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Abstract

AutomaticVideo Structuring(AVS)is a challengingnew eld. Dueto its novelty it is compulsoryto de nereseach areasand
objectivesand,in our opinion,two plausibleandnecessaryopicsin this eld are shotsegmentatiorandshotsynthesisThus,
the objectiveof this paperis to showthe techniquesdevelopedby the authorto bothdetectandidentifythe threecommonest
typesof shottransition,(hard cuts,fadesanddissolveshswell asto producesynthetiaepresentationsf the shotsobtained
froman arbitrary videosequence

For shotsggmentationpur techniquesincludethe useof similarity and statisticalmeasuescombinedwith image registra-
tion techniquesfor maximisingneasuementvalues.Our tedhniqueshavebeenevaluatedon several real videosequenceby
comparingthe resultswith the correspondinggroundtruth. We havealso compaedthetechniqueswith a standad existing
methoddevelopedby the MoCA Project.

Asfor shotsynthesisywepresenanoptical ow-basedapproadc for motiondetectionfogetherwith a projectivetransformation-
basedtechnigueto computemage mosaics.The methodis testedwith real examplesand both static and synopticmosaics
are shownasresults.

1 Intr oduction

Video hasbecomea very importantsourceof informationdue to the humanability to processvisual informationin real
time. In its raw form, videois a frame-basedepresentationf the 3D world andthereforeactiities suchassearchingand
retrieving elementdrom differentscenesanbe slow andcumbersomeUnfortunately muchof the informationin a video
is implicit andthereforeits identi cation, classi cationandretrieval arenottrivial tasks.Furthermoreyideodatais usually
highly redundanandtherefore choosingthe optimalway to shav informationis not straightforward.

Thus, it is clearthatautomaticdetection,identi cation andclassi cationmethodsfor video sequencearerequired. An
exampleof an alternatve representatiolis the useof content-base#tey framesinsteadof frame-basedepresentationsf
shots;an exampleof alternatve browsing capabilitiesis to have object, scenarioor human-basedearchesnsteadof the
classicatime-basedearch.

The previous paragraphsre the motivation of the de nition of the centralproblemof video structuring,which canbe
statedasfollows: givena videosequencecreateautomaticallya new content-basedepresentatiorof datawhich emphasises
geometricand dynamiccomponentsnd providesmethoddor fastvideosearch hypekrlinking andview synthesis

Dueto its compleity, it is wiseto divide researchn AVS into severaltopics. In our opinion, becausef the very nature
of videoandtheway humanbeingstendto classifyframe-basedisualinformation,the rst two topicsto bestudiedin AVS
areshotsggmentatiorandshotsynthesis.

As for shotsegmentationjt mustbenotedthatary video Im is composeaf shotsj.e., setsof concatenatetfameswith
certaincontinuityamongthem. As we humangendto separate video Im into shotsasa naturalway to explain the story
andits links, we usethe samecriterionto give a rst steptowardsAVS. We have developedatechniqueor shotseggmentation
andit is shavn alongwith resultsin reallife videosequencem section3.

A furtherstepshouldincluderapidaccesso visualinformationby classifyingdatainto meaningfulentities(shots scenes,
people)aswell assummarisingseveral elementdound all alongthe video (for example,scenes).Our contribution in this
areais atechniquedevelopedfor shotsynthesisandit is shavn in section4.



Finally, areview of the stateof theartis providedin section2, andasummaryof resultsandfurtherresearctareads given
in sectionb.

2 Previous Work

Shot Segmentation

Shotsegmentatior(or, equivalently, cutdetectionandidenti cation) is anessentiahctivity in ary videostructuringeffort
asit canbe seenin the specialisediterature.For example,Dimitrova [4] proposeshotseggmentatiorasa rst stepin video
structuring. Bertolino et al [1] proposeshotseggmentationobjectextraction, similar objectclassesreation,hyperlinking
andapplicationdevelopmentasthe basicstepgsowardsfull automaticvideo structuringsystems.

Therearedifferenttypesof cutsbecausenary transitioneffectsareavailable. In practice,accordingto Lienhart [10],
99% of all editsbelongto oneof the following threecatagories:hard cuts,fadesanddissolves

In the beginning of researchn hardcut detectionandidenti cation, intensity/colortemplatematchingtechniquesvere
used.An exampleof thiskind of techniquds the grayscaléntensitycomparisorproposedy [6]:

Let , betwoimages.Theequation

providesa similarity measurghatcomparedo a thresholddeterminghe hardcutsin thevideosequence.

Of course thesetechniquesare highly sensitve to noiseaswell asobjectandcameramotion. Thatis why morerobust
techniguediave beendeveloped.

