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ABSTRACT

We considerthe use of meta-dataand/or video-domainmethods
to detectsimilar videoson the web Meta-datais extractedfrom

the textual and hyperlinkinformationassociatedvith eat video

clip. In videodomain,we apply an efficient similarity detection
algorithm called videosignatue. Theideais to form a signatue

for ead clip by selectinga small numberof its framesthat are

mostsimilar to a setof randomseedimages. We thenapply a

statisticalpruning algorithmto allow fastdetectionon verylarge

databasesUsinga smallground-truthset,we achieve 90%recall

and95%precisionusingonly 8% of thetotal numberof opeiations
required without pruning For a databaseof around46,000video
clipscrawledfromtheweb,videosignatue techniquesignificantly
outperformameta-datan precisionandrecall. We showthat even
betterperformancecan be achieved by combiningthemtogether

Basedon our measuementsead videoclip in our databasehas,
onaverage, 1.53similar copies.

1. INTRODUCTION

The amountof information on the world wide web has grovn
enormouslysinceits creationin 1990. Sincethereis no cen-
tral managemendn the web, duplicationof contentis inevitable.
As reportedby ShivakumarandGarcia-Molinain 1998[4], about
46% of all thetext document®n thewebhave atleastone“near
duplicate”— documentwhich is identicalexceptfor low level de-
tails suchasformatting. The problemis more severe for videos
asthey are often mirroredin multiple locations,formatsand bi-
tratesto facilitate downloading and streaming. Multimedia au-
thoring tools also enableusersto slightly modify existing video
clips andto republishthemon theweh An efficient algorithmto
identify similar videoscanthereforebe beneficiatto mary webre-
trieval scenariosuchaspresentinginclutteredsearchresults,and
providing alternatvesin the caseof expiredlinks or network out-
ages.

In this paper we proposea numberof methodsfor detecting
similar videoson theweh We considertwo differentapproaches
basedn (a) meta-datasuchaswebaddresseanddescriptve text
associateavith eachvideoclip, and(b) featuresxtracteddirectly
from thevideoframes.Eventhoughour meta-datdbasedscheme
is simpleto implement,we shav that meta-dataaloneresultsin
ratherlow precision.Similarity detectionscheme$asedn visual
informationareusuallymorereliable,but they aretypically com-
plex anddifficult to apply to very large databasesA fastvideo
comparisoralgorithm, called videosignatue, wasfirst proposed
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in [2] to addresghis problem. This algorithmis particularlysuit-
ablefor large databasesyecauset supportsa statisticalpruning
schemevhich canreliably pruneoff a significantportionof signa-
ture comparisonsln this paper we characterizehe performance
of video signatureusingboth a smallground-truthsetanda large
databasef webvideos.We alsodemonstrat¢hatprecision/recall
performancecanbe furtherimproved by combiningvideo signa-
turewith meta-data.

This paperis organizedasfollows: meta-datandvideo sig-
naturesimilarity detectionschemesare introducedin Section2.
Compl«ity reductionbasedon statisticalpruningis describedn
Section3. Section4 includesperformancecharacterizatioron a
large videodatabaseandSection5 containsconclusion.

2. VIDEO SIMILARITY

2.1. Video similarity based on meta-data

We define similar videosto be thosewith almostidentical con-
tentbut possiblycompressedt differentqualities,reformattedo
differentsizesandframe-ratespr undegoneminor editingin ei-
ther spatialor temporaldomain. The moststraightforvard way to
find similar videoson the web is throughcommerciallyavailable
multimediasearchenginessuch as AltaVista and Scour These
searchenginesprimarily use meta-datao index, search,andre-
trieve video clips. To gainan understandingf achiezable meta-
dataperformancén detectingsimilarvideos wehaveimplemented
a simple meta-datamatchingscheme. Eachvideo clip is repre-
sentedby a setconsistingof all thedistincttermsfoundin the as-
sociatedneta-dataThemeta-datas derivedfrom thewebaddress
of the videoclip, the descriptve text associatedvith the address,
andpossibleauthor copyright andtitle information. We alsocon-
siderthe web addressand the title of the web-pagewhich links
to the clip aspartof its meta-data.All web addressearebroken
up into termsdelimitedby non-alpha-numericalharactersCom-
montermssuchas“http” and“www”, andtrailing numberof file-
nameswhich oftenindicatedifferentversionsof the samevideo,
areremoved to enhancamatching. The degreeof meta-similarity
is definedasthe ratio betweerthe size of the intersectiorandthe
unionof thetwo meta-datasets.This metricis commonlyusedin
detectingsimilar documentg4].

