuretype generalizeseasily to multiple feature
types(Section3.2). Thuswe canuseseveral features
typestogetherfor amorepowerful recognitionsystem.

3. Like thework of Dorko andSchmid[1] andthemore
theoreticalpaperof Rainaet al [13], our methodcon-
sistsof two phases:a generative phasefollowed by
a discriminative phase. Our methodis distinguished
in the elegant framework we usefor our discrimina-
tive phase.In particular, althougheachsegmentation
processcanproducea variablenumberof instancesof
its features,our methodologyproducesa �xed-length
descriptionof each image thatsummarizesthefeature
informationin a novel way. This allows thediscrimi-
nativephaseto beimplementedby standardclassi�ers
suchasneuralnetsor supportvectormachines.

Althoughour work wasmotivatedby the imageannota-
tion problem,the learningframework is generalandcould
alsobeusedaspartof anobjectrecognitionsystem.

2. Abstract Regions

Our methodology allows the simultaneoususe of
multiple featuretypesfor objectrecognition.In this paper,
we will refer to the different feature types as abstract
regions. Eachtype of abstractregion a will have a type-a
featurevector X a containingthe attribute valuesof that
region type. Our learning methodologyis generaland
canhandlearbitrary region-basedfeaturetypes. We have
implementedthreetypesof abstractregionsfor ourstudies:
color, texture,andstructureregions,andwe havealsobeen
able to incorporatefeaturesfrom other systems. We will
brie�y describeour own featureshereandthoseof others
in thediscussionsof ourcomparisonexperiments.

Ourcolor regionsareproducedby a two-stepprocedure:
1) color clustering in the CIELab color spaceusing a
variant of the K-means algorithm and 2) an iterative
merging procedure that merges multiple tiny regions
into larger ones. The featurevector for a color region is
X c = [L � ; a� ; b� ], whereL � is the luminance,anda� and
b� arethe color channels.Our texture regionscomefrom
a color-guided texture segmentationprocess. Following
thecolor segmentation,pairsof regionsaremergedif after

a small dilation they overlapby morethan50%. Eachof
themergedregionsis segmentedusingthesameclustering
algorithm on the Gabor texture coef�cients. The feature
vectorfor a texture region is X t = [g1; g2; : : : ; g12] where
thegi 's aretheGaborcoef�cients.

The featureswe use for recognizingman-madestruc-
turesare called structure features and are obtainedusing
theconceptof a consistentline cluster[8]. Line segments
are extractedfrom an image,and their color pairs (pairs
of colorson oppositesidesof the segment)arecomputed.
The line segmentsare clustered�rst accordingto their
color pairs,next accordingto their orientations,and�nally
accordingto their positions in the image to obtain the
structureregions. The featurevectorfor a structureregion
is X s = [nl ; L1; a1; b1; L2; a2; b2; � ; no;mi ] where nl
is the number of lines in the region, (L1; a1; b1) and
(L2; a2; b2) areits color pair, � is its dominantorientation,
no is the numberof overlappingline segments,andmi is
themaximumnumberof intersectionsof its line segments
with thoseof anothercluster.

Figure1 illustratesthe conceptof abstractregionswith
color, texture,andstructurefeatures.The �rst imageis of
a largebuilding. Regionssuchasthesky, theconcrete,and
the brick show up as large homogeneousregions in both
color andtexturesegmentations.Thewindowedpartof the
building breaksup into many regionsfor boththecolorand
texturesegmentations,but it becomesa singlestructurere-
gion. Thestructure-�nderalsocapturesa small amountof
structureat the left of the image. The secondimageof a
park is segmentedinto several large regions in both color
andtexture. Thegreentreesmergeinto thegreengrasson
theright sidein thecolor image,but thetextureimagesep-
aratesthem. No structurewasfound. In the last imageof
asailboat,boththecolorandtexturesegmentationsprovide
someusefulregionsthat will help to identify the sky, wa-
ter, treesandsailboat.The sailboatis alsocapturedin the
structureregion. It is clearthatno onefeaturetypealoneis
suf�cient to identify all objects. Therefore,a generalpur-
poseimageclassi�cation systemmust have the ability to
combinethepowerof mulitple features.

