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ABSTRACT

Theautomaticsegmentationandstructuringof videospresent
technicalchallengesdue to the large variationof content,
spatial layout, and possiblelack of storyline. In this pa-
per, weproposeaspectralmethodto groupvideoshotsinto
scenesbasedon their visual similarity and temporalrela-
tions. Spectralmethodshave beenshown to beeffective in
capturingperceptualorganizationfeatures.In particular, we
investigatetheproblemof automaticmodelselection,which
is currentlyanopenresearchissuefor spectralmethods,and
proposemeasuresto assessthevalidity of agroupingresult.
Themethodologyis usedto groupshotsfrom homevideos
andsoccergames.The resultsindicatethe validity of the
proposedapproach,both comparedto existing techniques
aswell asto humanperformance.

1. INTRODUCTION

Segmentationandstructuringof videosconstituteimportant
functionalitiesin content-basedmediaanalysis[2, 8, 12].
As an exploratory analysistechnique,clusteringof video
entitieslike shotsandscenesallows for unsupervisedcon-
tentorganization(possiblyat multiple levels),andhasa di-
rectapplicationin browsing[12, 8].

Broadly speaking,videoscanbe characterizedaccord-
ing to the speci�city of their contentandtheir production
models. On one side of the spectrum,home videos are
non-produced,andarecharacterizedby unrestrictedcontent
andtheabsenceof storyline[2, 3]. They arecomposedof
scenes,eachcomposedof few shots,visuallyconsistent,lo-
calizedin time, andrandomlyrecorded.On the otherex-
treme,sportsvideosand news programsare heavily pro-
duced,acquiredwithin a speci�c context, andprior domain
knowledgecanbeemployedto extractrelevantinformation
[13, 14]. However, thereexists structurein both typesof
content(looserin the �rst case,muchmorespeci�c in the
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secondone)thatcanpotentiallybediscoveredby clustering
algorithmsandusedfor browsingpurposes[2, 8, 12].

Spectralclusteringmethods[10, 9, 11], which aim at
partitioninga graphbasedon the eigenvectorsof its pair-
wise similarity matrix, have received an increasinginter-
estin thecomputervision andmachinelearningliteratures.
In practice,thesemethodshave providedsomeof the best
known resultsfor imagesegmentation[9] anddatacluster-
ing, but to our knowledgehave not beenappliedto video
organization.Furthermore,onekey problemin clustering,
namelytheautomaticdeterminationof thenumberof clus-
ters,hasnotbeenfully addressedin previouswork.

In this paper, we presenta methodologyto discover the
clusterstructurein videosusing spectralalgorithms. To-
wardsthisgoal,we�rst studysomemeasuresto assessclus-
tering quality, discussingthe balancebetweenthe number
of clustersandtheclusteringquality. In particular, we dis-
cusstheuseof theeigengapfor modelselection,a measure
referredto asa potentialtool for clusteringevaluation[5],
but for which we arenot awareof any experimentalstudies
showing its usefulnessin practice. Furthermore,we show
thattheapplicationof spectralclusteringto videoresultsin
a powerful method,despitetheuseof basicglobal features
of visual similarity and temporalrelations. We exemplify
the performanceof the methodologywith respectto clus-
ter detectionand individual shot-clusterassignmentusing
two differenttypesof videomaterial(homevideosandsoc-
cer games),andshow that our approachcompareswell to
peopleperformingthesametask,andoutperformsotherex-
isting automatictechniques.While the featuresusedhere
aresimple,the approachis generalandcould be extended
to dealwith morededicated,domain-speci�cfeatureextrac-
tion algorithmsin theseandothertypesof videocontent.

Thepaperis organizedasfollows. Section2 describes
thespectralclusteringalgorithm,discussingtheuseof var-
iousclusteringquality measuresto automaticallydetectthe
numberof clusters.Section3 describesthe applicationof
themethodologyto theextractionof meaningfulclustersof
homevideosandsoccergames.Section4 describesthedata
setsandtheperformancemeasures,andpresentsresultsof
ourapproach.Section5 providessomeconcludingremarks.



