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ABSTRACT

Theautomaticsggmentatiorandstructuringof videospresent
technicalchallengedue to the large variation of content,
spatiallayout, and possiblelack of storyline. In this pa-
per, we proposea spectraimethodto groupvideoshotsinto
sceneshasedon their visual similarity and temporalrela-
tions. Spectraimethodshave beenshown to be effectivein
capturingperceptuabrganizatiorfeaturesin particular we
investigatahe problemof automatianodelselectionwhich
is currentlyanopenresearclissuefor spectramethodsand
proposemeasureo assesthevalidity of agroupingresult.
Themethodologyis usedto groupshotsfrom homevideos
andsoccergames. The resultsindicatethe validity of the
proposedapproachboth comparedo existing techniques
aswell asto humanperformance.

1. INTRODUCTION

Sgymentatiorandstructuringof videosconstituteamportant
functionalitiesin content-basednediaanalysis[2, 8, 12].
As an exploratory analysistechnique,clusteringof video
entitieslike shotsandscenesllows for unsuperviseaon-
tentorganization(possiblyat multiple levels),andhasa di-
rectapplicationin browsing[12, 8].

Broadly speakingyvideoscanbe characterizedccord-
ing to the speci city of their contentandtheir production
models. On one side of the spectrum,home videos are
non-producedandarecharacterizetly unrestricteccontent
andthe absencef storyline[2, 3]. They arecomposef
sceneseachcomposeaf few shotsvisually consistentlo-
calizedin time, andrandomlyrecorded. On the other ex-
treme, sportsvideos and news programsare heavily pro-
duced acquiredwithin aspeci ¢ contet, andprior domain
knowledgecanbe employedto extractrelevantinformation
[13, 14]. However, thereexists structurein both typesof
content(looserin the rst case,muchmorespecic in the
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secondne)thatcanpotentiallybediscoseredby clustering
algorithmsandusedfor browsingpurposes2, 8, 12].

Spectralclusteringmethods[10, 9, 11], which aim at
partitioning a graphbasedon the eigervectorsof its pair-
wise similarity matrix, have received an increasinginter-
estin the computewision andmachindearningliteratures.
In practice,thesemethodshave provided someof the best
known resultsfor imagesegmentatior[9] anddatacluster
ing, but to our knowledgehave not beenappliedto video
organization. Furthermorepnekey problemin clustering,
namelythe automaticdeterminatiorof the numberof clus-
ters,hasnotbeenfully addresseéh previouswork.

In this paperwe presenta methodologyto discover the
clusterstructurein videosusing spectralalgorithms. To-
wardsthisgoal,we rst studysomemeasureto assesslus-
tering quality, discussinghe balancebetweenthe number
of clustersandthe clusteringquality. In particular we dis-
cussthe useof the eigengagdor modelselectionameasure
referredto asa potentialtool for clusteringevaluation[5],
but for which we arenot awareof ary experimentaktudies
shawing its usefulnessn practice. Furthermorewe show
thatthe applicationof spectraklusteringto videoresultsin
a powerful method,despitethe useof basicglobalfeatures
of visual similarity and temporalrelations. We exemplify
the performanceof the methodologywith respectto clus-
ter detectionand individual shot-clusterassignmentising
two differenttypesof videomaterial(homevideosandsoc-
cer games),andshow that our approachcompareswell to
peopleperformingthe sametask,andoutperformsotherex-
isting automatictechniques.While the featuresusedhere
are simple,the approachs generaland could be extended
to dealwith morededicateddomain-speci cfeatureextrac-
tion algorithmsin theseandothertypesof videocontent.

The paperis organizedasfollows. Section2 describes
the spectralclusteringalgorithm,discussinghe useof var
ious clusteringquality measure$o automaticallydetectthe
numberof clusters. Section3 describeghe applicationof
themethodologyto the extractionof meaningfulclustersof
homevideosandsocceigames Sectiond describeshedata
setsandthe performanceneasuresand presentgesultsof
ourapproachSections providessomeconcludingremarks.



2. THE SPECTRAL CLUSTERING ALGORITHM

First, we brie y describethe spectralalgorithm (proposed
in [5] andinspiredby [9]). Model selectionis then dis-

cussedandtwo measuresf assessinglusteringquality are

presented.

