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ABSTRACT

Benchmarkindhasalwaysbeenacrucialproblemin content-based
imagesretrieval systemgCBIRSS). A key issueis the lack of a
commonaccessnethodto retrieval systemssuchasSQL for re-
lational databasesThe Multimedia Retrieval Mark-up Language
(MRML), describedn this article, solves this problemby stan-
dardizingaccesso CBIRSs. Other dif cult problemsare also
addressedsuchasobtainingrelevancejudgmentsandchoosinga
databaséor performanceomparisonWe presenfully automated
benchmarkor CBIRSsbasedbn MRML, which canbeadaptedo
ary imagedatabasendalmostary kind of relevancejudgment.
The testevaluatesthe performanceof positive and negative rele-
vancefeedbackwhich can be generatechutomaticallyfrom the
relevancejudgments.To illustrateour purposea freely available,
non-coyright collectionis usedto evaluateour CBIRS, Viper. All
scriptsdescribecderearefreely availablefor dovnload.

1. INTRODUCTION

An increasingamountof researchn the areasof computevision
and patternrecognitiondealswith the eld of content-basedn-
ageretrieval (CBIR). Many techniqueshave beendevelopedfor
specializedelds andnew featuresare developedregularly. The
biggestproblemwith all this is thatit remainsbasicallyimpossi-
ble to comparethe effectivenessand/oref ciency of theretrieval
techniguesandimagefeatures.In making sucha comparisonijt
is essentiato have a meansof comparingseveral systemson the
samegrounds.Only by usingsucha performanceaneasuringool
cansystemde comparedndthe bettertechniquesdenti ed.
Thebasisfor suchabenchmarkmustbe a setof commonim-
ageor multimediadatabasesAt presentthemostcommonlyused
imagescomefrom the Corel PhotoCDs, eachof which contains
100 broadly similar images(e.g.[2,4,16]). Unfortunatelythese
imagesarecopyrighted,andarenot free of chage. Most research
groupsuseonly a subsetof the entire collection. This canresult
in a collectioncontainingseveral highly dissimilarimagegroups,
with relatively highwithin-groupsimilarity, leadingto greatappar
entimprovementsn performanceA goodcandidatdor astandard
collectioncouldbetheimagesandvideosfrom MPEG-7[7]. Un-
fortunatelythey may not be shavn on theweb, andthe collection
is expensve. Alternatively, CBIR researchersould develop their
own collection. Sucha projectis undervay at the University of
Washingtonin Seattle[1]. This collectionis freely available and
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is not copyrighted. It offersannotateghotograph®f differentre-
gionsandtopics. Currentlyit is small( images)but several
groupsarecontrituting to enlagethedataset. This collectionwill
be usedto demonstratéhe benchmarkwith the Viper CBIRS.

Obtainingrelevancegudgmentdor thebenchmarlqueriespre-
sentsanothemroblem. Ideally real usersshouldbe involved[9],
but initially pre-de nedcollectioncateyoriesmaybe used.

Mary CBIRS performancenmeasurefiave beenproposedAn
overview is givenin [9], anda moreformal way to develop mea-
sureds givenin in [14]. In theautomategberformancdenchmark
descriedhere,we useseveral measuregnspiredby thoseusedat
the TREC conference$§l7,19] in text retrieval. It is possiblethat
TRECwill integrateimagesnto theirevaluationprocedureaswas
doneearlierwith otherareasof informationretrieval, suchasin-
teractve systemg15]; theinclusionof videosis alreadyplanned.

The biggestproblemin automaticallypenchmarkingCBIRSs
is thelack of acommonaccessnethod.Theadwentof the MRML
[11] hassolvedthis problem.MRML standardize€BIRSaccess.
It allows a clientto log onto a databasendaskfor the available
imagecollectionsaswell asto selecta certainsimilarity measure,
andto performqueriesusingpositive andnegative examples With
sucha communicatiorprotocolthe fully automatedbvaluationof
CBIRSsis nally possible.

2. BENCHMARKING IN IMA GE RETRIEVAL

There have beenfew publicationsaboutbenchmarkingn CBIR
to date. Sub elds, suchasthe developmentof performancenea-
sureshave beendiscussed9, 14]. Thiswasthe goalof EU project
MIRA (EvaluationFrameavorksfor Interactive Multimedia Infor-
mationRetrieval) [6]. Severalwebpagesyive comparisonsf sys-
temsbasedon a which of a numberof key CBIRS featuresthey
offer (e.g.[3], suchasfeedbackmethodsor the numberof images
displayedon screen.To our knowledge,no quantitatie evaluation
of the performancef several systemshasyet beenmade.In [20]
the performanceof threesystemss compared.This is at leasta
beginning,sinceseveralgroupsagreedo participate.No quantita-
tive performancaneasuresiregiven—afew examplequeriesand
the systenmresponseareshavn—whichis inadequate.
Themostprofoundstudysofarhasbeenstartecby theManch-
esterVisualizationCenter(MVC), in a projectsponsoredy the
British Joint Information SystemsCommittee(JISC)[13]. They
have downloadedandcomparednary CBIRSs,but unfortunately
arebehindschedule A comparisorof thefunctionalitiesandtech-
nigueswasexpectedin March 2000, but hasnot yet (Sept.2000)
beenpublished.Thenext stepis arealperformanceomparisorof



the participatingsystemswhich is duein Sept.2001. The means
of comparisorhave notyet beenmadeclear

For imagebrowsing systemssuchasPicHunteror Tracking-
Viper, a benchmarkwhich attemptsto simulateuserbehaior by
usinganextensiely annotateaollectionhasbeenproposed10].