2. THE SPECTRAL CLUSTERING ALGORITHM

First, we brie�y describethe spectralalgorithm(proposed
in [5] and inspiredby [9]). Model selectionis then dis-
cussed,andtwo measuresof assessingclusteringqualityare
presented.

2.1. The algorithm

Let usde�ne a graph
�

by �������	� , where � denotestheset
of nodes,and � is theaf�nity matrixencodingthesimilarity
betweenany two nodesin theset � . Weensurethat ��
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for all � in � . Theaf�nity �	
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where,-�.�#��/�� denotesadistancemeasurebetweentwo nodes,
and 0 is a scaleparameter. The algorithmconsistsof the
following steps:

1. De�ne 1 ( � ) to bethedegreematrixof � (i.e. adiag-
onalmatrix suchthat 12
�
3
54

�

��
�� ), andconstruct
6

�7�	� by
6

�7�	�8
9�)1:�7�	�;�

�=<�>@?

�A�)1:�7�	�;�

�=<�>�?

.

2. Find BDC

<

��C

?

��EDE�E���C-FHG the I largesteigenvectorsof
6

,
1 andform thematrix JK
ML C

<

C

?

EDE�ENCOFQP by stacking
theeigenvectorsin columns.

3. Form the matrix R from J by renormalizingeach
row to haveunit length.Therow RO
 is thenew feature
associatedwith node� .

4. Clustertherows R

 into I clustersvia S -means.

5. Assignto eachnode� theclusternumbercorrespond-
ing to its row.

Whenthevalueof S correspondsto its truevalue,therows
of R shouldclusterin S orthogonaldirections.Thus,the
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2.2. Algorithm analysis

Fig. 1 shows examplesof clusteringresultsthatcanbeob-
tainedwith this algorithm. It wasshown in [5] that,under
theconditionthat S correspondsto thetruenumberof clus-
ters(whenever sucha valueexists), the rows of R should
clusterin S orthogonaldirections. Given the correct S

value,thework in [5] exploitedthis propertyby computing

1chosento bemutuallyorthogonalin thecaseof repeatedeigenvalues
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Fig. 1. A clusteringexample. Resultwith (a) t =2, (b)
t =3, (c) t =4 (d) t =5.

a MSE distorsionmeasureat the endof the K-meansstep
to selectthe �nal clusteringresultfrom a setof resultsob-
tainedbyvaryingthescaleparameteru in theaf�nity matrix
computation(Eq. (1)).

In [6], we analyzedthe behaviour of the algorithmfor
thecasewhen t is differentfrom this idealnumber. When

twv9tyx{z}|N~#• , we showedthat theorthogonalpropertymay
not hold in general,sothat theMSE distorsionmaybelow
or not in thiscase.When t•€‚tƒx{z}|N~#• , theorthogonalprop-
erty doesnot hold and resultsin an overclusteringof the
ideal case(Fig. 1). Therefore,thereis no clear indication
of how theMSE measurewould behave for varyingvalues
of t . Notein particularthatthedistortionmeasureis com-
putedin spacesof differentdimension(the rows „†… lie in
IR‡ ), sothatdistortionvaluesmaynotbeeasilycompared.

2.3. Automatic modelselection

The selectionof the “correct” numberof clustersis a dif-
�cult task. We have seenin the previous Sectionthat the
analysisof theMSE measuresfor varying t is not trivial.
For this reason,weconsideredothercriteriastemmingfrom
matrix perturbationandspectralgraphtheoriesto perform
modelselection.

We have adoptedthe following strategy. The spectral
clusteringalgorithmis employedto providecandidatesolu-
tions (oneper valueof t ), andthe selectionis performed
basedon thecriteriadiscussedin thefollowing sections.

