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ABSTRACT

Video signatuesare compactrepresentation®f videosequences
designedfor efcient similarity measuement. In this paper we
proposea featue extraction techniqueto supportfast similarity
seach onlarge database®f videosignatues. Our proposedec-
niguetransformsthe high dimensionalvideo signatuesinto low
dimensionalectos whele similarity seach canbeefciently per-
formed. We exploit both the upperand lower boundsof the tri-
angleinequalitiesin appoximatingthe high-dimensionametric,
andcombinethis approximationwith the classicalPCAto achieve
the target dimension.Experimentakresultson a large setof web
video sequenceshowthat our technique outperformsFastmap,
Haar waveletPCA,and Triangle-InequalityPruning

1. INTRODUCTION

Thanksto widespreadavailability of broadbancconnectionsand
decreasingostof disk storageit is now commonplacéo publish,
broadcastpr streamvideo sequencesver the Internet. As video
contentbecomesnorepopularontheweb,thereis agrowing need
to developtoolsfor analyzing,searchingandorganizingvisually
similar videosequencedn the developmentof suchtools,we are
facedwith two major algorithmic challenges:how to ef ciently
measurdhe similarity betweentwo video sequencesandhow to
identify video sequencesimilar to a given queryout of possibly
millions of entrieson the weh In [1], we introducea classof
techniguegalledViSig for ef cient videosimilarity measurement.
The ViSig methodsummarizes video sequencento a compact
video signature,consistingof a small numberof representatie
featurevectorsfrom thevideo. Comparedo othersummarization
techniguesyideosignaturegresimpleto computerobustagainst
temporalre-ordering,andcapableof identifying similar video se-
quencesegardlessof their length. In this paper we considerthe
problemof searchindor signaturesimilarto auserde ned query
in averylargedatabase.

The naive approactof sequentiakearchis typically too slow
to handlelarge databases Fasterthan-sequentiasolutionshave
beenextensvely studiedby the databaseommunity Elaborate
datastructurescollectively known asthe SpatialAccessMethods
(SAM), have beenproposedo facilitate similarity search[2, 3].
Most of thesemethodshowever, do not scalewell to high dimen-
sionalmetric spaceg4]. Onestratgy to mitigatethis problemis
to designa featureextractionmappingto mapthe original metric
spaceto a low-dimensionakpacewherea SAM structurecanbe
ef ciently applied. Theapproaclhof combiningfeatureextraction
with SAM is calledGEnericMultimedialNdexIng (GEMINI) [3].
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In this paperwe proposea novel featureextractionmappingto be
usedin GEMINI for fastsimilarity searchon signaturedata.

The mostcommonlyusedfeatureextractionis the Principal
ComponentAnalysis (PCA), which is optimal in approximating
Euclideandistancg5]. If theunderlyingmetricis not Euclidean,
PCA is no longeroptimal and more generalschemeseedto be
used. Onesuchtechniqueis the Fastmap a heuristicsalgorithm
that approximategeneralmetric by Euclideandistance[6]. An-
other classof techniquesonstructmappingsbasedon distances
betweenthe high-dimensionalvectorsand a set of randomvec-
tors[7, 8, 9, 10]. Thesekinds of “randommappings”have been
shown to possessertainfavorable theoreticalproperties[7, 8].
Suchmappings,however, are very comple, and effectively re-
quire the computationof all pairwisedistanceshetweenentries
in thedatabaseA morepracticalversionhasbeenproposedn [9]
for proteinmatching.An evensimplerversion calledtheTriangle-
Inequality Pruning(TIP), hasbeenproposedor similarity search
on image database$10]. TIP exploits the lower bound of the
triangleinequalityin approximatinghe high-dimensionaietric.
OurproposedechniqguamprovesuponTIP by takinginto account
boththeupperandlowerboundsofferedby thetriangle-inequality
In addition, it takes advantageof the classicalPCA techniqueto
achieve ary userde ned targetdimension.