3. MULTIMEDIA RETRIEVAL MARK-UP LANGUAGE

MRML [12] is an XML-basedcommunicatiorprotocolfor con-
tent-basedjuery which was developedto separatehe queryin-
terfacefrom the actualqueryengine. It was speciallydeveloped
for CBIR andthuscontaingagsfor queryby positive andnegative
examples A detailedtechnicaldescriptioncanbe foundin [11].

An MRML sener listenson a port for messageswhencon-
nectingtheMRML clientrequestshebasicsenerpropertiesThe
MRML messagéookslikethis:

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

Thesenertheninformstheclient of its capabilities:

<mrml> <server-properties>
<vi-collectionlist>
<vi-collection
name="WashingtonGroundtruth" />
</vi-collectionlist>
</server-properties></mrm|>

Usingsimilar simplemessagegheclient canrequest list of
the collectionsavailable on the sener, togethemwith descriptions
of the waysin which they canbe queried. The client canopena
sessioronthesener, andcon gure it accordingto the needsof its
user(interactve client) or its own needqe.g.benchmarkest).

A basicqueryconsistof alist ofimagesandtheircorrespond-
ing relevancelevels, assignedy the user In thefollowing exam-
ple, theuserhasmarked two images:1.jpg positive and2.jpg
negative. All imagesarereferredto by their URLSs.

<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. 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 sener will returnthe retrieval resultas a list of image
URLSs, orderedby their relevanceto thequery

Thekey to the successfuextensionof MRML is gracefulde-
gradation. This meansthat senersand clientswhich do not rec-
oghizean XML elementor attribute encounteredn an MRML
text shouldignoreits contentcompletely Extensionshouldthus
be designedso that all standardnformationremainsavailableto
the genericMRML user Theseprinciplesprovide guidelinesfor
independengxtensionsof MRML. To avoid con icts betweerdif-
fering extensionsof MRML, it is plannedto maintaina central
databasdor the registrationanddocumentatiorof MRML exten-
sions[12].

4. THE AUTOMATED BENCHMARK

This sectiondescribesn detail the techniquesusedin the auto-
matedbenchmarkaswell asit canbemodi ed to adaptit to other
systemsanddatabasegr to addextra performanceaneasures.
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Figurel: Structureof the automatedenchmark.

Figurel1 shaws the basicstructureof the benchmark MRML
senesasthecommunicatiordayer betweerthe evaluatedsystems
andthe benchmarksener. The image databaseand the perfor
mancemeasureareknown to all thesystemsTherelevancejudg-
ments however, shouldnot be known sincetheresponsesaneas-
ily beoptimizedwith thisknowledge.Initially, therelevancejudg-
mentswill alsobe madeavailable.

4.1. Performancemeasures

All the performancemeasureslescribedn [9] areused,in order
to increasehe expressve power of thebenchmarkThey are:

, and : rankatwhich rst relevantim-
ageis retrieved,averagedank, normalizedaveragerank of
relevantimages(seebelov andEqg. 1).

, and : precisionafter20, 50 and
imagesareretrieved. is the numberof relevantimages.
and . recall at precision.5 and after 100
imagesareretrieved.

precisiorirecall graph.

A simpleaveragerankis dif cult to interpretsinceit depends
on boththe collectionsize  andthe numberof relevantimages
for agivenquery Consequentlywe normalizeby — and

andproposethenormalizedaveiage rank

— E— 1)

where is therankatwhich the th relevantimageis retrieved.
This measurds for perfectperformanceand approaches as
performancevorsens For randomretrieval theresultis
Additionalmeasuresanbeaddedatary time. Ourexperience
so far shaws that thesemeasuresgspeciallythe precision/recall
graphsgive agoodoverview of the performancef a CBIRS.



4.2. Benchmarking Software

Thebenchmarks carriedoutby aPerlobject. Theonly parameters
that needto be setto run the benchmarkare the hostnameand
port of the queryengineto be evaluated.For a nev databasethe
location of the queryrelevancejudgments relevancegroupsand
relevantimagesmustbe set.

Figure 2 shaws the basiccommunicatiorwhen running the
benchmark.First, the sener to be evaluatedmustbe con gured.
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Figure2: Communicationo w for theautomatedenchmark.

