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概要  

Thispaperpresentsasemi－autOmaticalgorithm  

forvideoobjectextraction．inwhichasemanticob－  

JeCtOfinterestisde丘nedinadvanCeinakeyh・ame  

PrOVided by human・For ordinaryvideo frames．  

thespecifiedvideoobjectistrackedandsegmented  

automatical1yusingLearningVectorQuantization  

（LVQ）．This paperalso presents a technique for  

improvlngeXtraCtionperformanceoftheproposed  

algorithm and reducing computation time．Ex－  

perimentalevaluationuslngMPEG standard七est  

Videosequencesdemonstratesthattheproposedal－  

gorithmisabletoextractthevideoobjec七withlow   

errOr．  

1．Introduction  

Today，multimediausers arenolonger sati5fied  

tobejustpassiveobserversofvisualpresentation．  

They want mOre eXPeriences byinterac七ingwith  

the content ofmultimedia datathey areviewlng．  

Thevideostandardsde丘nedbyMPEG－4andMPEG－  

7provide standardized technology for represent～  

1ng and man1pulating videodata，tO address this  

needl）．MPEG－40ffersobject－basedrepresenta－  

tionandcompressionofvideo，thus enablingvar－  

iouscontent－basedfunctionalitiesfornewtypesof  

COntent－basedapplications，WhileMPEG－7provides  

uswithastructuredmeta－datadescriptionforse－  

mantical1yrichmediacontent．alongwithsupport  

for multimedia databaseindexing．ObjectNbased  

Video processinglS required tofu11y make use of  

theseadvanCedfunctionalities．Furthermore，Object－  

basedtechnologylSalsoimportantforcomputervi－  
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Sionapplicationsincludinggestureunderstanding、  

image recognition・augmented reality．etc．How－  

ever．extracting the shapeinformation ofseman－  

ticobjectsfromvideosequencesisaverydifBcult  

task・Since thisinfbrmationis not explicitly pro－  

videdwithinthe video data．  

Many video object extraction algorithms have 

beenproposedovertheyearstoovercomethisdi凪－  

Cultv．Thesealgorithmsaregeneral1yclassifiedinto  

twotypesi・e・・autOmaticexlraction（e・g‥2））and  

semi－autOm。ticextraclion（e．g．．3，4））．Automatic  

Objectextractionisusuallybasedonspecialcharac－  

teristicsofthesceneoronspecificknowledge（i．e．．a  

prioriinformation）suchascolors・teXtureSandmo－  

tions．However．itisverydi氏culttoautomatical1y  

extractasemanticallymeaningfulobject．sincethe  

Objectmayhavemultiplecolors．texturesandmo－  

ti。nS5）．Asasatrad。－。仔betweena。t。maticseg－  

mentation and manualsegmentation，manySemi－  

automaticobjectextractionmethodsthatincorpo－  

rateinteractionofuserhavebeenproposed・   

Ouralgorithm forvideo object extraction be－  

longs to semi－autOmatic approach and applicable  

forgenericvideosequences6｝7，8†9）10）・Thetrack  

mechanismisbasedonLVQ（LearningVectorQuan－  

tization）11）．whichprovidesoptimalclassdecision  

for distinguishing between the object ofinterest  

andthebackground．WeuseLVQcodebookvectors  

tomaintaintheclassofeachreg10nfortrackingthe  

semanticobject．Eachpixelofavideoh・ameisrep－  

resentedbya5－dimensional（5－D）featurevectorin－  

tegratingspatialandcolorfeatures・Spatialfea七ure  

refers to pⅨelpositionin2－D coordinates．while  

color feature is represented by YUV color space 

components，Wechoosethiscombinationofcolor  

andspatialfeaturesbecausetheyaregenericlow－  

1evelfeaturesthat areeasilyapplicableto awide  

－－－－－一一一一－－－一一－－－一一－－－－－・■ト  
Result  

．二．・ロ  
Fig．1Illustrationofthepracticalapplicationof  

PrOPOSedalgorithm uslng keyframe provided by  

human．  

rangeOfvideosequences．  

Inthispaper，Wealsopresentthattheextraction  

Perfbrmanceoftheproposedalgorithmisimproved  

by trackingthe semantic object uslngOnly code－  

bookvectorsde丘ned aroundtheobject．Byselec，  

tivelyuslngCOdebookvectors，Weareabletoreduce  

COmPutationtime．Experimentalevaluationuslng  

MPEGstandardtestvideosequencesdemonstrates  

slgniBcantextractionperformanceoftheimproved  

algorithmcomparedwi七hourpreviousone・  

2．LVQ－BasedVideoObjectEx－  

traction System  

Thissection describes avideo object ex七raction  

algorithmusingLearningVectorQuantization（i〃Q）・  

OurapproachrequlreSa“key”frameinwhichthe  

semanticobjectofinterestismanual1yde丘nedby  

theuser．Inthekeyframe．eachpixelisrepresented  

bya5－Dfeaturevectorwithaspecificclasslabel  

（object orbackground）・LVQisusedto approx－  

imate七heobject boundary，WheretheLVQ code－  

bookvectorsaretrainedbythe5－Dfeaturevectors  
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Fig．3 Codebookvectorinitialization：（a）code－  