2.1. The algorithm

Let usde ne agraphG by (S;A), whereS denoteghe set
of nodesandA istheaf nity matrixencodinghesimilarity
betweerany two nodesn thesetS. We ensurghatA; = 0
foralli in S. Theafnity A; isoftende nedas:

d2(ij )
Aj =exp 27 | @)

whered(i; j ) denotesdistanceneasurdetweeriwo nodes,
and is a scaleparameter The algorithm consistsof the
following steps.

1. DeneD(A)to bethedegreerl'gatrixofA (i.e. adiag-
onal matrix suchthatD; = j Aj ), andconstruct

L(A) byL(A) = (D(A)) *2A(D(A) 7.

L andformthematrix X = [x1X; :::Xk] by stacking
theeigervectorsin columns.

3. Form the matrix Y from X by renormalizingeach
row to have unitlength. Therow Y; is thenew feature
associatedavith nodei.

4. Clustertherows; into k clustersvia K -means.

5. Assignto eachnodei theclusternumbercorrespond-
ing to its row.

Whenthevalueof K correspond$o its truevalue therows
of Y shouldclusterin K orthogonaldirections. Thus,the
K initial centroids(Y;)i=1...x in the fourth stepof the
algorithmcanbe selectedby rst identifying the row of Y
whoseN init neighbourdorm thetightestcluster andthen
recursvely selectingherow whoseinnerproductto the ex-
isting centroidgs the smallestaccordingto :
Yisa = agmin max (V° )

2.2. Algorithm analysis

Fig. 1 shavs examplesof clusteringresultsthatcanbe ob-
tainedwith this algorithm. It wasshawn in [5] that,under
theconditionthatK correspondso thetruenumberof clus-
ters (whenever sucha value exists), the rows of Y should
clusterin K orthogonaldirections. Given the correctK

value,thework in [5] exploitedthis propertyby computing

1choserto bemutually orthogonain the caseof repeatecigevalues
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Fig. 1. A clusteringexample. Resultwith (a) K =2, (b)
K=3,(c)K=4(d)K =5.

a MSE distorsionmeasureat the end of the K-meansstep
to selectthe nal clusteringresultfrom a setof resultsob-
tainedby varyingthescaleparameter in theaf nity matrix
computation(Eq. (1)).

In [6], we analyzedthe behaiour of the algorithmfor
thecasewhenK is differentfrom thisidealnumber When
K < Kigeal ; We shavedthatthe orthogonalpropertymay
not hold in general sothatthe MSE distorsionmay be low
or notin thiscase WhenK > Kigeq , theorthogonaprop-
erty doesnot hold andresultsin an overclusteringof the
ideal case(Fig. 1). Therefore thereis no clearindication
of how the MSE measurevould behae for varying values
of K. Notein particularthatthe distortionmeasurés com-
putedin spacesof differentdimension(the rows Y; lie in
RX), sothatdistortionvaluesmay not be easilycompared.

2.3. Automatic model selection

The selectionof the “correct” numberof clustersis a dif-

cult task. We have seenin the previous Sectionthat the
analysisof the MSE measuregor varyingK is not trivial.
For thisreasonwe considereathercriteriastemmingrom
matrix perturbationand spectralgraphtheoriesto perform
modelselection.

We have adoptedthe following stratgly. The spectral
clusteringalgorithmis employedto provide candidatesolu-
tions (onepervalueof K '), andthe selectionis performed
basedn the criteriadiscussedh the following sections.

The eigengap

The eigengaps animportantmeasuran spectralmethods
[10, 5]. The eigengapof amatrix A isde ned by (A) =
1 -2 where 1 and ; areits two largesteigervalueg10].
In practice the eigengaps oftenusedto assesshe stability
of the rst eigervectoP of amatrixandit canbeshovnto be
relatedto the Chegger constant a measureof the tightness
of clusters.To clarify thisrelation,let usde ne thecutvalue
of the partitioning (IPiI ) g a graphwith af nity matrix
AbyCuta(l;l) = 5 2 Aj. Wealsgde ne the
volumeof the subsetl by VoIa(l) = = 5 5 Aj.
Furthermorethe conductance of the partitioning (I ;1)