3. The Generative / Discriminati ve Learning
Approach

We proposea new two-phasegenerative/discriminative
learningapproachthatcanlearnto recognizeobjectsusing
multiple featuretypesandvariablenumbersof featuresof
eachtype in eachimage. Phase1, the generative phase,
is an unsupervisedclusteringstep implementedwith the
classicalEM algorithm. The clustersarerepresentedby a
multivariateGaussianmixturemodel.Phase1 alsoincludes



an aggregationstepthat hasthe effect of normalizingthe
descriptionlength of imagesthat can have an arbitrary
numberof regions. Phase2, the discriminative phase,is
a classi�cation step that usesaggregatedscoresfrom the
resultsof Phase1 to computetheprobabilitythatanimage
containsa particularobjectclass.It alsogeneralizesto any
numberof different featuretypes in a seamlessmanner,
makingit bothsimpleandpowerful.

Our procedurefor learninga speci�c objectclasso can
besummarizedasfollows:

1. GenerativeStep

(a) For eachtraining image I i and abstractregion
typea run the type-a segmentationprocedureto
producea set F a

i = f X a
i;r jr = 1; : : : ; na

i g of
type-a featurevectorsrepresentingits regions.

(b) Use the EM algorithm to produce an
M a-component Gaussian mixture model
to approximate the feature vector dis-
tribution of the object-o training set
T a = [ i f F a

i j object o appearsin imageI i g.

(c) Use the Gaussianmixture models to derive a
�x ed-lengthaggregated feature vector Vi that
summarizesthe content of image I i in terms
of the componentsof the modelsfor all feature
types.(SeeSection3.1for thedetails.)

2. DiscriminativeStep

(a) Labeltheaggregatedfeaturevectorsfrom theset
of trainingimagesthatcontainaninstanceof ob-
ject o with thelabel1.

(b) Labeltheaggregatedfeaturevectorsfrom theset
of training imagesthat do not contain any in-
stancesof objecto with thelabel0.

(c) Train a classi�er to distinguish between the
classes1 and0. We usedmulti-layeredpercep-
trons, but any standardclassi�cation algorithm
couldbeused.

The detailsof our learningprocedureare given below,
�rst for thesingle-featurecaseandthenfor theextensionto
multiple typesof features.

3.1. Single­FeatureCase

In ourframework,eachobjectclassis learnedseparately.
Supposethatwearelearningobjectclassoandusingfeature
typea. In Phase1, theEM algorithm�nds thoseclustersin
thefeaturevectorspacefor featurea thataremostlikely to
appearin imagescontainingobjectclasso. Sincethe cor-
respondencebetweenregionsandobjectsis unknown, all

of the type a featurevectorsfrom all the training images
containingobjecto areused. The EM algorithmapproxi-
matesthefeaturevectordistribution by a Gaussianmixture
model. Thusthe probability of a particulartype-a feature
vectorX a appearingin animagecontainingobjecto is

P(X a jo) =
M a
X

m =1

wa
m � N (X a ; � a

m ; � a
m )

whereN (X ; �; �) is a multivariateGaussiandistribution
over feature vector set X with mean � and covariance
matrix � , M a is thetotal numberof Gaussiancomponents,
andwa

m is the weight of Gaussiancomponentma . Each
Gaussiancomponentrepresentsa cluster in the feature
vectorspacefor featuretypea that is likely to be found in
the imagescontainingobjectclasso. Figure2ashows two
positive and two negative training imagesfor the beach
class and the meansof eight Gaussiancomponentsfor
the color feature learnedfrom positive training images.
Note that the mixture for objectclasso is trainedwith all
regionsof all imagesthat containo, but theseimagesalso
containmany otherregionsfrom otherobjectclasses.Our
discriminativestep(describedbelow) learnshow to exploit
this informationto predictthepresenceof thetargetobject.

a. SampleTrainingImagesandComponentMeans

BeachClass NonbeachClass
beach1 beach2 nonbch1 nonbch2

Meansof 8 ColorComponentsfrom EM Clustering

b. AggregatedScores

beach1
beach2

nonbch1
nonbch2

2

6
6
4

0:93 0:16 0:94 0:24 0:10 0:99 0:32 0:00
0:66 0:80 0:00 0:72 0:19 0:01 0:22 0:02
0:43 0:03 0:00 0:00 0:00 0:00 0:15 0:00
0:15 0:77 0:18 0:02 0:28 0:49 0:12 0:47

3

7
7
5

Figure 2. a. Two positive and two negative
training images for the “beac h” class and the
mean values for the color cluster s produced
by the EM clustering algorithm on the full set
of “beac h” training images. b. Feature vec­
tor s with aggregated scores for the two posi­
tive and two negative examples using the max
aggregate function and 8 components.