The eigengap

The eigengapis an importantmeasurein spectralmethods
[10, 5]. The eigengapof a matrix ˆ is de�ned by ‰kŠ7ˆ�‹•Œ

Ž••‚‘s’

‘f“

where”O• and ”—– areits two largesteigenvalues[10].
In practice,theeigengapis oftenusedto assessthestability
of the�rst eigenvector2 of amatrixandit canbeshownto be
relatedto theCheeger constant, a measureof the tightness
of clusters.To clarify thisrelation,let usde�ne thecutvalue
of the partitioning Š™˜›škœ ˜•‹ of a graphwith af�nity matrix

ˆ by ž	Ÿ- N¡ Š™˜›š�œ ˜¢‹£Œ¥¤

x7¦Q§

¤

…©¨
¦f§

ˆ
x

… . We alsode�ne the
volumeof the subset̃ by ª£«f¬7¡•Š�˜8‹qŒ

¤

x7¦Q§

¤

…
¦Q§

ˆ
x

… .
Furthermore,theconductance­ of thepartitioning Š�˜›š

œ
˜¢‹

2Or the�rst k eigenvectors,in caseswherewehaveak-repeated,largest
eigenvalues.
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partitionsthe setof nodesinto two subsets,and the mini-
mum over � correspondsto the bestpartition. Therefore,
if thereexist a partition for which (i) the weights �	
�� of
thegraphedgesacrossthepartitionaresmall,and(ii) each
of the regionsin thepartitionhasenoughvolume,thenthe
Cheeger constantwill be small. Starting from S 
�� ,
we would like to selectthesimplestclusteringmodel(i.e.,
the smallest S ) for which the extractedclustersare tight
enough(hardto split into two subsets).This is equivalentto
requestthat the Cheeger constantis large enoughfor each
cluster, or to requestthat theeigengapis large for all clus-
ters.Our �rst criterionis

�

Y


 `Ua_c


��

<}X�X�X Y

�

�

6

�7�

g


_


j

Y

���}� (2)

where�

g


�


j

Y

arethesubmatricesextractedfrom � according
to the modelobtainedby the spectralalgorithm,and

6

is
de�ned in Section2.1. The algorithmselectsthe smallest

S for which theeigengapasde�ned by Eq. (2) exceedsa
threshold.

The relativecut

Themeasurede�ned by Eq. (2) hasa drawback,asit only
considersintra-clusterinformation. Whenpart of the data
have no clearly de�ned clusters,the algorithm may over-
estimatethe numberof clustersso that all clusters(possi-
bly reducedto a singleelement)aretight enough.We thus
considereda secondcriterion that characterizestheoverall
quality of a clustering.This criterionis de�ned asthefrac-
tion of thetotalweightof edgesnotcoveredby theclusters,
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ThealgorithmoutputsthelargestS for whichrcut is below
a threshold.

3. SPECTRAL STRUCTURING OF VIDEOS

In this Sectionwe explore the applicationof the spectral
algorithm to the video shot clusteringproblem,basedon
generalsceneappearencemodels3, to two typeof contents:
homevideosandsoccergames.We �rst describethe fea-
turesemployed to representa shot. Then,we discussthe

3Needlessto say, multiplevalid partitionsof thesamevideoexist: clus-
teringa videobasedon their scenesis clearlya differenttaskthancluster-
ing it basedonpeopleidentities.
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Fig. 2. Af�nity matrix : (a)homevideocase(Video16)and
(b) soccergamecase.

similarity measurebetweentwo featurepointsusedto build
the af�nity matrix. As shotsarerepresentedby morethan
onefeaturepoint, an additionalshot to clusterassignment
stepis required,asexplainedin Subsection3.3.

3.1. Shot representationand featureextraction

Videoshotsusuallycontainmorethanoneappearance,due
to cameramotion. Consequently, morethanonekey-frame
might be necessaryto representthe intra-shotappearance
variation.In thispaper, ashotis representedbyasmall�x ed
numberof key-frames,')(&*,+.- . However, we areaware
that the numberand quality of key-framescould have an
impacton clusteringperformance.Shotsarefurther repre-
sentedby standardvisualfeatures[2]. The /103254 key-frame

6�7

of a video is characterizedby a histogram4

7

+98:4
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,
where> runsoverasetof ?A@�B5C�BED&F uniformly quantizedcolor
bins.However, whenappropriate,aparticularspatiallayout
of the imagecanbe taken into account.In this case,4

7

is
a histogramwith > running over ?�@�BGCHB�D:B�I�F bins, where I

representsaspeci�c regionof theimage.

