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Abstract. A novel methods introducedor automaticannotatiorof imageswith
keywords from a genericvocalulary of conceptsor objectsfor the purposeof
content-basedmage retrieval. An image, representeds sequenceof feature-
vectorscharacterizingow-level visualfeaturessuchascolor, textureor oriented-
edgesjs modeledashaving beenstodasticallygeneated by a hiddenMarkov
model, whosestatesrepresentonceptsThe parameter®f the model are esti-
matedfrom a setof manuallyannotatedraining-imagesEachimagein alarge
test-collectionis thenautomaticallylabeledwith the a posteriori probability of
conceptgpresenin it. This annotatiorsupportscontent-basedearchof thetest-
collectionvia keywords. Variousaspectof model parameterizationparameter
estimation andimageannotatioraredicussedandempiricalretrieval resultsare
presentesn the COREL and TRECVID data-setsComparisonsaremadewith
two otherrecentlydevelopedtechnique®n the samedata-sets.

1 Intr oduction

The contentof communicationsn the digital ageis increasinglymulti-modalin na-
ture, with text, imagesand even speechor video beingusedin a single “document’
Content-basethdexing andretrieval of multimediais thereforebecominganincreas-
ingly importantissue Unliketext retrieval, wherethemodalityin whichtheuserusually
speci esherinformationneeds thesameasthe modalityof thesearctrollection,there
is relatively little work in imageretrieval basedbn textual queriesThemajorreasonpf
coursejs thatopendomainimageunderstandingemainsa largely unsohed problem,
andevendetectinga singlepredeterminedbjectin animage,suchasa humanface,is
afairly dif cult problem(cf e.g.[1]). Importantprogresshasbeenmadein thelastfew
yearsin content-baseiinageretrieval, asreportedby [2-5] andothers.

We arenotthe rst to obsene thatwhile the “pure” imageunderstandingroblem,
i.e. the problemof recognizingall the objectsin a givenimage,is very dif cult due
to severalinvarianceissuestherearetwo aspectf the imageindexing andretrieval
problemwhichmalkeit relatively moretractable Oneis theavailability of sideinforma-
tion in theaccompaping text: imagesn multimediadocumentsareoftenaccompanied
by descriptve text thata modelmay useto learn the contentof animage.The otheris
thatthe searchproblemis fairly tolerantof weakinferenceson individual images:the
systemneednot recognizewith high probability thata particularimagein a collection



containssay atiger; it sufces if thelikelihoodassignedo tiger in imagescontaining
tigersis merelyhigherthanit is in imagesnot containingtigers,no matterhow small
eitherlikelihoodis. Theimagesonly needto berank-ordereaorrectly

We thereforedevelop a joint stochastianodelfor imagesandtheir accompaging
captionswhoseparametersanbe estimatedrom a manuallyannotatedtraining) col-
lection of image+captiorpairs.We measurehe ef cacy of this modelby annotatinga
(test)collectionof imagesusingthe wordsseenin captionsof thetrainingimagesand
performingimageretrieval experimentsusingtextual queries.We reportperformance
metricsfor rankedretrieval standardizetby the informationretrieval community

This paperis organizedasfollows. Section2 formally describeshe hiddenMarkov
model (HMM) usedfor image annotation,and comparest with two other recently
developedtechniquedor the sametask.Section3 delvesinto someissuesn thedesign
and parametelestimationfor the model. Section4 presentsa seriesof experimental
resultson two image-collectionspnamelythe COREL andthe TRECVID data-setsWe
concludewith someshortremarksin Section5.

2 Hidden Mark ov Modelsfor Image Annotation

Letacollection of image+captiompairsbegiven.Let denote
image-sgmentgimage-rgions),and denotethe objects(concepts)
presentn thatimage,asspeci edby thelabel(caption).The segmentamaybeobject
basedwith eachregion correspondingo onesemanticallydistinctobject,or they may
be a simplerectangulaipartition of theimageinto x ed-sizeblocks.For eachimage-
region , let representolor, texture, edges shapeandother
salientvisual featuresof the region. Finally, let  denotethe total vocalulary of the
caption-words  acrosgheentirecollectionof images.

