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ABSTRACT

Video signaturesare compactrepresentationsof videosequences
designedfor ef�cient similarity measurement. In this paper, we
proposea feature extraction techniqueto supportfast similarity
search onlargedatabasesof videosignatures.Our proposedtech-
niquetransformsthe high dimensionalvideosignatures into low
dimensionalvectorswheresimilarity search canbeef�ciently per-
formed. We exploit both the upperand lower boundsof the tri-
angleinequalitiesin approximatingthe high-dimensionalmetric,
andcombinethisapproximationwith theclassicalPCAto achieve
the target dimension.Experimentalresultson a large setof web
video sequencesshowthat our techniqueoutperformsFastmap,
Haar wavelet,PCA,andTriangle-InequalityPruning.

1. INTRODUCTION
Thanksto widespreadavailability of broadbandconnectionsand
decreasingcostof diskstorage,it is now commonplaceto publish,
broadcast,or streamvideosequencesover the Internet. As video
contentbecomesmorepopularontheweb,thereis agrowing need
to developtools for analyzing,searching,andorganizingvisually
similar videosequences.In thedevelopmentof suchtools,we are
facedwith two major algorithmicchallenges:how to ef�ciently
measurethesimilarity betweentwo videosequences,andhow to
identify video sequencessimilar to a given queryout of possibly
millions of entrieson the web. In [1], we introducea classof
techniquescalledViSig for ef�cient videosimilarity measurement.
The ViSig methodsummarizesa video sequenceinto a compact
video signature,consistingof a small numberof representative
featurevectorsfrom thevideo. Comparedto othersummarization
techniques,videosignaturesaresimpleto compute,robustagainst
temporalre-ordering,andcapableof identifying similar videose-
quencesregardlessof their length. In this paper, we considerthe
problemof searchingfor signaturessimilar to auser-de�nedquery
in avery largedatabase.

Thenaive approachof sequentialsearchis typically too slow
to handlelarge databases.Faster-than-sequentialsolutionshave
beenextensively studiedby the databasecommunity. Elaborate
datastructures,collectively known astheSpatialAccessMethods
(SAM), have beenproposedto facilitatesimilarity search[2, 3].
Most of thesemethods,however, do not scalewell to high dimen-
sionalmetricspaces[4]. Onestrategy to mitigatethis problemis
to designa featureextractionmappingto maptheoriginal metric
spaceto a low-dimensionalspacewherea SAM structurecanbe
ef�ciently applied.Theapproachof combiningfeatureextraction
with SAM is calledGEnericMultimediaINdexIng (GEMINI) [3].
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In thispaper, weproposeanovel featureextractionmappingto be
usedin GEMINI for fastsimilarity searchonsignaturedata.

The mostcommonlyusedfeatureextraction is the Principal
ComponentAnalysis (PCA), which is optimal in approximating
Euclideandistance[5]. If theunderlyingmetric is not Euclidean,
PCA is no longeroptimal andmoregeneralschemesneedto be
used. Onesuchtechniqueis the Fastmap,a heuristicsalgorithm
that approximatesgeneralmetric by Euclideandistance[6]. An-
otherclassof techniquesconstructmappingsbasedon distances
betweenthe high-dimensionalvectorsand a set of randomvec-
tors [7, 8, 9, 10]. Thesekinds of “randommappings”have been
shown to possesscertain favorable theoreticalproperties[7, 8].
Suchmappings,however, are very complex, and effectively re-
quire the computationsof all pairwisedistancesbetweenentries
in thedatabase.A morepracticalversionhasbeenproposedin [9]
for proteinmatching.An evensimplerversion,calledtheTriangle-
InequalityPruning(TIP), hasbeenproposedfor similarity search
on imagedatabases[10]. TIP exploits the lower boundof the
triangleinequalityin approximatingthehigh-dimensionalmetric.
OurproposedtechniqueimprovesuponTIP by takinginto account
boththeupperandlowerboundsofferedby thetriangle-inequality.
In addition, it takesadvantageof the classicalPCA techniqueto
achieveany user-de�ned targetdimension.

