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ABSTRACT

Benchmarkinghasalwaysbeenacrucialproblemin content-based
imagesretrieval systems(CBIRSs). A key issueis the lack of a
commonaccessmethodto retrieval systems,suchasSQL for re-
lationaldatabases.TheMultimedia Retrieval Mark-up Language
(MRML), describedin this article, solves this problemby stan-
dardizing accessto CBIRSs. Other dif�cult problemsare also
addressed,suchasobtainingrelevancejudgmentsandchoosinga
databasefor performancecomparison.Wepresentfully automated
benchmarkfor CBIRSsbasedonMRML, whichcanbeadaptedto
any imagedatabaseandalmostany kind of relevancejudgment.
The testevaluatesthe performanceof positive andnegative rele-
vancefeedback,which can be generatedautomaticallyfrom the
relevancejudgments.To illustrateour purpose,a freely available,
non-copyright collectionis usedto evaluateourCBIRS,Viper. All
scriptsdescribedherearefreelyavailablefor download.

1. INTR ODUCTION

An increasingamountof researchin theareasof computervision
andpatternrecognitiondealswith the �eld of content-basedim-
ageretrieval (CBIR). Many techniqueshave beendevelopedfor
specialized�elds andnew featuresaredevelopedregularly. The
biggestproblemwith all this is that it remainsbasicallyimpossi-
ble to comparetheeffectivenessand/oref�ciency of the retrieval
techniquesandimagefeatures.In makingsucha comparison,it
is essentialto have a meansof comparingseveral systemson the
samegrounds.Only by usingsucha performancemeasuringtool
cansystemsbecomparedandthebettertechniquesidenti�ed.

Thebasisfor sucha benchmarkmustbea setof commonim-
ageor multimediadatabases.At present,themostcommonlyused
imagescomefrom the Corel PhotoCDs,eachof which contains
100 broadly similar images(e.g.[2,4,16]). Unfortunatelythese
imagesarecopyrighted,andarenot freeof charge. Most research
groupsuseonly a subsetof the entirecollection. This canresult
in a collectioncontainingseveral highly dissimilarimagegroups,
with relatively highwithin-groupsimilarity, leadingto greatappar-
entimprovementsin performance.A goodcandidatefor astandard
collectioncouldbetheimagesandvideosfrom MPEG-7[7]. Un-
fortunatelythey maynot beshown on theweb,andthecollection
is expensive. Alternatively, CBIR researcherscoulddeveloptheir
own collection. Sucha project is underway at the University of
Washingtonin Seattle[1]. This collectionis freely availableand
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is not copyrighted.It offersannotatedphotographsof differentre-
gionsandtopics.Currentlyit is small( ������� images),but several
groupsarecontributing to enlargethedataset.Thiscollectionwill
beusedto demonstratethebenchmarkwith theViperCBIRS.

Obtainingrelevancejudgmentsfor thebenchmarkqueriespre-
sentsanotherproblem. Ideally realusersshouldbe involved [9],
but initially pre-de�nedcollectioncategoriesmaybeused.

Many CBIRSperformancemeasureshave beenproposed.An
overview is given in [9], anda moreformal way to developmea-
suresis givenin in [14]. In theautomatedperformancebenchmark
descriedhere,we useseveral measuresinspiredby thoseusedat
theTRECconferences[17,19] in text retrieval. It is possiblethat
TRECwill integrateimagesinto theirevaluationprocedure,aswas
doneearlierwith otherareasof informationretrieval, suchasin-
teractive systems[15]; theinclusionof videosis alreadyplanned.

Thebiggestproblemin automaticallybenchmarkingCBIRSs
is thelackof acommonaccessmethod.Theadventof theMRML
[11] hassolvedthis problem.MRML standardizesCBIRSaccess.
It allows a client to log onto a databaseandaskfor theavailable
imagecollectionsaswell asto selecta certainsimilarity measure,
andto performqueriesusingpositiveandnegativeexamples.With
sucha communicationprotocolthe fully automatedevaluationof
CBIRSsis �nally possible.