20rthe rst k eigetvectors,n casesvherewe have ak-repeatedargest
eigewalues.



is de ned as

Cuta(l ;1) .
min(Vola (1);Vola (1))

al)=

TheChegerconstantg isde nedashg (A) = min; A (1)
andcanbe showvn to be boundedby the eigengaf5, 10 :
hg (A) % (A): Theconductancendicateshow well (1 ;1)
partitionsthe setof nodesinto two subsetsand the mini-
mumover | correspondso the bestpartition. Therefore,
if thereexist a partition for which (i) the weightsA; of
the graphedgesacrosghe partitionaresmall,and(ii) each
of theregionsin the partition hasenoughvolume, thenthe
Cheger constantwill be small. Startingfrom K = 1,
we would like to selectthe simplestclusteringmodel(i.e.,
the smallestK ) for which the extractedclustersare tight
enough(hardto splitinto two subsets)Thisis equivalentto
requestthat the Cheger constants large enoughfor each
cluster or to requesthatthe eigengags large for all clus-
ters.Our rst criterionis

< = min - (LAL); )

whereA&') arethesubmatriceextractedfrom A according
to the model obtainedby the spectralalgorithm,andL is
de ned in Section2.1. The algorithm selectsthe smallest
K for which the eigengapasde ned by Eq. (2) exceedsa
threshold.

The relative cut

The measurale ned by Eq. (2) hasa dravback,asit only

considerdgntra-clusterinformation. When part of the data
have no clearly de ned clusters,the algorithm may over-

estimatethe numberof clustersso that all clusters(possi-
bly reducedo a singleelement)aretight enough.We thus
considereda secondcriterionthat characterizeshe overall

quality of a clustering.This criterionis de ned asthefrac-

tion of thetotal weightof edgesot coveredby theclusters,
P« Pk P P

k=1  I=1g6ks i2Sk
i A

j2s Aii

rcuk =

_ (3)

I
ThealgorithmoutputsthelargestK for whichrcutis below
athreshold.

3. SPECTRAL STRUCTURING OF VIDEOS

In this Sectionwe explore the applicationof the spectral
algorithmto the video shot clusteringproblem, basedon
generakceneappearencmodels, to two typeof contents
homevideosandsoccergames.We rst describethe fea-
turesemployed to represent shot. Then, we discussthe

3Needlesso say multiple valid partitionsof thesamevideoexist: clus-
teringavideobasedn their sceness clearly a differenttaskthancluster
ing it basedon peopleidentities.
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Fig. 2. Af nity matrix: (a)homevideocasgVideol16)and
(b) soccemgamecase.

similarity measurdénetweerntwo featurepointsusedto build
theaf nity matrix. As shotsarerepresentedy morethan
onefeaturepoint, an additionalshotto clusterassignment
stepis required asexplainedin Subsectior8.3.

3.1. Shotrepresentationand feature extraction

Videoshotsusuallycontainmorethanoneappearancejue
to cameramotion. Consequentlymorethanonekey-frame
might be necessarnyo representhe intra-shotappearance
variation.In thispaperashotis representetly asmall x ed
numberof key-frames,Ny; = 5. However, we are aware
that the numberand quality of key-framescould have an
impacton clusteringperformance . Shotsarefurtherrepre-
sentedby standardrisualfeatureq2]. Thei th key-frame
f; of avideois characterizedby a histogramh; = fh; g,
wherej runsoverasetof (r; g; b) uniformly quantizedolor
bins. However, whenappropriatea particularspatiallayout
of theimagecanbe takeninto account.In this case h; is
a histogramwith j runningover (r; g; b;p) bins, wherep
represents speci c region of theimage.

3.2. Similarity computation

In our approachthe af nity matrix A is directly built from
thesetof all key-framesin avideo,indexedasawhole,but
knowing thecorrespondendesy-frame-shotThesimilarity



measurebetweernthe key-framesshouldre ect the knowl-
edgeaboutthe speci ¢ applicationdomain. In the caseof
homevideos,the contentis unrestricted. Thus, similarity
measuredvasedn globalsceneappearencedescriptorsare
areasonablehoice.In sportsvideos,suchassoccermore
speci ¢ similarity measuregould be de ned. However, in
the scopeof this paper we restrictourselesto the useof
the sametype of global featuresto shaw the sole effect of
theclusteringalgorithm.

