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Aslowcostdigitalcamerashavebecomeavailableand

Intemetandmultimediainfbrmationtechnologyarebeing

rapidlydeveloped,hugeamountsofnon-tex餌alphotographsin

electronicfTorm areavailable.ManuallyannotatingSOmany

digital images is tedious and prohibidvely expensive.

Automatic annotation using computers and image

understandingtechniquecanundoubtedlyreducecostandsave

labours, butitsannotationprecisionand鮎Xibilityareinferior

toma n ualannotation.Howtoimproveprecisionand鮎Xibility

ofautomaticannotationtomakeitapplicabletocommon

photoshasattractedourinterestsforalongtime.

In recentyears, avariety ofimageauto-annotation

systemshavebeenproposedduetothedevelopmentof

artificialintelligenceandstatisticalleam ln g th eory｡According

toprocessingObjectsoffeahreextractionandannotation,auto-

annotationmodelscanbeclassifiedintothreeclasses:1)

image-basedauto-annotation[1]thatregardsthewholeimage

asanindividualvisualpatternandusesvisuaHTeaturesofthe

wholeimagetoinfTeritssemanticcontents;2)blob-based

(region-based) auto-annotation l2,3] 血at takes the

homogeneousimageregionOrCOnneCtedhomogeneousimage

regionsWiththesamevisualattributesastheannotating Object

andextractsitsvisualfTeaturesfTorblobunderstanding;3)

salient -b a s ed auto-annotation [4]thatregai･ds the salient

regionsaSannotatingObjectsandextractstheirvisualfTeatures

fTorimageunderstanding.Amongthethreekindsofannotation

models,blob-basedauto-annotationreceivedmoreattention.

OneofitsfirstattemptswasreportedbyMorietal･[3],who

calculatedthec0-Occurrencebetweenannotationwordsand

imageregionsCreatedbyaregularg rid, andappliedthe

probabilitytopredictimagecontents･

Although researchinautomaticimageannotationhas

madegreateffortsinimprovingannotationprecisionand･speed

aswellasenlargingthescopeofannotationobj e c ts,aHeast

threeissuesneedtobegivenmoreattentionhencefTorth.

1) Recognizingsceneryobjectsbyimageanalysisiseasily

affectedby impersonalelements, such aslighting

conditions, aswellassubjectiveelements, suchas

photograp h ingangles.

2) Sofar,im agesegmentationstillremainstobefragile

anderror-proneandhasnotobtainedperfectresultsfTol･

thesimplereasonthatsegmentationitselfdependson

theoutputofinterpretationl5]｡

3) Differentpeoplemaygivedifferentlabelstothesame

sceneryobjectbecauseofthelingualdiversitiesand

cogn血ondifferences.

Inordertosolvetheseproblems,Wemakegreateffortsin

keywordsselection,fTea餌reextraction,andregionannOtation｡

WeproposetorepresenteachregionWithasetofcolorand

texturefTeaturesthatisinsensitivetosize,orientationandshape

ofthereg10n･Tomaketheannotationkeywordsacceptableto

mostpeople,aquestionnaireexperimentisperform e d , by

whichtheuncommonlyusedwordsareremoved｡Tolabeleach

regionexactlyandclearly,Weadoptthedirectedacyclicgraph

SVM (DAGSVM), whichhasgoodgeneralizationabilityand

cancompletemulti-classificationinshorttime.Toimprove

annotationprecision免且rthermore, Wedefineasetoflogical

rulesbasedontheimagecontextandspatialconstraintsanduse

themtoreviseimproperlabels.

Thepaperisorganizedasfbllows｡Section2introduces

the system framework and pre-processlng｡The multi-

ciassificationmethodbyDAGSVM isexplainedinSection3.

Methods氏)rcorrectingImproperannotationsareexplainedin

Section4.ExperimentsandresultsarediscussedinSection5.

Section6givestheconclusionand免血rework.
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2◎且Sys愈em蝕amewo洩

Oursystemisablob-basedauto-annotationsystem,which

consistsof4steps(asshowninFig.1).･1)Segment.･theinput

imageissegmentedintomultipleregionsSOthateachregion

correspondstoasingleobject.2)Featureextraction:extract

colorandtexturefeaturesfToreachregionSki11餌 ly ,sothatthey

caneffectivelydecreasetheinnuenceofinconsistentimage

scalesand variousphotographing angles.3)Annotation:

annotateeachsegmentedregionbythemulti-Classclassifier

mAGSVM aswellasthesupeⅣisedlearningmethod.4)