2. BENCHMARKING IN IMA GE RETRIEVAL

Therehave beenfew publicationsaboutbenchmarkingin CBIR
to date.Sub�elds, suchasthedevelopmentof performancemea-
sureshave beendiscussed[9, 14]. Thiswasthegoalof EU project
MIRA (EvaluationFrameworks for Interactive Multimedia Infor-
mationRetrieval) [6]. Severalwebpagesgivecomparisonsof sys-
temsbasedon a which of a numberof key CBIRS featuresthey
offer (e.g.[3], suchasfeedbackmethodsor thenumberof images
displayedonscreen.To ourknowledge,noquantitativeevaluation
of theperformanceof severalsystemshasyet beenmade.In [20]
the performanceof threesystemsis compared.This is at leasta
beginning,sinceseveralgroupsagreedto participate.No quantita-
tive performancemeasuresaregiven—afew examplequeriesand
thesystemresponsesareshown—whichis inadequate.

Themostprofoundstudysofarhasbeenstartedby theManch-
esterVisualizationCenter(MVC), in a projectsponsoredby the
British Joint InformationSystemsCommittee(JISC)[13]. They
have downloadedandcomparedmany CBIRSs,but unfortunately
arebehindschedule.A comparisonof thefunctionalitiesandtech-
niqueswasexpectedin March2000,but hasnot yet (Sept.2000)
beenpublished.Thenext stepis arealperformancecomparisonof



theparticipatingsystems,which is duein Sept.2001. Themeans
of comparisonhave not yetbeenmadeclear.

For imagebrowsingsystems,suchasPicHunteror Tracking-
Viper, a benchmarkwhich attemptsto simulateuserbehavior by
usinganextensively annotatedcollectionhasbeenproposed[10].

3. MULTIMEDIA RETRIEVAL MARK-UP LANGUAGE

MRML [12] is an XML-basedcommunicationprotocol for con-
tent-basedquery, which wasdevelopedto separatethe query in-
terfacefrom the actualqueryengine. It wasspeciallydeveloped
for CBIR andthuscontainstagsfor queryby positiveandnegative
examples.A detailedtechnicaldescriptioncanbefoundin [11].

An MRML server listenson a port for messages.Whencon-
necting,theMRML clientrequeststhebasicserverproperties.The
MRML messagelookslike this:

<mrml> <get-server-properties /> </mrml>

Theserver theninformstheclient of its capabilities:

<mrml> <server-properties>
<vi-collectionlist>

<vi-collection
name="WashingtonGroundtruth" />

</vi-collectionlist>
</server-properties></mrml>

Usingsimilar simplemessages,theclient canrequesta list of
the collectionsavailableon the server, togetherwith descriptions
of thewaysin which they canbe queried.Theclient canopena
sessionontheserver, andcon�gure it accordingto theneedsof its
user(interactive client) or its own needs(e.g.benchmarktest).

A basicqueryconsistsof alist of imagesandtheircorrespond-
ing relevancelevels,assignedby theuser. In thefollowing exam-
ple, theuserhasmarked two images:1.jpg positive and2.jpg
negative. All imagesarereferredto by their URLs.

<mrml session-id="1" transaction-id="44">
<query-step session-id="1"

resultsize="30"
<user-relevance-list>

<user-relevance-element
image-location="http://viper.unige.ch/1.j pg"
user-relevance="1"/>

<user-relevance-element
image-location="http://viper.unige.ch/2.j pg"
user-relevance="-1"/>

</user-relevance-list>
</query-step>
</mrml>

The server will return the retrieval result as a list of image
URLs,orderedby their relevanceto thequery.

Thekey to thesuccessfulextensionof MRML is gracefulde-
gradation.This meansthat serversandclientswhich do not rec-
ognizean XML elementor attribute encounteredin an MRML
text shouldignoreits contentscompletely. Extensionsshouldthus
be designedso that all standardinformationremainsavailableto
the genericMRML user. Theseprinciplesprovide guidelinesfor
independentextensionsof MRML. To avoid con�icts betweendif-
fering extensionsof MRML, it is plannedto maintaina central
databasefor theregistrationanddocumentationof MRML exten-
sions[12].