This paperis organizedasfollows: in Section2, we brie y
review theViSig methodandthe GEMINI approachTheproposed
featureextraction mappingand its performanceavaluationon a
large databasef signaturesrepresentedh Section3.

2. REVIEW OF VISIG AND GEMINI

We begin with a brief overview of the ViSig method[1]. We as-
sumethateachvideois representetby a setof high-dimensional
featurevectors, X , from a metric space(F;d( ; ))®. The met-

ric functiond( ; ) is usedto measurdhe visual dis-similarity be-

tweentwo featurevectors. In this paper we usefour concate-
nated178-bin HSV color histogramsas our featurevector each
representingy quadranpf avideoframe,andl, asthe metricbe-

tweentwo histograms.In orderto reducethe compleity in com-

paringtwo video sequenceghe ViSig methodsummarizegach
video X in the databasento a signatureX s, which consistsof

the featurevectorsin X thatareclosestto a setof seedvectos

S=fs1;8;:::,5m0:

wheregx (s) = argmin,, d(x; s). )

Thecentralideabehindthe ViSig methodis thatif two videoclips
sharealargefractionof similarfeaturevectorstheir signaturevec-
torswith respecto the sameseedvectorsarelikely to be similar
aswell. The seedvectorsare featurevectorsrandomlysampled

1In theremaindeof this paperwe referto videoandits featurevectors
interchangeably



from atraining setthatresembleshe targetvideodataundercon-

sideration.Therohustnes®f anindividual signaturevectorcanbe

evaluatedby thefollowing function[1]:
Q(gx (s)) = min d(x; s)

x2X;d(xgx (s)> ¢

d(gx (s);s);  (2)

where ¢ is themaximumdistancebetweersimilar vectorswithin
thevideo. In orderto guarantedhe existenceof robust signature
vectorswetypically setthenumberof signaturevectorsn asigna-
ture,m, to befairly large,but useonly the mostrobust, or highest-
ranked, m® vectorsin comparingtwo signaturesSpeci cally, two
sighatureX s andYs arecomparedisingthefollowing asymmet-
ric signatue distance

dSig(XS ; YS) = median; jm Od(gX (Sj [i]); Oy (Sj [i])) ; (3)

amongall the signaturevectorsin X s. We declareYs to be sim-
ilar to Xs if dsig(X's;Ys) is lessthanor equalto the similarity
threshold . Givena querysignatureX s, the goal of a signatue
similarity seach is to identify all signature¥’s in agivendatabase
thataresimilarto X s. To provide a fastsolutionto this problem,
we proposeanapproactbasednageneridechniquecalledGEM-
INI which tacklesthe speci ¢ problemof metric-spacesimilarity
seach [3, ch. 7].

Givenaqueryx andadatabasel) , of featurevectorsthegoal

of ametric-spaceimilarity searchs to identify thefollowing:
Alx;)=fy2D:dlxy) g

It is easyto seethatthe signaturesimilarity searchon X s canbe
solved by applyingthe metric-spacesimilarity searchon eachof
the m° top-ranled signaturevectorsin Xs [11, ch. 4]. Rather
thancomputingA(x; ) by asequentiabearchGEMINI rst uses
afeature extractionmappingT to mapfeaturevectorsinto avery
low dimensionalrange metric space(F % d% ; )). A similarity
searclonthetransformedjueryT (x) is performedo identify the
candidatesetC(x; 9 de nedbelow:

Cix; )=fy2D:d(TX;T(H) ‘g )

% s calleda pruning threshold which dependson , T andthe
data. As mentionedn Sectionl, sucha low-dimensionakearch
problemcanbeef ciently solvedby any SAM method.The nal
stepof GEMINI to identify thosevectorsin C(x; 9 thataretruly
within  of X;

Ax; s 9 =fy2cC(x; )rdxy) o (6)

By applying GEMINI to eachtop-ranled vectorsin X s, we can
dene As(Xs; ), Cs(Xs; 9, andA2(Xs; ; 9 for similarity
searchon adatabas® s of signatureghatareanalogougo those
de nedin (4), (5), and(6) respectiely.

