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Abstract

Relevance feedback has been shown to be a very effec-
tive tool for enhancing retrieval results in text retrieval.
In content-based image retrieval it is more and more fre-
quently used and very good results have been obtained.
However, too much negative feedback may destroy a query
as good features get negative weightings.

This paper compares a variety of strategies for positive
and negative feedback. The performance evaluation of feed-
back algorithms is a hard problem. To solve this, we ob-
tain judgments from several users and employ an automated
feedback scheme. We can then eval uate different techniques
using the same judgments. Using automated feedback, the
ability of a system to adapt to the user’s needs can be mea-
sured very effectively. Our study highlights the utility of
negative feedback, especially over several feedback steps.

1 Introduction

RelerancefeedbackRF) hasshavnto beextremelyuse-
ful in text retrieval (TR) applications[7], andis now be-
ing appliedin somecontent-baseimageretrieval systems
(CBIRSS)[5, 9]. Sincehumanperceptiorof imagesimilar-
ity is bothsubjectve andtask-dependerit 0, 1], we believe
RF to beanessentiatomponenbf a CBIRS. By augment-
ing the querywith featuresfrom relevantandnon-relezant
retrievedimagesaquerycanbeproducedvhich betterrep-
resentgheusersinformationneed.

Performancevaluationis a difficult problemin content-
basedimageretrieval, largely dueto the subjectvity and
task-dependencissuesmentionedabove. For theserea-
sonsevaluationmust involve experimentswith several real
users. Examplesof suchstudiesexist but muchpublished
work containdglittle or no quantitatve performancesvalua-
tion. TheCBIR communitystill lacksacommonlyaccepted
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databasef images,gueriesandrelevancejudgmentssuch
asthe TRECdatabasessedin TR.

The evaluationof retrieval performancehasbeenthor-
oughly studiedin the TR community[6]. Oneof the most
common measuresthe Precision vs. Recall (PR) graph
[6, 11], is now increasinglyusedin CBIR [8, 9]. In this
paper performanceesultsarepresentedn theform of PR-
graphsaveragedver severalusersandseveralqueries.

To evaluatethe interactve performancef a systemand
theeffectivenes®f RF, new measureseedo bedeveloped.
Thesecan be basedon relevancejudgmentsby real users
andautomatedeedbackio evaluatethe ability of a system
to adaptto theusers needs.

2 Reated work

In TR, RFwasintroducedasearly asthe late 60’s (e.g.
in the SMART system),andwasshawvn to improve results
significantly It was shown later that the use of negative
feedbackcould enhanceperformancestrongly However,
too muchnegative feedbackcan“destroy” a query Conse-
guently it wasproposedhatthe positive andnegative com-
ponentsshouldbeweightedseparatelj4] (see§4.1.4).

The useof RFin CBIR is morerecent,andfewer feed-
backstratgieshave beeninvestigatedespeciallyfor nega-
tive feedback.Huangand Mehrotraproposeseverallevels
of feedbackandgetbetterresultsthanbeforefeedbaci5].
In Pi cHunt er , Bayesianfeedbackis usedto presenthe
userwith choiceswhich maximizeinformationgain when
searchingor a giventarget. It is often statedthatthe sys-
tems perform betterafter feedback,but quantitatve mea-
surementsreseldomdone.

3 The Viper system

The Viper system,inspiredby TR systemsusesa very
large numberof simplefeatures. The presentersionem-

lvisual Information Processingor EnhancedRetrieval. Web page:
http://viper.unige.ch/



ploys both local and global image color and spatial fre-
gueny features,extractedat several scales,andtheir fre-
gueng statistican boththeimageandthewholecollection.
Theintentionis to make availableto the systemlow-level
featureswhich correspondroughly)to thosepresenin the
humanvision system.

More than 80000 featuresare available to the system.
EachimagehasO(10%) suchfeatures,the mappingfrom
featuresto imagesbeing storedin an invertedfile. The
useof sucha datastructure,in conjunctionwith a feature
weightingschememeanghattextual featuresaretreatedn
exactly the sameway asvisual ones. Furtherdetailsabout
thearchitectureof the Viper systemcanbefoundin [9].

