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ABSTRACT

We considerthe useof meta-dataand/or video-domainmethods
to detectsimilar videoson the web. Meta-datais extractedfrom
the textual andhyperlinkinformationassociatedwith each video
clip. In videodomain,we apply an efficient similarity detection
algorithmcalledvideosignature. Theidea is to form a signature
for each clip by selectinga small numberof its framesthat are
mostsimilar to a set of randomseedimages. We then apply a
statisticalpruningalgorithmto allow fastdetectionon very large
databases.Usinga smallground-truthset,weachieve90%recall
and95%precisionusingonly8%of thetotal numberof operations
requiredwithoutpruning. For a databaseof around46,000video
clipscrawledfromtheweb,videosignaturetechniquesignificantly
outperformsmeta-datain precisionandrecall. We showthateven
betterperformancecan beachievedby combiningthemtogether.
Basedon our measurements,each videoclip in our databasehas,
onaverage, 1.53similar copies.

1. INTRODUCTION
The amountof information on the world wide web has grown
enormouslysince its creation in 1990. Since there is no cen-
tral managementon theweb,duplicationof contentis inevitable.
As reportedby ShivakumarandGarcia-Molinain 1998[4], about
46%of all thetext documentson thewebhave at leastone“near-
duplicate”– documentwhich is identicalexceptfor low level de-
tails suchas formatting. The problemis moresevere for videos
as they areoften mirrored in multiple locations,formatsandbi-
tratesto facilitate downloadingand streaming. Multimedia au-
thoring tools alsoenableusersto slightly modify existing video
clips andto republishthemon theweb. An efficient algorithmto
identify similarvideoscanthereforebebeneficialto many webre-
trieval scenariossuchaspresentingunclutteredsearchresults,and
providing alternativesin thecaseof expired links or network out-
ages.

In this paper, we proposea numberof methodsfor detecting
similar videoson theweb. We considertwo differentapproaches
basedon(a)meta-data,suchaswebaddressesanddescriptive text
associatedwith eachvideoclip, and(b) featuresextracteddirectly
from thevideoframes.Eventhoughour meta-databasedscheme
is simple to implement,we show that meta-dataaloneresultsin
ratherlow precision.Similarity detectionschemesbasedonvisual
informationareusuallymorereliable,but they aretypically com-
plex anddifficult to apply to very large databases.A fastvideo
comparisonalgorithm,calledvideosignature, wasfirst proposed
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in [2] to addressthis problem.This algorithmis particularlysuit-
able for large databases,becauseit supportsa statisticalpruning
schemewhichcanreliablypruneoff asignificantportionof signa-
turecomparisons.In this paper, we characterizetheperformance
of videosignatureusingbotha smallground-truthsetanda large
databaseof webvideos.We alsodemonstratethatprecision/recall
performancecanbe further improved by combiningvideo signa-
turewith meta-data.

This paperis organizedasfollows: meta-dataandvideo sig-
naturesimilarity detectionschemesare introducedin Section2.
Complexity reductionbasedon statisticalpruningis describedin
Section3. Section4 includesperformancecharacterizationon a
largevideodatabase,andSection5 containsconclusion.

2. VIDEO SIMILARITY

2.1. Video similarity based on meta-data
We definesimilar videosto be thosewith almost identical con-
tentbut possiblycompressedat differentqualities,reformattedto
differentsizesandframe-rates,or undergoneminor editing in ei-
therspatialor temporaldomain.Themoststraightforwardway to
find similar videoson theweb is throughcommerciallyavailable
multimediasearchenginessuchas AltaVista and Scour. These
searchenginesprimarily usemeta-datato index, search,andre-
trieve video clips. To gain an understandingof achievablemeta-
dataperformancein detectingsimilarvideos,wehaveimplemented
a simple meta-datamatchingscheme.Eachvideo clip is repre-
sentedby a setconsistingof all thedistinct termsfoundin theas-
sociatedmeta-data.Themeta-datais derivedfrom thewebaddress
of thevideoclip, thedescriptive text associatedwith theaddress,
andpossibleauthor, copyright andtitle information.We alsocon-
sider the web addressand the title of the web-pagewhich links
to theclip aspart of its meta-data.All webaddressesarebroken
up into termsdelimitedby non-alpha-numericalcharacters.Com-
montermssuchas“http” and“www”, andtrailing numbersof file-
names,which often indicatedifferentversionsof thesamevideo,
areremoved to enhancematching.Thedegreeof meta-similarity
is definedastheratio betweenthesizeof the intersectionandthe
unionof thetwo meta-datasets.This metric is commonlyusedin
detectingsimilardocuments[4].