GEMINI is moreefcient thansequentiakearchif a typical
candidatesetis smallenoughsothatfew full metriccomputations
arerequiredin the last stepof GEMINI. To assesghe average
compleity reductionof GEMINI over a large setof querysigna-
turesR, we measurehe Pruning parametede ned below. It is
basedon the relative differencein the total numberof full metric
computationdbetweenGEMINI andsequentiakearch:

. _ X ZRjCS(XS§O)j_
Pruning( 9 = 1 —S R Te— (7)
As suggesteth Equation(7), ahighlevel of pruningcanbeachieved
by makingcandidatesetssmall. On the otherhand,small candi-
datesetsmay adwerselyaffect the accuracy of GEMINI, whichis
de ned belaw:

Accuracy( 9 =

p
Xs2riAS(Xsii 9, ®)
xSQRjAS(XS§ )it

Ourgoalis to designa featureextractionmappingT thatprovides
areasonablérade-of betweernpruningandaccurag. In the next
sectionwe introducea novel designof T for signaturedata.

3. FEATURE EXTRACTION FOR SIGNATURE

Our proposedmappingconsistsof two steps: rst, eachsigna-
ture vectoris mappedinto a particularform of low-dimensional
rangevectorcalleda projectionvector SecondgclassicalPCA is

appliedto transformthe projectionvectorinto anindex vectorof

evenlowerdimensionasspeci edby theuser Themotivationbe-
hind our proposednappingis explainedin Section3.1. In Section
3.2, we presenexperimentalresultsto compareour schemewith

othertechniquegproposedn theliterature.

3.1. Proposedfeature extraction

Letxs andys bethesignaturevectorsn signatures s andYs that
correspondo thesameseedvectors 2 S. Considertthefollowing
m-dimensionavector

T (xs) = (d(xs;s1);d(Xs;S2);::1;d(Xs; Sm)); 9

as a featureextraction mappingof xs. We areinterestedn this
particularformulationbecausef two reasons:rst, it makesuse
of quantitiesthathave alreadybeencomputedn (1). Secondthe
distanced(xs;ys) canberelatedto the coordinateof T (xs) and
T (ys) by thetriangleinequalities:

jd(xs;si)  d(Ys;si)i
d(xs;si) + d(ys;si);

d(Xs;Ys)
i=12:::;m (20)

The above inequalitiesare instrumentalin designingthe feature
extraction mapping. The mappingT () andits variationshave

beenpreviously proposedn theliteraturefor featureextraction|[7,

8,9, 10]. Thesetechniquegypically usea l,-metricastherange
metricbetweenT (xs) andT (ys). Forp = 1;2;:::, thel, metric
is de ned asfollows:

(T (xs)i T(ys) = &

Ontheotherhand,l; isde nedas,

P D 1=
mjd(xsis) d(ysis)iP
11

d(ys;si)i (12)

We usea normalizationfactor of 1=m in the de nition of |, so
thatit hasthe sameorderof magnitudeasthel; -metric. All the
|p-metricfunctionsarecomposedf differentpowersof the abso-
lute differencedetweerthe coordinate®f T (xs) andT (ys), i.e.
jd(xs;si)  d(ys;si)j fori = 1;:::;m. Theseabsolutediffer-
encesappeaonly in the lower-boundhalf of thetriangleinequal-
itiesin (10). By usinga simple experiment,we candemonstrate
thatbetterpruning-accuragctrade-of canbe achievedby combin-
ing boththe upperandlower boundsof thetriangleinequalities.