We use2500diverseimagessuppliedby TélévisionSu-
isseRomande.In the experiment,3 usersgave judgments
for 14 queryimages.Theuserschosedifferentandvarying
numbersof relevantimagesfor eachquery Theseexperi-
mentsaredescribedn detailin [3].

4 Feedback strategies

The two main stratgjiesfor RF are either (1) to make
separatequeriesfor eachfeedbackimage and mermge the
query resultsor (2) to createa “pseudo-image’from the
feedbackmagesandexecuteaquerywith thisimage.Viper
useghesecondnethodby combiningthe featuredrom the
feedbackmagesandnormalizingtheir frequencies.

4.1 Automated feedback

AutomatedRF canbe appliedonceuserjudgmentsfor
animagecollectionexist. Thusa reproducibleRF for ev-
ery usercan be simulatedbasedupon the judgmentsand
theinitial queryresultsof a system.Via this techniquethe
flexibility of asystemwith respecto theusers’needsanbe
measurede.g. by feedingbackthe imagesthe userjudged
asrelevantandwhich werereturnedn thetopn = 20 of a
gueryresult. This techniquecanbe usedto comparediffer-
entfeedbackstratgiesor to enhanceaiserqueriesby auto-
matically creatingnegative feedback.

4.1.1 Positivefeedback alone

Positve feedbackis limited to preselectedmagesand
weightsthe featuresof theseimagesmorestrongly As all
high ranked returnedimageshave mary featuresin com-
mon,the non-relerantimagesmayalsoberankedhighly in
thenext step.For this feedbackwe selectasrelevantall the
imagesfrom the initial queryresultwhich the userjudged
to berelevant. We choseimagesfor feedbackrom thefirst
20 highestranked responseémages,which is a reasonable
numbero displayon screersimultaneously50is regarded
asthe maximumnumberof imagesa usermight normally
browse,and100is usedto shov theimprovements.
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Figure 1. Effect of positive feedback.

Theimprovementin performanceisingRF is quitelarge
ascanbeseenin Figurel. Whenusingonly feedbackfrom
thefirst 20resultimagesthe PR-graphs improvedby 20%
in someareas.Using 50 imagesfor RF givesanadditional
improvementof about10% in mostregions. The use of
100 imagesimprovesonly somepartsof the graphby an
additional5%. Someof theimprovementcomesonly from
relevantimagesbeing ranked higherin the top » and not
from returningnew relevantimages.

4.1.2 Positive and negative feedback

Negative feedbaclkcanimprove the queryresultgreatly but
it is importantto usetheright imagesasnegative feedback
soasnot to inhibit any importantfeatures.Many systems
have problemswith too muchnegative feedback.Basedon
thesefacts, we apply a variety of methodsfor automatic
selectionof negative RF Positive imagesfrom the top 20
returnedwerestill all selectecaspositive feedback As neg-
ative feedbackwe chosethefirst two andthelasttwo non-
relevantanswelimages.Sincethey influencedifferentparts
of the PR-graphwe alsocombinethe two strataies.

We canseein Figure 2 thatreturningthe first two im-
agesas negative feedbackimproves the beginning of the
PR-graphby 4 to 5%; usingthe lasttwo improvesthe mid-
dle of the PR-graphby up to 7%. The combinationof both
improvesall partsof the graphby up to 9%. This shavs
that different negative feedbackimagesimprove different
partsof the graphsignificantlyby removing differentareas
of featurespacefrom thequery

With this knowledge,a queryfrom auserwho only uses
positivefeedbaclcanbeimprovedby automaticallysupply-
ing non-selecteimagesasnegative feedback.



1 T T

\ Only positive feedback-----
First two as negative feedback - |
% Last two as negative feedback--
First two and last two----

Precision
o
(%))

I
~
T

. . . .
0 0.2 0.4 0.6 0.8 1
Recall

Figure 2. Different negative feedback images.

4.1.3 Different feedback weightings

As we know, different negative feedbackimagescanim-
prove differentpartsof the PR-graphbut alsodecreas@er
formancewhenusedin excess.We thereforeminimize the
lattereffectby weightingtheimageswith afactorotherthan
—1, andwe canfeedbackall neutralimagesasnegative RF
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Figure 3. Various feedback weightings.