Correction:defineasetoflogicalrulesbasedontheimage

contextandspatialconstraintsandusethemtoreviseimproper

annotations.
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Fig.1Thebasicframeworkofimageauto-annotationsystem

2｡2Semam櫨ckeywoT戚sse且ee食畳om

Inthispaper, Wefわcusonannotatingnaturalscenery

images.ForreducingthelingualdiversitiesandcognltlOn

differences,asmallquestionnaireexperimentisperfわrmedto

helpusselectthesemantickeywords.4subjects(2maleand2

fTemale)withnormalcolorvisionandnormalorcorrected-to一

momalvisionattendedtheexperiment.Theywereaskedto

watch300carefullyselectednaturalsceneryImagesandname

eachobjectinthoseimages.Thoseimagesincludevarious

sceneryobjectsindifferentlightingconditionsphotographed

-from different angles.After deleted those rarely used

synonymies,wegroupthesekeywordsintotwohierarchies(as

showninTable1).Somewordsareverygeneralandareused

todescribealargerangeofsceneryobjects(e.g.stone), while

othersareonlyfitfわrdescribingaspecificobject(e.g.peb ble).

Table1.Semantickeywordsorganizedin2hierarchies

Generalkeywords Detailedkeywords
Water Sea,river,lake,waterfall,etc.

Stone Pebble, cobblestone, gravestone,

stonewall,reef,etc.
Soil Soil,sandysoil,sandbeach,desert,etc.

Mountain Hill,ice-mountain, Cliff,island,snow-
mountain,e上c.

Sky Clearsky,darksky,Skywithsun,skywith whiteclouds,sky with dark
clouds,skywithredclouds,etc.

Herbaceousplant Wintergrass,greengrass,crop,etc.

Woodyplant Bush,bigtree,smalltree,reed,weed,etc.

Flower Redflower,yellownower,creeper,etc.

Road Alley,aisle,lane,channel,pavement,
railway,etc.

Building Arena,temple,castle,brickbuilding,

woodbuilding,fence,sculpture,etc.

Vehicle Car,airplane,balloon,truck,ship,etc.

56

Animals Human,tiger,dolphin,elephant,horse,

2｡3瓦magesegmem忠誠om

Inoursystem, p lX e l-clusteringbasedspatiallyconstrained

mixturemodel[6]isad optedfTorimagesegmentation, which

consideredtheplXellocationinfわrmationandtriedtoassignthe

sameclusterlabeltospatiallyadjacentplXels･Inorderto

reducethesegmentationtime,Werestricttheorlglnaliteration

cyclesto20･Throughsomesimpletests,Wefわundthattomost

of scenery images, 20 runs engender little change to

segmentationresultscomparingtOthoseby50runs･The払lsely

segmentedreglOnSwillberevisedinthestepofannotation

correction.

2｡魂Vis岨a且Fea食Ⅶre監Ⅹ竜TaC食iom

Inordertorepresenteachregioneffectively,Weproposea

fTeaturecombinationscheme,whichdescribeseachregionWith

asetoffeaturevectorsthatconsistofcolorprobability

distribution[7]andGaborwavelettex血efTeaturesl8]･

1)Colorprobabilitydistribution

Colorfbatureneedstobede薫.nedinaselectedcolorspace.

Inthispaper,theCIEL*a*b*colorspaceisadoptedsinceitis

regard･edasthemostcompleteandperceptuallyunifTormcolor

spaceinthesensethatthedifferencesbetweenpointsPlottedin

thecolorspacecorrespondtovisualdifferencesbetweenthe

colors･ Color probability distribution can be uniquely

characterizedby thefirst, second andthird-ordel･Central

momentsofthecolordistributioninaregion.Thefirstmoment

calculatestheaveragecolorvaluesincolorchannelsL,a, b･

Thesecondandthethirdcentralmomentre爵ectthevariance

andtheskewnessofeachcolorchanneLSinceallcolorcentral

momentshavethesameunits,itiseasytorealizesimilarity

measurement.

2)GaborwavelettexturefTeatures

Gaborwavelettexturehasbeenprovedtobeaneffective

texturefTeature, whosebasicideaistoextractfTeaturesat

multiplescalesand orientationsusingtheGaborwavelet

decomposition.Inthispaper,themeanandstandarddeviation

ofthemagnitudeoftheGabortransR)rm coefTICientsinthree

scalesatfTourorientationsarecalculatedthatconstitute12

fTea餌revectors,eachofwhichhastwoelements.

