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Abstract

AutomaticVideoStructuring(AVS)is a challengingnew �eld. Dueto its novelty, it is compulsoryto de�neresearch areasand
objectivesand,in our opinion,twoplausibleandnecessarytopicsin this�eld areshotsegmentationandshotsynthesis.Thus,
theobjectiveof thispaperis to showthetechniquesdevelopedby theauthorto bothdetectandidentifythethreecommonest
typesof shottransition,(hard cuts,fadesanddissolves)aswell asto producesyntheticrepresentationsof theshotsobtained
fromanarbitrary videosequence.
For shotsegmentation,our techniquesincludetheuseof similarity andstatisticalmeasurescombinedwith image registra-
tion techniquesfor maximisingmeasurementvalues.Our techniqueshavebeenevaluatedonseveral realvideosequencesby
comparingtheresultswith thecorrespondinggroundtruth. We havealsocomparedthetechniqueswith a standard existing
methoddevelopedby theMoCAProject.
Asfor shotsynthesis,wepresentanoptical�ow-basedapproachfor motiondetection,togetherwithaprojectivetransformation-
basedtechniqueto computeimage mosaics.Themethodis testedwith real examplesandbothstaticandsynopticmosaics
areshownasresults.

1 Intr oduction

Video hasbecomea very importantsourceof informationdue to the humanability to processvisual information in real
time. In its raw form, video is a frame-basedrepresentationof the3D world andthereforeactivities suchassearchingand
retrieving elementsfrom differentscenescanbeslow andcumbersome.Unfortunately, muchof the informationin a video
is implicit andthereforeits identi�cation, classi�cationandretrieval arenot trivial tasks.Furthermore,videodatais usually
highly redundantandtherefore,choosingtheoptimalway to show informationis notstraightforward.

Thus,it is clearthatautomaticdetection,identi�cation andclassi�cationmethodsfor videosequencesarerequired.An
exampleof an alternative representationis the useof content-basedkey framesinsteadof frame-basedrepresentationsof
shots;an exampleof alternative browsing capabilitiesis to have object,scenarioor human-basedsearchesinsteadof the
classicaltime-basedsearch.

The previous paragraphsarethe motivation of the de�nition of the centralproblemof video structuring,which canbe
statedasfollows: givena videosequence, createautomaticallya new content-basedrepresentationof datawhich emphasises
geometricanddynamiccomponentsandprovidesmethodsfor fastvideosearch hyper-linking andview synthesis.

Dueto its complexity, it is wiseto divide researchin AVS into several topics. In our opinion,becauseof thevery nature
of videoandthewayhumanbeingstendto classifyframe-basedvisualinformation,the�rst two topicsto bestudiedin AVS
areshotsegmentationandshotsynthesis.

As for shotsegmentation,it mustbenotedthatany video�lm is composedof shots,i.e.,setsof concatenatedframeswith
certaincontinuityamongthem. As we humanstendto separatea video�lm into shotsasa naturalway to explain thestory
andits links, weusethesamecriterionto givea�rst steptowardsAVS.Wehavedevelopedatechniquefor shotsegmentation
andit is shown alongwith resultsin reallife videosequencesin section3.

A furtherstepshouldincluderapidaccessto visualinformationby classifyingdatainto meaningfulentities(shots,scenes,
people)aswell assummarisingseveral elementsfound all alongthe video (for example,scenes).Our contribution in this
areais a techniquedevelopedfor shotsynthesisandit is shown in section4.
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Finally, areview of thestateof theart is providedin section2, andasummaryof resultsandfurtherresearchareasis given
in section5.

2 Previous Work

ShotSegmentation
Shotsegmentation(or, equivalently, cutdetectionandidenti�cation) is anessentialactivity in any videostructuringeffort

asit canbeseenin thespecialisedliterature.For example,Dimitrova [4] proposesshotsegmentationasa �rst stepin video
structuring. Bertolino et al [1] proposeshotsegmentation,objectextraction,similar objectclassescreation,hyper-linking
andapplicationdevelopmentasthebasicstepstowardsfull automaticvideostructuringsystems.