We proposeto modelthe -sequencasa hiddenMarkov procesq6], gener
atedby an underlyingunobsered Markov chain whosestatestake valuesin
Speci cally, giventhestates , each is generatecccordingto a probabilitydensity
function , and itself is a Markov chainwith a known initial state and
transitionprobabilities . Figure 1 illustratesan imagewith rectan-
gularregionswith the caption horse , foal ,fence ,andthestate-diagranof the
underlyingMarkov chainthatgeneratesheseregions.Formally, thejoint likelihoodof
astate-sequence andfeatures is

Note thatknowing the statesequence is equivalentto beinggiventhe alignmentof
eachimage-rgion with oneof the wordsin the caption.Sincethis level of detail is
generallynot provided in captions,a hiddenMarkov model(HMM) may be usedfor
computingthejoint likelihoodof animage+captiorpair as
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Fig. 1. Statetransitionsdiagramandoutputfor animage+captiorHMM.

We modelthe outputdensity for eachstate asa mixture of multivariate
Gaussiardensitieson

) (@)

where 's are the mixture weights, the mean-ectorand the diagonal
covariance-matriXor the of the  -th mixture componenbf the state . Thetransition
probabilities areinitially setto beuniformfor all permissiblestatesn

The emissiondensities andtransition probabilities of the HMM may
be estimatedgivenatraining collectionof image+captiorpairs,to maximizethejoint
likelihood(1). Details of this maximumlik elihood estimationprocedureare standard
(cf [6]) andthereforeomitted.

For indexing a new image , theHMM providesthe conditionalprobability, given
all thevisualevidence in , thata particularimage-rgion wasgeneratedy a
particularconcept ,as

Therefore the probability of a particularconcept beingpresenf{somavhere)in
animagemay becalculatedas

(3)

A freely availabletoolkit, HTK [7], ef ciently implementsall the basicparameteesti-
mationand probability calculationalgorithmsneededor working with the modelde-
scribedaborve. We have usedHTK in the experimentdescribedn Sectiond below.

2.1 HMMs vs Statistical Machine Translation

Duyguluetal [2] have presentedhe imageannotatiorproblemasa varianton the sta-
tistical machinetranslation(MT) problem.In their formulation,the representations



of the sgmentedmage-rgionsarediscretizedandthentreatedas“words; replacing

with avocalulary  of visual expressiongvisterms).The training corpusof im-
age+captiorpairsis thentreatedasa corpusof alignedbi-lingual text, and statistical
machinetranslationtechniquesare employed to infer a stochastidranslationlexicon

between and . Givenatestimage with visterms , aprobability
is calculatedor eachconcept as
Note thatthe estimationof in their casestronglyresembleshe embeddeaksti-
mation of in the HMM case provided we setthe transitionprobabilities

to be uniform. Thusthe primary differencebetweenour modelandtheirsis that the
image-featuresre modeledhereas continuous-aluedvectors,avoiding the needfor

quantizationEmpiricalevidencein Sectiond will shaw thatpreservinghecontinuous-
valuedrepresentatiorof the 's resultsin signi cant improvementin indexing and
retrieval performance.

2.2 HMMs vs Continuous RelevanceModels

Manmathaetal [5, 8] have usedacontinuougelevancemodel(CRM) to performimage
annotationandretrieval. In their case,continuous-aluedvisual features areex-
tractedfrom rectangularegionsof the(test)image andcomparedvith thevisualfea-
turesextractedfrom eachtrainingimage usingaGaussiarkernelfunction.In particu-

lar, for atrainingimage with visualfeatures andcaption ,
Thekernelbandwidth is estimatedrom held-outdata.This yieldsthe proba-
bility of aconcept beingpresenin atestimage as

(4)
where is asmootheckestimateof relative frequeng of in the captionof

While, upon rst glance,the CRM seemdo differ fundamentallyfrom the HMM
paradigmproposecere,deeperanalysisrevealsremarkablesimilarities.In particular

if eachstate of theHMM hasexactlyasmary Gaussiamlensitiesn themixtureas
thenumberof trainingimages-rgionsthatcontain in their caption,thedensitieshave
mean , thevariances areconstantandthe weights areuniform,

theprobability calculationsof the HMM andthe CRM arenearlyidentical.