OncetheGaussiancomponentsarecomputed,thelikeli-
hoodthatthosecomponentsarepresentin eachtrainingim-
agecanbecalculated.For imageI i andits type-a region r ,
let X a

i;r bethecorrespondingfeaturevector. ImageI i will
producea numberof type-a region featurevectors,X a

i; 1,
X a

i; 2; : : : ; X a
i;n a

i
. The numberna

i of type-a featurevectors
is thesameasthatof the type-a regionsobtainedfrom the
type-a imagesegmentationandvariesfrom imageto image.
Thejoint probabilityof thetype-a featuresof region r and
clusterma is givenby

P(X a
i;r ; ma) = wa

m � N (X a
i;r ; � a

m ; � a
m )

Fromtheseprobabilities,we computea summaryscorein-
dicatingthedegreeto which a componentma explainsthe
imageI i as:

P(I i ; ma) = f (f P(X a
i;r ; ma)jr = 1; 2; : : : ; na

i g)

where f is an aggregatefunction that combinesthe evi-
dencefrom eachof the type-a regions in the image. We
have tried max and mean as aggregatefunctions in our
experiments.Figure2b shows the featurevectorswith the
aggregatedscoresfor the positive and negative training
imagesof Figure2ausingmax astheaggregatefunction.

Let I +
1 , I +

2 , . . . , bepositive trainingimages(imagesthat
containobjecto) andI �

1 , I �
2 , . . . , benegative training im-

ages.Our Phase2 algorithmstartsby assemblingthecom-
putedvaluesof P(I i ; ma) for eachimageI i andeachtype-a
componentma into thefollowing trainingmatrix:

I +
1

I +
2
...

I �
1

I �
2
...

2

6
6
6
6
6
6
6
6
4

P(I +
1 ; 1a) P(I +

1 ; 2a) � � � P(I +
1 ; M a)

P(I +
2 ; 1a) P(I +

2 ; 2a) � � � P(I +
2 ; M a)

...
P(I �

1 ; 1a) P(I �
1 ; 2a) � � � P(I �

1 ; M a)
P(I �

2 ; 1a) P(I �
2 ; 2a) � � � P(I �

2 ; M a)
...

3

7
7
7
7
7
7
7
7
5

This matrix is usedto train a second-stageclassi�er,
whichcanimplementany standardlearningalgorithm(sup-
port vector machines,neural networks, etc.) The clas-
si�er will learn how theseaggregatedscorescorrespond
to the presenceor absenceof the object class. For no-
tational purposes,let Y m a

I i
= P(I i ; ma) and Y 1a :M a

I i
=

[Y 1a

I i
; Y 2a

I i
; � � � ; Y M a

I i
], which is just onerow of thematrix.

Thesecond-stageclassi�erwill learnP(ojI i ) = g(Y 1a :M a

I i
)

for object classo, imageI i . We use3-layer feedforward
multi-layeredperceptrons(referredto asMLP). The acti-
vation function usedon the hiddenandoutput nodesis a
sigmoidfunction. In the teststage,given a new imageI j

andits featurevectorsfor all type-a regions,theaggregated
vectorY 1a :M a

I j
is calculatedandthesecond-stageclassi�er

calculatesthelikelihoodthatimageI j containstargetobject
o basedon featuretypea usingthelearnedfunction.

3.2. Multiple­F eatureCase

To usemultiple features,thegenerative stepis run sep-
aratelyfor eachfeaturetype, producinga separateGaus-
sian mixture model for each. We will denotethe color
featurevectorsby Y 1c :M c

I i
, the texture featurevectorsby

Y 1t :M t

I i
, and the structurefeaturevectorsby Y 1s :M s

I i
. To

fuse thesedifferent information sources,we simply con-
catenateY 1c :M c

I i
, Y 1t :M t

I i
, andY 1s :M s

I i
to obtainanew com-

binedfeaturevectorVi = [Y 1c :M c

I i
Y 1t :M t

I i
Y 1s :M s

I i
] for im-

ageI i .
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A classi�er is then trainedon thesecombinedfeature
vectorsto predict the existenceof the target object using
the same method just describedfor the single-feature
case. The classi�er will learna weightedcombinationof
componentsfrom differentfeaturetypesthatareimportant
for recognizingthetargetobjectsand�nd thebestweights
to combinedifferentfeaturetypesautomatically.