Therearedifferenttypesof cutsbecausemany transitioneffectsareavailable. In practice,accordingto Lienhart [10],
99%of all editsbelongto oneof thefollowing threecategories:hard cuts,fadesanddissolves.

In the beginningof researchin hardcut detectionandidenti�cation, intensity/colortemplatematchingtechniqueswere
used.An exampleof this kind of techniqueis thegrayscaleintensitycomparisonproposedby [6]:

Let
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providesasimilarity measurethatcomparedto a thresholddeterminethehardcutsin thevideosequence.
Of course,thesetechniquesarehighly sensitive to noiseaswell asobjectandcameramotion. That is why morerobust

techniqueshavebeendeveloped.
Histogram-basedtechniquesareoneof theserobusttoolsashistogramsareinvariantto imagerotationandtranslationas

well asto global illumination changes[12]. First, an intensityhistogramis computedfor eachimageandthenhistograms
arecomparedin several ways. The rationalebehindthis approach(see[6]) is that two frameswith minor changesin the
backgroundandobjectcontentwill alsoshow insigni�cant variationsin theintensitydistributionandtherefore,smallchanges
in their histograms.Updatedandverywell organisedsurveysof currenttechniquescanbefoundin [10] and [11].

Unfortunately, histogramtechniquesarenotonly invariantto therotation,translationandglobalilluminationchanges,but
alsoto someothereffects/eventsthatmay representa cut (for instance,histogramsof a white horsein a blackbackground
anda white carin a verydarknight maybeprettysimilar providedthattheprojectionsof thehorseandthecarhave similar
areasin theimages).

A moreadvancedapproachfor comparingimagesis theuseof similarity measures.By usingrobustmotionestimators,
Bouthemyetal [2] detecthardcutsandcharacterisecameramotion.As anexample,Porteretal [13] havealsousedblocks
to computesimilarity measuresbetweenpairsof imagescobinedwith statisticalinferencemethods.

As for fadeanddissolvedetection,many papershavebeenpublishedandanexcellentsummaryof currenttechniquesand
resultsarethepaperspublishedby Lienhart[10] and[11].

Accordingto Lienhart( [10] and [11]), fadesareindustriallyproducedby a monotoneandusuallylinearscalingof the
pixel intensitiesover time. This intensityscalingis particularlyclearwhenseeinga graphof thestandarddeviation of pixel
intensitiesof framesbelongingto afade.So,basedon thischaracteristicpatternof fades,Lienhartproposesanalgorithmfor
fadedetectionthatincludessuchcharacteristics.

Foreground/BackgroundSeparation
Mosaicing
Any videostructuringsystemshouldincluderapidaccessto visual informationby classifyingdatainto meaningfulentities
(shots,scenes,people)aswell assummarisingseveralelementsfoundall alongthevideo (for example,scenes).Actually,
thecoreof thesedatatransformationsis, again,thedevelopmentof content-basedrepresentationsof videodata,ratherthan
frame-basedones(see[1] and[4]).

Irani et al [7] provide theconceptualbasisrequiredfor mosaicing,a powerful techniquefor imagesynthesis.Essentially,
they describethenatureof frame-basedvisual informationaswell asthepropertiesof a scene-basedvisual information. In
[8] Irani et al providea �rst hands-onmosaichierarchyandaddresstheproblemof mosaicingwith imagesfrom non-planar
scenes,i.e.,how to dealwith theparallaxproblem.Thesameauthorsalsoprovidesomebasictechniquesfor thecomputation
of mosaicswith imagesof planarscenes.
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Advancedmosaicprocessingis shown in [14] by Shumet al andin [15] by Szeliskiet al wheretheauthorsaddressthe
problemsof minimisingmotionparallaxandexpressingmosaicsnotonly in cartesiancoordinatesbut alsoin cylindrical and
sphericalcoordinates.Ghosting(local misregistrationswhich arevisible asa lossof detail or multiple images)is alsoa
problemaddressedby [15] and[3].