The HMM, by modelingeach with a small mixture of Gaussiansperformsan
abstiaction of the information presentedn the pairedimage+captiortraining data.
For eachconcept , only the sufcient statistics(meanand covariance)of the



image-featureareretainedConsequentltheHMM performsthetestannotationsery
fast,sinceeachimage-featureector needso becomparednly with the Gaussian-
mixturerepresentationf eachconceptnot eachtrainingimage.Thisresultsin tremen-
douscomputationabpeed-upsompaedto the CRM, whichin principleneedso com-
parethetest-imagevith everytrainingimage.Theannotatiorperformancef theHMM
andCRM arecomparableaswill beshawvn in Section4.

3 HMM Design,Training and Indexing Issues

We next discussseveraldesignchoiceghatneedto be madewhile usingHMMs: model
topologyselectionparameterizatiorgstimationranddecoding(inference).

— HMM topologyandpermittedtransitions:Givena setof image+captiorpairs,we
construct for eachimage,an HMM with asmary statesasthe numberof words
in its caption.The statesof theHMM arefully connectedamountingto permitting
ary objectto be presentadjacento ary otherobject.While we have not yet done
so,onecouldinvestigatehe exploitation of the spatialpropensitief objectssuch
assky andgrass toappeain certainpositions in theimage,andthepropensity
of otherobjectssuchastiger andsky (notto) appeatin adjacenblocks.

— Shared-statéiMMs: A caption appearingn two differentimagesis mod-
eledby the samestate. The HMM for eachimage“shares”statefrom a common
poolof  statesj.e, thestatesof the HMM of eachtrainingimageare“tied” to
the correspondingstatesof other HMMs. for COREL,; for
TRECVID.

— Accountingfor unlabeledobjects:In several images,the annotatordo not label
someobvious conceptin-spite of having aword in  correspondingdo it. For a
far-from-the-most-gregious example of suchomissions,note that grassand the
fenceoccupy roughly equalareasin the imageof Figure 1, and yet the caption
includesfence butnotgrass . To accounfor suchomissionsanadditionalcon-
cept,which we call null , is introducedinto the vocalulary andis addedforcibly
to thecaptionof eachimage.SinceanHMM is ageneratre model,theentireimage
needgo beaccountedor by themodel,andaddinganull tothesetof permissible
stategesultsin bettermodelingof the data.

3.1 HMM Training Issues

Maximum likelihood estimationof the HMM parameterss performedin a standard
mannersprescribedn [7]. Weinitially useasingleGaussiamprobabilitydensityfunc-
tion (pdf) for eachstate , initialized with the commonmeanand variancecom-
putedfrom all theimagesin the training data.Several iterationsof the EM algorithm
arecarriedoutto updatehemeansandvariance®f theHMMs. Transitionprobabilities
arenotupdatedn the experimentgeportedbelow.

— Mixture splitting: Oncethe single Gaussiarpdf's have beenestimatedthe pdf for
eachstate is replacedby a mixture of a pair of Gaussiarpdf obtainedby
minor perturbation.Furtheriterationsof the EM algorithm are then carried out



to (re)estimatehe Gaussiammixture pdf's. This procedureis standardin train-
ing speeclrecognitionsystemsandis well describedn [7]. As long asthe data-
likelihoodincreasegsubstantially)by increasingthe numberof mixture compo-
nentsin , we continueto increaseghe mixturesizeof theoutputpdf'sof each
stateuntil a certainpre-speci edmaximummixturesizeis attained.

— Variance- oor:lt is standardn estimationof Gaussiampdf'sto imposea “variance
oor” — a minimum valuefor the estimateof the variance.Typically, this is set
to be afraction of the total empiricalvarianceof all theimagedata.This prevents
over tting of themodel,aswell asavoidsnumerical(divide-by-zero)ssues.

3.2 Image Annotation Issues

For indexing testimages,a fully connected stateHMM is used,one statecorre-
spondingto each , With asestimatedabove. Transitionprobabilitiesof the
HMM aresetto be uniform. Givenatestimage , the Balm-Welch algorithmis used
to computethe posteriorprobability of (3), which in turnis usedto rank all imagesin
responséo asingle-word querycomprisecof .

The transitionprobabilitiesof the decodingHMM neednot be uniform. A simple
variationis to computethe co-occurrencetatisticsof the wordsin the conceptvocab-
ulary, andusesuchstatisticsto adjustthe transitionprobabilities.For instanceplane
andsky tendto co-occurmuchmoreoftenthanplane andwater , suggestinghat

could be sethigherthan . In acontrastve experiment,
we settheseprobabilitiesto be proportionalto the correspondingelative frequencies.