Similarity computation for homevideos
Homevideoscontainseriesof orderedandtemporallyad-
jacentshotsthatcanbe organizedn groupsusuallyrelated
to distinct scenes.Visual similarity andtemporalordering
aretwo of the main criteria that allow peopleto identify
clustersin video collections,when nothing elseis known
aboutthe content(unlike the Immak er, who knows details
of context). The integrationof visual similarity and tem-
poral adjaceng in a joint modelis a sensiblechoice. The
pairwiseaf nity matrix A is de ned by
d2(tifj)

dz(f"f')
t (il
27 ,andAj =e 2T ;

Aij = A?j/ A}j ,

with Aj = e
whereA;; istheafnity betweerkey-framesf; andf;, dy
andd; aremeasure®f visual andtemporalsimilarity, and
2and 2 arevisualandtemporalscaleparameters.

Visual similarity is computedby the metric basedon
Bhattacharyyaoefcient, which hasprovento berobustto
comparecolor distributions[1],

d(fi;fj))=@ sr(hi;h)*> 4)

wherethe gt d'gnotesthe Bhattacharyyacoefcient, de-
ned by gt = | (hihjx)*™?, the sumrunningoverall
binsin the histograms.

Temporalsimilarity exploits the fact that distantshots
alongthetemporalaxisarelesslik ely to belongto thesame

sceneandis de ned by d; (f;;f;) = ”f’]’\j% wherejf i
denotethe absoluteframe numberof f; in the video, and
jvcj denoteghe entirevideoclip duration(in frames).Note
thattherangefor bothd, andd; is [0; 1].

We setthe scaleparameters, and ; in thefollowing
way. Building upona previous study[2], we x edthe
valueto 0:25whichrepresenta goodthresholdor separat-
ing intra andinter-clustersimilaritiesdistributionsin home
videos. Similarly, it wasshaown in [2] thatin average70%
of homevideo scenesare composedf four or lessshots.
Thus,the  valuewassetto the averagetemporalsepara-
tion betweerfour shotsin a givenvideo.

Fig. 2(a) shavs the af nity matrix computedfor one
of the homevideo (correspondindo the video Fig. 4(a)).
Bright points correspondo large pairwisesimilarity. The
matrix exhibits a nice block diagonalpattern,due mainly
to thefactthatsimilar shotsusuallycorrespondo adjacent

| | H [ PHC]| SM |
SIEmin 0.078] 0.156 | 0.116
SlEned || 0.275]| 0.362 | 0.271
SlEmax || 0.535| 0.532| 0.539

Tab. 1. Averageof the percentag®f shotsin errorfor hu-
mans(H), the probabilistichierarchicatlusteringalgorithm
(PHC),andthe spectramethod(SM)

shots,andto thetime-dependergimilarity term,which lim-
its theamplitudeof the off-diagonalterms.

Similarity computation for soccergamesvideos
In the context of sportsvideos, domainknowledgeinfor-
mation could be usedto analyzetheir contentand tempo-
ral structure. In the scopeof this paper we only consider
global appearenceformation, neglecting otherusefulin-
formation (e.g. cameramotion, motion actiity, detection
of speci c regionslike grass).The only domainknowledge
thatwe useis introducedby splitting eachimagehorizon-
tally into a 2/5 top region and 3/5 bottomregion andrep-
resentinga key-frameby a multidimensionahistogramas
describedn Subsectior8.1. Furthermoreasin this appli-
cationdistantshotscan belongto the samescene we de-
ned the similarity A asthe visual similarity alone,i.e.
Aj = A}f . The similarity scalevalue  is keptto avalue
of 0:25.
Fig. 2(b) shavs the af nity matrix obtainedin the caseof
soccerdata. The block effect is due to the alternanceof
wide shots(with grass)andclose-upshots. The latter shot
catayory yields lessintra clustersimilarities and therefore
producesdessbrightblocks(onthediagonalor off-diagonal)
in thematrix.

