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Abstract. A novel methodis introducedfor automaticannotationof imageswith
keywords from a genericvocabulary of conceptsor objectsfor the purposeof
content-basedimage retrieval. An image,representedas sequenceof feature-
vectorscharacterizinglow-level visualfeaturessuchascolor, textureor oriented-
edges,is modeledashaving beenstochasticallygeneratedby a hiddenMarkov
model,whosestatesrepresentconcepts.The parametersof the model areesti-
matedfrom a setof manuallyannotatedtraining-images.Eachimagein a large
test-collectionis thenautomaticallylabeledwith the a posteriori probabilityof
conceptspresentin it. This annotationsupportscontent-basedsearchof thetest-
collectionvia keywords.Variousaspectsof modelparameterization,parameter
estimation,andimageannotationaredicussed,andempiricalretrieval resultsare
presentedon theCORELandTRECVID data-sets.Comparisonsaremadewith
two otherrecentlydevelopedtechniqueson thesamedata-sets.

1 Intr oduction

The contentof communicationsin the digital ageis increasinglymulti-modal in na-
ture, with text, imagesandeven speechor video beingusedin a single “document.”
Content-basedindexing andretrieval of multimediais thereforebecomingan increas-
ingly importantissue.Unliketext retrieval,wherethemodalityin whichtheuserusually
speci�esherinformationneedis thesameasthemodalityof thesearchcollection,there
is relatively little work in imageretrieval basedontextualqueries.Themajorreason,of
course,is thatopendomainimageunderstandingremainsa largely unsolvedproblem,
andevendetectinga singlepredeterminedobjectin animage,suchasa humanface,is
a fairly dif�cult problem(cf e.g.[1]). Importantprogresshasbeenmadein thelastfew
yearsin content-basedimageretrieval, asreportedby [2–5] andothers.

We arenot the�rst to observe thatwhile the“pure” imageunderstandingproblem,
i.e. the problemof recognizingall the objectsin a given image,is very dif�cult due
to several invarianceissues,therearetwo aspectsof the imageindexing andretrieval
problemwhichmakeit relatively moretractable.Oneis theavailability of sideinforma-
tion in theaccompanying text: imagesin multimediadocumentsareoftenaccompanied
by descriptive text thata modelmayuseto learn thecontentof animage.Theotheris
that thesearchproblemis fairly tolerantof weakinferenceson individual images:the
systemneednot recognizewith high probability thata particularimagein a collection



contains,say, a tiger; it suf�ces if thelikelihoodassignedto tiger in imagescontaining
tigersis merelyhigher thanit is in imagesnot containingtigers,no matterhowsmall
eitherlikelihoodis. Theimagesonly needto berank-orderedcorrectly.

We thereforedevelopa joint stochasticmodelfor imagesandtheir accompanying
captions,whoseparameterscanbeestimatedfrom amanuallyannotated(training)col-
lectionof image+captionpairs.We measuretheef�cacy of this modelby annotatinga
(test)collectionof imagesusingthewordsseenin captionsof thetrainingimages,and
performingimageretrieval experimentsusingtextual queries.We reportperformance
metricsfor rankedretrieval standardizedby theinformationretrieval community.

Thispaperis organizedasfollows.Section2 formally describesthehiddenMarkov
model (HMM) usedfor imageannotation,and comparesit with two other recently
developedtechniquesfor thesametask.Section3 delvesinto someissuesin thedesign
and parameterestimationfor the model.Section4 presentsa seriesof experimental
resultson two image-collections,namelytheCORELandtheTRECVID data-sets.We
concludewith someshortremarksin Section5.

2 Hidden Mark ov Models for ImageAnnotation

Let acollection
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image-segments(image-regions),and
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denotetheobjects(concepts)
presentin thatimage,asspeci�edby thelabel(caption).The � segmentsmaybeobject
based,with eachregioncorrespondingto onesemanticallydistinctobject,or they may
be a simplerectangularpartitionof the imageinto �x ed-sizeblocks.For eachimage-
region
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representcolor, texture,edges,shapeandother
salientvisual featuresof the region. Finally, let - denotethe total vocabulary of the
caption-words

��.

acrosstheentirecollectionof images.
We proposeto model the
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-sequenceasa hiddenMarkov process[6], gener-
atedby an underlyingunobservedMarkov chain
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. Figure1 illustratesan imagewith �;"=<1> rectan-
gular regionswith thecaption
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horse , foal , fence
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, andthestate-diagramof the
underlyingMarkov chainthatgeneratestheseregions.Formally, thejoint likelihoodof
a state-sequence
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Note thatknowing thestatesequence
0
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is equivalentto beinggiventhealignmentof
eachimage-region
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with oneof thewordsin thecaption.Sincethis level of detail is
generallynot provided in captions,a hiddenMarkov model(HMM) may be usedfor
computingthejoint likelihoodof animage+captionpair as
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Fig.1. Statetransitionsdiagramandoutputfor animage+captionHMM.