The two-phasegenerative/discriminative approachhas
severalpotentialadvantages.It cancombineany numberof
differentfeaturetypeswithout any modelingassumptions.
Regionsfrom differentsegmentationsdo not have to align
or to correspondin any way. Segmentationsthatproducea
sparsesetof featurescanbehandledin thesamemanneras
thosewhosefeaturescover the entire image. Our method
can learnobjectclasseswhosemembershave several dif-
ferentappearances,suchastreesor grass.It canalsolearn
high-level conceptsor complex objectscomposedof sev-
eralsimplerobjects,suchasa football stadium,which has
greenturf, a patternof white lines,anda red track around
it, or a beachwith sand,darkbluewater, andsky. Finally,



Figure 3. Highest­scoring image retrie val re­
sults for several categories of the groundtruth
data set. Queries are key words. Row 1:
spring �o wers; Row2: water; Row3: parks;
Row4: Italy.

sinceit learnsonly one objectat a time anddoesnot re-
quire training imagesto be fully labeled,new training im-
ageswith a new objectlabelcanbeaddedto analreadyex-
istenttrainingdatabase.A modelfor this new objectclass
canbeconstructed,while thepreviously-learnedmodelsfor
otherobjectclassesarekeptintact.

4. Experiments

Our approachwas developedfor image annotationin
the image and video retrieval application. For this do-
mainwe ranseveralsetsof experimentsin orderto 1) test
our two-phaselearningapproachonseveraldifferentimage
databases,2) try severaldifferentcombinationsof features,
and3) compareit to previous approachesin the literature.
We testedour two-phaseapproachon threelocal datasets:
a groundtruthdatabaseof 1,224outdoorsceneimageswith
multipleobjectandconceptclasses, anotherlocaldatabase
of 1,951imagesof buses,smallbuildings,andskyscrapers,
anda third databaseof 828framesfrom aerialvideos.The
groundtruthdatabaseand the video frame databasewere
hand-labeledwith multiple labelsperimage,while thebus,
building, andskyscraperimageswereassignedto just one
category. For the imageannotationtask,we comparedour
two-phaseapproachto theALIP approachof Li andWang
[6] andto themachinetranslationapproachof Duyguluet
al. [2] usingtheir databases.For theobjectrecognitiondo-
main,we comparedour approachto thework of Ferguset

tr ee(97.3) Italy (99.9) sky (95.1)
bush (91.6) grass(98.5) Iran (89.3)

spr. �o wers (90.3) sky (93.8) house(88.6)
�o wer (84.4) rock (88.8) building (80.1)
park(84.3) boat (80.1) boat(71.7)

sidewalk (67.5) water (77.1) bridge(67.0)
grass(52.5) European(56.3) water (13.5)
pole (34.1) house(5.3) tr ee(7.7)

Figure 4. Classi�er ­produced likelihood
scores from the groundtruth data set. For
each image, the boldface labels under it are
human annotations, and the nonbold labels
are other high­scoring categories.

al [3] andthatof Dorko andSchmidt[1] usingthedatabase
of airplane,face,andmotorbikeimagesfrom theirwork.

4.1. Performanceon Groundtruth Data Set

We are interestedin imagesin which the target object
can be anywhere in the image and is not necessarily
the main theme of the image. For example, we want
to recognize the category tree in images containing
treeswhosemain themeis house, beach, or �ower. For
this purposewe have constructeda groundtruth image
set containing 1,224 imagesand growing. The set in-
cludes our own imagesand those contributed by other
researchersaround the world. The whole image set is
free for researchpurposeand is fully labelled. The URL
is http://www.cs.washington.edu/research/imagedatabase/
groundtruth/

In the groundtruthimage set there are 31 elementary
object categories and 20 high-level conceptsrepresented
in this database.Our qualitative experimentswere image
retrievals accordingto classi�er-producedlikelihood val-
ues for eachof the 51 classes. Figure 3 shows someof
the imagesthat received the highestlikelihood scoresfor
eachof four categories: spring �owers, water, parks, and
Italy. Figure4 shows threerepresentative imagesfrom the
groundtruthsetandtheir likelihoodscores.In our quanti-
tative experiments,therecognitionthresholdfor theoutput
of the MLP classi�er was varied to obtain a set of ROC
curvesto displaythepercentageof true positivesvs. false
positivesfor eachobjectclass.Themeasureof performance



bus (100.0) building (100.0) skyscraper (99.9)
building (58.1) bus(2.79) building (6.8)
skyscraper(1.1) skyscraper(0.04) bus(0.0)

Figure 5. Classi�er ­produced likelihood
scores from the structure image set. Bold­
face labels are human­identi�ed categories.

for eachclasswasthe percentageof the whole areaunder
its ROC curve, which rangesfrom 0 to 100 andwhich we
will henceforthcall a ROC score. Table1 shows theROC
scoresin ascendingorderfor thesecategoriesobtainedus-
ing color, texture, and structurefeatures. In general,the
lower scoresareobtainedfor objectclassesthathave both
high variancein appearanceandinsuf�cient samplesin the
databaseto learnthosevariations.We have no featureex-
presslydesignedfor recognizingpeople,sothey arerecog-
nizedmostlyby context andtheperformanceis low.