Wecombineeachtexturefeaturevectorand9color

fTeaturesto氏)rm avisualfeaturevector.Totally12fTeature

vectorscanbeextractedtorepresentanim ag e , whereeach

vectorincludesllelements(2texturefeaturesand9color

fea血 re s ).Forthetrainingsam p le,allofthe12fTea餌revectors

arelistedastherefTerencestandard, whichre鮎ctthescenery

objectfromdifferentdirectionsandindifferencescales.Forthe

testim a g e,werandomlyselectonefTeaturevectortorepresenta

regionandcompareitwithstandardvectors.Suchkindof
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fTeaturerepresentationcaneffectivelydecreasetheinnuenceof

inconsistentimagescalesandvariousphotographingangles･To

eliminate the impactofinconsistentfTeatureranges, We

normalizeeachfTeaturecomponenttobeavariableofzero

meanand･unitvariancebyF-Ui一粒)/Gi,WhereuiandGiarethe

meanandstandarddeviationoffeabrej;overtheentireimage

database.

3Amm0忠誠 ⑬汲馳ySVM

A鮎rsegmentation,wehopetolabelthesegmented

regionsS-isl,S2,･･･,Siiwithasetofsemantickeywords(gl,

g2,...,giiasaccuratelyaspossible.Theannotationprocesscan

beviewedasakindofpatternclassification, wherelabeling

eachreg ionisequaltoclassifyingeachregionintooneofthe

predefine d semantic classes.In orderto obtain ahigh

recognltlOnPrecision,Su p erv ised machineleamlngmethodis

recommended, which constructstherelationship between

semanticconceptandvisualfTeaturesbylearningaSetOf

predefinedimageexamples｡

SVM isapopularandeffectiveclassifierthatadoptsthe

supervisedlearningmethodforpatternclassification･Basedon

theprincipleofstructuralriskminimization,SVMshavebetter

generalizationperfTomancethanothertraditionalclassifiers

(i.e.,neuralnetworks),andcanyieldhighrecognitionaccuracy

withsmalltrainingsetsl9].

However,SVMswereomglnallydesigned壬brtwo-class

problems･Tomakethemadaptabletorealapp licatio n s,three

kinds ofmulticlass classification techniqueshave been

proposed, namely one-against-all, one-against-One, and

directedacyclicgraph SVM (DAGSVM)[10]･Theone-

agalnSt-allapproachconstructsibinarySVM classifiers,each

ofwhichistrainedtoseparateoneclassfromtherest(L-1)

classes.HereListhetotalnumberofclasses.Theone-agalnSt-

onemethod trains i (L -1)/2 binary classifierswith each

classifierseparatingaPairOfclasses･

Inthispaper,weadopttheDAGSVM toclassify each

region , Whichneedslesstestingtimethantheone-against- O n e

SVM andhasbettergeneralizationabilitythantheone-againsト

allSVM.Inthetrainingph a se , DAGSVM buildsL(L-1)/2

binarySVMswitheachSVM separatingaPallOfclasses･In

thetestphase,arootedbinarydirectedacyclicgraphis

constructed,whichhasi( レ 1 )/2intemalnodesandLleaves(as

showninFig｡2).EachintemalnodeisabinarySVM that

distinguishestwoclasses･DAGSVM firstinitializesalistthat

includesallclasses.Then,amherootnode,thetestregion SilS

evaluatedagainstthedecisionnodethatco rrespondstothefirst

andthelastelementsofthelist.IfthenodeprefTersoneofthe

twoclasses,theotherclassiseliminatedfTromthelist,andthe

DAGSVMproceedstotestthefirstandthelastelementsofthe

new list.Suchevaluationproceedsuntilonlyoneelement

remainsinthelist･Theleafnodeindicatesthepredictedclass

thatthetestregionSibelongsto.
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Fig.2TheworkingnowofDAGSVMformulticlassclassification
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Becauseofmanysubjectiveandobjectiveぬ.ctors,suchas

segmentationerror, unusuallightingconditions, andsimilar

appearanceofdifiTerentsceneryobjects,recognlZlngIso一ated

regionsOnlywithcolorandtexturefeaturesiserror-prone,

althoughthesefeatureshavehighrepresentativeabilityandthe

classは.erhasbetterdifferentiabilityandgeneralizability.In

ordertoimprovetheannotationaccuracy,coexistence,relative

location,andcircularityareinvestigated.