We modelthe outputdensity 2
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for eachstate
� &

- asa mixture of multivariate
Gaussiandensitieson
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where �

��� � 's are the mixture weights, �

� � � the mean-vectorand
�

��� � the diagonal
covariance-matrixfor theof the ! -th mixturecomponentof thestate

�

. Thetransition
probabilities8
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areinitially setto beuniformfor all permissiblestatesin
�

.
The emissiondensities2
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andtransitionprobabilities8
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of the HMM may
beestimated,givena trainingcollectionof image+captionpairs,to maximizethejoint
likelihood(1). Detailsof this maximumlikelihoodestimationprocedurearestandard
(cf [6]) andthereforeomitted.

For indexing a new image
�

, theHMM providestheconditionalprobability, given
all the visual evidence %

�

� in
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, that a particularimage-region
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wasgeneratedby a
particularconcept
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Therefore,theprobabilityof a particularconcept
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- beingpresent(somewhere)in
animagemaybecalculatedas
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A freely availabletoolkit, HTK [7], ef�ciently implementsall thebasicparameteresti-
mationandprobability calculationalgorithmsneededfor working with themodelde-
scribedabove.We haveusedHTK in theexperimentsdescribedin Section4 below.

2.1 HMMs vs Statistical Machine Translation

Duyguluet al [2] have presentedtheimageannotationproblemasa varianton thesta-
tistical machinetranslation(MT) problem.In their formulation,therepresentations%

�



of thesegmentedimage-regionsarediscretizedandthentreatedas“words,” replacing
( * +

with a vocabulary
�

of visual expressions(visterms).The trainingcorpusof im-
age+captionpairs is thentreatedasa corpusof alignedbi-lingual text, andstatistical
machinetranslationtechniquesareemployed to infer a stochastictranslationlexicon
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in their casestronglyresemblestheembeddedesti-
mationof 2
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in the HMM case,providedwe setthe transitionprobabilities8
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to be uniform. Thus the primary differencebetweenour modeland theirs is that the
image-featuresaremodeledhereascontinuous-valuedvectors,avoiding the needfor
quantization.Empiricalevidencein Section4 will show thatpreservingthecontinuous-
valuedrepresentationof the %

�

's resultsin signi�cant improvementin indexing and
retrieval performance.

2.2 HMMs vs ContinuousRelevanceModels

Manmathaetal [5, 8] haveusedacontinuousrelevancemodel(CRM) to performimage
annotationandretrieval. In their case,continuous-valuedvisual features
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tractedfrom rectangularregionsof the(test)image
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andcomparedwith thevisualfea-
turesextractedfrom eachtrainingimage � usingaGaussiankernelfunction.In particu-
lar, for a trainingimage � with visualfeatures
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is estimatedfrom held-outdata.This yieldstheproba-
bility of a concept

� &

- beingpresentin a testimage
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where
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is a smoothedestimateof relative frequency of
�

in thecaptionof � .
While, upon�rst glance,the CRM seemsto differ fundamentallyfrom theHMM

paradigmproposedhere,deeperanalysisrevealsremarkablesimilarities.In particular,
if eachstate
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- of theHMM hasexactlyasmany Gaussiandensitiesin themixtureas
thenumberof trainingimages-regionsthatcontain
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in theircaption,thedensitieshave
mean�
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, thevariances
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��� � areconstant,andtheweights �

� � � areuniform,
theprobabilitycalculationsof theHMM andtheCRM arenearlyidentical.

The HMM, by modelingeach
�

with a small mixture of Gaussians,performsan
abstraction of the information presentedin the paired image+captiontraining data.
For eachconcept

� &

- , only the suf�cient statistics(meanand covariance)of the



image-featuresareretained.Consequently, theHMM performsthetestannotationsvery
fast,sinceeachimage-featurevector %

�

needsto becomparedonly with theGaussian-
mixturerepresentationof eachconcept,noteachtrainingimage.Thisresultsin tremen-
douscomputationalspeed-upscomparedto theCRM, which in principleneedsto com-
parethetest-imagewith everytrainingimage.Theannotationperformanceof theHMM
andCRM arecomparable,aswill beshown in Section4.