4. THE AUTOMATED BENCHMARK

This sectiondescribesin detail the techniquesusedin the auto-
matedbenchmark,aswell asit canbemodi�ed to adaptit to other
systemsanddatabases,or to addextraperformancemeasures.
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Figure1: Structureof theautomatedbenchmark.

Figure1 shows thebasicstructureof thebenchmark.MRML
servesasthecommunicationlayerbetweentheevaluatedsystems
and the benchmarkserver. The imagedatabaseand the perfor-
mancemeasuresareknown to all thesystems.Therelevancejudg-
ments,however, shouldnotbeknown sincetheresponsescaneas-
ily beoptimizedwith thisknowledge.Initially, therelevancejudg-
mentswill alsobemadeavailable.

4.1. Performancemeasures

All the performancemeasuresdescribedin [9] areused,in order
to increasetheexpressive power of thebenchmark.They are:
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������� : rank at which �rst relevant im-
ageis retrieved,averagedrank,normalizedaveragerankof
relevant images(seebelow andEq.1).
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� precision/recall graph.

A simpleaveragerankis dif�cult to interpretsinceit depends
on both the collectionsize � andthenumberof relevant images

��� for a givenquery. Consequently, we normalizeby � and ���

andproposethenormalizedaverage rank,
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where �

-

is the rankat which the 3 th relevant imageis retrieved.
This measureis � for perfectperformance,andapproaches$ as
performanceworsens.For randomretrieval theresultis �

! � .
Additionalmeasurescanbeaddedatany time. Ourexperience

so far shows that thesemeasures,especiallythe precision/recall
graphs,give a goodoverview of theperformanceof a CBIRS.



4.2. Benchmarking Software

ThebenchmarkiscarriedoutbyaPerlobject.Theonly parameters
that needto be set to run the benchmarkare the hostnameand
port of thequeryengineto beevaluated.For a new database,the
locationof the queryrelevancejudgments,relevancegroupsand
relevant imagesmustbeset.

Figure 2 shows the basiccommunicationwhen running the
benchmark.First, the server to be evaluatedmustbe con�gured.
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Figure2: Communication�o w for theautomatedbenchmark.

Then, a query is executedfor eachquery image. The returned
resultsareevaluatedon thebasisof therelevancejudgments.Pos-
itive andnegative relevancefeedback(RF) canalsobesimulated,
basedon the relevancejudgments. Using the simulatedRF, an-
other seriesof queriesis executedand the resultsareevaluated.
This feedbackstepcanberepeatedto re�ne thequery, in orderto
evaluatetheeffectivenessof RF for theevaluatedsystem.

4.2.1. Readingthebasedatafor theevaluation

Threeinter-relateddatasetsarerequiredfor systeminitialization:
� thelist of imagesfor the�rst querystep,
� thelist of relevancejudges(onefor eachpersonwho made

judgments,or oneonly if thedatabasegroupingis used),
� a relevancejudgment�le for every image/relevancejudge

combinationcontaininga list of all imagesregardedasrel-
evant.

These�les arecurrentlyin plaintext, but it is plannedto useXML.

4.2.2. Generation of relevancefeedback

RF is generatedfrom the relevancejudgment�les the systemre-
sponse.We assumethat the userwould markall relevant images
positively andall non-relevant imagesnegatively. We alsoneed
to assumethenumberof imagestheuserwould view. We choose
20asa typical numberof imagesdisplayedby aCBIRS.Thus,all
imagesfrom the�rst 20 imagesof thesystemresponsewhich are
in therelevantsetfor thequeryimagearefed backpositively and
all thosenot in therelevantsetarefedbacknegatively. See[8] for
furtherdetails.

4.2.3. Evaluation

We performanevaluationfor eachimage/relevancejudgecombi-
nation.For theinitial imageandfor eachstepof RF, theresultsare
averaged,with theaimof obtainingrobustandmeaningfulresults.