However, unlike documentsthere are two problemsin ap-
plying this methodto our meta-data. First, the numberof dis-
tinct termsfor eachvideois generallyvery small. Basedon our
databasef about46,000webvideoclips [2], we find that,on av-
erage eachvideohas9.8 distinctterms therebyreducingthereli-
ability of thismethod.Secondsincewebaddressearepartof the
meta-dataset,two video clips from the samephysicallocation,or
pointedby the sameweb-pagearelik ely to be declaredassimilar.



To mitigatethis effect, webaddressnformationis notusedin such
cases.

If we define“meta-similar”videoclips asthosepairswith de-
greeof meta-similaritylargerthan75%, thenabout50,0000pairs
in ourdatabaseanbeclassifiedasmeta-similar Usingmanuaiin-
spectione estimateheprecisionto be27+ 9%?! Thenumberof
pairsreducego around26,000whenwe consideronly thosepairs
which shareidentical meta-dataerms. The estimatedprecision,
however, staysroughly the sameat 33 + 9%. Thelow precision
is dueto the factthatmostof the meta-similarvideosare seman-
tically related,but visually different. Somemis-classifiedexam-
plesincludedifferentepisodeof the sametelevision program,or
movie clips featuringthe sameactor To identify similar videos
accordingo our definition, meta-datas thereforenot adequate.

Even though meta-datadoesnot seemto producefavorable
performancewe useit in conjunctionwith manualinspectionto
identify 195 visually similar video pairsout of a setof 212video
clips as part of a ground-truthsetfor controlledtesting. To in-
cludenon-similarvideosequencem theground-truthset,we also
randomlysampleour large databaséo arrive at a setof 377 dis-
tinct videoclips which have beenidentifiedasnon-similarthrough
manualinspection. Thus,our ground-truthsethasa total of 589
videoclips.

2.2. Video signature
We modela videoclip V' asa collectionof its individual frames

{v}. The similarity betweenvideo sequencess basedsolely on

the similarity betweerindividual frames.Let V' = {v} andW =

{w} denotetwo video sequencesAssumethatwe have a visual
featuredistancefunction d(v, w) betweenframesv andw. We
definevideo distanceD(V, W) asthe averagedistancebetween
the closestmatchedramesof thetwo videosequences
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wheregx (y) = arg ming ¢ x d(z,y) denoteghe framein video
clip X whichis visually closestto framey. |V'| and|W| denote
the sizeof setsV and W respectiely. In practice,it is computa-
tionally prohibitive to computeD becausets compleity is pro-
portionalto the productof the sizeof V andW. To reducethe
compleity, we introducea particularform of randomsampling
calledvideosignatue.

Let R = {s1,82,...,sm} beasetof M randomimages

which we call seedimages Definean M -tuple of framesVz 2
(Vsq,Vsq,. .., Vs,, ) Calledthe signatue of V' with respecto R,

wherevs, 2 arg min,ev d(v, s;) istheframein V' closesto seed
images;. To measurehedistancebetweertwo signatured’z and
Wr, wenow definethesignatue distancgunctionT; (Vr, Wr)
asfollows:

Tuig(Vr, Wr) 2 mediad{d(vs;, ws;),i =1... M} (1)
The medianoperatoris usedto remove outliers due to possible
samplingerror in choosingsimilar signatureframes. It canbe
shavnthatTs;, (Vr, Wr) is areasonablapproximatiorto D(V, W)
whenD(V, W) issmall[3]. Todeclarewo signatured’r andWg
assimilar, we would requireTs;, (Vr, Wr) < €, Wheree, thesig-
nature distancethreshold is determinedexperimentallyin sucha

1All the precisionnumbersin this paper except for thosefrom the
ground-truthsetwhich canbe computedprecisely are estimatedby first
randomlychoosingl00 video pairsfrom the target set,andviewing them
sideby sideto determineif they aresimilar The magin of erroris com-
putedbasedn a 95%confidencdevel.