However, unlike documents,thereare two problemsin ap-
plying this methodto our meta-data. First, the numberof dis-
tinct termsfor eachvideo is generallyvery small. Basedon our
databaseof about46,000webvideoclips [2], we find that,on av-
erage,eachvideohas9.8distinctterms,therebyreducingthereli-
ability of thismethod.Second,sincewebaddressesarepartof the
meta-dataset,two videoclips from thesamephysicallocation,or
pointedby thesameweb-page,arelikely to bedeclaredassimilar.



To mitigatethiseffect,webaddressinformationis notusedin such
cases.

If wedefine“meta-similar”videoclipsasthosepairswith de-
greeof meta-similaritylargerthan75%,thenabout50,0000pairs
in ourdatabasecanbeclassifiedasmeta-similar. Usingmanualin-
spection,weestimatetheprecisionto be27 � 9%.1 Thenumberof
pairsreducesto around26,000whenwe consideronly thosepairs
which shareidenticalmeta-dataterms. The estimatedprecision,
however, staysroughly thesameat 33 � 9%. The low precision
is dueto the fact thatmostof themeta-similarvideosareseman-
tically related,but visually different. Somemis-classifiedexam-
plesincludedifferentepisodesof thesametelevision program,or
movie clips featuringthe sameactor. To identify similar videos
accordingto ourdefinition,meta-datais thereforenot adequate.

Even thoughmeta-datadoesnot seemto producefavorable
performance,we useit in conjunctionwith manualinspection,to
identify 195visually similar videopairsout of a setof 212video
clips as part of a ground-truthset for controlledtesting. To in-
cludenon-similarvideosequencesin theground-truthset,wealso
randomlysampleour largedatabaseto arrive at a setof 377dis-
tinct videoclipswhichhavebeenidentifiedasnon-similarthrough
manualinspection.Thus,our ground-truthsethasa total of 589
videoclips.

2.2. Video signature
We modela video clip � asa collectionof its individual frames�����

. The similarity betweenvideo sequencesis basedsolely on
thesimilarity betweenindividual frames.Let �
	 �����

and �
	�����
denotetwo video sequences.Assumethatwe have a visual

featuredistancefunction ��� �������
betweenframes

�
and

�
. We

definevideo distance����� � � �
as the averagedistancebetween

theclosestmatchedframesof thetwo videosequences:����� � � ���	 �� � � �!� � � "�#
$&%(' ��� ���*)(+ � �,���-� #

./% + ��� ) ' � �0�1������2
where

)43 �65 �7�	98&:<;>=7?A@�B % 3 ���6C � 5 � denotesthe framein video
clip D which is visually closestto frame 5 .

� � �
and

� � �
denote

thesizeof sets � and � respectively. In practice,it is computa-
tionally prohibitive to compute� becauseits complexity is pro-
portional to the productof the sizeof � and � . To reducethe
complexity, we introducea particularform of randomsampling
calledvideosignature.

Let EF	 �4GIH��JG�K4� LML L �JG�NO�
be a set of P randomimages

which we call seedimages. Definean P -tuple of frames ��Q �	� �4R<SI���IRUTV� LML L �<�4R�WX�
calledthe signature of � with respectto E ,

where
� R*YZ�	[8&:<;\=7?A@ $&%(' ��� ���JG�]�� is theframein � closestto seed

image
G ]

. To measurethedistancebetweentwo signatures� Q and�^Q , wenow definethesignaturedistancefunction _ R ]A` ����Q � �^Q �
asfollows :_ R ]A` ����Q � �^Q �a�	 median

� ��� � RUY �*� R*Y �1��b 	 � L L L P �
(1)

The medianoperatoris usedto remove outliers due to possible
samplingerror in choosingsimilar signatureframes. It can be
shown that _ R ]A` ����Q � �^Q � isareasonableapproximationto ����� � � �
when ����� � � �

is small[3]. Todeclaretwo signatures� Q and � Q
assimilar, we would require_ R ]A` ����Q � �cQ �edgf