3.3. Shotassignmentafter spectral clustering

Thespectramethodis appliedasdiscussedn Section2. A
clusternumberis thenassignedo eachshotusinga sim-
ple majority rule on the clusterlabelsof its key-frames.In
the caseof atie, the clusteris randomlyselectedrom the
possiblecandidates.

4. EXPERIMENTS AND RESULTS

4.1. Homevideo experiments
Ground-truth generation

Although shot clusteringinto sceneds a corefunction in
video contentanalysis, performanceevaluation measures
andproceduredor this taskare not standardized The ob-
jective evaluationof ashotclusteringalgorithmassumethe
existenceof aground-truth(GT) atthescendevel. At least
two optionsare concevable. In the rst-party approach,



the GT is generatedy the contentcreator[7] thusincor

poratingspeci ¢ context and productionmodelknowledge
(locationrelationshipsn homevideos,or speci c camera
sourcesn soccewvideos)thatcannotbe easilyextractedby

currentautomaticmeans. In contrast,a third-party GT is

de ned by a subjectotherthanthe Immaker (not familiar

with the content).In this case therestill existshumancon-

text understandingput limited to whatis displayed?2].

Onecriticism againsthe latter methodologyis therea-
sonableclaim that different peoplegeneratedistinct GTs,
andthereforenosinglejudgementanbereliable. Theques-
tion of humanjudgementonsisteng for scenestructuring
refersto the generalproblemof perceptuabrganizationof
visualinformation[4]. Onecould expectthatvariationsin
humanjudgementariseboth from distinct perceptionof a
videostructureandfrom differentlevelsof granularityin it
[4]. Modelingthesevariationswould be usefulto evaluate
clusteringalgorithmsagainsthumanperformance.Similar
objectives have beenpursuedfor image segmentation[4]
andclusteringof still images.

We useathird-partyGT basednmultiple subjecjudge-
mentto take into accounthefactthatdifferentpeoplemight
generatdifferentresults. In the rst place,a ground-truth
(GT) attheshotlevel canbegeneratedin thesecondlace,
scenedor eachvideo canbe found by a numberof people
guidedby a purposedlygeneralstatementboutthe clus-
tering task (e.g. “group shotstogetherif you believe they
belongto the samescene”),with no initial solution. The
clusteringis madeusinga GUI that displaysa key-frame-
basedvideo summary This methodologyhasbeenapplied
onasix-hourhomevideodatabase.

Performancemeasures

We proposeto usetwo performancemeasures:the num-
ber of clustersselectedby the algorithm, and the number
of shotsin error (SIE). For the numberof clusters,we
report the value we obtain and compareit with the num-
bersprovided by people. For shotin errors,let us denote
GT' = fGT';j 2 1;::Nig the setof humanGTs for
the video Vi, andC the solution of an algorithm for the
samevideo. The SIE betweerthe clusteringresultC anda
ground-truthGTji is de ned asthe numberof shotswhose
clusterlabelin C doesnot matchthelabelin the GT. This
gure is computedbetweenG andeachGT;, andthe GTs
areranked accordingto this measure.We thenkeepthree
measures the minimum, the medianand the maximum
valueof the SIE, denotedSIE,, , SIE,oq andSIE, ., re-
spectvely. The minimumvalue SIEy, providesusanin-
dicationof how faranautomaticclusteringis from thenear
estseggmentationprovided by a human. The medianvalue
canbe consideredasa fair measureof how well the algo-
rithm performs takinginto accountthe majority of the hu-
manGTs andexcluding the largesterrors. Theselarge er-
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rors may comefrom outliersandaretakeninto accountoy
SIE, . ,» Which givesanideaof the spreacbf themeasures.
For the overall performanceneasureywe computedhe av-
erageSIE measuresverall thevideos,of thepercentagef
shotsin errorsw.r.t. thenumberof shotsin eachvideo. Note
thatthis normalizationis necessarypecausehe numberof
clustersandshotsmight vary considerablyfrom onevideo
to another

Data set

Thedatasetconsistof 20 20-minuteMPEG-1homevideos
(430 shots)provided by seven people,which depictvaca-
tions, schoolparties,weddings,etc. The numberof shots
per video variesconsiderably(4-62 shots). Following the
proceduredescribedn theprevioussection scenegor each
videowerefoundby abouttwenty subjectssothe GT con-
sistsof nearly400 humansegmentations.