1 20
x
207
C 08 Q.
kel gosf —13 seeds
i) Q
& os ;05 -+ 9 seeds
[ — 13 seeds % 04f  ceeee 5 seeds
(0]
904 -~ 9seeds T03 - 3seeds
§ ~~~~~ 5 seeds oz 1 seed
Z° -~ 3seeds 3
1 seed g™ -
0 < 0 —

0 0.2

o

0.4 0.6 0.8 0.2 - 0.;1 0 0.8
Average recall Average recall

@) (b)
Fig. 1. (a) Average precisionversusrecall for differentnumberof
seeds|b) Average relativecompleity versusrecall plot for differ-
entnumberof seeds.

way asto balanceprecisionversusrecall. The advantageof using
thesignaturalistancejnsteadf theoriginal videodistancejs that
computingT’;4 requiresonly O(M ) operations.

In our experimentswe usea quadrant-baseHSV color his-
togramasour featureto represeneachindividual frame,both for
the purposeof forming signaturesandfor computingT;,. Each
guadrantolor histogramhas178binswith 18 binsfor hue,3 for
saturation 3 for value, plus 16 puregray levels. Thus, eachsig-
natureframeis representethy a 712-dimensionavector A mod-
ified [;-metric betweentwo histogramss usedasdistance: ary
dominantcolor occupying morethan50% in both histogramss
removed, andthe restof the bins arerenormalizedbeforethe ;-
metricis computed.

Figurel(a)shaws precisionversusrecallfor differentnumber
of seeds,M, on the ground-truthset. Eachpoint on eachcurve
representshe averageof four independentuns, eachwith a dif-
ferentsetof seedmagesfor a particularvalueof e. As shavnin
Figure 1(a), both precisionandrecall improve when more seeds
are used,asthe samplingerrorin choosingthe signatureframes
decreasesThe improvement,howvever, becomesggligible when
morethannineseedsareused.Thisimpliesthatthesamplingerror
introducedby video signatureis mostly eliminatedwhennine or
moreseedsareused.

3. COMPLEXITY REDUCTION

A major stepin finding the signaturedistance T;,, betweentwo
video signatureis to computeall the framedistancesd(vs; , ws; )
betweersignatureramesv,; andw,; for1 <4 < M. Thecom-
plexity of the frame distancecomputationis proportionalto the
dimensiorof thefeaturevector whichis usuallyquitehighin mul-
timediaretrieval applicationsand712in our particularcase.lt is
crucialto reducethecompleity of suchanoperationasit needgo
be donefor every seedandfor every pair of videoin thedatabase.
We have recentlyproposeda statisticalpruning procedureto re-
ducethis compleity [2]. This pruningschemes a variationof a
classof high-dimensionaindexing techniquesknown asthe Tri-
anglelnequalitybasedruningalgorithmg[1]. Thebasicideais to
avoid computingthecomple T’;4 for somesignaturepairs,based
ontheresultsof amuchsimplerto computeseeddistancedefined
belaw:

Tacea(Vi, Wr) 2 mediar{|d(vs;, si)—d(ws,, si)|,i =1... M}
Bothd(vs,, s;) andd(ws,, s;) arealreadycomputedn the signa-
turegeneratiomprocessTheratio of thecomputationatomplexity
Of Tseeq to thatof T4 isroughly1:712. Thereasoris thatfor ev-
eryseedTs;, requirescomputatiorof thel; -metricbetweera pair
of 712-dimensionavectors,while Ts..q4 Only needsa singlesub-
traction. Our statisticalpruningapproachs to first computeTseeq



for every possiblepair of signaturesn thedatabaseandthencom-
puteT;, only for thosepairswith Teeq < €. € is calledtheseed
distancethresholdand is determinedexperimentally Thus, sta-
tistical pruningchangeshe compleity from O(712M N?) when
every T4 is computedto O(MN2 + 712pMN2), wherep is

the portion of the signaturepairsremainedafterpruningandN is

thetotal numberof videosin the databas¢2]. Sincewe areinter-

estedn reducingcompleity, we considertherelative complexity,

Chprune, definedasfollows:

Corune 2 O(MN? + 712pMN?)/O(T12MN?)
(14 712p)/712 )

As we decrease;, Cprune Will decreasesince more signature
pairsare prunedaway. However, if too mary signaturepairsare
pruned,recall will be loweredas sometruly similar videosare
eliminated. Figure 1(b) shavs Cprune asa function of recall on
theground-truthsetfor differentvaluesof M. Eachpointon each
cune representghe averageof four independentuns resulting
from four differentsetsof seedimages,for a particularvalue of
€s. Figure1(b) clearly demonstratethe trade-of betweerrecall
andcompleity. For example,for M = 9, Cprune changesrom
56% to 8% asrecall variesfrom 100%to 95%. For ary given
recall value, Cprune decreasess M increasesuntil M reaches
nine. In Section2.2, nine seedswere alsoshavn to be adequate
in termsof precision/recalperformanceon the ground-truthset.
Thus,a nine-seedignaturewill beusedfor all the experimentsn
theremaindeiof this paper

4. EXPERIMENTAL RESULTS

In orderto examinethe performancef the proposedrideo signa-
ture algorithmon a web databasewe have collected45,899web
video clips for experimentatior2]. We generatea nine-seedsig-

naturefor every videoclip in our databaseSincethe composition
of this large web databaseés likely to be quite differentfrom the
ground-truthset,we will characterizgperformancdor a rangeof

e andes. ldeally, Ty;g andTieeq Shouldbe computedfor every
possiblepair of videosin the databaseThis will resultin (*3§%°),

or morethanone billion distancecomputationsrequiring a sig-
nificantamountof computationatesourcesBasedon the results
in Section3, we obsenre that none of the similar videosin the
ground-truthsethave T .4 largerthan0.4. In orderto complete
the characterizatioon the large databasén a reasonabl@mount
of time, we initially setes to be 0.4. It will be shavn in Section
4.2 that this initial stepof pruning doesnot adwerselyaffect the
accurayg of our measurements.

Q

4.1. Retrieval Performance

Sincethe ground-truthis not availablefor our largewebdatabase,
we measurerecisionfor differentvaluesof e usingthefollowing
procedure First, we computeTs..q for all pairsin our database,
andpruneaway thosepairsnot satisfyingTsc.q < 0.4. We then
identify, amongall theremainingsignaturepairs,thosewith Ts;q <
e. Assumethatthereare S pairsof videosin this set. We then
randomlyexaminel00pairsout of this set,anddeterminethe por
tion of videoswhich aresubjectvely similar. Thiswill give usan
estimateof precision, P, for a given value of e. The numberof
subjectvely similar videosin this set, R, canthenbe estimated
asthe productof S by P. Therecallvaluefor agivene is R/G
where( is the total numberof subjectvely similar videosin our
databaseSinced is not known, we cannotestimatethe value of
recall. NonethelessasG doesnot dependon e, therecall perfor
mancefor differentvaluesof e canbe characterizetby comparing
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Fig. 2. (a) Estimatedorecisionversusestimatechumberof subjec-

tively similar videosfor threedifferentschemes meta-datayideo

sighatue, and combined;(b) Histogram of the numberof videos

asa functionof the numberof their similar copiesusinge = 1.9.

theircorresponding@stimatedR values.Thus,we cancharacterize
the precision/recalperformancesf differentschemedy consid-
eringtheir correspondingstimatedraluesof P andR.