Histogram-basetechniquesireoneof theserobusttools ashistogramsareinvariantto imagerotationandtranslationas
well asto globalillumination changes[12]. First, anintensityhistogramis computedor eachimageandthenhistograms
arecomparedn severalways. The rationalebehindthis approach(see[6]) is thattwo frameswith minor changesn the
backgroundindobjectcontentwill alsoshaw insigni cant variationsin theintensitydistributionandthereforesmallchanges
in their histogramsUpdatedandvery well organisedsurveys of currenttechniquesanbefoundin [10] and [11].

Unfortunately histogramtechniquesrenot only invariantto therotation,translationandglobalillumination changeshut
alsoto someothereffects/eentsthat may represent cut (for instance histogramsof a white horsein a black background
andawhite carin avery darknight maybe pretty similar providedthatthe projectionsof the horseandthe carhave similar
areadn theimages).

A moreadwancedapproactfor comparingimagesis the useof similarity measuresBy usingrobust motion estimators,
Bouthemyetal [2] detecthardcutsandcharacteriseameramotion. As anexample,Porteretal [13] have alsousedblocks
to computesimilarity measurebetweerpairsof imagescobinedwith statisticalinferencemethods.

As for fadeanddissolhe detectionmary papershave beenpublishedandan excellentsummaryof currenttechniquesnd
resultsarethe papergublishedby Lienhart[10] and[11].

Accordingto Lienhart( [10] and [11]), fadesareindustrially producedby a monotoneandusuallylinear scalingof the
pixel intensitiesovertime. This intensityscalingis particularlyclearwhenseeinga graphof the standardieviation of pixel
intensitiesof framesbelongingto afade.So,basednthis characteristipatternof fadesLienhartproposesnalgorithmfor
fadedetectionthatincludessuchcharacteristics.

Foreground/Background Separation
Mosaicing
Any video structuringsystemshouldincluderapid accesgo visualinformationby classifyingdatainto meaningfulentities
(shots,scenespeople)aswell assummarisingseveral elementsfound all alongthe video (for example,scenes)Actually,
the coreof thesedatatransformationss, again,the developmentof content-basedepresentationsf video data,ratherthan
frame-basednes(see[1] and[4]).

Irani etal [7] provide the conceptuabasisrequiredfor mosaicing a powerful techniquefor imagesynthesisEssentially
they describethe natureof frame-basedisualinformationaswell asthe propertiesof a scene-basedisualinformation. In
[8] Irani etal providea rst hands-ormosaichierarchyandaddresshe problemof mosaicingwith imagesfrom non-planar
scenesi.e.,how to dealwith the parallaxproblem.Thesameauthorsalsoprovide somebasictechniquegor thecomputation
of mosaicawith imagesof planarscenes.



Advancedmosaicprocessings shown in [14] by Shumet al andin [15] by Szeliskiet al wherethe authorsaddresghe
problemsof minimising motion parallaxandexpressingnosaicsotonly in cartesiarcoordinatedut alsoin cylindrical and
sphericalcoordinates.Ghosting(local misregistrationswhich are visible asa loss of detail or multiple images)is alsoa
problemaddressetly [15] and[3].

3 ShotSegmentation

Formally speakinga shotis a setof frames Imed with the samecamera.Therefore we de ne a cutasthe setof adjacent
framesthat belongto a transitionbetweenshotsor, equivalently, a cut is the setof imagesthat are found betweensetsof
framestakenwith differentcamerasin therestof this chaptemwe shav our methoddor hardcut, dissole andfadedetection
alongwith somereallife videosequencetests.

It mustbe notedthat our algorithmworkswith both color andgray scalevideo sequencesAlso, the video clips usedin
thisresearcltontainbothhumanandobjectrealmotion. Thepurposeof it hasbeento testthealgorithmsunderuncontrolled
lighting andmotion conditions.Our methodshave beenbenchmarkdwith a public domainsoftware,MoCA, for hardcuts
andfades.

A technicalnotefor experimentakesults. The performanceneasuresisedin this paperare precisionandrecall, de ned
asfollows.

Letusde ne  asthenumberof transitionscorrectlydetected,  asthenumberof transitionsmissedand, nally ,
asthe numberof falsepositives. Then,themeasure®RecallandPrecisionarede ned as:

Hard Cut Detection
We usetwo imagefeaturesfor hardcut detection:imageintensityfunctionandpixel spatialdistribution (i.e., the positionof
apixel aswell asits neighbours).

Thetechniguedevelopedfor this paperinvolvesthe useof a similarity measureon the previousfeatures.Suchsimilarity
measuras the NormalisedCrossCorrelationTransform(NCCCT). Thediscreteversionof is givenin equationl.