Then, a queryis executedfor eachqueryimage. The returned
resultsareevaluatedon the basisof therelevancejudgments Pos-
itive andnegative relevancefeedback RF) canalsobe simulated,
basedon the relevancejudgments. Using the simulatedRF, an-
other seriesof queriesis executedand the resultsare evaluated.
This feedbackstepcanbe repeatedo re ne the query in orderto

evaluatethe effectivenesof RF for the evaluatedsystem.

4.2.1. Readinghebasedatafor theevaluation

Threeinter-relateddatasetsarerequiredfor systeminitialization:
thelist of imagedor the rst querystep,

thelist of relevancejudges(onefor eachpersonwho made
judgmentspr oneonly if thedatabasgroupingis used),

arelevancejudgment le for every image/releancejudge
combinationcontaininga list of all imagesregardedasrel-
evant.

Theseles arecurrentlyin plaintext, butit is plannedo useXML.

4.2.2. Geneation of relevancefeedbak

RF is generatedrom the relevancejudgment les the systemre-
sponse.We assumehatthe userwould mark all relevantimages
positively and all non-releant imagesnegatively. We also need
to assumehe numberof imagesthe userwould view. We choose
20 asatypical numberof imagesdisplayedoy a CBIRS. Thus,all
imagesfrom the rst 20 imagesof the systemresponseavhich are
in therelevantsetfor the queryimagearefed backpositively and
all thosenotin therelevantsetarefed backnegatively. See[8] for
furtherdetails.

4.2.3. Evaluation

We performan evaluationfor eachimage/relgancejudge combi-
nation.Fortheinitial imageandfor eachstepof RF, theresultsare
averagedywith theaim of obtainingrobustandmeaningfulresults.

4.3. Con guring the benchmark for other databases

It is very easyto con gure thebenchmarkor anew databaselt is
only necessaryo createthequeryimage le, therelevancejudges
le, and,for eachqueryimage/relgancejudgecombinationarel-
evanceudgmentle. Inthesimplesttasewhenthedatabaseés or-
ganizednto groupsoneimagefrom eachgroupis usedasaquery
therelevancejudgesle hasonly oneentry andthedatabaserga-

nizationis usedto constructherelevancejudgmentle.

5. EXAMPLE EVALUATION

In thissectiontheresultsof theautomatedbenchmarkwill begiven
basedon the databasef the University of Washington[1]. The
entiretestcanbe dovnloadedat [18]. Figure3 shaws four of the
queryimagesof thedatabase.
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Figure3: Sampleémagesfrom the Washingtortestdatabase.

Table 1 shaws the resultsfor the initial queryandfour steps
of RF for the Viper system. The benchmarkcon guration was
constructedrom the databaserganization(see 4.3). Theresults
shavn areaveragedover the 14 queryimages.Thereare911im-
agesin the databaseanda 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.
15 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

Tablel: Overview of theresultsfor Viper

Figure 4 shavs the averageprecision/recallgraphsfor the
queries. This is the performancemeasurewith the highestinfor-
mation content. The behaior of the systemwithout RF andthe
strongimprovementswith RF caneasilybe seen. The fourth RF
stepgivesonly a minor performanceain.

The performancemeasuresn Table 1 are meantto comple-
mentthe precision/recalgraph. For a user the precisionof the
imagesshavn on screenis mostimportant. We assumethat the
userlooks at 20 to 50 images,so the precisionat thesepointsis
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Figure4: Precision/recalyyraphswithoutandwith RF.

veryimportant.A signi cantimprovementn eachof the rst three
RF stepscanbeseen.

6. CONCLUSION

This papemresents fully automatedenchmarkor CBIR which
is completelybasedn freely availablecomponentsThegoalis to
standardiz¢heevaluationof CBIRSs,andthusto malke thequality
of retrieval resultscomparableTheperformanceneasureshosen
are similar to thoseusedin TREC, sincethis is the pre-eminent
existing evaluationforum in informationretrieval, andwe wish to
contrikuteto the establishmenof asimilar platformfor CBIR.

We hopethat othergroupswill male their imagecollections
andrelevancejudgmentsavailablesoit will really be possibleto
comparesystemperformancesairly andquantitatvely.

We want to encourageother researchgroupsto use MRML
asacommunicatiorprotocolby makingthe benchmarlavailable.
OurprogramViperis now calledGIFT (GNU ImageFindingTool)
andis availableundera GNU license[5].

Thereare still mary problemsto solve beforea TREC-like
benchmarkcan be performedin CBIR. For an objectve bench-
marktherelevancgjudgmentsaswell astheimagegroups should
not be known, as this leaves room for manipulation. Any sys-
temcangive a perfectresponsé the systermmknows whichimages
needto betransmittedto achieve a perfectscore.lt is alsoneces-
saryto have multiple real userjudgmentssinceonly with several
judgmentsperqueryimagecanwe shawv the ability of a systento
adaptto theusers'needs.
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