3 ShotSegmentation

Formally speaking,a shotis a setof frames�lmed with thesamecamera.Therefore,we de�ne a cut asthesetof adjacent
framesthat belongto a transitionbetweenshotsor, equivalently, a cut is the setof imagesthat arefound betweensetsof
framestakenwith differentcameras.In therestof thischapterweshow ourmethodsfor hardcut,dissolveandfadedetection
alongwith somereallife videosequencestests.

It mustbenotedthatour algorithmworkswith bothcolor andgrayscalevideosequences.Also, thevideoclips usedin
this researchcontainbothhumanandobjectrealmotion.Thepurposeof it hasbeento testthealgorithmsunderuncontrolled
lighting andmotionconditions.Our methodshave beenbenchmarkedwith a public domainsoftware,MoCA, for hardcuts
andfades.

A technicalnotefor experimentalresults.Theperformancemeasuresusedin this paperareprecisionandrecall,de�ned
asfollows.

Let usde�ne
���

asthenumberof transitionscorrectlydetected,
���

asthenumberof transitionsmissedand,�nally ,
���

asthenumberof falsepositives.Then,themeasuresRecallandPrecisionarede�ned as:
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Hard Cut Detection
We usetwo imagefeaturesfor hardcut detection:imageintensityfunctionandpixel spatialdistribution (i.e., thepositionof
apixel aswell asits neighbours).

Thetechniquedevelopedfor this paperinvolvestheuseof a similarity measureon thepreviousfeatures.Suchsimilarity
measureis theNormalisedCrossCorrelationTransform(NCCCT).Thediscreteversionof is givenin equation1.
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Thealgorithmfor this techniqueis describedin thefollowing lines.

1. Histogram Computation. Computeanintensityfrequency histogram.

2. Histogram BasedSimilarity Measure. Computeasimilarity measure(eq.1) betweenpairsof frequency distributions
(i.e.,betweenrepresentationsof eachpairof images).Thekey point in thispartis to measuretheresemblancebetween
thetwo imagesin anindirectway.

3. Spatial Distrib ution BasedSimilarity Measure. Computea similarity measure(eq. 1) betweenpairsof registered
imagesby usingtheactualvaluesof the intensityfunctionsandcombiningthemaccordingto their relative positions
(i.e.,pixel

����
���


in image1 is to beusedin eq.1 with pixel
����
���


of image2).

4. Discrimination with Linear Classi�ers. By usingthemeasuresgeneratedin steps2 and3, usea linearclassi�er to
determinewhethera pairof imagesarea hardcut.
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Experimental Results
Thealgorithmdevelopedin thelastsubsectionwastestedagainstseveralvideosequencesand,in orderto determinerobuste-
nessaswell as improvementareas,a benchmarkinghasbeenproducedby usinganothershotdetectionandidenti�cation
method.

Experimentalresultsfrom our testvideo sequencesareshown in �gure 1 anda summaryon performance(for bothour
outcomesandtheonesof thealternativemethod)is presentedin table1.

Theexperimentswererun usingthefollowing thresholds:
Moca software

HardCuts ColorHistogramDifference:0.175
Our software

HardCuts ���

����� �	��
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(a) (b)

(c)

Figure1: Hard Cut DetectionResults. Imagea) shows the resultinghardcut detectiongraphfor cartoonvideosequence;imageb) shows resultsfor
talkshow videosequenceand,�nally , imagec) shows resultsfor prettywomanvideosequence.

Table1. PrecisionandRecallMeasures
Ourmethod/Moca CartoonVideoSeq. Talkshow VideoSeq. PrettyWomanVideoSeq.
Precision 100%/ 58.33% 100%/ 50% 75%/ 100%
Recall 100%/ 70% 100%/ 40% 100%/ 73%
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DissolveDetection

Dissolvesdiffer from hardcutsin severalsenses:while a hardcut is anabruptchangebetweenshots,a dissolve smooths
theprocessof goingfrom oneshotto thenext one.Theway theprocessis smoothedis by graduallydecreasingtheamount
of light givento the last sceneof theactualshotandsimultaneouslyincreasingthe light of the �rst sceneof thenext shot.
In general,morethantwo framesareto be found in a dissolve (asopposedto hardcuts,wherea pair of framesis usually
enough).