, where
f
, thesig-

nature distancethreshold, is determinedexperimentallyin sucha

1All the precisionnumbersin this paper, except for thosefrom the
ground-truthsetwhich canbe computedprecisely, areestimatedby first
randomlychoosing100videopairsfrom thetargetset,andviewing them
sideby sideto determineif they aresimilar. Themargin of error is com-
putedbasedona95%confidencelevel.
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Fig. 1. (a) Average precisionversusrecall for differentnumberof
seeds;(b) Average relativecomplexity versusrecallplot for differ-
entnumberof seeds.

way asto balanceprecisionversusrecall. Theadvantageof using
thesignaturedistance,insteadof theoriginalvideodistance,is that
computing_ R ]h` requiresonly ij��P �

operations.
In our experiments,we usea quadrant-basedHSV color his-

togramasour featureto representeachindividual frame,both for
thepurposeof forming signatures,andfor computing_ R ]h` . Each
quadrantcolor histogramhas178binswith 18 binsfor hue,3 for
saturation,3 for value,plus 16 puregray levels. Thus,eachsig-
natureframeis representedby a 712-dimensionalvector. A mod-
ified k H -metric betweentwo histogramsis usedasdistance: any
dominantcolor occupying more than50% in both histogramsis
removed, andthe restof the bins arerenormalizedbeforethe k H -
metricis computed.

Figure1(a)shows precisionversusrecallfor differentnumber
of seeds,P , on the ground-truthset. Eachpoint on eachcurve
representsthe averageof four independentruns,eachwith a dif-
ferentsetof seedimages,for a particularvalueof

f
. As shown in

Figure1(a), both precisionandrecall improve whenmoreseeds
areused,as the samplingerror in choosingthe signatureframes
decreases.The improvement,however, becomesnegligible when
morethannineseedsareused.Thisimpliesthatthesamplingerror
introducedby video signatureis mostly eliminatedwhennine or
moreseedsareused.

3. COMPLEXITY REDUCTION

A majorstepin finding thesignaturedistance,_ R ]A` , betweentwo
videosignatureis to computeall theframedistances,��� � R*Y ��� RUY �
betweensignatureframes

� R*Y
and

� R*Y
for � dlb�d P . Thecom-

plexity of the frame distancecomputationis proportionalto the
dimensionof thefeaturevector, whichis usuallyquitehighin mul-
timediaretrieval applications,and712in our particularcase.It is
crucialto reducethecomplexity of suchanoperation,asit needsto
bedonefor every seedandfor everypair of videoin thedatabase.
We have recentlyproposeda statisticalpruningprocedureto re-
ducethis complexity [2]. This pruningschemeis a variationof a
classof high-dimensionalindexing techniques,known astheTri-
angleInequalitybasedpruningalgorithms[1]. Thebasicideais to
avoid computingthecomplex _ R ]h` for somesignaturepairs,based
on theresultsof a muchsimplerto computeseeddistancedefined
below:_ R*m*mon ����Q � �^Q � �	 median

�,� ��� � R*Y �JG�]U�1p ��� � R*Y �1G�]�� � ��b 	 � L LML P �
Both ��� � RUY �JG�]o� and ��� � R*Y �JG�]��

arealreadycomputedin thesigna-
turegenerationprocess.Theratioof thecomputationalcomplexity
of _ R*m*mon to thatof _ R ]A` is roughly1:712.Thereasonis thatfor ev-
eryseed,_ R ]h` requirescomputationof the k H -metricbetweenapair
of 712-dimensionalvectors,while _ R*m*mUn only needsa singlesub-
traction.Our statisticalpruningapproachis to first compute_ R*mUmUn



for everypossiblepairof signaturesin thedatabase,andthencom-
pute_ R ]A` only for thosepairswith _ R*mUmUn dqf R

.
f R

is calledtheseed
distancethresholdand is determinedexperimentally. Thus, sta-
tistical pruningchangesthecomplexity from ij��r ��s Put K �

when
every _ R ]A` is computed,to ij��P!t K � r ��s�v P!t K �

, where v is
theportionof thesignaturepairsremainedafterpruningand t is
thetotal numberof videosin thedatabase[2]. Sincewe areinter-
estedin reducingcomplexity, we considertherelative complexity,w>x y<z4{ m