Coexistenceisusedtojudgewhethertwoobjectscould

coexistinanimage.Forexample,Seaismoreo鮎nassociated

withsandbeach,sky,boat,orcliffandlessoftenwithobjects

liketigeranddesert.Relativelocationisusedtojudgewhether

theannotationofasegmentedregionisrationalaccordingtoits

relativelocationtootherobjects.Forexample,seaandskyare

easilymixedbecaⅥSetheysometimeshavesimilarcolorand

texturefTeatures.However,iftheupperpartofanimagewere

annotatedasseaandthelowerpartwereannotatedassky,ln

commonsenseweregardtheannotationsillogical.Region

circularityismainlyusedtoroughlyevaluatetheshapeofa

region.BycomparingtheregionShapeandlabel, wecanfind

someinaccurateannotations.Forexample,abrickbuilding

wouldbemisunderstoodassun,becausesometimestheyhave

similarcolorfeatures.Consideringthatsunisusuallyin

circularshape,whileabrickbuildinglSinquadrateshape,

circlllarityisagoodtoolofjudgment･

魂｡鼠Ⅹpe摘me弧食s

Ourimagesetconsistsof3000sceneryimagesSelected

from theCorelStockPhotoLibrary , whichinvolvevarious

contentsandthemes,suchasfields, waterfalls,sunrisesand

sunsets, coasts, anddeserts.Wemanuallycroppedasetof

slngle10bjectregionfrom 1000carefullyselectedimagesand

usethem asourtrainingSamples, whichinvolveatleast10

trainingSamplesfわreachfinesemanticclasseslistedinTable1｡

ThevisualfeaturesofalltrainingSamplesarecalculatedand

constitutethestandardfTeaturedatabase.Therest2000images

areusedtotestandevaluateoursystem･

慧L才



Every testimage is first segmented by spatially

constrainedmixturemodel.Thenumberofsegmentsmaybe

differentfTromimagetoimage.Wesetthenumberofsegments

asc-6initiallyanddecreasethenumberifaregionissmaller

than2.5%oftheimage'sarea.Thenalltestimagesarelabeled

withrough keywordsandfinekeywordsa鮎1-DAGSVM

classificationandlogicalcorrection.Twoannotationexamples

areshowninTable2.

Table2.Comparisonbetweenmanualannotationandauto-armotation

Ⅰmages Roughannotation Fineannotation

榊...J..A. 一m.茸謹告◆....崇1/..ヽA Mountain, Sky, Snowtl.eeS,gfaSS mountain,ClearskV,wintertrees,biB旦込
Mountain, sky, Snowmountaln,Sky
trees,human withwhiteclouds,

wintertrees,man

A Water,旦麺 ,sky Sea,stonewall,k k旦奴

PS:̀A'meansauto-annotation,̀M'meansmanualannotation

FromTable2,WefToundthatsometimesoursystemwould

con餌setreewithgrass,stonewithmountain,andsometimesit

regardsmountaincoveredwithtreesastreesonly｡Although

spatialrelationshipcanrevisesomeerl･ors,lotsoferrorscannot

bediscoveredyet.

We also use the retrievalprecision,calculated by

Pr-NC/Nr, to evaluate the annotation results, where Nc

representsthenumberofretrievedimagesthatcontainquery

keywordintheirannotation,N,isthenumberofretrieved

images.5rough keywords-water,sky,mountain,vehicle,soil;

and5finekeywords-sea,clear-sky,snow一mountain,bus,and

desertaretested.TheirprecisionsareshowninFig.3 .
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Fig･3Annotationprecisionofroughannotationandfineannotation

FromFig･3wefoundthat:1)DAGSVMcanobtainahigh

recognitionprecisionforsky,sea,mountain,andsoil,butalow

precisionfわrvehicle.Itseemsthatcolorandtexturefeatures

haveenoughrepresentativefわrthe危)rmerobjects,butless

representativeforthelatterobject.Althoughtheexactshape

featureisveryImportanttOVehiclerecognltlOn,COnStruCtlnga

unifわrm shapedescrlPtlOnfTorallkindsofvehiclesistoo

difTICulttorealize･2)Usually,annotationwithroughkeywords

canachieveahigherprecisionthanthatwithfinekeywords･

盟

Onepossiblereasonisthatfinesemanticclassesinarough

semanticclasshavemoresimilarities.
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AutomaticimageannotationhasbeeninvestlgatedfTor

manyyears･Inthispaper, weproposeanauto-annotation

systemthatconsistsof氏)urparts:keywordsselection,fTea血re

extraction, region annotation, and annotation com･ection.

Experim entsperfTormed on a smalltraining Setgotan

encouragingresult.Ourcurrentannotationobjectsarelimited

tooutdoorsceneryimagesselectedfrom acertainimage

database.Inthefu血e, wewouldfTocusonannotatmgbroad-

contentimagesandconsiderapplyingtheontologytechniqueto

organizethesemantickeywords｡
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