bookvectors usedin theprevious algorithm，（b）  

codebookvectorsusedintheproposedalgorithm．  

ingdataforsupervisedlearningtoupdatetheLVQ  

codebook vectors for segmenting the next frame．  

hencepropagatingthesemanticinformation．This  

processisrepeateduntilthelastframe．   

Inordertoreducecomputationtime．ins七eadof  

uslngal1the pⅨels ofthevideo frame・WePreVi－  

OuSlyemployedarectangularwindowthatencloses  

theobjectofi。tereStbyasmallmargin6）．How－  

ever，theobjectplXelissometimesmisclassi丘edas  

lbackground，Sincetheobjectofinterestcannotbe  

represented as a rectangularwindow・Inthis pa－  

Per．WeuSe areglOnfittingthe object ofinterest  

asshowninFig・3・WherethereglOnhas asmal1  

margln・ThisreglOnisgeneratedfromtheextrac－  

tionresult ofthepreviousframewhichisapplied  

themorphological丘1ter（dilation）tohaveamar－  

gln．Wecanreducethenumberofcodebookvec－  

tors．reducethecomputationtimeandimprovethe  

extractionperformanceofthealgorithm．   

Describedbeloware七hes七epsofthe且owchartin  

Fig．2．  

A．Manuallydefinetheobject ofinterest   

Fig・2 Flowchartoftheproposedsystem．  

Ofthekeyframe．Inthenextframe，theLVQcode－  

bookvectorsareusedtoclassifytheplXelsintoob－  

jec七class orbackgroundclassinordertoidentify  

theobjectofinterestthuspropagatingthesemantic  

information．Thecla5Sificdpixelsarethenusedto  

updatetheLVQcodebookvectorsforsegmenting  

Subsequentframes．Thisprocessis repeateduntil  

theendofthevideosequence．   

ThesystemflowchartisshowninFig・2・The  

LVQcodebookvectorsaretrainedinthekeyframe  

to approximatethe object shape．For the subse－  

quentframes，the objec七is segmented automati－  

Cal1y・Foreachframe．theLVQ codebookvectors  

Obtainedinitspreviousframeareusedtoclassify  

thepIXelsofthecurren七丘ameintoobjectorback－  

ground・Theclassifiedpixelsarethenusedastrain－  

The semantic objectis manual1y definedwith  

user assistancein a particular key frame．Each  

PlXelofthekeyframeismanual1yclassifiedasei－  

therこ－object”or”background’■．Thismanualseg－  

mentationprovidestheinitialtrainlngdataforthe  
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LVQcodebookvectorsinStepD．  

B．NormaHze fbature vectors  

EaChpixelofthekeyframeisrepresentedbya  

5－Dfeaturevectorx＝Li5，亘LKi），Kh，Ki）），Where  

pixelcoordinates（p，q）andYUVcolorcomponents  

（y・u．V）areintegrated七ogethertoformasinglefea－  

turevectorafternormalizationprocesstoprevent  

dominationbyanyOnefeature6）．TheparameL  

terKisusedtoadjustthebalancebetweenplXel  

COOrdinatesandYUVcolorcomponents・  

C．InitializeLVQ codebookvectors  

Color similarities between the background and  

theobject maysometimesresultinsegmentation  

noiseinthe form ofsmall，SCattered disjoint re－  

glOnS・Thisis because the projection of a5－D  

Ⅵ〕rOnOireglOn OntO2－Dimage planeis not nec－  

essarilycontinuous．Toreducethisnoise，Weintro－  

duceapost－PrOCeSSlngStepuSlngmedianfiltcrlng  

forremovlngthe smal1reglOnS．Thus．weobtain  

the segmented object. 