After visualexaminationandexperimentationwith severaldissolves,it is reasonableto presumethatframesbelongingto
dissolveswill show abruptchangesin theirSNCCCvalues,thoughnotnecessarilyasbig asthey arein hardcutcases.Also,
suchchangeswill befoundin at leastoneof theframepairsthatmakethedissolve.

Thefollowing algorithmshowstheproceduredesignedfor dissolvedetection.

DissolveDetection
ObjectiveFinddissolvesin avideosequence
Algorithm
Step1. Hypothesisedissolvesexistenceby usingNCCCT

� Compute Spatial Distrib ution BasedSimilarity Measure. Take thesimilarity measureNCCCT computedfor de-
tectinghardcutsandremoveall detectedhardcuts.Then,�nd all framepairsthathaveNCCCTbelow apreviouslyset
threshold.Mark eachsetof adjacentframesthatfull�lls this criterionasapossibledissolve.

Step2. Verify dissolvesexistenceby usingStandard Deviation Measure

� ComputeStandard Deviation (SD). Computethestandarddeviationof eachimagein thevideosequence.

� ComputeSDmiddle value. Determinetheminimum(
 ���

), andmaximum(
 � 


) SDvaluesandcomputethemiddle
value(

 ��

) in theinterval de�ned by
 � �

and
 � 


.

� Verify possibledissolves. Calculatetwo thresholds����� and �	��

��� by addingor substracting,respectively, a certain
distancevalue � to thenumber

 ��

. We mustbearin mind thatabruptchangesin standarddeviation measurescanbe
foundin bothupperandlowerpartsof a graph,thatis why two thresholdsareto beused.

Thentake eachpotentialdissolve anddeterminewhetherits standarddeviation is NOT containedin the interval, i.e.
determinewhetherits standarddeviationis greaterthan�

��� or lessthan�
��
���� . If so,thendeclarethepotentialdissolve

asanactualdissolve,otherwisediscardthepotentialdissolve.

Experimental Results

Dissolves MSNCCCthreshold:0.75,DissolveSD thresholds:�

��� � 
 ��� ��� 
������
�

� ����� ) �

Experimentalresultsfrom ourtestvideosequencesareshown in �gure 2 andasummaryonperformanceis presentedin table
2.

Table2. PrecisionandRecallMeasures
Ourmethod/Moca CartoonVideoSeq. CasablancaI VideoSeq.
Precision 100%/ N/A 100%/ N/A
Recall 100%/ N/A 75%/ N/A

FadeDetection

Fadesarea typeof transitioneffect betweenshotswith particularcharacteristicsanddividedinto two categories:fade-in
andfade-out:

� A fade-inis atransitionfrom asceneto ahomogeneoustexture,andtheprocessis implementedby graduallyincreasing
theamountof light givento ahomogeneousframe(for example,a totally whitescreen)while graduallydecreasingthe
amountof light givento a scene.
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(a) (b)

Figure2: DissolveDetectionResults. Imagea)showstheresultingdissolvegraphfor cartoonvideosequenceandimageb) showsresultsfor Casablanca
videosequence

� Fade-outsaretheotherwayaround:from ahomogeneoustexture,theamountof light givento it is graduallydecreased
andanew sceneis madeto appearby increasingits luminosity.

Thealgorithmusedfor detectingfadesis shown in thefollowing lines.

FadeDetection
ObjectiveFind fadesin a videosequence

Algorithm
Step1. Hypothesisefadeexistenceby usingstandard deviation of images

In this step,we computetheSD of imagesandif a decreasing(for a fade-in)behaviour is foundon thoseSD values,then
we useRANSAC to �nd out whetherthoseSD values�t in a line. If the last statementis positive, thenit seemsthat we
have a fade-in. The secondstepis to determinewhetherthenext framesshow thestatisicalbehaviour expectedfor quasi-
homogeneoustextures.To do so,we computetheSD valuesof suchimagesandthencomputethedifferencebetweeneach
frameandthenext one. If thosevaluesprove to bevery small, thenit is highly likely thatwe have homogeneoustextures.
Finally, we computethe SD of the next imagesandif an increasingbehaviour is found on thoseSD values,thenwe use
RANSAC to �nd out whetherthoseSD values�t in a line. If the last statementis positive, thenit seemsthat we have a
fade-out,andthereforeit is highly likely thatwe arein front of a fade.