Figure 2(a) shavs the estimatedprecision P againstR for
threedifferentschemesy(a) meta-datealoneasdescribedn Sec-
tion 2.1; (b) nine-seediideo signaturewith eachdatapoint corre-
spondingo adifferentvalueof ¢, and(c) nine-seedideosignature
andmeta-dataogether— the samesetof € as(b) is used,with an
additionalconstrainthatonly thosepairswhich shareat leastone
meta-dataerm are consideredo be similar. The mawginal error
for all precisionmeasuremenis lessthan5%. As seenyideosig-
naturetechniquesignificantly outperformsmeta-dataalone. For
R = 10,000,the precisionjumpsfrom around30% for meta-data
to 98%for videosignature In spiteof this, meta-dataanbeused
in conjunctionwith video signatureto furtherimprove its preci-
sion/recallperformanceasshavn in Figure2.

The“signature”curwve in Figure2(a) shawvs thatthe precision
dropsfrom 98%to 43% ase increasegrom 0.5to 3.3. Subjec-
tive evaluationrevealsthat, the dropin precisionis causedy er
roneouslyclassifiedpairswhich aremostly black-and-whitevideo
clips,or animatedyraphicsof simplecoloredlinesor surfacesused
in mathematicaplots. Thesetypesof videostendto producevery
similar color histogramsasthey differ mainly in spatialconfigu-
rationratherthanin color distribution. Assumingthatthesetypes
of videosmust have at least90% of their color bins empty we
find that around21% of our databasés occupiedwith videosof
thesetypes. We arecurrentlyinvestigatingthe useof othervisual
featurego handlesuchvideos.

In our subjectve evaluationsof video signature,R remains
35,000pairseven whenwe increases beyond 3.3. This canbe
attributedto the factthateventhoughS increasesse increases,
lower precisionvaluesresultin amoreor lessconstantS - P = R.
This suggestshatthe numberof subjectvely similar videoswith
signaturadistancesargerthan3.3is negligible. Thus,we postulate
thatthenumberof subjectvely similarvideospairsin thedatabase
is around35,000.Sinceour databaséas45,899videoclips, each
videoclip has,onaverage 35000 x 2/45899 =~ 1.53.? In spiteof
the small average we notice thatindividual video clips canhave
a much larger numberof similar copies. Figure 2(b) shavs the
histogramof the numberof videos,expressedn commonloga-
rithm, asa function of the numberof their detectedsimilar copies
for e = 1.9. This value of € is usedbecausef its high preci-
sionat93%,asshawvn in Figure2(a). Eventhoughthe majority of

2This numberis significantlysmallerthanour previous estimateof five
in [2] becausemorethan53,000pairs of similar surweillancevideos,all
from thesameweb-site areremovedfrom our measurements avoid bias.



the videoshave few similar copies,Figure 2(b) shavs that some
videoshave ashigh as67 similar copies. Manualinspectionre-

vealsthat all the videoswith 67 copiesareidentical,and consist
of afew frameswith amessagéndicatingthattheactualvideore-

guesteds not availablefrom thevideo sener. We alsofind some
popularwebvideoclipsamongthosewith largenumberof similar
copies: “Dancing Baby” shavs an animationof a babydancing,
which was madefamousby the television shav “Ally McBeal”;

“Bad dayin office” shaws a frustratedmanbreakinga computer
and“Miss America”is atalking-headsequenceommonlyusedin

thevideocompressioommunity

4.2. Complexity reduction measurements

In this section,we measurethe performanceof statisticalprun-
ing on the large web database.Sincewe do not have the actual
recall values,we cannotdirectly computecompleity reduction
asa function of recall asin Section3. Instead,we will consider
theimpactof statisticalpruningon “e-similar” signaturepairs,i.e.

signaturepairswith Ts;, < e. We denotethe total numberof “e-

similar” signaturepairsin the databasas L(¢). Whenstatistical
pruningis applied,“e-similar” signaturepairs with Tseeq > €5

will beerroneouslyeliminated.Let Ly, ne(€, €5) denotetheratio
of thenumberof sucherroneouslyeliminatedpairsto L(e). Thus,
to characterizéhe performanceof statisticalpruningfor different
valuesof e, we will shav the trade-of betweencompleity re-
ductionandLyrune (€, €s).