Ⅰ．Endoftemporalsegmen七？   

Thealgorithmterminatesiftheendofthetem－  

POralsegmen七isreached．Otherwise，thesegmenT  

tationresultofStepGisusedtoupdatetheLVQ  

COdebookvectorsforclassifyingthenextframe（re－  

peath・OmStePSDtoH）・  

Initializationofcodebookvectorsisdonebyran－  

domly chooslng N pixels丘・Om the keyframe as  

codebook vectors，Each codebook vectoris as－   

SlgnedthemaJOrityclasslabelofpixelswithinits  

VoronoireglOn・  

D．TrainINQ codebookvectors   3．ExperimentsandDiscussion   

Inourexperiments．weevaluateourproposedal－  

gorithmusingthefollowlngMPEGstandardtest  

Video sequences：Claire．Horse Ridin9and7bble  

乃mnis．Theobjec七Ofinteres七ismanual1yde且ned  

inthe丘rsl，frame、andthentheproposedalgorithm  

isusedtoautomatical1yextracttheobjectofinter－  

est，The number ofcodebookvectors depends on  

thesizeoftheobjecttobeextracted・   

TheextractionaccuracylSeValuatedbycompar－  

1ngtheextractionresultofourproposedalgorithm  

withthatofmanualsegmenta七ion（groundtruth）・  

Wemanual1yextractedal1framesofeachvideose－  

quencethatwasusedinourexperiments・Theex－  

tractionerrorforeachh・ameisglVenbythefollow－   

ingformula＝  

TtainlngOfcodebookvectorsisperformedtolearn  

theshapeOfthesegmentedobject，Thecodebook  

v。。t。rSaretrain。d。SingOLVQlalgorithmll，6）  

Weuse20．000totaltrainingsteps and七heinitial  

1earningra七ecki（0）isO・4foral1codebookvectors   

mト   

E．Get the next frame  

ThenextframeinthetemporalsegmentisIoaded．  

F．Normalize feature vectors  

Thefeaturevectorsoftheloadedvideoframeare   

normalized．   

G．Pixel－WiseclassificationbyVQ   

PixelTWise classification ofthevideoframeinto   

Object class or background classis done to cre－  

atethesegmentationresult・TheVQ－basedclas－  

sificationiscarriedoutuslngthecodebookvectors  

trainedinthepreviousframe．Eachpixelislabeled  

objectorbackgrounddependingontheclassofits  

nearest codebook vector．   

H．Removalofsegmentationnoise  

MO＋AB  
×100％  （1）  errOr ＝  

OB  

where MO（Missing Object）is number ofpixels  

ofrrlisclassifiedobjectasbackground．AB（Added  
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Fig．6 FrameTby－frameerrorrateforHorseRid－  

m9SequenCe・  

Figures4．5and6showtheframe－by－frameerror  

rate for each sequence．The proposed algorithm  

exhibitslowererrorratethanthat oftheprevious  

algorithm，Tablelshowsthe meanerror rate of  

all七heframesforeachvideosequence．Figures7，8  

and9showsomeimagesofextractedvideoobject  

alongwiththeorlglnalimages．   

Table2shows七he averagenumberofcodebook  

VeCtOrSforpreviousalgorithmandtheproposedalT  

gorithm．Thenumberofcodebookvectorsusedin  

the proposedalgorithmis muchless thanthat of  

thepreviousalgorithm．Table3showsthecompu－  

tationtimeofthepreviousalgorithmandthepro－  

POSedalgorithm．Inthecasesof ClaireandHorse  

Riding．the computationtimeoftheproposedalL  

gorithmis much faster thanthat ofthe previous  

algorithm．   

Asisobservedintheaboveexperiments．thepro－  

POSedalgorithmisusefu1forextractingthevideo  

Objectcomparedwiththepreviousalgorithm．  

Fig．4 Frame－by－frameerrorratefor Claireseq  

quenCe・  
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Fig．5 Frame－by－frameerrorratefor7bble了七乃nis  

SequenCe・  

Background）is number ofpixels ofmisclassiBed  

backgroundasobject．andOBisgroundtruthob－  

ject，s12）・Theextractionqualityisdirectlydepen－  

dentonthevalueoftheparam。t。rK6）．Inthis  

PaPer，WeemPloythebestvalueofK determined  

emplrically・Asforthepreviousalgorithm．K＝3．7  

forCJαかe、∬＝3・6for月■0γ5e月豆d豆乃g、and〟＝0．7  

払rTbble Tbnnis・reSPeCtively．Asfortheproposed  

algorithm．〟＝3．2for CZα盲re，∬＝2．7forガ0γ5e  

Ridin9，andK＝1・2for7bble7bmis．respectively．  
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Fig・7 0bjectextractionresultsfor Clairesequence‥（a）originalimages，（b）extractionresultsofthe  

previousalgorithmand（c）extractionresultsoftheproposedalgorithm．  

T＝145  T＝206  T＝268  T＝329  

［竺］「「  

Fig・8 0bjectextractionresultsfor Tbble乃乃nissequence：（a）originalimages．（b）extractionresultsof  

thepreviousalgorithmand（c）extractionresultsoftheproposedalgorithm．  
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円  
Fig．9 0bjectextractionresultsforHorseRidin9SequenCe：（a）originalimages・（b）extractionresultsof  

thepreviousalgorithmand（c）extractionresultsoftheproposedalgorithm・  

Table3 Computationtime・  Tablel Performance evaluation for video se－   

quenCeS・  Sequence  PreviousAlgorithm  ProposedAlgorithm  
tsecノframe］   ［secノ什ame】   

C友正作   5．49   2．76   

mb～e Te71m由   1．94   1．88   

ガ0γ5e動dれg   4．10   1．54   

Sequence  PreviousAlgorithm  ProposedAlgorithm  
MeanError〔％］   Me乱nError【％］   

CJ血豆re   0．60   0．61   

払わge T’eγ1れ由   32．60   7．81   

ガ0γ5e月iding   3．12   2．53   

Selectingthecodebookvectorsaroundtheobjectof  

interest．Wehavedemonstratedthattheproposed  

algorithm canarChive consistent extrac七ionofan  

ObjectofinterestL  

Table2 Averagenumberofcodebookvectors・  

Sequence  Previous  Proposed  ReductionRate  

Algori七hm  Algorithm   【％］   

Cヱαか・e   1450   578   40   

7bわヱe 71（≡m凡慮5  332   120   36   

ガロγ5e属官dれg  952   290   30   
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