� Standard Deviation Computation. Computethestandarddeviation for eachframein thevideosequence.

� Finding Standard Deviation ExpectedBehaviour (Fade-in). Look for linearbehaviour in standarddeviation. Take
m standarddeviationsvaluesthathave shown a decreasingbehaviour anduseRANSAC (see [5]) on thesevaluesto
determinewhetherthey belongto a line.

� Homogeneoustexture frames. Fromthelast frameusedin thepreviousstep,computetheSD of eachframeaswell
asthedifferenceof suchvaluesbetweenadjacentframes.It is expectedto �nd very smallvariationsashomogenous
texturesshouldonly bedisturbedby noise.Goto thenext stepwhenSDdifferencesaregreaterthanachosenthreshold.

� Finding Standard Deviation ExpectedBehaviour (Fade-out). In the previous stepthe endof a fade-inhasbeen
reached.So, for �nding a fade-out,take m standarddeviationswhosevalueshave increasedanduseRANSAC to
determinewhetherthey belongto a line. Stopwhenoutliersexceedachosenthresholdof thetotal SD population.

Step2. Verify fadeexistenceby usingStandard Deviation Measure
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It hasbeensaidthatthelight decreasein afade-in(andthelight increasein afade-out)show alinearbehaviour. Therefore,
in this secondsteptheobjective is to estimatetheparameters�
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functionof imagei and
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is theintensityfunctionof imagei-1.
To doso,interestpointsarelocatedin bothimagesandaninitial estimationof � and
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,
determinehow many pixelsin imagesi andi-1 show anintensityvariationthatcanbepredicted(within acertainuncertainty
range)bysuchlinearparameters(in otherwords,wewantto �nd thesetof linearparameterswith thegreatestinlier population
for eachpair of images).

Finally, take thelinearparatemers
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with thegreatestinlier population(i.e.,a pair of linearparametersperimage)
andrun RANSAC againto determinewhetherthoselinearparameterscanbe�tted to a line.

� Estimation of linear parameters. Take framesfound in the steps2 and4 and,for eachpossiblefade-inandeach
possiblefade-out,estimatethelinearparameters�
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accordingto thefollowing procedure:

– Computeinterestpointsin frames
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– Chooserandomly
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interestpoints

– For eachinterestpoint chosen,estimatetheparametersfor theequation
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– Getarandomselectionof m interestpointsandcomputehow many inliers from neighborhoodsof
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– Take thepair
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thathasthegreatestinlier population.

� UseRANSAC againto determinewhetherselectedlinear parameters
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canbe �tted to a line (notethat for this
secondrunof RANSAC we areusingonepair

�

�

�


��

�




perpair of images,while in the�rst run of RANSAC we were
usingseveralputativepairs
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for thesamepair of images). If so,thenafade-inor a fade-out(dependingonwhat
wasthealgorithmrunfor) is composedby thesetof framesusedin thisalgorithmfor thecomputationof bothstandard
deviationandlinearparameters.

� Discard falsely-detectedhard cuts and dissolves. If fadeframesare found to be detectedeitheras hardcuts or
dissolves,it is highly likely thatsuchframesarenot actuallypartof neitherhardcutsnor dissolvesbut instead,they
areonly partof theactualfade.Discardthoseframesfrom hardcutanddissolvedetection.