Speci cally, for eachconcept , considerall trainingimageswhosecaptions
contain . For eachsuchcaption,enumerateo-occurencepairs , Where
denotestherconceptsn the samecaption.For example,if is plane , andanimage
is captioned sky ,plane ,clouds , thenthe co-occurrencegsnumeratedre

plane ,sky and plane ,clouds .Thenweset

co-occurrenceountof
co-occurrenceountof (5)

Sincethefrequentconceptoftenco-occumwith eachother e.g.sky andwater in the
COREL data-setandthe rare concepto-occurwith oneof the freuentconceptsthe
HMM remainsfully connectedThechoiceof theself-loopprobability; 0.2,is adhoc.

4 Experimental Results

We werekindly providedthe processedrainingandtestdatafor two imagecollections
describedbelow, oneof still imagesandanotherof key framesextractedfrom video,
by the 2004JohnsHopkinsUniversity Summeiorkshopteam[9]. We usetheimage-
seggmentationand features— color moments,texture coefcients and oriented-edge
histograms— extractedby [9]. State-of-the-artmageindexing and retrieval perfor
mancehasbeenpublishedon thesedata-setsandprovidesusaway to make controlled
comparisonsvith relatedtechniques.



1. TheCORELdata-setonsistof 5000imagesrom 50 Corel StockPhotoCDs pro-
vided to us by [2]. EachCD contains100 images,of which 90 are allocatedto
thetraining setand 10 to the testset, resultingin 4500trainingimagesanda bal-
anced500-imagetestcollection.Eachimageis divided into 6 4=24blocks,and
30-dimensionatisualfeaturesareextractedfrom eachblock. The captionvocalu-
lary has words.This trainingandtestpartitionis alsousedby [5, 10].

2. The TRECVID feature-detectiordata-set{11] consistsof key-framesextracted
from news videofrom sereralbroadcassourcesA community-wideeffort hasre-
sultedin 44,100imagesrom the TRECVID 2002corpusheingannotatedvith aset
of 137 conceptsThis collectionwasdividedinto four partsby [12]: concept-tain,
concept-validateconcept-fusion-andconcept-fusion-2NVe usethe rst threesub-
sets(35K images)o train the HMMs, andhold out concept-fusion-Z9K images)
for imageretrieval experiments Eachimageis dividedinto 7 5=35blocks,and
76-dimensionalmage-featuresre extractedfrom each.The conceptvocahlulary
for theseexperimentshasbeenculledto words(cf [9]).

To evaluateimageretrieval performancewefollow [5] andconstrucsingle-word queries
for eachword in the conceptvocalulary . An imagefrom the correspondingest
collectionis deemedtrelevant” to a queryif its true captioncontainshe query-word ;
otherimagesaredeemedrrelevant.We computenon-interpolateaneanaverage preci-
sion(mAP) over all queriesa standardneasurdor rankedretrieval (cf [11]).

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

4.1 Increasingthe Number of GaussianMixtur e Components

One expectsthat increasingmodel compleity resultsinitially in bettermodelsand
improved indexing, until overtrainingsetsin. We investigatethis by varying , the
numberof Gaussiamdfs in the mixture of (2), and measuringmAP on the two test
collectionsdescribedibove. Thevariance- oorfor eachpdfis 1% of theglobalvariance
of all image-featuresThedecodingHMM hasuniformtransitionprobabilities: —.

Table 1 reportsperformanceon the COREL and TRECVID collections.Note that
the modelsimprove asexpected.Theimprovementin mAP, for instancefrom 2 to 10
mixture component$or the COREL collectionis statisticallysigni cant ata p-valueof
0.002,while thatfrom 16 to 20 on TRECVID at a p-valueof 0.006.

Recallthatthe CORELtrainingsetis almostanorderof magnitudesmallerthanthe
TRECVID training set. Consequentlywhile performanceon COREL beginsto level
off at , TRECVID exhibits little overtraining.Retrieval resultswith
for TRECVID will bepresentedn Sectior4.5.

4.2 Using Word Co-occurrenceProbabilities

Onealsoexpectsto seesomebene t from usingthe word co-occurrencg@robabilities
of (5) insteadof uniform transitionprobabilitiesin the decodingHMM. Theresultsof



Table 1. Effect of mixture-sizeonimageretrieval performance.