The compleity reductionis measuredy Cprune(es) asde-
finedin Equation2. In thisexperimentp from Equation2 is calcu-
latedby dividing thenumberof signaturepairswith Tseeq < €5 by
thetotal numberof signaturepairs,i.e. (*3$°°). Figure3(a)shavs
Cprune asafunctionof ¢, for thewebdatabaséor 0 < e; < 0.4.
Thecompleity ates; = 0.4 is 19% of the total computationge-
quiredto performTs;, for all possiblepairs,i.e. without pruning.

To computeLyrune (€, € ), we needto know boththe number
of “e-similar” signaturepairserroneouslyrunedate; andthetotal
numberof “e-similar” signaturepairs, L(e). The former number
is simply the differencebetweenL(e) andthe numberof simi-
lar signaturepairsremainedafter pruning,which canbe measured
precisely Unfortunately L(e) is not known becausef statistical
pruning. Nonethelesswe will shav that, for the rangeof ¢ val-
uesconsideredn Section4.1,it is reasonabléo estimateL(e) by
extrapolation. Figure 3(b) shavs the measuredistogramsof the
“e-similar” signaturepairsasafunctionof ¢, for e = 2.3,2.9and
3.3. Thehistogramdor ¢ = 2.3and2.9 bothtaperto zerobefore
Tseeq reache®.4. Thus,it is reasonabléo assumehatL(2.3) and
L(2.9) canbewell approximatedy summingupall thefrequeng
valuesunderneathheir respectre histogramsAs for ¢ = 3.3, we
extrapolatethetail of thehistogramusingathird-orderpolynomial
asshavn in Figure3(b). L(3.3) canthenbeestimatedy summing
upthemeasureéndextrapolatechistogramvalues.Thisresultsin
anestimateof around233,000pairs,in whichonly 2% comesrom
the extrapolatedportion. With anestimateof L(¢) for eachvalue
of €, Lyrune (€, €s) canbecomputedn astraightforvardway.

Figure3(c) shows Cpryne(€s) asafunction of Ly, yne (€, €s)
for e = 2.3,2.9and 3.3. Every point on eachcurwe is computed
by measuringCprune @andLy,une for aparticularvalueof ¢,. All
threecurves shawv a rapid dropin Cprune if @ certainamountof
inaccuray canbe tolerated. For example,for ¢ = 2.3, Cprune
dropsfrom 18%to 2% if oneallows up to 5% of all similar sig-
naturepairsto be prunedoff. Anotherobsenationis thatfor the
sameaccurag level, a smallere cantranslateo muchlargersas-
ingsin compleity. For example,if we consideithecasewhen5%
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Fig. 3. (a) Relativelycompleity versusseeddistancethreshold;
(b) Histogramsof similar signatue pairs versusseedlistanceand
(c) relativecompleity versuspercentaye of similar signatue pairs
prunedfor ¢ = 2.3,2.9and3.3.

of similar signaturepairsarepruned,e = 2.3,2.9and3.3resultin
Cprune Valuesof 2%, 6% and 11% respectiely. Sinceprecision
is rathersensitve to the choiceof € asshavn in Figure2(a), for
applicationghatdemandhigh precision,it is beneficialto choose
€ appropriatelyto reducecompleity.

5. CONCLUSIONS

In this paper we consideredwo methodsfor detectingsimilar
videoson the web — meta-dataand video signature. Meta-data
schemeis basedon matchingthe textual and hyperlink informa-
tion associatedvith eachvideo clip. Video signatureextractsa
small setof signatureframesfrom eachvideo clip for similarity
detection.Thecompleity of crosscomparingvideosignaturecan
be largely reducedby usinga statisticalpruningtechnique.Nine
sighaturdramesaresuficient to achieve 90%recalland95%pre-
cisiononasmallground-truthsetusing8% of thetotal numberof
operationgequiredfor full crosscomparisonsWhentestedon a
large databasef around46,000video clips, video signaturesig-
nificantly outperformameta-datan termsof precisionandrecall.
Slightly betterperformancecanbe achiered by combiningvideo
sighaturewith meta-dataThe experimentakesultsalsoshawv that
statisticalpruning can offer substantiacomputationalavings if
the applicationcantoleratea small degradationin recall. Using
video signature,we estimateeachvideo clip in our databasdo
have, on average,1.53similar copies.
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