, definedasfollows:w>x y<z4{ m �	 ij��P!t K � r ��s�v P!t K ��| ij��r ��s P!t K �} � � � r ��s�v ��| r ��s (2)

As we decrease
f R

,
w>x�y<z&{ m

will decreasesincemore signature
pairsareprunedaway. However, if too many signaturepairsare
pruned,recall will be loweredas sometruly similar videosare
eliminated. Figure1(b) shows

w>x�y<z&{ m
asa function of recall on

theground-truthsetfor differentvaluesof P . Eachpointon each
curve representsthe averageof four independentruns resulting
from four differentsetsof seedimages,for a particularvalueoff R

. Figure1(b) clearly demonstratesthe trade-off betweenrecall
andcomplexity. For example,for P~	�� ,

w x�y<z&{ m
changesfrom

56% to 8% as recall variesfrom 100% to 95%. For any given
recall value,

w x�y<z&{ m
decreasesas P increases,until P reaches

nine. In Section2.2, nine seedswerealsoshown to be adequate
in termsof precision/recallperformanceon the ground-truthset.
Thus,a nine-seedsignaturewill beusedfor all theexperimentsin
theremainderof this paper.

4. EXPERIMENTAL RESULTS
In orderto examinetheperformanceof theproposedvideosigna-
turealgorithmon a web database,we have collected45,899web
videoclips for experimentation[2]. We generatea nine-seedsig-
naturefor every videoclip in our database.Sincethecomposition
of this large web databaseis likely to be quite differentfrom the
ground-truthset,we will characterizeperformancefor a rangeoff

and
f R

. Ideally, _ R ]A` and _ R*mUmUn shouldbe computedfor every
possiblepair of videosin thedatabase.This will resultin ���<�*�����K �

,
or more thanonebillion distancecomputations,requiringa sig-
nificantamountof computationalresources.Basedon theresults
in Section3, we observe that noneof the similar videosin the
ground-truthsethave _ R*m*mUn larger than0.4. In orderto complete
thecharacterizationon the largedatabasein a reasonableamount
of time, we initially set

f<R
to be 0.4. It will be shown in Section

4.2 that this initial stepof pruningdoesnot adverselyaffect the
accuracy of ourmeasurements.

4.1. Retrieval Performance
Sincetheground-truthis not availablefor our largewebdatabase,
we measureprecisionfor differentvaluesof

f
usingthefollowing

procedure: First, we compute_ R*mUmUn for all pairsin our database,
andpruneaway thosepairsnot satisfying _ R*m*mUn d��VL �

. We then
identify, amongall theremainingsignaturepairs,thosewith _ R ]h`�df
. Assumethat thereare � pairsof videosin this set. We then

randomlyexamine100pairsoutof thisset,anddeterminethepor-
tion of videoswhich aresubjectively similar. This will give usan
estimateof precision, � , for a given valueof

f
. The numberof

subjectively similar videosin this set, E , can then be estimated
asthe productof � by � . The recall valuefor a given

f
is E |4�

where
�

is the total numberof subjectively similar videosin our
database.Since

�
is not known, we cannotestimatethevalueof

recall. Nonetheless,as
�

doesnot dependon
f
, therecallperfor-

mancefor differentvaluesof
f

canbecharacterizedby comparing
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Fig. 2. (a) Estimatedprecisionversusestimatednumberof subjec-
tivelysimilar videosfor threedifferentschemes: meta-data,video
signature, andcombined;(b) Histogram of thenumberof videos
asa functionof thenumberof their similar copiesusing

f 	 � L � .

theircorrespondingestimatedE values.Thus,wecancharacterize
theprecision/recallperformancesof differentschemesby consid-
eringtheir correspondingestimatedvaluesof � and E .

Figure 2(a) shows the estimatedprecision � against E for
threedifferentschemes:(a) meta-dataaloneasdescribedin Sec-
tion 2.1; (b) nine-seedvideosignaturewith eachdatapoint corre-
spondingto adifferentvalueof

f
, and(c)nine-seedvideosignature

andmeta-datatogether– thesamesetof
f

as(b) is used,with an
additionalconstraintthatonly thosepairswhich shareat leastone
meta-dataterm areconsideredto be similar. The marginal error
for all precisionmeasurementsis lessthan5%. As seen,videosig-
naturetechniquesignificantlyoutperformsmeta-dataalone. ForE
	 10,000,theprecisionjumpsfrom around30%for meta-data
to 98%for videosignature.In spiteof this,meta-datacanbeused
in conjunctionwith video signatureto further improve its preci-
sion/recallperformanceasshown in Figure2.