In Figure3, we canseethatthe valueof —0.2 yieldsthe
bestcurvein mostareaspnly in theendthecurvewith —0.3
is betterbut theselastpartsof a PR-grapharenotasimpor-
tant sincethey only give information aboutimageswhich
are not showvn to the user The —0.3 curve is sometimes
evenworsethanthe curve with only positive feedback.The
valueof —0.2 createsmprovementf upto 7 or 8%. Using
higherweightingsdoesnotbring arny furtherimprovements.

A goodideamight beto createneggative feedbackauto-
maticallywith a low weightingwhenthe userdoesnot use
ary or enoughnegative feedback.

4.1.4 Separately weighted feedback

Problemsiuetotoomuchnegativefeedbackn TR weread-
dressedy Rocchioin the 60s[4]. Following thiswork, our
systemweightsthe featuresof positive and negative query
imagesseparatelyaccordingo Equationl,

ni

_aNgp_BNNg
Q=.-> R m;sz, (1)

=1

where() is thesetof weightedfeaturesnakingupthequery
ny andns arethe numbersof positive andnegativeimages
in the respectiely, R; and S; arethe (possiblyweighted)
featuresn thepositive andnegativeimagesanda ands de-
terminetherelative weightingsof the positive andnegative
component®f thequery We usea = 0.65 andg = 0.35.
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Figure 4. RF with modified Rocc hio algorithm.

This techniquesignificantly improvesthe queryresults
(upto 9%). Thisis betterthantheothermethoddor positive
andneyativefeedback Clearly, we still needto testwhether
the weightingsof 0.65and0.35 are asgoodfor CBIR as
they provedto be for TR, but we alreadymadethe result
moreor lessindependenfrom the numberof positive and
negative feedbackmages.Usingthis methodwith alarger
numberof resultimages(e.g. 50 asin §4.1.1)improvesthe
resultsevenmore.

415 Several steps of feedback

To measurethe interactive performanceof a system,we
needto considermorethanone stepof RF sincebrowsing
is a crucialtaskfor CBIR [2]. We thusmadeexperiments
with severalstepsof RF

Figure 5 shaws the resultsusingtwo stepsof only pos-
itive feedback. The majorimprovementoccursat the first
feedbackstep(20%). For the secondstep,it is rathersmall
(2 to 3%). The improvementwith positive and negative
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Figure 5. Several feedback steps.

feedbackis remarkabldor thefirst four stepswherethere-
sultscontinuouslyget better The first stepalreadyshavs
animprovementof about25%andthe secondstepanaddi-
tional 10%. In the third stepthe resultimprovesby about
10% in the beginningandby 8% in the middle parts. The
gainfor thefourthis 5%in themiddleandaswell in theend.
Thisimprovementin theendmeanghatimagesvhichwere
faraway from theinitial queryhave beenmovedcloser
Theseresultsshowv the greatimportanceof negative RF
for the browsing process. The effect of positive feedback
almostdisappearsfter only oneor two stepsso the possi-
bility to movein featurespacas limited. Negative feedback
offersmary moreoptionsto move in featurespaceandfind
targetimages Evenhardqueriesarecontinuouslyimproved
ateachfeedbaclstep.This flexibility to navigatein feature
spacds perhapghe mostimportantaspecof a CBIRS.

5 Conclusion

In thisarticlewe shaw theinfluenceof variousRF strate-
gies on the query result. RF always improves the re-
sults.However, too muchnegative feedbackcandestrgy the
query This canbe avoided by using Rocchios technique
of separatelyweighting positive andnegative features.We
shavedthatseveral stepsof positive andnegative feedback
increasinglyenhancehe queryresults thusallowing navi-
gationwithin thedatabaseUsingalargernumberof images
asa sourcefor feedbackmprovesresults but this potential
is limited by the numberof imagesa userreally inspects.

Usingavarietyof automatedRF stratgjies,we caneval-
uatethe flexibility of a CBIRS. It is importantthat using
several stepsof feedbackcontinuesto improve the results,
sothatthe featurespacecanbe exploredthoroughly Ser-
eral stepsof positive andnegative RF canform a basisfor
evaluatingtheinteractve performancef a CBIRS.

The good performanceof negative RF leadsto theidea
of automaticallyfeedingbackneutralimagesasnegative if

noneareprovidedby theuser This canhelpnovice usergo
getbetterresults.
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