4.3. Con�guring the benchmark for other databases

It is veryeasyto con�gure thebenchmarkfor anew database.It is
only necessaryto createthequeryimage�le, therelevancejudges
�le, and,for eachqueryimage/relevancejudgecombination,arel-
evancejudgment�le. In thesimplestcase,whenthedatabaseis or-
ganizedinto groups,oneimagefrom eachgroupis usedasaquery,
therelevancejudges�le hasonly oneentry, andthedatabaseorga-
nizationis usedto constructtherelevancejudgment�le.

5. EXAMPLE EVALUATION

In thissectiontheresultsof theautomatedbenchmarkwill begiven
basedon the databaseof the University of Washington[1]. The
entiretestcanbedownloadedat [18]. Figure3 shows four of the
queryimagesof thedatabase.

Campus Geneva Flowers Mountains

Figure3: Sampleimagesfrom theWashingtontestdatabase.

Table1 shows the resultsfor the initial queryandfour steps
of RF for the Viper system. The benchmarkcon�guration was
constructedfrom thedatabaseorganization(see

�

4.3). Theresults
shown areaveragedover the14 queryimages.Thereare911im-
agesin thedatabase,anda differentnumberin eachgroup.

Measure noRF RF1 RF2 RF3 RF4
���

65.14 65.14 65.14 65.14 65.14
�

1.23s. 2.18s. 2.49s. 2.62s. 2.70s.
���	��

�

1.5 1 1 1 1
��������� �����

.3798 .5520 .6718 .6594 .7049
�

����� �

176.44 152.28 116.13 107.04 104.37
!

����� �

.1583 .1318 .0921 .0821 .0793
���#"�$��

.5392 .7357 .8642 .8892 .9107
���#��$��

.4057 .5271 .6085 .6328 .6257
�������%�

.3883 .5256 .6138 .6640 .6553
����&'$�$(�

.4839 .6070 .6924 .7279 .7208

Table1: Overview of theresultsfor Viper

Figure 4 shows the averageprecision/recallgraphsfor the
queries.This is the performancemeasurewith the highestinfor-
mationcontent. The behavior of the systemwithout RF andthe
strongimprovementswith RF caneasilybe seen.The fourth RF
stepgivesonly a minorperformancegain.

The performancemeasuresin Table1 aremeantto comple-
ment the precision/recallgraph. For a user, the precisionof the
imagesshown on screenis most important. We assumethat the
userlooks at 20 to 50 images,so the precisionat thesepoints is



0

0.2

0.4

0.6

0.8

1

0 0.2 0.4 0.6 0.8 1

P
re

ci
si

on

Recall

no feedback
feedback step 1
feedback step 2
feedback step 3
feedback step 4

Figure4: Precision/recallgraphswithoutandwith RF.

veryimportant.A signi�cant improvementin eachof the�rst three
RFstepscanbeseen.

6. CONCLUSION

Thispaperpresentsa fully automatedbenchmarkfor CBIR which
is completelybasedonfreelyavailablecomponents.Thegoalis to
standardizetheevaluationof CBIRSs,andthusto makethequality
of retrieval resultscomparable.Theperformancemeasureschosen
aresimilar to thoseusedin TREC, sincethis is the pre-eminent
existing evaluationforum in informationretrieval, andwe wish to
contributeto theestablishmentof asimilar platformfor CBIR.

We hopethat othergroupswill make their imagecollections
andrelevancejudgmentsavailableso it will really be possibleto
comparesystemperformancesfairly andquantitatively.

We want to encourageother researchgroupsto useMRML
asa communicationprotocolby makingthebenchmarkavailable.
OurprogramViperis now calledGIFT (GNU ImageFindingTool)
andis availableundera GNU license[5].

Thereare still many problemsto solve beforea TREC-like
benchmarkcan be performedin CBIR. For an objective bench-
marktherelevancejudgments,aswell astheimagegroups,should
not be known, as this leaves room for manipulation. Any sys-
temcangiveaperfectresponseif thesystemknows which images
needto betransmittedto achieve a perfectscore.It is alsoneces-
saryto have multiple realuserjudgments,sinceonly with several
judgmentsperqueryimagecanwe show theability of a systemto
adaptto theusers'needs.
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