1)
Thealgorithmfor this techniquds describedn thefollowing lines.

1. Histogram Computation. Computeanintensityfrequeng histogram.

2. Histogram BasedSimilarity Measure. Computeasimilarity measurdeq. 1) betweerpairsof frequeng distributions
(i.e.,betweerrepresentationsf eachpair of images).Thekey pointin this partis to measuréheresemblancbetween
thetwo imagesn anindirectway.

3. Spatial Distrib ution BasedSimilarity Measure. Computea similarity measurgeq. 1) betweenpairsof registered
imagesby usingthe actualvaluesof the intensityfunctionsand combiningthemaccordingto their relative positions
(i.e., pixel in imagel is to beusedin eq. 1 with pixel of image2).

4. Discrimination with Linear Classi ers. By usingthe measuregeneratedn steps2 and3, usea linear classi er to
determinewhethera pair of imagesareahardcut.



Experimental Results
Thealgorithmdevelopedin thelastsubsectionwastestedagainsiseveralvideosequenceand,in orderto determineobuste-
nessaswell asimprovementareas,a benchmarkinghasbeenproducedby usinganothershotdetectionandidenti cation
method.

Experimentakesultsfrom our testvideo sequenceareshavn in gure 1 anda summaryon performancefor both our
outcomesandthe onesof thealternatve method)is presentedn tablel.

The experimentsvererun usingthe following thresholds:

Moca software
| HardCuts | Color HistogramDifference:0.175 |
Our software
| HardCuts | |
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Figure 1: Hard Cut DetectionResults Imagea) shavs the resultinghard cut detectiongraphfor cartoonvideo sequenceimageb) shaws resultsfor
talkshav videosequenceand, nally , imagec) shaws resultsfor prettywomanvideo sequence.

Tablel. PrecisiorandRecallMeasures
Ourmethod/Moca| CartoonVideoSeq. | Talkshav VideoSeq. | PrettyWomanVideo Seq.

Precision 100%/ 58.33% 100%/ 50% 75%/ 100%
Recall 100%/ 70% 100%/ 40% 100%/ 73%




Dissole Detection

Dissolesdiffer from hardcutsin severalsenseswhile a hardcutis anabruptchangebetweershots,a dissolve smooths
the procesof goingfrom oneshotto the next one. Theway the processs smootheds by graduallydecreasinghe amount
of light givento thelast sceneof the actualshotand simultaneouslyncreasingthe light of the rst sceneof the next shot.
In generalmorethantwo framesareto befoundin a dissole (asopposedo hardcuts,wherea pair of framesis usually
enough).

After visualexaminationandexperimentatiorwith severaldissohes,it is reasonabléo presumehatframesbelongingto
dissoheswill shav abruptchangesn their SNCCCvalues thoughnot necessarilyasbig asthey arein hardcutcasesAlso,
suchchangewill befoundin atleastoneof theframepairsthatmake thedissole.

Thefollowing algorithmshaws the proceduredesignedor dissole detection.

Dissole Detection

Objective Find dissolesin avideosequence

Algorithm

Step 1. Hypothesisedissolesexistenceby usingNCCCT

Compute Spatial Distrib ution BasedSimilarity Measure. Take the similarity measureNCCCT computedfor de-
tectinghardcutsandremove all detectechardcuts. Then, nd all framepairsthathave NCCCT below a previously set
threshold.Mark eachsetof adjacenframesthatfull lls this criterionasa possibledissohe.

Step2. Verify dissolwesexistenceby using Standard Deviation Measure

Compute Standard Deviation (SD). Computethe standardieviation of eachimagein thevideosequence.

Compute SD middle value. Determingheminimum( ), andmaximum( ) SDvaluesandcomputethemiddle
value( ) in theinterval de ned by and

Verify possibledissolves Calculatetwo thresholds  and by addingor substractingrespectiely, a certain
distancevalue tothenumber . We mustbearin mind thatabruptchangesn standardieviation measuregsanbe
foundin bothupperandlower partsof agraph,thatis why two thresholdsareto beused.

Thentake eachpotentialdissole anddeterminewhetherits standarddeviationis NOT containedn the interval, i.e.
determinawvhetherits standardleviationis greatetthan  orlessthan . If so,thendeclarethe potentialdissole
asanactualdissolwe, otherwisediscardthe potentialdissole.

Experimental Results

| Dissolves | MSNCCCthreshold:0.75,Dissolve SD thresholds: |
Experimentatesultsfrom ourtestvideosequenceareshavnin gure 2 andasummaryon performances presentedh table
2.