Our experimentis basedon samplingrandompairs of video
sequencefrom a databasef 46,331webvideo sequencesalled
SIGDB [11, ch. 4]. We sample100,000pairsandgenerateheir
sighaturevectorswith respecto arandoms choserfrom a setof
m = 100 diverseseedvectors,alsosampledfrom SIGDB using
the seedvector generationalgorithm describedn [1]. For each
pair of signaturevectorsxs andys, we computed(xs;ys) and
their distancesvith respecto all m seedvectors.Thedistribution
of d(Xxs;ys) is shawvn in Figurel asa function of a singlelower
andupperbound,de ned asfollows: for thelower bound,we take
the maximumover all theindividual lower boundsin (10), which
is identicalto 11 (T (Xs); T (ys)). For the upperbound,we use
a similar approachandtake the minimum of theindividual upper
boundsn (10)to forman () function:

(T (Xs); T(Ys)) = mini=q ;2;0m [d(Xs;Si) + d(ys;si)] (13)

In Figure 1, datapointsof differentshapesandshadesepresent
metric valuesin differentranges.We separatall datapointsinto
two classes:the crossesand circles are the small-metricpoints,
and the dots in different shadescorrespondo the large-metric



Fig. 1.
pairs of signatue vectos in the coodinates of
l1 (T (Xs); T (ys))-

Distribution of the metric d(xs;ys) for 100,000 random
(T(xs); T(ys)) and

points. Small-metricpoints arethosewith metric valuessmaller
than = 3:0, which we experimentally nd to be a reasonable
valueto identify visually similar video clips. The goal of a simi-
larity searchs to separatehe small-metricpointsfrom the large-
metric ones. If we usel; () astherangemetric, a typical can-
didate setbasedon the inequality 11 (T (Xs); T (ys)) O will
includeall the pointsbelav a horizontalline atlevel ° Thisis,
asa matterof fact, the TIP schemeproposedn [10]. An exam-
ple of sucha setwith ° = 3 is shavn in Figure1. Eventhough
all the small-metricpoints are within the candidateset, mary of
thelarge-metricpointsarealsoerroneouslyncludedasthey have
smalll; () values. It is clear basedon the shapeof the distri-
bution of the small-metricpoints,thata betterseparatindunction
shouldcombinebothl; () and (). Onepossiblechoiceis to
baseontheir product, ():

(T(Xs)iT(ys)) = (T(Xs);T(ys)) la (T(xs);T(ys)) (14)

As shawvn in Figure 1, even thoughthe candidatesetde ned by
(T(Xs); T (ys)) 9 missesa few small-metricpoints, it ex-
cludesa muchlargersetof large-metricpointsthanl, (). Never
thelesswe cannotdirectlyuse () becausét is notatrue metric
function.
The () functionin (14)is de ned astheproductof () and
1 (), whichrepresentheaggregateboundsof all theinequalities
in (10). Ratherthanusingthe two aggreate bounds,it is sim-
plerto form a metric by usingthe productof the boundsfrom the
individualinequalitiesasfollows:

[d(xs;si) + d(ys;si)] jd(xs;si)
jd(xs;si)?

d(ys;si)i =
dys;si)%; i=12::5;m  (15)

Note that Equation(15) is in the form of an absolutedifference.
While absolutdifferenceslsoappeain thede nitions of I, met-
ricsin Equation(11), theonein (15) is the absolutedifferenceof

squaesof T ( )'s coordinatesThus,it is concevableto proposea
new metric () thatcombined, with this absolutedifferenceof

squaesof coordinatessfollows:

1=p

X
% . [d(xs;s1)?  d(ys;si)]°
Ip(P(Xs); P(ys)) (16)
whereP (xs) isde ned as:

P(xs) = (d(xs;s1)% d(xsis2)%; 115 d(Xsi8m)?)  (17)

(T (Xs): T (ys))

We call P (xs) the projectionvectorof xs, andthe collection of
projectionvectorsfor all thesignaturevectorsin asignaturea pro-
jection In Section3.2, we demonstratexperimentallythatusing
thel, metricon P (Xs) producesmuch betterpruningand accu-
ragy trade-of thanusingthel; metricorthe () functionin (14)
onT (Xs).