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

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

Table 2. Effectof co-occurrencg@robabilitiesonimageretrieval performance.

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

thisinvestigationarereportedn Table2. Thevarianceoor is heldat 1% of theglobal
variancewith for CORELand for TRECVID.

While persistenacrosslata-setshemAP improvementsarenotstatisticallysignif-
icant:on COREL, it is signi cant only ata p-valueof 0.09,andon TRECVID at0.19.
However, they areeasyto estimateandentail no additionalcomputationduringindex-
ing. Sowe retainthe useof co-occurrenc@robabilitiesin subsequergxperiments.

4.3 Lowering the Variance Floor During Density Estimation

Anotherway of controlling over tting of Gaussiarmixture modelsis to preventthe
estimateof variancefrom beingtoo small. We startwith a (conserative) oor of 1%
of the total varianceof all the image-featuresn the training dataon the varianceof
eachmixture componenbf every stateemissiondensity . Alternatively, we also
estimateHMMs with lower variance oors — 0.2%,0.1%, 0.05%and 0.02% of the
globalvariance— andevaluateémageretrieval performanceThenumber  of mixture
componentss heldat10for CORELand20for TRECVID, andthecorrespondingvord
co-occurrenc@robabilitiesareusedin the decodingHMM.

Table 3 reportsthe mAP on the two collections.The resultsindicatethat 1% is
indeedaconsenrativelimit, andlower settingamproveretrieval performanceThemAP
improvementfrom 0.179to 0.192on COREL is statisticallysigni cant at a p-valueof
0.03,but from 0.165t0 0.1690n TRECVID is notsigni cant (p=0.24).

4.4 Comparisonwith the Normalized CRM and Statistical MT Models

On the sameCOREL training/testpartition, the same260 single-word queriesandthe
same30-dimfeaturesthe normalizedCRM of [10] hasa considerabljhighermAP of
0.26,while the MT modelof [2] hasa lower mAP of 0.15(cf [9]). For the 75 single-
word TRECVID queries,with identical 76-dim visual features the normalizedCRM
hasa mAP of 0.16 andthe MT model0.13 (againsee[9]). Table3 thereforesuggests
thatthe HMM approachis alreadycompetitive with alternatvesproposedn thelitera-
ture,with ahigh potentialto be signi cantly betterasdiscussedn Section5.



Table 3. Effectof thevariance- ooronimageretrieval performance.

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

4.5 Larger HMMs for the TRECVID Data-Set

SinceTablel suggestshatovertraininghasnotyet setin at for theTRECVID
data-setyve graduallyincrease¢he numberof mixturecomponentsip to 100,enforcing
avarianceoor of 0.001.Word co-occurrenc@robabilitiesareusedduringindexing.

The mAP of theresultingmodelis 0.186,which signi cantly better(p=0.002)than
0.169 thebestresultof Table3. It is alsosigni cantly betterthantheCRM or MT model
for thesamevisualfeaturesTheauthorsof [10] reportin a privatecommunicatiorthat
the CRM attainsa mAP of 0.182usingdifferent(30-dim)visualfeatures.

Figure? illustratesthe top 5 retrievedimagesfor 3 out of the 75 queries andtheir
top captionwordsaccordingto (3). Wordspresenin the manualannotatiorareunder
lined. The probability (3) of the query-word giventhetestimageis usedto rankimages
in thetestcollection.Notethatin the ranked-retrieval paradigmadoptechere,mary of
thetop-ranlkedimagesarerelevantevenwhentheir automaticcaptionscontainerrors.

Fig. 2. Retrievedshotsfor afew TRECVID queriesandtheir top-4 automaticcaptions.



5 Concluding Remarks

We have presentedh novel methodfor image annotationfor the purposeof content
basedimageretrieval, and evaluatedit in several waysto establishthat it is indeed
competitve with or betterthanthe stateof the artonstandardiata-sets.

Much moreis known amongpractitionersof automaticspeechrecognitionabout
training and decodingusingHMMs, including context-dependentodeling,unsuper
vised adaptationadaptve and discriminatve training, and minimum error decoding,
which remainsto be appliedto theimageannotatiorandretrieval problem.We expect
that signi cant improvementsin image annotationand retrieval performancewill be
obtainedby intelligently importing suchideasfrom the speectrecognitionliterature.
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