Results

The bestresult with our methodwas obtainedusing the
eigengapcriterion and a threshold ¢ = 0:15. We com-
paredit with a probabilistichierarchicalclusteringmethod
(PHC) [2], which hasbeenshawn to performbetterresults
thantraditional methods(e..g. K-means),aswell aswith

human performance. The latter was obtainedin the fol-

lowing way : for eachvideo, the minimum, medianand
maximumshotsin errorwerecomputedor eachhumanGT

againstll theothers.Thesevalueswerethenaveragedver
all subjects. Theseaveragesare plottedin Fig. 3 for each
video. Finally we computedhe averageover all thevideos
to getthe overall performance.

Tablel summarizesheresults.We can rst noticefrom the



Fig. 4. Homevideo structuringexamples.(a)ideo 16 (b)
Video7. Only onekeyframeof eachshotis displayed.

minimum and maximumvaluesthat the spreadof perfor

mancess high, giventhe performanceneasure Secondly
the spectralmethodis performingbetterthan PHC, ascan
be seenfrom the medianandminimumvalue,andapproxi-
matelyaswell aspeople.

Fig. 3 displaystheresultsobtainedfor eachvideo. First, in

Fig. 3(a), we shav the numberof detectectlusters(thered
circles)aspredictedby the algorithmandcomparehemto
themeanof thenumberof clustersn the GT. Thespreadf
theclusternumbersn the GT is representetly thebluebar
(plusor minusonestandardleviation). Notethatthevideos
have beenorderedaccordingto their numberof shots.The
detectedclusternumbersarein good accordancevith the
GT, thoughslightly underestimatedFig. 3(b) displaysthe
valuesof the shotin error measuresn comparisorto the
averageof humanperformanceThecirclesdepictthemea-
suresobtainedwith our methodandthe crosseslenotehu-
man performance.The color representshe differentmea-
sures(minimum in red, medianin blue, and maximumin

green). The medianperformanceof our algorithmis bet-
ter thanthe averagehumanin eightcasesandworsein six
cases.Notice thatin 25% of the casespur algorithm pro-
videsa sggmentatiorthatalsoexistsin the GT.

Two examplesof the generatectlustersare shawvn in
Fig. 4. Eachclusteris displayedasa row of shots,whichin
turn arerepresentedby onekeyframe (labelede). Qualita-
tively, the methodprovidessensibleresults.

Fig. 5 shows the obtainedresultsusingthe two criteria.
The selectionwith the eigengapcriterion slightly outper
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Fig. 5. Variation of the averageof percentagef shotsin
error (averageof the medianin red, of the min in blue) for
differentcriteriaasfunctionof theirthreshold:(a) eigengap;
(range:(0.1,0.3));(b) relative cut (range:(0.04,0.08)).

formstheresultsobtainedwith therelative cut. We canalso
notice that the resultsare quite consistentover a rangeof
thresholdgin ary case betterthan PHC). We alsoconsid-
eredthe MSE distorsionmeasurd5] asa criterion, but we
couldnotobtaingoodresultswith it.

4.2. Soccergamesresults

We appliedthe spectralclustering(SC) algorithm on one
10-minutesoccergamevideo clip (86 shots). The selec-
tion algorithm basedon the eigengapand a thresholdof
k = 0:15 appliedto the soccerdatagave a value of K
equalto 104,
Fig. 6 displaysthe 10 clustersobtainedwith the method.
Remembetthat only one keyframeis displayedper shot.
For instance somewide shotsmay correspondo play ac-
tions taking placeon both side of the play eld, leadingto
keyframeswith andwithout crowd at thetop. The obtained
clustersarevisually quiteconsistentThe rst clustercorre-
spondo thedisplayof theplayersnamesthesecondnainly
towide eld of viewswith thecrowd atthetop of theimage,
including shotstaken from the play eld side;the third one
to close-up®f playerswith acrowd backgroundThefourth
clusteris a mixture of close-upswith grassbackgroundand
medium eld of view shots.The th onecontainsmainly a
darkgrasswhile thesixth clustercontainsshotswith lighter
grassandmoreblack andwhite pixels. The four lastclus-
tersexhibits singleshotswith distinctive color signatures.
For comparisonpurposes,n Fig.7 we presentthe result
obtainedwith the standardk-means(KC) algorithn? ap-
plied on the multidimensionahistogramdata. The clusters
presentnoreinconsistenciethanwith the spectraimethod.
For instance the third and fourth clustersseemsto corre-
spondto the sameclass. In the fth cluster two close-up
shotsof playerswith grassdon't seento belongto thisclus-