Besideghesuperiompruningandaccurag performancethere
is anotherreasonfor choosingto apply the I, metric on the pro-
jectionvectors.Thedimensionof a projectionvectoris m = 100
in the caseof SIGDB. Despitethe factthatm is smallerthanthe
dimensionof our original featurevectors,i.e. 178 4 = 712 it
is still muchlargerthanwhatmostSAM structurecanhandle.If
I, metricis usedbetweentwo projectionvectors,we canreduce
the dimensionof the projectionvectorswith minimum distortion
by applyingthe classicalPCA techniqug5]. We call theresulting
lower-dimensionalvector the index vector, andthe collection of
index vectorsfor all the signaturevectorsin a signaturethe Index.
In the next section,we compareour proposedndiceswith other
dimensiorreductionscheme@roposedn theliterature.

3.2. Experimental results

We rst justify the useof the projectionmappingwith 1, met-
ric basedon the experimentalresultson full signaturedata. The
databaseonsistof signaturesf all thevideosequenceis SIGDB
with respecto the samesetof m = 100 seedvectors.A random
querysetof 1000signaturesredravn from thedatabaseandused
asthe setR in Equations(7) and(8) for computingpruningand
accuray for differentvaluesof °. For the signaturesimilarity

searchwe set tobe3.0andusem® = 6 for computingthe sig-
naturedistancein (3). We measurehe accurag and pruningfor

threedifferentfeatureextractionmappingsusedwithin GEMINI:

a) the “lowerbound” schemebasedon the mappingT () in (9)

andthel; -metric; (b) the “product” schemebasedon T () and
the () functionde nedin (14); and(c) the projectionmapping
schemebasedon P () in (17) andthe |,-metric. The resulting
plotsof pruningversusaccuray, with ° varyingacrosseachplot,

areshavn in Figure2. A goodfeatureextractionmappingshould
achieve pruningandaccurag thatareascloseto oneaspossible.
As shawvn in the gure, our proposedschemelearly out-performs
boththe“lower-bound”and"product” schemesy achieving much
higherpruningat the sameaccurag level. Also, asexpectedthe
“product” schemeout-performshe “lower-bound” schemeasthe
“product” schemeexploits boththe upperandlower boundsof the
triangleinequality
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Fig. 2. Pruning-vesus-Accuacy plotsfor the“lower-bound”, the“pr od-
uct” andtheproposedsdemes.

In thefollowing experimentswe apply PCA to the projection
vectors,and comparethe resultingindex vectorswith other ap-
proachesn termsof their accurag andpruningtrade-of. These
approachesiclude:a) PCA—while in ourproposedschemePCA
is applied on the projectionvectors,it can also be directly ap-
plied onto the 712-dimensionatolor histogramfeaturevectors



for dimensionreduction;b) Fastmap,asdescribedn [6]; andc)

Haarwaveleton colorhistogramasdescribedn the MPEG-7stan-
dard[12]. Sincemostof the schemesequiretrainingdatato gen-
eratethe mappings,we arbitrary split SIGDB into two halves—

we call onehalf the“training” SIGDB, whichis usedto build the

mapping,andthe other half the “testing” SIGDB, which is used
for the actualtesting. In orderto ensurethe suitability of incor

poratingtheseschemesnto GEMINI, we focuson very low di-

mensionaindex vectors. We testall the schemegor dimensions
two, four andeight. Thecorrespondingruning-accuracplotsare
shavn in Figures3(a) through(c). Theseplots are generatedy

thesameproceduraisedin the rst experiment.As seenour pro-

posedschemeesultsin thebestperformanceén all thedimensions
tested followed by Haar FastmapandPCA. The gain of the pro-

posedschemeover the secondbestschemehowever, diminishes
asthedimensionincreases.
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Fig. 3. (a)-(c) Pruning-vesus-accuacy plots for two-, four- and eight-

dimensionakpaces.(d) Pruning and Accuracy versuspruning threshold
for threeindependensetsof queries.