4.2. Performanceof the Structur eFeature

To morethoroughlyinvestigatethe performanceof the
structurefeature,we createda databaseof 1,951 images
fromfreefoto.comincluding1,013imagesof buses,609im-
agesof buildings,and329imagesof skyscrapers.For these
experimentswe usedthe10 attributesfor thestructurefea-
turegivenin Section2. Wetestedthestructurefeaturealone
andcombinedwith thecolor segmentationfeature.Figure
5 shows someimagesfrom thestructuresetandtheir like-
lihood scoresfor the threepossiblelabels. Table2 shows
theROCscoresfor thethreecategories.While thestructure
featuredid a pretty goodjob of identifying the categories,
theadditionof theregionsfrom acolorsegmentationof the
wholeimageimprovedtheidenti�cation of thebuilding cat-
egory.

4.3. Performanceon Aerial VideoFrames

Wealsoappliedourlearningframework to recognizeob-
jectsin aerialvideo frames.While trackingcandetectob-
jectsin motion,our objectrecognitionsystemcanprovide
information about the static objects,suchas forest, road,
and�eld, which arealsoimportantin video analysis.The
aerialimagesetcontains828videoframes.We chosea set
of 10objectsthatappearedin at least30 imagesfor our ex-
periments.Severalcombinationsof color, textureandstruc-

ObjectClass ROCScore ObjectClass ROCScore
street 60.4 stone 87.1
people 68.0 hill 87.4
rock 73.5 mountain 88.3
sky 74.1 beach 89.0

ground 74.3 snow 92.0
river 74.7 lake 92.8
grass 74.9 frozenlake 92.8

building 75.4 japan 92.9
cloud 75.4 campus 92.9
boat 76.8 barcelona 92.9

lantern 78.1 geneva 93.3
australia 79.7 park 94.0
house 80.1 spring�o wers 94.4
tree 80.8 columbiagorge 94.5
bush 81.0 greenlake 94.9

�o wer 81.1 italy 95.1
iran 82.2 swissmountains 95.7

bridge 82.7 sanjuans 96.5
car 82.9 cherrytree 96.9
pole 83.3 indoor 97.0

yellowstone 83.7 greenland 98.7
water 83.9 cannonbeach 99.2

indonesia 84.3 track 99.6
sidewalk 85.7 football®eld 99.8
asiancity 86.7 stadium 100.0

europeancity 87.0

Table 1. Groundtruth Experiments

bus building skyscraper
structure 90 79 89

structure+ color 92 85 93

Table 2. Structure Experiments (ROC scores)
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Table 3. Learning perf ormance on aerial video
image set. “cs" stands for “color segmenta­
tion", “ts" stands for “te xture segmentation",
and “st" stands for “structure".



runway (99.9) car (94.3) car(97.9)
�eld (98.7) dirt road (91.7) forest(94.2)
car (96.2) �eld (16.17) pavedroad(85.0)

dirt road(72.4)
tree(68.8)

Figure 6. Classi�er ­produced likelihood
scores from the aerial video image set. Bold­
face labels are human annotations; nonbold
labels are other high­scoring categories.

ture featureswere testedwithin our learning framework.
Sampleresultsareshown in Figure6. TheROC scoresare
givenin Table3.

4.4. Comparison to the ALIP Algorithm

We measuredthe performanceof our systemon the
benchmarkimagesetusedby SIMPLIcity [16] andALIP
[6]. We choseALIP (which outperformedSIMPLIcity) for
our comparison,becauseit useslocal features,employs
a learningframework, andprovidesa setof 1000 labeled
imagesfor training and testing. The image set contains
10 categories(100 imageseach)from the COREL image
database.