This paperis organizedas follows: in Section2, we brie�y
review theViSigmethodandtheGEMINI approach.Theproposed
featureextraction mappingand its performanceevaluationon a
largedatabaseof signaturesarepresentedin Section3.

2. REVIEW OF VISIG AND GEMINI
We begin with a brief overview of the ViSig method[1]. We as-
sumethateachvideo is representedby a setof high-dimensional
featurevectors,X , from a metric space(F; d(�; �)) 1. The met-
ric functiond(�; �) is usedto measurethevisualdis-similaritybe-
tweentwo featurevectors. In this paper, we usefour concate-
nated178-binHSV color histogramsasour featurevector, each
representinga quadrantof a videoframe,andl1 asthemetricbe-
tweentwo histograms.In orderto reducethecomplexity in com-
paringtwo video sequences,the ViSig methodsummarizeseach
video X in the databaseinto a signatureX S , which consistsof
the featurevectorsin X that areclosestto a setof seedvectors
S = f s1 ; s2 ; : : : ; sm g:

X S = (gX (s1); gX (s2); : : : ; gX (sm ))
wheregX (s) = arg min x 2 X d(x; s). (1)

ThecentralideabehindtheViSig methodis thatif two videoclips
sharealargefractionof similarfeaturevectors,theirsignaturevec-
torswith respectto thesameseedvectorsarelikely to besimilar
aswell. The seedvectorsare featurevectorsrandomlysampled

1In theremainderof thispaper, wereferto videoandits featurevectors
interchangeably.



from a trainingsetthatresemblesthetargetvideodataundercon-
sideration.Therobustnessof anindividualsignaturevectorcanbe
evaluatedby thefollowing function[1]:

Q(gX (s)) = min
x 2 X ; d( x;g X ( s)) >� C

d(x; s) � d(gX (s); s); (2)

where� C is themaximumdistancebetweensimilarvectorswithin
thevideo. In orderto guaranteetheexistenceof robustsignature
vectors,wetypically setthenumberof signaturevectorsin asigna-
ture,m, to befairly large,but useonly themostrobust,or highest-
ranked,m0 vectorsin comparingtwo signatures.Speci�cally, two
signatureX S andYS arecomparedusingthefollowing asymmet-
ric signaturedistance:

dsig(X S ; YS ) = mediani =1 ;::: ;m 0d(gX (sj [ i ] ); gY (sj [ i ] )) ; (3)

wheregX (sj [1] ); : : : ; gX (sj [m 0] ) have them0 largestQ(�) values
amongall thesignaturevectorsin X S . We declareYS to besim-
ilar to X S if dsig(X S ; YS ) is lessthanor equalto the similarity
threshold� . Givena querysignatureX S , thegoalof a signature
similarity search is to identify all signaturesYS in agivendatabase
thataresimilar to X S . To provide a fastsolutionto this problem,
weproposeanapproachbasedonagenerictechniquecalledGEM-
INI which tacklesthespeci�c problemof metric-spacesimilarity
search [3, ch. 7].

Givenaqueryx andadatabase,D , of featurevectors,thegoal
of ametric-spacesimilarity searchis to identify thefollowing:

A(x; � ) = f y 2 D : d(x; y) � � g (4)

It is easyto seethat thesignaturesimilarity searchon X S canbe
solved by applyingthe metric-spacesimilarity searchon eachof
the m0 top-ranked signaturevectorsin X S [11, ch. 4]. Rather
thancomputingA(x; � ) by asequentialsearch,GEMINI �rst uses
a feature extractionmappingT to mapfeaturevectorsinto a very
low dimensionalrange metric space(F 0; d0(�; �)) . A similarity
searchon thetransformedqueryT (x) is performedto identify the
candidatesetC(x; � 0) de�ned below:

C(x; � 0) = f y 2 D : d0(T (x); T (y)) � � 0g (5)

� 0 is calleda pruning threshold, which dependson � , T andthe
data. As mentionedin Section1, sucha low-dimensionalsearch
problemcanbeef�ciently solvedby any SAM method.The�nal
stepof GEMINI to identify thosevectorsin C(x; � 0) thataretruly
within � of x:

A0(x; �; � 0) = f y 2 C(x; � 0) : d(x; y) � � g: (6)

By applyingGEMINI to eachtop-ranked vectorsin X S , we can
de�ne AS (X S ; � ), CS (X S ; � 0), andA0

S (X S ; �; � 0) for similarity
searchon a databaseD S of signaturesthatareanalogousto those
de�ned in (4), (5), and(6) respectively.

