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Abstract

Probabilisticfeatue relevanceearning(PFRL)is an ef-
fectivetechniquefor adaptivelycomputingocal featuerel-
evancefor content-basedmage retrieval. It however be-
comedessattractivein situationswheee all the input vari-
ableshavethe samelocal relevance and yetretrieval per
formancemightstill be improvedby simplequeryshifting
e proposea retrieval methodthat combinedeature rele-
vancelearningand queryshiftingto try to achievethe best
of both worlds. We usea linear discriminantanalysisto
computethe new queryand exploit the local neighborhood
structue centeedat thenew queryby invokingPFRL.Asa
result,themodi ed neighborhoodsit the new querytendto
contain sampleimagesthat are mote relevant to the input
guery Theefcacy of our methodis validatedusing both
syntheticandreal world data.

1. Intr oduction

Probabilistic feature relevance learning for content-
basedmageretrieval [8] computese xible metricsfor pro-
ducingretrieval neighborhoodshatareelongatedilongless
relevantfeaturedimensionsandconstrictedalong mostin-

uential ones.Thetechniquehasshovn promisein anum-

ber of imagedatabaseapplications. It, however, becomes
less appealingin situationswhere all the input variables
havethesamdocalrelevance andyetretrieval performance
might still beimprovedby simplequeryshifting.

On the otherhand, MARS [9] is a simple query shift-
ing mechanisnthat attemptsto improve retrieval perfor
manceby adaptvely moving the input query toward rele-
vantretrievals and, at the sametime, away from irrelevant
ones. Similarity computatiorremains x ed throughoutthe
retrieval processWhile MARS hasbeenshavn to improve
retrieval performancén simpletasksit is clearthatin mary

problemsthe mere shifting of the queryis insufcient to
achieve desiredgoals,aswe shallseelater.

In this paper we proposea novel, principled approach
thatcombinegprobabilisticfeaturerelevancelearning,asin
[8], andqueryshifting, asin [9], to try to achieve the best
of bothworldsfor content-baseinageretrieval [1, 6, 8, 9].
We usea linear discriminantanalysisto computethe nen
gueryandexploit thelocal neighborhoodtructurecentered
atthe new queryby invoking PFRL.As aresult,the modi-

ed neighborhoodsatthenew querytendto containsample
imageshataremorerelevantto theinput query

2. Feature Relevance Learning with Query
Shifting

We bggin this sectionby brie y introducingthe basic
ideasbehind PFRL and query shifting. We then describe
in detail our methodthat combinesPFRL and query shift-
ing in a principledway.

2.1 PFRL

In PFRL [8], retrieved imageswith relevance feed-
back are usedto computelocal feature relevance. Let

KNN bethesetof retrievals,where de-
notesthe featurevectorrepresentinghe th retrieved im-
age,and s eitherl (relevantimage)or O (irrelevantim-
age)marked by the userasthe classlabel associatedvith

. If welettheclasslabel atquery betreated
asarandomvariablefrom adistribution with the probabili-
ties , we have

In the absenceof ary variable assignmentsthe least-
squaregstimatefor is , Where
is thejoint density Now givenonly that is known



atdimension . Theleast-squaresstimatebecomes
Here
is the conditionaldensityof the otherinputvariables.

In imageretrieval, , Where isthequery Then

representareductionin errorbetweerthetwo predictions.
Thus,a measureof featurerelevanceat query canbede-
ned as

The relative relevancecanbe usedasa weightingscheme
for aweightedK-nearesnheighborsearch(KNN):

Here isaparametethatcanbechoserto maximize(min-
imize)thein uenceof on . Forfurtherdetails,seg[8].