The“signature”curve in Figure2(a)shows that theprecision
dropsfrom 98% to 43% as

f
increasesfrom 0.5 to 3.3. Subjec-

tive evaluationrevealsthat, thedrop in precisionis causedby er-
roneouslyclassifiedpairswhicharemostlyblack-and-whitevideo
clips,or animatedgraphicsof simplecoloredlinesor surfacesused
in mathematicalplots.Thesetypesof videostendto producevery
similar color histogramsasthey differ mainly in spatialconfigu-
rationratherthanin color distribution. Assumingthat thesetypes
of videosmust have at least90% of their color bins empty, we
find that around21% of our databaseis occupiedwith videosof
thesetypes.We arecurrentlyinvestigatingtheuseof othervisual
featuresto handlesuchvideos.

In our subjective evaluationsof video signature,E remains
35,000pairseven whenwe increases

f
beyond 3.3. This canbe

attributedto the fact thateven though � increasesas
f

increases,
lowerprecisionvaluesresultin amoreor lessconstant�7�*�u	!E .
This suggeststhat thenumberof subjectively similar videoswith
signaturedistanceslargerthan3.3isnegligible. Thus,wepostulate
thatthenumberof subjectively similarvideospairsin thedatabase
is around35,000.Sinceour databasehas45,899videoclips,each
videoclip has,onaverage,�(� �I�I��� s |&� �4�I�4� } � L �&� .2 In spiteof
the small average,we noticethat individual video clips canhave
a much larger numberof similar copies. Figure2(b) shows the
histogramof the numberof videos,expressedin commonloga-
rithm, asa functionof thenumberof their detectedsimilar copies
for

f 	 � L � . This value of
f

is usedbecauseof its high preci-
sionat93%,asshown in Figure2(a).Eventhoughthemajority of

2Thisnumberis significantlysmallerthanourpreviousestimateof five
in [2] becausemorethan53,000pairsof similar surveillancevideos,all
from thesameweb-site,areremovedfrom ourmeasurementsto avoid bias.



the videoshave few similar copies,Figure2(b) shows that some
videoshave ashigh as67 similar copies. Manual inspectionre-
vealsthat all the videoswith 67 copiesare identical,andconsist
of a few frameswith amessageindicatingthattheactualvideore-
questedis not availablefrom thevideoserver. We alsofind some
popularwebvideoclipsamongthosewith largenumberof similar
copies: “DancingBaby” shows ananimationof a babydancing,
which wasmadefamousby the television show “Ally McBeal”;
“Bad day in office” shows a frustratedmanbreakinga computer,
and“Miss America” is atalking-headsequencecommonlyusedin
thevideocompressioncommunity.

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 computecomplexity reduction
asa function of recall asin Section3. Instead,we will consider
theimpactof statisticalpruningon “

f
-similar” signaturepairs,i.e.

signaturepairswith _ R ]h`Od�f
. We denotethe total numberof “

f
-

similar” signaturepairsin the databaseas �a� fJ� . Whenstatistical
pruning is applied,“

f
-similar” signaturepairs with _ R*m*mon!� f R

will beerroneouslyeliminated.Let � x�y<z&{ m � f���f R � denotetheratio
of thenumberof sucherroneouslyeliminatedpairsto �a� fJ� . Thus,
to characterizetheperformanceof statisticalpruningfor different
valuesof

f R
, we will show the trade-off betweencomplexity re-

ductionand � x yJz&{ m � f���fJRM� .
The complexity reductionis measuredby

w x yJz&{ m � f<R � asde-
finedin Equation2. In thisexperiment,v from Equation2 is calcu-
latedby dividing thenumberof signaturepairswith _ R*m*mon dqf R

by
thetotalnumberof signaturepairs,i.e. � �<�*�����K �

. Figure3(a)showsw>x y<z4{ m
asa functionof

f R
for thewebdatabasefor

���gf R dq�,L �
.