3.2. Similarity computation

In our approach,theaf�nity matrix J is directly built from
thesetof all key-framesin a video,indexedasa whole,but
knowing thecorrespondencekey-frame-shot.Thesimilarity



measurebetweenthekey-framesshouldre�ect theknowl-
edgeaboutthe speci�c applicationdomain. In the caseof
homevideos,the contentis unrestricted.Thus,similarity
measuresbasedon globalsceneappearencedescriptorsare
a reasonablechoice.In sportsvideos,suchassoccer, more
speci�c similarity measurescouldbede�ned. However, in
the scopeof this paper, we restrictourselvesto the useof
thesametypeof global features,to show thesoleeffect of
theclusteringalgorithm.

Similarity computation for homevideos
Homevideoscontainseriesof orderedandtemporallyad-
jacentshotsthatcanbeorganizedin groupsusuallyrelated
to distinct scenes.Visual similarity andtemporalordering
are two of the main criteria that allow peopleto identify
clustersin video collections,when nothingelseis known
aboutthecontent(unlike the�lmmaker, whoknowsdetails
of context). The integrationof visual similarity and tem-
poral adjacency in a joint model is a sensiblechoice. The
pairwiseaf�nity matrix � is de�ned by
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Visual similarity is computedby the metric basedon

Bhattacharyyacoef�cient, whichhasprovento berobustto
comparecolordistributions[1],
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Temporalsimilarity exploits the fact that distantshots
alongthetemporalaxisarelesslikely to belongto thesame
scene,andis de�ned by ,
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� ����� denotestheentirevideoclip duration(in frames).Note
thattherangefor both ,
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� is L �r��� P .
We setthescaleparameters0

�

and 0

� in the following
way. Building upona previous study[2], we �x ed the 0

�

valueto �†E ��� whichrepresentsagoodthresholdfor separat-
ing intra andinter-clustersimilaritiesdistributionsin home
videos. Similarly, it wasshown in [2] that in average70%
of homevideo scenesarecomposedof four or lessshots.
Thus,the 0

� valuewassetto theaveragetemporalsepara-
tion betweenfour shotsin a givenvideo.

Fig. 2(a) shows the af�nity matrix computedfor one
of the homevideo (correspondingto the video Fig. 4(a)).
Bright pointscorrespondto large pairwisesimilarity. The
matrix exhibits a nice block diagonalpattern,due mainly
to thefact thatsimilar shotsusuallycorrespondto adjacent

H PHC SM

SIE� 
! 0.078 0.156 0.116
SIE��"$# 0.275 0.362 0.271
SIE�&%(' 0.535 0.532 0.539

Tab. 1. Averageof thepercentageof shotsin error for hu-
mans(H), theprobabilistichierarchicalclusteringalgorithm
(PHC),andthespectralmethod(SM)

shots,andto thetime-dependentsimilarity term,whichlim-
its theamplitudeof theoff-diagonalterms.

Similarity computation for soccergamesvideos
In the context of sportsvideos,domainknowledgeinfor-
mationcould be usedto analyzetheir contentand tempo-
ral structure. In the scopeof this paper, we only consider
global appearenceinformation,neglectingotheruseful in-
formation (e.g. cameramotion, motion activity, detection
of speci�c regionslike grass).Theonly domainknowledge
that we useis introducedby splitting eachimagehorizon-
tally into a 2/5 top region and3/5 bottomregion andrep-
resentinga key-frameby a multidimensionalhistogramas
describedin Subsection3.1. Furthermore,asin this appli-
cationdistantshotscanbelongto the samescene,we de-
�ned the similarity ��
�� as the visual similarity alone,i.e.