2.2 Query Shifting

The Standad Rocdio equationis commonlyusedin the
informationretrieval eld to determinghenext queryloca-
tion basedon relevancefeedbaci{10]. The StandardRoc-
chiois

-

r i

where is the new querylocation, is the initial query
location, ., is the setof relevantretrievals, | is the set
of irrelevant retrievals, , is the numberof relevant re-
trievals, ; is the numberof irrelevantretrievals. The sec-
ond term is equivalentto  , where , is the meanof
the relevantretrievals. The third termis equialentto
where , is the meanof theirrelevantretrievals. The Stan-
dard Rocchioexpressedn termsof the retrieval meansis
; i The valuesfor the parameters
, ,and aredeterminedby experimentalrunsover the
database.The settingsof
were reportedin [10] to performwell in mary cases. A
commonalternatve is to ignorethein uence of irrelevant
retrievals ( ) [3]. Anotherapproachakesthis theme
further by setting , , , i.e.,, thenew query
is . Movingto , hasbeenclaimedto be the optimal
new querylocation[4]. It is easyto seethatit is not since
it ignoresthe effect of irrelevantretrievals'. SeeFigurel,
wheremoving to the positve meanalsomaovescloserto the
negative mean.

11t is optimal basedon their criterion of minimumdistanceto relevant
retrievals, but the criterion really shouldbe a multiple criterion optimiza-
tion of minimizing distanceto relevantretrievals andmaximizingdistance
toirrelevantretrievals.

2.3 Combining PFRL with Query Shifting

We presenta hybrid systemfor learning featurerele-
vancethat seeksto drawv upon the exploitation featureof
PFRLandthe explorationfeatureof queryshifting.

For a given queryimage in a -dimensionalfeature
spacewe exploreanew query inthe -dimensionafea-
ture spacefor morerelevantretrievals, if necessaryasfol-
lows. Thecomputatiorof is aidedby afeatureextraction
that transformsfrom the -dimensionaffeaturespaceto a
one-dimensionapacewhichretainssufcient information
of theretrievalimages.

Classicaldiscriminantanalysis(see,for example,[11])
attemptdo projectpatternsnto a spacewith lower dimen-
sionality thanthe original patternspace.The discriminant
analysisprojectionmaximizesthe inter-classscatterwhile
keepingthe intra-classscatterconstant.Whenthe number
of patternclassess two, like in our case the discriminant
analysisprojectioncanbe realizedby the one-dimensional
Fisherlineardiscriminantprojection,whichrequiresto cal-
culatetheintra-classandinter-classscattematrices.

To determinghe exactlocationof  withoutcomputing
the scattermatrices,we considerthe projectionsof all
retrieved imagesonto the line  passingthroughthe two
samplemeans , and ;. Parameterizéhe pointson as
' i with real . Wewill let
for somesuitablychosen

Our objective is to nd suchthatin the vicinity of

, the frequeng of retrieving relevant class-limages
is high. This suggestgso select thatmaximizesthe con-
ditional expectationof an image pattern given that the
componenbdf in thedirectionof is . Thatis,

proj

After computing , we exploit the neighborhoodstruc-
ture centerechtthenext query by invoking PFRL on all
previous (cumulative) retrieval imagesto generatehe rel-
ative relevanceweightsusedto determinethe KNN in the

next iteration.

An estimatefor the conditionalexpectationfor a point
on canbe determinedby projectingthe KNN retrievals
onto andusingthefollowing equation2, 8]

proj
proj :
proj
KNN
where is an indicatorfunction for its predicateargu-

ment, is the label of aretrievedimage , and

and |, arethesetsof cumulatedretrievedimagesandre-
trievedrelevantimagesrespectiely. Theretrievedimages
are cumulatedfor eachindividual query sequence When



the userinitiatesa querywith a new image,the accumula-
tionsarereset.

Thevalueof is chosersuchthat

proj

kNN

Dueto the discretenatureof the estimate a sggmentof

will maximize , (possiblymultiple sgments,n which
casewe choosethe largestsggment). Any of the pointson
thesggmentmaximizing canbechoserfor thenext query
location. We chosethe meanof the relevant sampleshat
contributedto the estimate, . With this choice,moving to
therelevantmean(i.e., ) is obtainedasa specialcase
by letting . The , , parameteraredetermined
from by setting , ,and

3. Experimental Results

In the following we comparethe retrieval methodsof
queryshifting, PFRL,andPFRLcombinedwith queryshift-
ing on syntheticand real data. We also compare , and

for the query shift location. In all the experiments
in this section,the datais normalizedalong eachfeature
dimensiorof eachentiredataset.

Firstanexamplequeryusingsyntheticdatais presented.
Thentheaverageretrieval precisionof thedifferentmethods
onrealdatais presented.