3 HMM Design,Training and Indexing Issues

Wenext discussseveraldesignchoicesthatneedto bemadewhile usingHMMs: model
topologyselection,parameterization,estimationanddecoding(inference).

– HMM topologyandpermittedtransitions:Givena setof image+captionpairs,we
construct,for eachimage,an HMM with asmany statesasthe numberof words
in its caption.Thestatesof theHMM arefully connected, amountingto permitting
any objectto bepresentadjacentto any otherobject.While we have not yet done
so,onecouldinvestigatetheexploitationof thespatialpropensitiesof objectssuch
assky andgrass to appearin certainpositions! in theimage,andthepropensity
of otherobjectssuchastiger andsky (not to) appearin adjacentblocks.

– Shared-stateHMMs: A caption
� &

- appearingin two differentimagesis mod-
eledby thesamestate.TheHMM for eachimage“shares”statesfrom a common
pool of
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states,i.e., thestatesof theHMM of eachtraining imageare“tied” to
the correspondingstatesof otherHMMs.
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for
TRECVID.

– Accountingfor unlabeledobjects:In several images,the annotatorsdo not label
someobvious conceptin-spiteof having a word in - correspondingto it. For a
far-from-the-most-egregiousexampleof suchomissions,note that grassand the
fenceoccupy roughly equalareasin the imageof Figure 1, andyet the caption
includesfence but notgrass . To accountfor suchomissions,anadditionalcon-
cept,which we call null , is introducedinto thevocabulary andis addedforcibly
to thecaptionof eachimage.SinceanHMM is agenerativemodel,theentireimage
needsto beaccountedfor by themodel,andaddinganull to thesetof permissible
statesresultsin bettermodelingof thedata.

3.1 HMM Training Issues

Maximum likelihoodestimationof the HMM parametersis performedin a standard
mannerasprescribedin [7]. Weinitially useasingleGaussianprobabilitydensityfunc-
tion (pdf) for eachstate

� &

- , initialized with thecommonmeanandvariancecom-
putedfrom all the imagesin the trainingdata.Several iterationsof theEM algorithm
arecarriedoutto updatethemeansandvariancesof theHMMs. Transitionprobabilities
arenotupdatedin theexperimentsreportedbelow.

– Mixture splitting: OncethesingleGaussianpdf'shave beenestimated,thepdf for
eachstate

�@&

- is replacedby a mixture of a pair of Gaussianpdf obtainedby
minor perturbation.Further iterationsof the EM algorithm are then carriedout



to (re)estimatethe Gaussianmixture pdf's. This procedureis standardin train-
ing speechrecognitionsystemsandis well describedin [7]. As long asthe data-
likelihood increases(substantially)by increasingthe numberof mixture compo-
nentsin 2

�

%

4 ��	

, wecontinueto increasethemixturesizeof theoutputpdf'sof each
stateuntil a certainpre-speci�edmaximummixturesizeis attained.

– Variance-�oor:It is standardin estimationof Gaussianpdf's to imposea“variance
�oor” — a minimum valuefor the estimateof the variance.Typically, this is set
to bea fractionof thetotal empiricalvarianceof all the imagedata.This prevents
over�tting of themodel,aswell asavoidsnumerical(divide-by-zero)issues.

3.2 ImageAnnotation Issues

For indexing test images,a fully connected
4

-

4

stateHMM is used,onestatecorre-
spondingto each
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- , with 2
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asestimatedabove.Transitionprobabilitiesof the
HMM aresetto beuniform. Givena testimage

�

, theBalm-Welch algorithmis used
to computetheposteriorprobabilityof (3), which in turn is usedto rankall imagesin
responseto asingle-wordquerycomprisedof

�

.
The transitionprobabilitiesof thedecodingHMM neednot be uniform. A simple

variationis to computetheco-occurrencestatisticsof thewordsin theconceptvocab-
ulary, andusesuchstatisticsto adjustthetransitionprobabilities.For instance,plane
andsky tendto co-occurmuchmoreoften thanplane andwater , suggestingthat
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. In a contrastive experiment,
we settheseprobabilitiesto beproportionalto thecorrespondingrelative frequencies.

Speci�cally, for eachconcept
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- , considerall training imageswhosecaptions
contain
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. For eachsuchcaption,enumerateco-occurrencepairs
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Sincethefrequentconceptsoftenco-occurwith eachother, e.g.sky andwater in the
CORELdata-set,andtherareconceptsco-occurwith oneof the freuentconcepts,the
HMM remainsfully connected.Thechoiceof theself-loopprobability, 0.2,is adhoc.