��
�� 
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�


��

. Thesimilarity scalevalue 0

�

is kept to a value
of �rE)��� .
Fig. 2(b) shows the af�nity matrix obtainedin the caseof
soccerdata. The block effect is due to the alternanceof
wide shots(with grass)andclose-upshots.The lattershot
category yields lessintra clustersimilaritiesand therefore
produceslessbrightblocks(onthediagonaloroff-diagonal)
in thematrix.

3.3. Shotassignmentafter spectral clustering

Thespectralmethodis appliedasdiscussedin Section2. A
clusternumberis thenassignedto eachshotusinga sim-
ple majority rule on theclusterlabelsof its key-frames.In
the caseof a tie, the clusteris randomlyselectedfrom the
possiblecandidates.

4. EXPERIMENTS AND RESULTS

4.1. Homevideoexperiments
Ground-truth generation
Although shot clusteringinto scenesis a core function in
video contentanalysis,performanceevaluation measures
andproceduresfor this taskarenot standardized.The ob-
jectiveevaluationof ashotclusteringalgorithmassumesthe
existenceof a ground-truth(GT) at thescenelevel. At least
two optionsare conceivable. In the �rst-party approach,



the GT is generatedby the contentcreator[7] thus incor-
poratingspeci�c context andproductionmodelknowledge
(locationrelationshipsin homevideos,or speci�c camera
sourcesin soccervideos)thatcannotbeeasilyextractedby
currentautomaticmeans. In contrast,a third-partyGT is
de�ned by a subjectotherthanthe �lmmaker (not familiar
with thecontent).In this case,therestill existshumancon-
text understanding,but limited to whatis displayed[2].

Onecriticism againstthe lattermethodologyis therea-
sonableclaim that differentpeoplegeneratedistinct GTs,
andthereforenosinglejudgementcanbereliable.Theques-
tion of humanjudgementconsistency for scenestructuring
refersto thegeneralproblemof perceptualorganizationof
visual information[4]. Onecouldexpectthat variationsin
humanjudgementariseboth from distinctperceptionsof a
videostructureandfrom differentlevelsof granularityin it
[4]. Modeling thesevariationswould beusefulto evaluate
clusteringalgorithmsagainsthumanperformance.Similar
objectives have beenpursuedfor imagesegmentation[4]
andclusteringof still images.

Weuseathird-partyGTbasedonmultiplesubjectjudge-
mentto takeinto accountthefactthatdifferentpeoplemight
generatedifferentresults. In the �rst place,a ground-truth
(GT) at theshotlevel canbegenerated.In thesecondplace,
scenesfor eachvideocanbe foundby a numberof people
guidedby a purposedlygeneralstatementaboutthe 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-
basedvideosummary. 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 shot in errors,let us denote
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, andtheGTs
areranked accordingto this measure.We thenkeepthree
measures: the minimum, the medianand the maximum
valueof theSIE, denotedSIE
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re-
spectively. TheminimumvalueSIE� 
  providesusan in-
dicationof how faranautomaticclusteringis from thenear-
estsegmentationprovidedby a human. The medianvalue
canbe consideredasa fair measureof how well the algo-
rithm performs,taking into accountthemajority of thehu-
manGTs andexcluding the largesterrors. Theselarge er-
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Fig. 3. (a) Determinationof numberof clusters. (b) Per-
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rorsmaycomefrom outliersandaretaken into accountby
SIE
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, whichgivesanideaof thespreadof themeasures.
For theoverall performancemeasure,we computedtheav-
erageSIEmeasuresoverall thevideos,of thepercentageof
shotsin errorsw.r.t. thenumberof shotsin eachvideo.Note
that this normalizationis necessarybecausethenumberof
clustersandshotsmight vary considerablyfrom onevideo
to another.

Data set
Thedatasetconsistsof 2020-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
proceduredescribedin theprevioussection,scenesfor each
videowerefoundby abouttwentysubjects,sotheGT con-
sistsof nearly400humansegmentations.