GEMINI is moreef�cient thansequentialsearchif a typical
candidatesetis smallenoughsothatfew full metriccomputations
are requiredin the last stepof GEMINI. To assessthe average
complexity reductionof GEMINI over a largesetof querysigna-
turesR, we measurethe Pruning parameterde�ned below. It is
basedon the relative differencein the total numberof full metric
computationsbetweenGEMINI andsequentialsearch:

Pruning (� 0) = 1 �
P

X S 2 R j C S ( X S ;� 0) j

( j R j�j D S j ) : (7)

Assuggestedin Equation(7),ahighlevelof pruningcanbeachieved
by makingcandidatesetssmall. On the otherhand,small candi-
datesetsmayadverselyaffect theaccuracyof GEMINI, which is
de�ned below:

Accuracy(� 0) =
P

X S 2 R j A 0
S ( X S ;�;� 0) j

P
X S 2 R j A S ( X S ;� ) j : (8)

Ourgoalis to designa featureextractionmappingT thatprovides
a reasonabletrade-off betweenpruningandaccuracy. In thenext
section,we introduceanovel designof T for signaturedata.

3. FEATURE EXTRACTION FOR SIGNATURE
Our proposedmappingconsistsof two steps: �rst, eachsigna-
ture vector is mappedinto a particularform of low-dimensional
rangevectorcalleda projectionvector. Second,classicalPCA is
appliedto transformtheprojectionvectorinto an index vectorof
evenlowerdimension,asspeci�edby theuser. Themotivationbe-
hindourproposedmappingis explainedin Section3.1. In Section
3.2,we presentexperimentalresultsto compareour schemewith
othertechniquesproposedin theliterature.

3.1. Proposedfeatureextraction
Letxs andys bethesignaturevectorsin signaturesX S andYS that
correspondto thesameseedvectors 2 S. Considerthefollowing
m-dimensionalvector,

T (xs ) = (d(xs ; s1); d(xs ; s2); : : : ; d(xs ; sm )) ; (9)

asa featureextractionmappingof xs . We are interestedin this
particularformulationbecauseof two reasons:�rst, it makesuse
of quantitiesthathave alreadybeencomputedin (1). Second,the
distanced(xs ; ys ) canberelatedto thecoordinatesof T (xs ) and
T (ys ) by thetriangleinequalities:

jd(xs ; si ) � d(ys ; si )j � d(xs ; ys ) �
d(xs ; si ) + d(ys ; si ); i = 1; 2; : : : ; m (10)

The above inequalitiesare instrumentalin designingthe feature
extraction mapping. The mappingT (�) and its variationshave
beenpreviouslyproposedin theliteraturefor featureextraction[7,
8, 9, 10]. Thesetechniquestypically usea lp -metricasthe range
metricbetweenT (xs ) andT (ys ). For p = 1; 2; : : :, thelp metric
is de�ned asfollows:

lp (T (xs ); T (ys )) =
�

1
m

P m
i =1 jd(xs ; si ) � d(ys ; si )jp

� 1=p

(11)
On theotherhand,l1 is de�ned as,

l1 (T (xs ); T (ys )) = maxi =1 ;:::;m jd(xs ; si ) � d(ys ; si )j (12)

We usea normalizationfactorof 1=m in the de�nition of lp so
that it hasthesameorderof magnitudeasthe l1 -metric. All the
lp -metricfunctionsarecomposedof differentpowersof theabso-
lute differencesbetweenthecoordinatesof T (x s ) andT (ys ), i.e.
jd(xs ; si ) � d(ys ; si )j for i = 1; : : : ; m. Theseabsolutediffer-
encesappearonly in thelower-boundhalf of thetriangleinequal-
ities in (10). By usinga simpleexperiment,we candemonstrate
thatbetterpruning-accuracy trade-off canbeachievedby combin-
ing boththeupperandlowerboundsof thetriangleinequalities.