Thecomplexity at
f R 	 �,L �

is 19%of the total computationsre-
quiredto perform _ R ]h` for all possiblepairs,i.e. withoutpruning.

To compute� x yJz&{ m � f �<f R � , we needto know boththenumber
of “

f
-similar” signaturepairserroneouslyprunedat

f<R
andthetotal

numberof “
f
-similar” signaturepairs, ��� fJ� . The former number

is simply the differencebetween�a� fJ� and the numberof simi-
lar signaturepairsremainedafterpruning,whichcanbemeasured
precisely. Unfortunately, �a� f1� is not known becauseof statistical
pruning. Nonetheless,we will show that, for the rangeof

f
val-

uesconsideredin Section4.1, it is reasonableto estimate�a� fJ� by
extrapolation.Figure3(b) shows the measuredhistogramsof the
“
f
-similar” signaturepairsasa functionof

f<R
for

f 	 2.3,2.9and
3.3. Thehistogramsfor

f 	 2.3 and2.9both taperto zerobefore_ R*mUmUn reaches0.4.Thus,it is reasonableto assumethat �a� s L � � and�a� s L � � canbewell approximatedby summingupall thefrequency
valuesunderneaththeir respective histograms.As for

f 	u� L � , we
extrapolatethetail of thehistogramusingathird-orderpolynomial
asshown in Figure3(b). ����� L � � canthenbeestimatedbysumming
upthemeasuredandextrapolatedhistogramvalues.Thisresultsin
anestimateof around233,000pairs,in whichonly 2%comesfrom
theextrapolatedportion. With anestimateof �a� f1� for eachvalue
of

f
, � x yJz&{ m � f���f R � canbecomputedin astraightforwardway.
Figure3(c) shows

w>x�y<z&{ m � f R � asa functionof � x�y<z&{ m � f���f R �
for

f
= 2.3, 2.9 and3.3. Every point on eachcurve is computed

by measuring
w x y<z4{ m

and � x y<z4{ m for a particularvalueof
fJR

. All
threecurvesshow a rapid drop in

w>x y<z4{ m
if a certainamountof

inaccuracy canbe tolerated. For example,for
f 	 s L � ,

w>x�y<z&{ m
dropsfrom 18% to 2% if oneallows up to 5% of all similar sig-
naturepairsto beprunedoff. Anotherobservation is that for the
sameaccuracy level, a smaller

f
cantranslateto muchlargersav-

ingsin complexity. For example,if weconsiderthecasewhen5%
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Fig. 3. (a) Relativelycomplexity versusseeddistancethreshold;
(b) Histogramsof similar signaturepairsversusseeddistance, and
(c) relativecomplexity versuspercentageof similar signaturepairs
prunedfor

f 	 2.3,2.9and3.3.

of similar signaturepairsarepruned,
f 	 2.3,2.9and3.3resultinw>x yJz&{ m

valuesof 2%, 6% and11% respectively. Sinceprecision
is rathersensitive to the choiceof

f
asshown in Figure2(a), for

applicationsthatdemandhigh precision,it is beneficialto choosef
appropriatelyto reducecomplexity.

5. CONCLUSIONS
In this paper, we consideredtwo methodsfor detectingsimilar
videoson the web – meta-dataand video signature. Meta-data
schemeis basedon matchingthe textual andhyperlink informa-
tion associatedwith eachvideo clip. Video signatureextractsa
small setof signatureframesfrom eachvideo clip for similarity
detection.Thecomplexity of crosscomparingvideosignaturecan
be largely reducedby usinga statisticalpruningtechnique.Nine
signatureframesaresufficient to achieve 90%recalland95%pre-
cisionona smallground-truthsetusing8%of thetotal numberof
operationsrequiredfor full crosscomparisons.Whentestedon a
large databaseof around46,000video clips, videosignaturesig-
nificantly outperformsmeta-datain termsof precisionandrecall.
Slightly betterperformancecanbe achieved by combiningvideo
signaturewith meta-data.Theexperimentalresultsalsoshow that
statisticalpruning can offer substantialcomputationalsavings if
the applicationcan toleratea small degradationin recall. Using
video signature,we estimateeachvideo clip in our databaseto
have,on average,1.53similar copies.
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