Results
The best result with our methodwas obtainedusing the
eigengapcriterion anda threshold

�

Y


K�†E�� �
. We com-

paredit with a probabilistichierarchicalclusteringmethod
(PHC) [2], which hasbeenshown to performbetterresults
than traditionalmethods(e..g. K-means),aswell aswith
humanperformance. The latter was obtainedin the fol-
lowing way : for eachvideo, the minimum, medianand
maximumshotsin errorwerecomputedfor eachhumanGT
againstall theothers.Thesevalueswerethenaveragedover
all subjects.Theseaveragesareplottedin Fig. 3 for each
video. Finally we computedtheaverageoverall thevideos
to gettheoverallperformance.
Table1 summarizestheresults.Wecan�rst noticefrom the
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Fig. 4. Homevideo structuringexamples.(a)Video 16 (b)
Video7. Only onekeyframeof eachshotis displayed.

minimum andmaximumvaluesthat the spreadof perfor-
mancesis high, giventheperformancemeasure.Secondly,
the spectralmethodis performingbetterthanPHC,ascan
beseenfrom themedianandminimumvalue,andapproxi-
matelyaswell aspeople.
Fig. 3 displaystheresultsobtainedfor eachvideo. First, in
Fig. 3(a),we show thenumberof detectedclusters(thered
circles)aspredictedby thealgorithmandcomparethemto
themeanof thenumberof clustersin theGT. Thespreadof
theclusternumbersin theGT is representedby thebluebar
(plusor minusonestandarddeviation). Notethatthevideos
have beenorderedaccordingto their numberof shots.The
detectedclusternumbersare in goodaccordancewith the
GT, thoughslightly underestimated.Fig. 3(b) displaysthe
valuesof the shot in error measuresin comparisonto the
averageof humanperformance.Thecirclesdepictthemea-
suresobtainedwith our methodandthecrossesdenotehu-
manperformance.The color representsthe differentmea-
sures(minimum in red, medianin blue, andmaximumin
green). The medianperformanceof our algorithmis bet-
ter thantheaveragehumanin eightcasesandworsein six
cases.Notice that in 25% of the cases,our algorithmpro-
videsa segmentationthatalsoexistsin theGT.

Two examplesof the generatedclustersare shown in
Fig. 4. Eachclusteris displayedasa row of shots,which in
turn arerepresentedby onekeyframe(labelede). Qualita-
tively, themethodprovidessensibleresults.

Fig. 5 shows theobtainedresultsusingthetwo criteria.
The selectionwith the eigengapcriterion slightly outper-
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Fig. 5. Variationof the averageof percentageof shotsin
error (averageof themedianin red,of themin in blue) for
differentcriteriaasfunctionof theirthreshold:(a)eigengap;
(range:(0.1,0.3));(b) relativecut (range:(0.04,0.08)).

formstheresultsobtainedwith therelativecut. Wecanalso
notice that the resultsarequite consistentover a rangeof
thresholds(in any case,betterthanPHC).We alsoconsid-
eredtheMSE distorsionmeasure[5] 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

���������
	��

appliedto the soccerdatagave a value of K
equalto 10 4.
Fig. 6 displaysthe 10 clustersobtainedwith the method.
Rememberthat only one keyframe is displayedper shot.
For instance,somewide shotsmay correspondto play ac-
tions taking placeon both sideof the play�eld, leadingto
keyframeswith andwithout crowd at thetop. Theobtained
clustersarevisuallyquiteconsistent.The�rst clustercorre-
spondto thedisplayof theplayersnames;thesecondmainly
to wide�eld of viewswith thecrowd atthetopof theimage,
includingshotstaken from theplay�eld side;the third one
to close-upsof playerswith acrowdbackground.Thefourth
clusteris a mixtureof close-upswith grassbackgroundand
medium�eld of view shots.The�th onecontainsmainly a
darkgrass,while thesixthclustercontainsshotswith lighter
grassandmoreblackandwhite pixels. The four lastclus-
tersexhibitssingleshotswith distinctivecolorsignatures.
For comparisonpurposes,in Fig.7 we presentthe result
obtainedwith the standardK-means(KC) algorithm5 ap-
plied on themultidimensionalhistogramdata.Theclusters
presentmoreinconsistenciesthanwith thespectralmethod.
For instance,the third and fourth clustersseemsto corre-
spondto the sameclass. In the �fth cluster, two close-up
shotsof playerswith grassdon't seemto belongto thisclus-