Our experimentis basedon samplingrandompairsof video
sequencesfrom a databaseof 46,331webvideosequencescalled
SIGDB [11, ch. 4]. We sample100,000pairsandgeneratetheir
signaturevectorswith respectto a randoms chosenfrom a setof
m = 100 diverseseedvectors,alsosampledfrom SIGDB using
the seedvectorgenerationalgorithmdescribedin [1]. For each
pair of signaturevectorsxs and ys , we computed(xs ; ys ) and
theirdistanceswith respectto all m seedvectors.Thedistribution
of d(xs ; ys ) is shown in Figure1 asa function of a singlelower
andupperbound,de�ned asfollows: for thelowerbound,wetake
themaximumover all the individual lower boundsin (10), which
is identical to l1 (T (xs ); T (ys )) . For the upperbound,we use
a similar approachandtake theminimumof the individual upper
boundsin (10) to form an� (�) function:

� (T (xs ); T (ys )) = min i =1 ;2;:::;m [d(xs ; si ) + d(ys ; si )] (13)

In Figure1, datapointsof differentshapesandshadesrepresent
metricvaluesin differentranges.We separateall datapointsinto
two classes:the crossesand circles are the small-metricpoints,
and the dots in different shadescorrespondto the large-metric



Fig. 1. Distribution of the metric d(x s ; ys ) for 100,000 random
pairs of signature vectors in the coordinatesof � (T (x s ); T (ys )) and
l1 (T (xs ); T (ys )) .

points. Small-metricpointsarethosewith metric valuessmaller
than � = 3:0, which we experimentally�nd to be a reasonable
valueto identify visually similar videoclips. Thegoalof a simi-
larity searchis to separatethesmall-metricpointsfrom thelarge-
metric ones. If we usel1 (�) as the rangemetric, a typical can-
didateset basedon the inequality l1 (T (xs ); T (ys )) � � 0 will
includeall the pointsbelow a horizontalline at level � 0. This is,
asa matterof fact, the TIP schemeproposedin [10]. An exam-
ple of sucha setwith � 0 = 3 is shown in Figure1. Even though
all the small-metricpointsarewithin the candidateset,many of
thelarge-metricpointsarealsoerroneouslyincludedasthey have
small l1 (�) values. It is clear, basedon the shapeof the distri-
bution of thesmall-metricpoints,thata betterseparatingfunction
shouldcombineboth l1 (�) and � (�). Onepossiblechoiceis to
baseon theirproduct,� (�):

� (T (xs ); T (ys )) = � (T (xs ); T (ys )) � l1 (T (xs ); T (ys )) (14)

As shown in Figure1, even thoughthe candidatesetde�ned by
� (T (xs ); T (ys )) � 9 missesa few small-metricpoints, it ex-
cludesa muchlargersetof large-metricpointsthanl1 (�). Never-
theless,we cannotdirectly use� (�) becauseit is not a truemetric
function.

The� (�) functionin (14) is de�ned astheproductof � (�) and
l1 (�), whichrepresenttheaggregateboundsof all theinequalities
in (10). Ratherthan using the two aggregate bounds,it is sim-
pler to form a metricby usingtheproductof theboundsfrom the
individual inequalitiesasfollows:

[d(xs ; si ) + d(ys ; si )] � jd(xs ; si ) � d(ys ; si )j =

jd(xs ; si )
2 � d(ys ; si )

2 j; i = 1; 2; : : : ; m (15)

Note that Equation(15) is in the form of an absolutedifference.
While absolutedifferencesalsoappearin thede�nitions of l p met-
rics in Equation(11), theonein (15) is theabsolutedifferenceof
squaresof T (�)'scoordinates.Thus,it is conceivableto proposea
new metric � (�) that combineslp with this absolutedifferenceof
squaresof coordinatesasfollows:

� (T (xs ); T (ys )) =

 
1
m

�
mX

i =1

[d(xs ; si )
2 � d(ys ; si )

2 ]p
! 1=p

= lp (P (xs ); P (ys )) (16)

whereP(xs ) is de�ned as:

P (xs ) = (d(xs ; s1)2 ; d(xs ; s2)2 ; : : : ; d(xs ; sm )2) (17)

We call P (xs ) the projectionvectorof xs , andthe collectionof
projectionvectorsfor all thesignaturevectorsin asignatureapro-
jection. In Section3.2,we demonstrateexperimentallythatusing
the l2 metric on P(xs ) producesmuchbetterpruningandaccu-
racy trade-off thanusingthel1 metricor the� (�) functionin (14)
onT (xs ).