The syntheticdatausedis the 2D exampledatathatwas
provided with the Multivariate Data Geneation Softwae
[5] from theICPR2000Algorithm Performanc&€ontest A
query(representas ) atlocation(-83.5,-97.2)is presented
in Figure 1 with boththeshiftto , ( in gure) andthe
shift to ( in gure). Justqueryshifting is usedin
this example. The shift to , alsomovescloserto ; (
in gure) with theresultingeffectonthe KNN of replacing
threerelevantimageswith two relevantandoneirrelevant.
The shift to movesaway from ; with the resulting
effect on the KNN by replacingthreerelevant and sesen
irrelevantimageswith tenrelevantimages.

Theretrieval methodof PFRL,shiftingto , shiftingto

, PFRL+ , andPFRL+ wasappliedto eachof
thefollowing four databaseskor all of theretrieval meth-
ods, eachimagein the databasevas selectedas a query
For eachiteration,upto veiterationsthe20 nearesheigh-
borswerereturnedwith relevancefeedback. The average
retrieval precisionfor eachmethodandeachdatabaseés pre-
sentedn Figure3.

Databasel. The data(Texture Data)was obtainedfrom
MIT MediaLabat: whitechapel.media.mit.edu/p(isTex.
Thereareatotal of 640imagesof in thedatabase
with 15 classesTheimagesn thisdatabasearerepresented
by 8 Gabor lters (2 scalesand4 orientations).Examples
of thetexturesarepresentedn Figure2.

Figure 1. Synthetic 2D data: example query

Figure 2. Example images from texture data

Database2. Thisis aset(SonarData),alsotakenfrom [7],
of 208 datapoints having two classegMines and Rocks)
with equalnumberof instancesn eachclass. The dataare
representedly 60 featuresFor details,see[7].
Database3. This dataset(Vowel Data)has
surementsaind 11 classes.Thereare a total of
samplesn this databaseThis setis alsotakenfrom [7].
Database4. The dataset(SegmentatiorData),takenfrom
the UCI repository[7], consistsof imagesthatweredrawvn
randomlyfrom a databasedf 7 outdoorimages. The im-
ageswere hand-sgmentedby the creatorsof the database
to classifyeachpixel. Eachimageis aregion. Thereare7
classeseachof which has330instances.Thus,thereare
a total of 2310imagesin the database.Theseimagesare
representedly 19 realvaluedattributes.

The retrieval precisionof PFRL combinedwith query
shifting consistentlyoutperformedust query shifting and
PFRL individually. Shifting to outperformedshift-
ingto | bothindividually andwhencombinedwith PFRL,
thoughthe magnitudeof improvementis muchlessthanthe
magnitudeof improvementf eithercombinednethodover
theindividualmethods.

The close performanceof shifting to and shift-
ing to , canbe explainedby noting that often is
ator verycloseto . For exampleusingthe texture data,
84%of thetime themaximumconditionexpectatioris very
closeto , (within 0.010f the mean-meawlistance).Only
3% of thetime is it far avay (greaterthan0.3 of the mean-

mea-



Figure 3. Precision

graphs

meandistance).Thusshifting to performsthe same
asshiftingto in the commoncaseandin the infrequent
casethat | is abadlocation,it performsmuchbetter

4. Summary

This paperpresentsa novel methodthatcombinegprob-
abilistic featurerelevancelearningandqueryshifting to try
to achievethebestof bothworlds. Thismethodusesalinear
discriminantanalysigo computehenew queryuponwhich
to estimatelocal retrieval neighborhoodusingPFRL. As a
result, the modi ed neighborhoodat the new querytends
to containdatasampleghat aremorerelevantto the input
guery The experimentalresultsusing both syntheticand
realdatashav convincingly thatfeaturerelevancelearning
coupledwith query shifting outperformedeither PFRL or
gueryshifting alone.

A potentialextensionto the techniquedescribedn this
paperis to consideradditionalderived variables(features)
for localrelevanceestimateandqueryshifting, therebycon-
tributingto theoverallretrieval performanceThechallenge
is to beableto have amechanisnthatcomputesuchinfor-
mative derivedfeaturesef ciently .
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