Table?2. PrecisiomrandRecallMeasures
Ourmethod/Moca| CartoonVideoSeq.| CasablancaVideoSeq.

Precision 100%/ N/A 100%/ N/A
Recall 100%/ N/A 75%/ N/A

FadeDetection

Fadesareatype of transitioneffect betweershotswith particularcharacteristicenddividedinto two categyories:fade-in
andfade-out:

A fade-inis atransitionfrom ascendo ahomogeneoutexture,andtheprocesss implementedy graduallyincreasing
theamountof light givento ahomogeneouame(for example,atotally white screenwhile graduallydecreasinghe
amountof light givento ascene.
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Figure2: Dissolwe DetectionResults Imagea) shavs theresultingdissohe graphfor cartoonvideosequencandimageb) shavs resultsfor Casablanca
videosequence

Fade-outaretheotherway around:from a homogeneoutexture,theamountof light givento it is graduallydecreased
andanew scends madeto appealby increasingts luminosity.

Thealgorithmusedfor detectingfadess shavn in thefollowing lines.

FadeDetection
Objective Findfadesn avideosequence

Algorithm
Step 1. Hypothesisefade existenceby using standard deviation of images

In this step,we computethe SD of imagesandif adecreasindfor afade-in)behaiour is foundonthoseSD values then
we useRANSAC to nd out whetherthoseSD valuest in aline. If the last statements positive, thenit seemghatwe
have a fade-in. The secondstepis to determinewhetherthe next framesshaw the statisicalbehaiour expectedfor quasi-
homogeneoutextures. To do so, we computethe SD valuesof suchimagesandthencomputethe differencebetweereach
frameandthe next one. If thosevaluesprove to be very small,thenit is highly likely thatwe have homogeneousextures.
Finally, we computethe SD of the next imagesandif anincreasingbehaiour is found on thoseSD values,thenwe use
RANSAC to nd out whetherthoseSD valuest in aline. If the laststatementis positive, thenit seemghatwe have a
fade-outandthereforeit is highly likely thatwe arein front of afade.

Standard Deviation Computation. Computethe standardieviation for eachframein thevideosequence.

Finding Standard Deviation ExpectedBehaviour (Fade-in). Look for linearbehaiour in standardleviation. Take
m standarddeviationsvaluesthathave shavn a decreasindgpehaiour anduseRANSAC (see [5]) on thesevaluesto
determinewhetherthey belongto aline.

Homogeneougexture frames. Fromthelastframeusedin the previous step,computethe SD of eachframeaswell
asthe differenceof suchvaluesbetweenadjacenframes.lIt is expectedto nd very smallvariationsashomogenous
texturesshouldonly bedisturbedby noise.Goto thenext stepwhenSD differencesaregreateithanachoserthreshold.

Finding Standard Deviation Expected Behaviour (Fade-out). In the previous stepthe end of a fade-inhasbeen
reached. So, for nding afade-out,take m standarddeviationswhosevalueshave increasedand use RANSAC to
determinewvhetherthey belongto aline. Stopwhenoutliersexceeda choserthresholdof thetotal SD population.

Step2. Verify fade existenceby using Standard Deviation Measure



It hasbeensaidthatthelight decreasén afade-in(andthelight increasen afade-outshow alinearbehaiour. Therefore,

in this secondstepthe objective is to estimatethe parameters  of theequation where is theintensity
functionof imagei and is theintensityfunctionof imagei-1.

To doso,interestpointsarelocatedin bothimagesandaninitial estimationof and is madeby usingm interestpoints
andtheir corresponding pixel neighbourhoodsAlso, for eachsetof linear parameters ,

determinehow mary pixelsin images andi-1 shav anintensityvariationthatcanbe predictedwithin a certainuncertainty
range)y suchlinearparameterén otherwords,wewantto nd thesetof linearparametersith thegreatesinlier population
for eachpair of images).

Finally, take thelinear paratemers with the greatestnlier population(i.e., a pair of linear parameterperimage)
andrun RANSAC againto determinewvhetherthoselinearparametersanbe tted to aline.

Estimation of linear parameters. Take framesfoundin the steps2 and4 and, for eachpossiblefade-inandeach
possiblefade-outestimatethelinearparameters  accordingo thefollowing procedure:

— Computeinterestpointsin frames
— Chooseandomly interestpoints

— For eachinterestpoint chosengstimatethe parametersor the equation usinga pixel
neighborhood
— Getarandomselectiorof m interestpointsandcomputehow mary inliers from neighborhoodsf pixels
each has.
— Take thepair thathasthe greatestnlier population.
Use RANSAC againto determinewhetherselectedinear parameters canbe tted to aline (notethatfor this
secondun of RANSAC we areusingonepair perpair of imageswhile in the rst run of RANSAC we were
usingseveralputative pairs for thesamepair ofimagesy. If so,thenafade-inor afade-ouidependingpnwhat

wasthealgorithmrunfor) is composedy thesetof framesusedin this algorithmfor the computatiorof bothstandard
deviation andlinearparameters.