In applyingthe featureextractionschemen a fastsimilarity
searchwe needto choosea particularvalue of pruningthreshold
%in orderto computethe candidateset. Giventhe taget dimen-
sion, accurag, and pruning, one possibleapproactis to set ° to
avaluethatattainsthe particularlevel of performancen a previ-
ously completedexperiment. Thus,an importantquestionto an-
sweris whetherthe relationshipbetween ° andthe correspond-
ing pruning and accurag extendsto other queries. To answer
this question,we measurethe pruning and accurag, as de ned
in Equations(7) and (8), for threeindependensetsof random
queries. Eachsethas1000 signaturegandomlydravn from the
testingSIGDB. For eachsetof queries differentvaluesof prun-
ing andaccurag aremeasuredy varying ° The experimentis
alsorepeatedor threedifferentvaluesof namelglz, 3, and4.
Theresultingplots of pruningandaccuray versus * for thethree
querysetsanddifferentvaluesof areshown in Figure3(d). As
shavn in the gure, thereis little variationin the amountof prun-
ing amongthethreesets. Thereis somevariationin the accuray
for small , but thevariationdiminishesas becomedarger The
maximumdifferencesin accurag amongthe three setsover all
possiblevaluesof °are0.12,0.06,and0.04for = 2, 3, and
4 respectiely. These uctuations aresmallcomparedo the high
accurag requiredby typical applications.
We concludethis sectionwith a numberof speedmeasure-

mentsfor the above four schemen a particularplatform. The

experimentsarerun on a Dell PoverEdge6300 Sener with four

550MHz Intel Xeon processorand1 Giga-bytesof memory As

all thetestsarerun underasinglethread,only asingleprocessors

used.ThetestingSIGDB, which contains23,206signaturesgach
consistingof 100 vectors,andtheir correspondin@-dimensional
indicesare rst loadedinsidethe memory 100 queriesare ran-

domly sampledor testing.No SAM structures implementedand
asimplesequentiakearchs usedfor theindices.Pruningthresh-
oldsarechosenbasednthe previousexperimentsto hit the 90%

accuray level for similarity searchesit = 3:0. As areference,
we also measurehe performanceof sequentiakearchon signa-
tureswith no featureextraction. Theresultsaretatulatedbelow:

[ Schemes [ Sequential] Proposed] Fasimap | Haar [ PCA |
Accuragy 1.00 0.89 0.91 0.92 0.89
Index time | - 131 131 152 130
(ms) 0.8 15 1.3 14
Re®netime | 6730 33 8 75 11 123 401
(ms) 35 28 75
Candidate - 109 262 428 1386
Sizelquery 27 39 97 257

The Index time is the time requiredfor the sequentiakearchon

indicesto identify the candidatesets.The averagesandtheir stan-
darderrorat95%con denceinterval areshovn. As the Sequential
schemealoesnotuseary indices,no numberis reported.The pro-

posedschemeFastmapandPCA all usethel, distanceonrange
vectorsandthus,resultin roughly the sameindex time. Haarre-

quiresslightly larger index time for its I; distancecomputation.
There ne time is the time requiredto performthe full signature
distancecomputation®n the candidatesets,andis proportionalto

the size of the candidatesetsasshawn in the lastrow. Our pro-

posedschemeputperformsall otherfeatureextractionschemesn

re nementtime. Thelarge standarcerrorin there nementtime is

dueto the variationin the size of candidatesets. Combiningthe
index time andre nementtime, the proposedschemds roughly
41 timesfasterthanthe sequentiakearchon signatures.
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