4 Experimental Results

We werekindly providedtheprocessedtrainingandtestdatafor two imagecollections
describedbelow, oneof still imagesandanotherof key framesextractedfrom video,
by the2004JohnsHopkinsUniversitySummerWorkshopteam[9]. We usetheimage-
segmentationand features— color moments,texture coef�cients and oriented-edge
histograms— extractedby [9]. State-of-the-artimageindexing and retrieval perfor-
mancehasbeenpublishedon thesedata-sets,andprovidesusawayto makecontrolled
comparisonswith relatedtechniques.



1. TheCORELdata-setconsistsof 5000imagesfrom 50CorelStockPhotoCDspro-
vided to us by [2]. EachCD contains100 images,of which 90 are allocatedto
the trainingsetand10 to the testset,resultingin 4500training imagesanda bal-
anced500-imagetestcollection.Eachimageis divided into 6 � 4=24blocks,and
30-dimensionalvisualfeaturesareextractedfrom eachblock.Thecaptionvocabu-
lary has
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words.This trainingandtestpartitionis alsousedby [5,10].
2. The TRECVID feature-detectiondata-set[11] consistsof key-framesextracted

from newsvideofrom severalbroadcastsources.A community-wideeffort hasre-
sultedin 44,100imagesfrom theTRECVID 2002corpusbeingannotatedwith aset
of 137concepts.This collectionwasdividedinto four partsby [12]: concept-train,
concept-validate,concept-fusion-1andconcept-fusion-2.Weusethe�rst threesub-
sets(35K images)to train theHMMs, andhold out concept-fusion-2(9K images)
for imageretrieval experiments.Eachimageis divided into 7 � 5=35 blocks,and
76-dimensionalimage-featuresareextractedfrom each.The conceptvocabulary
for theseexperimentshasbeenculledto
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words(cf [9]).

Toevaluateimageretrievalperformance,wefollow [5] andconstructsingle-wordqueries
for eachword

�

in the conceptvocabulary - . An imagefrom the correspondingtest
collectionis deemed“relevant” to a queryif its truecaptioncontainsthequery-word

�

;
otherimagesaredeemedirrelevant.Wecomputenon-interpolatedmeanaveragepreci-
sion(mAP) overall queries,astandardmeasurefor rankedretrieval (cf [11]).

While
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for COREL,only 260of theconceptshave at leastonerelevant
imagein the 500-imagetestcollection.The mAP canthereforebe computedonly on
this subsetof single-word queriesfor COREL; mAP is computedover all
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single-wordqueriesfor TRECVID.

4.1 Incr easingthe Number of GaussianMixtur eComponents

One expectsthat increasingmodel complexity resultsinitially in bettermodelsand
improved indexing, until overtrainingsetsin. We investigatethis by varying

�

, the
numberof Gaussianpdfs in the mixture of (2), andmeasuringmAP on the two test
collectionsdescribedabove.Thevariance-�oorfor eachpdf is 1%of theglobalvariance
of all image-features.ThedecodingHMM hasuniformtransitionprobabilities:

�

)

.
Table1 reportsperformanceon theCOREL andTRECVID collections.Note that

themodelsimproveasexpected.Theimprovementin mAP, for instance,from 2 to 10
mixturecomponentsfor theCORELcollectionis statisticallysigni�cant atap-valueof
0.002,while thatfrom 16 to 20onTRECVID at ap-valueof 0.006.

RecallthattheCORELtrainingsetis almostanorderof magnitudesmallerthanthe
TRECVID training set.Consequently, while performanceon COREL begins to level
off at

�

" #

�

, TRECVID exhibits little overtraining.Retrieval resultswith
�

" #

���

for TRECVID will bepresentedin Section4.5.

4.2 Using Word Co-occurrenceProbabilities

Onealsoexpectsto seesomebene�t from usingtheword co-occurrenceprobabilities
of (5) insteadof uniform transitionprobabilitiesin thedecodingHMM. Theresultsof



Table1. Effectof mixture-sizeon imageretrieval performance.

Mixture-size 1 2 8 10 12
CORELmAP 0.132 0.140 0.161 0.169 0.167

Mixture size 1 10 12 16 20
TRECVID mAP 0.095 0.141 0.145 0.157 0.163

Table2. Effectof co-occurrenceprobabilitieson imageretrieval performance.