4Notethat,dueto theabsenceof time-dependentsimilarity term,there
is moreinter-clustersimilarity thanin thehomevideocase.Thus,athresh-
old valueof around0.15would benecessaryto selectthesamenumberof
clusterwith therelative-cutcriterion.

5More precisely, 10 runsof theK-meansalgorithmareperformedand
theresultwith thelowestMSE is kept.



ter. Close-upshotsof white playerswith grassaredissemi-
natedin 5 differentclusters.Close-upsof redplayersin the
ninthclusteraresimilar to 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
producedfor three10-minutesoccervideoclips (with resp.
61,71 and85 shots),andprintedon paper6. Then,10 peo-
ple wereasked to performthe following tasks: “First, ob-
serve onesummarycarefullyandthenreportfor eachclus-
ter thoseshotsthatdo not belongto suchclusteror that �t
betterin a differentcluster. Then,do thesamefor thesum-
mary obtainedwith the otheralgorithmon thesamevideo
clip7. Secondly, looking at bothsummaries,tell which one
is betterandwhy.”
For the�rst task,we obtainedthefollowing results: anav-
erageof 8.7,8.1and10.6shotsin errorwerecountedin the
threeKC summaries,makinga total averageof 9.13. The
resultsof theSCsummariesarethefollowing : 8.7,6.5and
10.1with a total averageof 8.43. For the secondtask,the
numberswerethefollowing : 23timestheSCsummarywas
saidto bebetter, 2 timestheKC, andin 5 casestheperson
thoughtthey were equivalent. The resultsfor the second
task are suprisinglygood for SC given the small and un-
signi�cant differencebetweenthenumbersof reportedshot
in error. Here,humanperceptiondoesnot matchthenum-
bers.Themaincommentsmadeby thepeoplecanbesum-
marizedasfollows : the spectralclusteringalgorithmpro-
ducesmore homogeneousclustersthat make more sense,
with mistakesthat areacceptable.On thecontrary, the K-
meansalgorithmwassaidto producetoomany similarsized
clusterswith asmallnumberof errorseverywhere.

5. CONCLUSION

In this paperwe have describeda methodfor clustering
video shotsusinga spectralmethod. In particular, we in-
vestigatedtheautomaticselectionof thenumberof clusters,
which is currentlyanopenresearchissuefor spectralmeth-
ods. The algorithmwasappliedto a six-hourhomevideo
databaseand to soccerdata,and the resultsare favorably
comparedto existing techniquesaswell ashumanperfor-
mance.
The improvementof the methodologycanbe achieved by
designingbettersimilarity distancesbetweenshotsor im-
ages.This canbedoneby usingothercuessuchasmotion
or texture. However, goodwaysof combiningthesecues

6We printedonesummaryper page. Thus,we wereableto represent
eachshotwith threekey-frames. Furthermore,to avoid a perceptuallay-
out biasbetweensummaries,clusterswerereorganizedsuchthatthegrass
clustersweredisplayedon top of thesummaries.

7Half of the subjectslooked at the SC summary�rst ; the otherhalf
viewedtheKC summary�rst.

into onesimilarity matrix (andthe effect on the clustering
algorithm)is still an openissue. Nevertheless,in the con-
text of a speci�c application,dedicatedsimilarity distances
could be de�ned andareexpectedto leadto moreprecise
and�ner clusteringresults.
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Fig. 6. Soccergameclusteringresultwith Spectralmethod.
Only onekeyframeof eachshotis displayed.

Fig. 7. Soccergameclusteringresultwith Kmeansmethod.
Only onekeyframeof eachshotis displayed.