Besidesthesuperiorpruningandaccuracy performance,there
is anotherreasonfor choosingto apply the l2 metric on the pro-
jectionvectors.Thedimensionof a projectionvectoris m = 100
in thecaseof SIGDB. Despitethe fact thatm is smallerthanthe
dimensionof our original featurevectors,i.e. 178 � 4 = 712, it
is still muchlargerthanwhatmostSAM structurescanhandle.If
l2 metric is usedbetweentwo projectionvectors,we canreduce
the dimensionof the projectionvectorswith minimum distortion
by applyingtheclassicalPCAtechnique[5]. Wecall theresulting
lower-dimensionalvector the index vector, and the collectionof
index vectorsfor all thesignaturevectorsin a signaturetheIndex.
In the next section,we compareour proposedindiceswith other
dimensionreductionschemesproposedin theliterature.

3.2. Experimental results
We �rst justify the useof the projectionmappingwith l2 met-
ric basedon the experimentalresultson full signaturedata. The
databaseconsistsof signaturesof all thevideosequencesin SIGDB
with respectto thesamesetof m = 100 seedvectors.A random
querysetof 1000signaturesaredrawn from thedatabase,andused
asthe setR in Equations(7) and(8) for computingpruningand
accuracy for different valuesof � 0. For the signaturesimilarity
search,we set� to be3.0 andusem0 = 6 for computingthesig-
naturedistancein (3). We measurethe accuracy andpruningfor
threedifferentfeatureextractionmappingsusedwithin GEMINI:
a) the “lower-bound” schemebasedon the mappingT (�) in (9)
andthe l1 -metric; (b) the “product” schemebasedon T (�) and
the � (�) functionde�ned in (14); and(c) the projectionmapping
schemebasedon P(�) in (17) and the l2-metric. The resulting
plotsof pruningversusaccuracy, with � 0 varyingacrosseachplot,
areshown in Figure2. A goodfeatureextractionmappingshould
achieve pruningandaccuracy thatareascloseto oneaspossible.
As shown in the�gure, ourproposedschemeclearlyout-performs
boththe“lower-bound”and“product” schemesby achieving much
higherpruningat thesameaccuracy level. Also, asexpected,the
“product” schemeout-performsthe“lower-bound”schemeasthe
“product” schemeexploitsboththeupperandlowerboundsof the
triangleinequality.
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Fig. 2. Pruning-versus-Accuracyplotsfor the“lower-bound”, the“pr od-
uct” andtheproposedschemes.

In thefollowing experiments,we applyPCA to theprojection
vectors,and comparethe resultingindex vectorswith other ap-
proachesin termsof their accuracy andpruningtrade-off. These
approachesinclude:a)PCA– while in ourproposedscheme,PCA
is appliedon the projectionvectors,it can also be directly ap-
plied onto the 712-dimensionalcolor histogramfeaturevectors



for dimensionreduction;b) Fastmap,asdescribedin [6]; andc)
Haarwaveletoncolorhistogramasdescribedin theMPEG-7stan-
dard[12]. Sincemostof theschemesrequiretrainingdatato gen-
eratethe mappings,we arbitrarysplit SIGDB into two halves –
we call onehalf the“training” SIGDB,which is usedto build the
mapping,andthe otherhalf the “testing” SIGDB, which is used
for the actualtesting. In order to ensurethe suitability of incor-
poratingtheseschemesinto GEMINI, we focuson very low di-
mensionalindex vectors.We testall theschemesfor dimensions
two, four andeight.Thecorrespondingpruning-accuracy plotsare
shown in Figures3(a) through(c). Theseplots aregeneratedby
thesameprocedureusedin the�rst experiment.As seen,our pro-
posedschemeresultsin thebestperformancein all thedimensions
tested,followedby Haar, FastmapandPCA. Thegain of thepro-
posedschemeover the secondbestscheme,however, diminishes
asthedimensionincreases.
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Fig. 3. (a)-(c) Pruning-versus-accuracy plots for two-, four- and eight-
dimensionalspaces.(d) Pruning and Accuracy versuspruning threshold
for threeindependentsetsof queries.