“Notethat, dueto theabsencef time-dependergimilarity term, there
is moreinterclustersimilarity thanin thehomevideocase.Thus,athresh-
old valueof around0.15would be necessaryo selectthe samenumberof
clusterwith therelative-cutcriterion.

5More precisely 10 runsof the K-meansalgorithmare performedand
theresultwith the lowestMSE is kept.



ter. Close-upshotsof white playerswith grassaredissemi-
natedin 5 differentclusters.Close-upof red playersin the
ninth clusteraresimilarto the rst shotof cluster5.

To evaluatethe differencebetweenthe two algorithms
(SC and KC), we performedthe following “user' experi-
ment. Video summariessimilar to the onesin Fig. 6 were
producedor threel0-minutesoccenideoclips (with resp.
61,71 and85 shots),andprintedon papef. Then,10 peo-
ple wereasledto performthe following tasks: “First, ob-
sene onesummarycarefullyandthenreportfor eachclus-
ter thoseshotsthat do not belongto suchclusteror that t
betterin a differentcluster Then,do the samefor the sum-
mary obtainedwith the otheralgorithmon the samevideo
clip’. Secondlylooking at both summariestell which one
is betterandwhy.”

For the rst task,we obtainedthe following results: anav-
erageof 8.7,8.1and10.6shotsin errorwerecountedn the
threeKC summariesmakinga total averageof 9.13. The
resultsof the SCsummariesrethefollowing : 8.7,6.5and
10.1with atotal averageof 8.43. For the secondask, the
numberaverethefollowing : 23timesthe SCsummarywas
saidto be better 2 timesthe KC, andin 5 caseghe person
thoughtthey were equivalent. The resultsfor the second
task are suprisinglygood for SC given the small and un-
signi cant differencebetweerthe numbersof reportedshot
in error. Here,humanperceptionrdoesnot matchthe num-
bers. Themaincommentsnadeby the peoplecanbe sum-
marizedasfollows : the spectralclusteringalgorithmpro-
ducesmore homogeneouslustersthat make more sense,
with mistalesthat are acceptable On the contrary the K-
meansalgorithmwassaidto producegoo mary similarsized
clusterswith a smallnumberof errorseverywhere.

5. CONCLUSION

In this paperwe have describeda methodfor clustering
video shotsusing a spectralmethod. In particular we in-

vestigatedheautomaticselectionof thenumberof clusters,
whichis currentlyanopenresearchssuefor spectraimeth-
ods. The algorithmwas appliedto a six-hourhomevideo
databaseandto soccerdata,andthe resultsare favorably
comparedo existing techniquesaswell ashumanperfor

mance.

The improvementof the methodologycan be achiered by

designingbettersimilarity distancesetweenshotsor im-

ages.This canbe doneby usingothercuessuchasmotion

or texture. However, good ways of combiningthesecues

6We printed one summaryper page. Thus, we wereableto represent
eachshotwith threekey-frames. Furthermoreto avoid a perceptualay-
out biasbetweersummariesclusterswerereoganizedsuchthatthegrass
clustersweredisplayedon top of the summaries.

"Half of the subjectslooked at the SC summary rst ; the otherhalf
viewedthe KC summaryrst.

into one similarity matrix (andthe effect on the clustering
algorithm)is still an openissue. Neverthelessin the con-

text of a speci ¢ application,dedicatecsimilarity distances
could be de ned and are expectedto leadto more precise
and ner clusteringresults.
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Fig. 7. Soccemgameclusteringresultwith Kmeansmethod.
Only onekeyframeof eachshotis displayed.

Fig. 6. Soccergameclusteringresultwith Spectraimethod.

Only onekeyframeof eachshotis displayed.