Discard falsely-detectedhard cuts and dissohes If fadeframesare found to be detectedeither as hard cuts or
dissoles,it is highly likely that suchframesarenot actually partof neitherhardcutsnor dissohesbut instead they
areonly partof theactualfade.Discardthoseframesfrom hardcut anddissole detection.

Experimental Results

Thealgorithmdevelopedin the previoussubsectiowastestedagainstsereralvideosequenceand,in orderto determine
robustenesaswell asimprovementareasabenchmarkindhasbeenproducedy usinganotherthe MoCA software.

Experimentalresultsfrom our testvideo sequenceare shovn in gure 3 anda summaryon performancegfor both our
outcomesandthe onesof thealternatve method)is presentedn table3.

Theexperimentsvererun usingthefollowing thresholds:

Moca software
| Fades| Minimal correlation:0.9, Maximal allowed standardieviation: 10 |

Our software
Fades| StandardDeviation Difference . For homogeneougextureframes
detection:Frames , MSNCCC ,SD

Table3. PrecisiorandRecallMeasures
Our method/Moca| HardCuts | Dissoles | Fades

Precision -/- -/ NA 100%/ 100%
Recall -/- -/ NA 100%/ 100%

4 Syntheticviews

The division of a video sequenceénto shotsprovidessetsof frameswith certaincontinuity. Oncethis division hasbeen
performed.a plausiblenext steptowardsstructuringa videois to createa rst classi cationfor eachshot. In this research,
we have decidedto usemotionasa parametefor suchclassi cation.
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Figure3: Casablancall Results Imagea) alsoshavs the threerequiredconditionsfor fadedetection.Finally, b) shawvs the resultof linear tting by
usingRANSAC for thelinearparametersf thefadein. Fadeout RANSAC computatioris shavn in c)

Motion in avideosequencés dueeitherto cameramotion, scenemotionor both. Usingthis division, pixelsin animage
canbedividedinto two sets:foreground(the setof pixelswhosemotionis dueto independenbodyaction)andbackground
(the setof pixelswhosemotion canbe explainedby meansof cameramotion). It is worth noting thatboth foregroundand
backgroundaredirectly linkedto moving andstationaryobjects(accordingo theworld referencdrame)in avideosequence.

Oncemotion detectionandpixel classi cationhave beenperformedit is alsoimportantto determinethe way we would
liketo representhetotalforegroundand/orthetotal backgrounaf ashot.Notethatpixel classi cationinto foreground/backgound
statusmay be very helpful to minimisethe dataredundang widely foundin ary videosequenceThetechniquewe present
in this paperfor producingsuccintrepresentationsf a shotbackgroundandforegroundis calledmosaicing.

To performbackground/forground pixel separatiorandto producesuccintrepresentationghe following algorithmwas
performed:

1. Image Registration. For eachpair of imagesperformimageregistration.

2. Motion Computation (pixel level). Usinga scalepyramid andequation?, computea draft of theforegroundandthe
backgroundor eachimage.



3. Image re nement (cluster level). Optionalstep. In casesomeadditionalimagere nementis neededi.e., in case
somebackground/forground pixelsaremisseddueto speci ¢ videosequenceharacteristics)Severaltechniquesre
used.

4. Generation of compact representations Having divided a shotinto foregroundand backgroundpixels, compute
compactrepresentationfor eachshot.

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

(2)

The sumis takenover a neighbourhouaf pixels.

Accordingto [9] andto the experimentalresultswe have obtained a pixel with a high motionmeasures very likely to
be moving but the contraryis not necessaryrue: a pixel with low motionmeasures not necessarilystatic,asthe pixel may
belocatedin auniformregion or themotioncouldbe performedalonganedge.Thatis why areliability measureés usedand
in this caseit is determinedy the numericalstability of equation3, i.e., by the conditionnumberof the coefcient matrix
(equatiord).

(3)

The sumis takenoverthe sameneighbourhood usedin equation(6.3) for eachpixel.
— (4)
Experimental Results

Figure4 shavs examplesof bothbackgroundandsynopsiamosaicdor oneof ourtestvideosequencedNotethatthetest
videosequencshawsreallife behaiour.
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