Experimental Results
Thealgorithmdevelopedin theprevioussubsectionwastestedagainstseveralvideosequencesand,in orderto determine

robustenessaswell asimprovementareas,abenchmarkinghasbeenproducedby usinganothertheMoCA software.
Experimentalresultsfrom our testvideo sequenceareshown in �gure 3 anda summaryon performance(for both our

outcomesandtheonesof thealternativemethod)is presentedin table3.
Theexperimentswererun usingthefollowing thresholds:
Moca software

Fades Minimal correlation:0.9,Maximalallowedstandarddeviation: 10
Our software

Fades StandardDeviationDifference�

) �

. For homogeneoustextureframes
detection:Frames


�

, MSNCCC �

� � )

, SD �

�

Table3. PrecisionandRecallMeasures
Ourmethod/Moca HardCuts Dissolves Fades
Precision - / - - / NA 100%/ 100%
Recall - / - - / NA 100%/ 100%

4 Syntheticviews

The division of a video sequenceinto shotsprovidessetsof frameswith certaincontinuity. Oncethis division hasbeen
performed,a plausiblenext steptowardsstructuringa videois to createa �rst classi�cationfor eachshot. In this research,
wehavedecidedto usemotionasa parameterfor suchclassi�cation.
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(a) (b)

(c)

Figure3: CasablancaII Results. Imagea) alsoshows the threerequiredconditionsfor fadedetection.Finally, b) shows the resultof linear �tting by
usingRANSAC for thelinearparametersof thefadein. FadeoutRANSAC computationis shown in c)

.

Motion in a videosequenceis dueeitherto cameramotion,scenemotionor both. Usingthis division,pixelsin animage
canbedividedinto two sets:foreground(thesetof pixelswhosemotionis dueto independentbodyaction)andbackground
(thesetof pixelswhosemotioncanbeexplainedby meansof cameramotion). It is worth noting thatboth foregroundand
backgroundaredirectly linkedto movingandstationaryobjects(accordingto theworld referenceframe)in avideosequence.

Oncemotiondetectionandpixel classi�cationhave beenperformed,it is alsoimportantto determinetheway we would
liketo representthetotalforegroundand/orthetotalbackgroundof ashot.Notethatpixelclassi�cationinto foreground/background
statusmaybevery helpful to minimisethedataredundancy widely foundin any videosequence.Thetechniquewe present
in this paperfor producingsuccintrepresentationsof a shotbackgroundandforegroundis calledmosaicing.

To performbackground/foreground pixel separationandto producesuccintrepresentations,thefollowing algorithmwas
performed:

1. ImageRegistration. For eachpair of imagesperformimageregistration.

2. Motion Computation (pixel level). Usinga scalepyramidandequation2, computea draft of theforegroundandthe
backgroundfor eachimage.
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3. Image re�nement (cluster level). Optionalstep. In casesomeadditionalimagere�nement is needed(i.e., in case
somebackground/foregroundpixelsaremisseddueto speci�c videosequencecharacteristics).Severaltechniquesare
used.

4. Generation of compact representations. Having divided a shot into foregroundandbackgroundpixels, compute
compactrepresentationsfor eachshot.

Equation2 wastakenfrom [9] andit is a straightmodi�cation of optical�o w constraintequation.

� � 
 


�




�


��

�

������� �	��
��

�

����
 ��


�

� � 


�




�

�




�

� ) 
 � � � 


�




�

�




�




� �

� � � 


�




�

�




�




�

�

������� �	��
��

�

����
 ��


� � � 


�




�

�




�




�

�

� ) (2)

Thesumis takenoveraneighbourhoudof
�
� �

pixels.
Accordingto [9] andto theexperimentalresultswe have obtained,a pixel with a high motionmeasureis very likely to

bemoving but thecontraryis not necessarytrue: a pixel with low motionmeasureis not necessarilystatic,asthepixel may
belocatedin auniformregionor themotioncouldbeperformedalonganedge.Thatis why areliability measureis usedand
in this caseit is determinedby thenumericalstability of equation3, i.e., by theconditionnumberof thecoef�cient matrix
(equation4).
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usedin equation(6.3) for eachpixel.
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Experimental Results

Figure4 showsexamplesof bothbackgroundandsynopsismosaicsfor oneof our testvideosequences.Notethatthetest
videosequenceshowsreallife behaviour.
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