TransitionProbabilities Uniform From(5)
CORELmAP 0.169 0.178
TRECVID mAP 0.163 0.165

this investigationarereportedin Table2. Thevariance�oor is heldat 1%of theglobal
variance,with

�

" #

�

for CORELand
�

" <

�

for TRECVID.
While persistentacrossdata-sets,themAPimprovementsarenotstatisticallysignif-

icant:on COREL,it is signi�cant only at a p-valueof 0.09,andon TRECVID at 0.19.
However, they areeasyto estimateandentailno additionalcomputationduringindex-
ing. Sowe retaintheuseof co-occurrenceprobabilitiesin subsequentexperiments.

4.3 Lowering the VarianceFloor During Density Estimation

Anotherway of controlling over�tting of Gaussianmixture modelsis to prevent the
estimateof variancefrom beingtoo small.We startwith a (conservative) �oor of 1%
of the total varianceof all the image-featuresin the training dataon the varianceof
eachmixturecomponentof every stateemissiondensity 2

�K3 4 ��	

. Alternatively, we also
estimateHMMs with lower variance�oors — 0.2%,0.1%,0.05%and0.02%of the
globalvariance— andevaluateimageretrievalperformance.Thenumber

�

of mixture
componentsis heldat10for CORELand20for TRECVID,andthecorrespondingword
co-occurrenceprobabilitiesareusedin thedecodingHMM.

Table 3 reportsthe mAP on the two collections.The resultsindicatethat 1% is
indeedaconservativelimit, andlowersettingsimproveretrievalperformance.ThemAP
improvementfrom 0.179to 0.192on CORELis statisticallysigni�cant at a p-valueof
0.03,but from 0.165to 0.169onTRECVID is not signi�cant (p=0.24).

4.4 Comparisonwith the Normalized CRM and Statistical MT Models

On thesameCORELtraining/testpartition,thesame260single-word queriesandthe
same30-dimfeatures,thenormalizedCRM of [10] hasa considerablyhighermAP of
0.26,while theMT modelof [2] hasa lower mAP of 0.15(cf [9]). For the75 single-
word TRECVID queries,with identical76-dim visual features,the normalizedCRM
hasa mAP of 0.16andtheMT model0.13(againsee[9]). Table3 thereforesuggests
thattheHMM approachis alreadycompetitivewith alternativesproposedin thelitera-
ture,with a highpotentialto besigni�cantly betterasdiscussedin Section5.



Table3. Effectof thevariance-�ooron imageretrieval performance.

Variance-Floor 0.01 0.002 0.001 0.0005 0.0002
CORELmAP 0.178 0.179 0.192 0.185 —
TRECVID mAP 0.165 — 0.169 — 0.164

4.5 Lar ger HMMs for the TRECVID Data-Set

SinceTable1 suggeststhatovertraininghasnotyetsetin at
�

" <

�

for theTRECVID
data-set,wegraduallyincreasethenumberof mixturecomponentsupto 100,enforcing
a variance�oor of 0.001.Word co-occurrenceprobabilitiesareusedduringindexing.

ThemAPof theresultingmodelis 0.186,whichsigni�cantly better(p=0.002)than
0.169,thebestresultof Table3. It is alsosigni�cantly betterthantheCRM orMT model
for thesamevisualfeatures.Theauthorsof [10] reportin aprivatecommunicationthat
theCRM attainsa mAPof 0.182usingdifferent(30-dim)visualfeatures.

Figure2 illustratesthetop 5 retrievedimagesfor 3 out of the75 queries,andtheir
top captionwordsaccordingto (3). Wordspresentin themanualannotationareunder-
lined.Theprobability(3) of thequery-wordgiventhetestimageis usedto rankimages
in thetestcollection.Notethatin theranked-retrieval paradigmadoptedhere,many of
thetop-rankedimagesarerelevantevenwhentheir automaticcaptionscontainerrors.

Fig.2. Retrievedshotsfor a few TRECVID queries,andtheir top-4automaticcaptions.



5 Concluding Remarks

We have presenteda novel methodfor imageannotationfor the purposeof content
basedimageretrieval, and evaluatedit in several ways to establishthat it is indeed
competitivewith or betterthanthestateof theartonstandarddata-sets.

Much more is known amongpractitionersof automaticspeechrecognitionabout
training anddecodingusingHMMs, including context-dependentmodeling,unsuper-
visedadaptation,adaptive anddiscriminative training, andminimum error decoding,
which remainsto beappliedto theimageannotationandretrieval problem.We expect
that signi�cant improvementsin imageannotationand retrieval performancewill be
obtainedby intelligently importingsuchideasfrom thespeechrecognitionliterature.
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