In ALIP, imagefeaturevectorsareextractedfrom multi-
ple resolutionwavelets,andobjectsarerepresentedby 2D
multiple-resolutionhiddenMarkov models.Weapplieddif-
ferentcombinationsof color, texture,andstructurefeatures
in our framework; thenumberof correctlycategorizedim-
agesareshown in Table4. Theperformanceof our system
is similar to ALIP usingonly color feature,signi�cantly ex-
ceedsALIP' sperformancewith colorandstructurefeatures
combined,andachieveseven betterperformancewith the
combinationof color, texture, andstructure. This experi-
mentshows thepower of our learningframework andalso
thebene�t of combiningseveraldifferentimagefeatures.

4.5. Comparison to Machine Translation

We also comparedour two-phaselearningapproachto
thatof Duyguluetal. [2]. In thiswork, imageregionswere
treatedasonelanguageandtheobjectlabelsasanother, so
the task of annotatingimagescan be viewed as machine
translation. Using their region-based,33-attribute feature
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Table 4. Comparison to ALIP
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Figure 7. The number of good words vs. the
threshold. Three of the words appeared in
more than 15% of the total images, so that
even when the threshold was set to 0, there
were still 3 good words.

vectors, we extracted3 color attributes to form a color
featurevector and 12 texture attributesto form a texture
featurevectorandcombinedthemin our Phase2 learning
step. From the 5000Corel imagesprovided,4500images
wereusedfor trainingand500for testing.

In [2] the evaluationswere basedon recall-precision
pairs from varying a minimum-probabilitythresholdthat
controlswhethera region predictsa word or not. Perfor-
mancewascharacterizedby the numberof “good words”
with recallgreaterthan0.4andprecisiongreaterthan0.15;
ahighof 14of the371keywordswasachieved.Weselected
81keywords,eachhaving atleast50correspondingimages.
In ourexperiments,wevariedfrom 0 to 1 thethresholdthat
determinesfrom our MLP outputwhetheranimageis pos-
itive or negative. Our resultsareshown in Figure7. The
numberof goodwordsfrom ourapproachwasmuchhigher
than that from [2], which is a further endorsementof our
generative/discriminativelearningalgorithm.



Fergus Dorko/Schmid Ours
airplanes 90.2% 96.0% 96.6%

faces 96.4% 96.8% 96.5%
motorbikes 92.5% 98.0% 99.2%

Table 5. Comparisons to results of [3] and [1]

4.6. Comparison to SalientFeaturesWork

In orderto testthevalidity of our approachin theobject
recognitiondomain,we appliedit to the airplane,motor-
bike, andfacedatasetsof Ferguset al. [3] usingthesame
entropy-basedsalientregions[4]. Thedatasetweusedcon-
tains1074airplaneimages,826motorbikeimages,450face
images,and900 backgroundimages.For eachobjectcat-
egory, half of the positive imageswere usedfor training
and half for testingas in [3]. Fergus' approachusedthe
EM algorithmto �nd constellationsof partsand required
no negative training images. Our discriminative stagere-
quiresnegativeimages,soweaddedhalf of thebackground
imagesto the training set and left the other half for test-
ing. About 100-300salientregionsweredetectedin each
image,andSIFT features[9] wereusedto representeach
by a length-128featurevector. This representationis from
therecentwork of Dorko andSchmid[1] anddiffers from
that of [3]. A comparisonof our experimentalresultsto
thoseof [3] and[1] areshown in Table5. Sinceour algo-
rithm wasdesignedto handlegeneralobjectclassesin out-
doorimages,ourapproachdoesnotexplicitely learnspatial
con�gurationsthatmightbehelpful for recognizingobjects
madeof distinctive parts. However, the resultsshow that
our approachcanachieve betterperformancethan[3] and
similarperformanceto [1] withoutusingtheexplicit spatial
information.

5. Conclusionsand Future Work

We have described a new two-phase genera-
tive/discriminative learning algorithm for object and
concept recognition. The generative phasenormalizes
the descriptionlength of images,which in generalwill
have an arbitrarynumberof abstractregion features.The
discriminative step learns which images, as represented
by this �x ed-lengthdescription,containthe target object.
We have experimentedwith severaldifferentcombinations
of featureson several different imagedatasets. We have
comparedour new methodto the ALIP approach[6] and
to the machine translation approach[2] with favorable
results.We havealsoshown thatour system's performance
exceedsthat of Fergus[3] and is similar to that of Dorko
andSchmid[1] whenwe usethesalient-region features.In

futurework wehavemoreexperimentsplannedto compare
different variantsof our approach. We are also working
on a probabilistic mechanismfor identifying the regions
within animagewherethetargetobjectis likely to lie.
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