In applyingthe featureextractionschemein a fastsimilarity
search,we needto choosea particularvalueof pruningthreshold
� 0 in orderto computethecandidateset. Given the targetdimen-
sion,accuracy, andpruning,onepossibleapproachis to set� 0 to
a valuethatattainstheparticularlevel of performancein a previ-
ously completedexperiment. Thus,an importantquestionto an-
swer is whetherthe relationshipbetween� 0 and the correspond-
ing pruning and accuracy extendsto other queries. To answer
this question,we measurethe pruning and accuracy, as de�ned
in Equations(7) and (8), for three independentsetsof random
queries. Eachsethas1000signaturesrandomlydrawn from the
testingSIGDB. For eachsetof queries,differentvaluesof prun-
ing andaccuracy aremeasuredby varying � 0. The experimentis
alsorepeatedfor threedifferentvaluesof � , namely2, 3, and4.
Theresultingplotsof pruningandaccuracy versus� 0 for thethree
querysetsanddifferentvaluesof � areshown in Figure3(d). As
shown in the�gure, thereis little variationin theamountof prun-
ing amongthethreesets.Thereis somevariationin theaccuracy
for small � , but thevariationdiminishesas� becomeslarger. The
maximumdifferencesin accuracy amongthe threesetsover all
possiblevaluesof � 0 are0.12, 0.06, and0.04 for � = 2, 3, and
4 respectively. These�uctuations aresmallcomparedto thehigh
accuracy requiredby typicalapplications.

We concludethis sectionwith a numberof speedmeasure-

mentsfor the above four schemeson a particularplatform. The
experimentsarerun on a Dell PowerEdge6300Server with four
550MHzIntel Xeonprocessorsand1 Giga-bytesof memory. As
all thetestsarerununderasinglethread,only asingleprocessoris
used.ThetestingSIGDB,which contains23,206signatures,each
consistingof 100vectors,andtheir corresponding8-dimensional
indicesare �rst loadedinside the memory. 100 queriesare ran-
domlysampledfor testing.No SAM structureis implementedand
a simplesequentialsearchis usedfor theindices.Pruningthresh-
oldsarechosen,basedonthepreviousexperiments,to hit the90%
accuracy level for similarity searchesat � = 3:0. As a reference,
we alsomeasurethe performanceof sequentialsearchon signa-
tureswith no featureextraction.Theresultsaretabulatedbelow:

Schemes Sequential Proposed Fastmap Haar PCA
Accuracy 1.00 0.89 0.91 0.92 0.89
Index time
(ms)

- 131 �
0.8

131 �
1.5

152 �
1.3

130 �
1.4

Re®ne time
(ms)

6730 �
35

33 � 8 75 � 11 123 �
28

401 �
75

Candidate
Size/query

- 109 �
27

262 �
39

428 �
97

1386 �
257

The Index time is the time requiredfor the sequentialsearchon
indicesto identify thecandidatesets.Theaveragesandtheir stan-
darderrorat95%con�denceinterval areshown. As theSequential
schemedoesnot useany indices,no numberis reported.Thepro-
posedscheme,Fastmap,andPCA all usethel2 distanceon range
vectorsandthus,resultin roughly thesameindex time. Haarre-
quiresslightly larger index time for its l1 distancecomputation.
The re�ne time is the time requiredto performthe full signature
distancecomputationsonthecandidatesets,andis proportionalto
the sizeof the candidatesetsasshown in the last row. Our pro-
posedschemeoutperformsall otherfeatureextractionschemesin
re�nementtime. Thelargestandarderrorin there�nementtime is
dueto the variationin the sizeof candidatesets. Combiningthe
index time andre�nement time, the proposedschemeis roughly
41 timesfasterthanthesequentialsearchonsignatures.
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