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Abstract

The problem of video 'cut’ detectionremainslargely an

open problem, becauseof the wide nature of transitions
that occurin a digital video. This paperdescribesa shot
boundarydetectiontechnique which is an amalgamation
of few statistical methodsand measues, and robustly de-

tectscamenr breaksin a full-motion videoclip. The pro-

posedalgorithm incorporates a weightedhistogram, an

error-propagation techniquefor increasedrobustnessand

a curve-fittingtechniqueto extract partitions fromthe sim-

ilarity curve for avoiding heuristically chosenthreshold
value The algorithm has beenvalidated on manyvideo

clipsandis shownto giveimprovedresults.

1. Introduction

Advancesn multimediatechnologycoupledwith explosive
growth of internetandtheavailability of highcomputingre-
sourcesat affordablecosthave led to the wide-spreadise
of digital video for varied applications. Digital video has
a vastnumberof advantagesover other mediathat as yet
lie unexploited. Video technology advancedasit may be
in the presentay, still falls shortof placingvisualinforma-
tion atthe samdevel of accessibilityascertainothermedia,
suchastext. Text documentsrefrequentlyusedto develop
ideas,andareoftentranslatednto individual compositions.
Similar compositionusingvideos,however, remainsfar in
thefuture. Video composition asdesiredshouldnot entail
thinking aboutvideo pixels any more than text composi-
tion entailsthinking aboutASCII charactecodes.Thusthe
effective useof videois beyond our graspbecausehe ef-
fective useof its contentis notyetdone.
Contentbasedrideoindexing would be onesteptowards
ensuringthatvideo could be accessednanipulatededited
andstoredaseasilyor asefficiently asarny othermedium,
[1] and[4]. Theobviousproblemwith retrieval by content
is performance Comple predicatesvould prove to be ex-
tremelyexpensve to evaluate. The major concernof mul-
timediaresearchgroups,hence hasbeento provide access
structuresandmechanismshatreducethis cost.
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Thefirst stagein videoindexing is tempoal video say-
mentation alsoknown asshotdetectionor videopartition-
ing. This problemcanbe statedasfollows: givena video
clip, to define,identify and segregatethe elementalunits
or quantaof the videoclip thatcould be independentlyac-
cessedstoredand modified. Suchelementalunits called
shotswould be representatie of the entirevideo clip, and
accesgo themwould entailaccesdo theclip in its entirety
The shot-level organizationof video documentss consid-
eredmostappropriatdor videobrowsingandcontent-based
retrieval. A shotor atake, in video parlancesimply refers
to a contiguoussequencef oneor morevideo framesde-
picting a continuousaction that remainsmore or lessre-
strictedto a certainregionin spaceandtime,[7] and[9].

However, shotboundariesrevague thereexistsgradual
transitions,llumination changesand/orcameramovement
within a shot. Video transitioncanbe a hard-cut, a grad-
ual transitioncanbe a fade wipe, slide or a dissolve[14].
In recentyears, the researchon automaticshot detection
hasexploded, applicationsare increasingand mary algo-
rithmshave beenpublishedo solve shotdetectionproblem
for varying degreesof compleity of real-data.Many per
formancestudieshave beencarriedoutandthecomparatie
resultspublishedfor different classesof video data, e.g.,
[3], [8] and[16]. All thesealgorithmshave theirown merits
anddemerits seetherecentsurwey articlesby Koprinska&
Carratg11] andLienhart[14]. An openchallengeo almost
all suchalgorithmsis to capturetrue transitionsand mini-
mize false positives/detectionn the presenceof unknown
variations. Many algorithmsuse heuristically chosenpa-
rameters/procedureghich aremosteffectiveto aparticular
classof videousingsomedomain-specifikknowledge.

In this paper we present new shotdetectionalgorithm
whichis essentiallyanamalgamatioof someknown statis-
tical methodsand measuresand robustly detectscamera-
breaksin a full-motion real video clip. The remainderof
the paperis organizedasfollows. In section2, we briefly
review the existing approachesWe describejn section3,
our approachwhich doestemporalsegmentationwith min-
imal numberof userdefinedparametersThenwe present



resultsin section4 along with a discussion. Finally, we
draw conclusionsn sectionb.

2. Related Work

A large numberof shotdetectionalgorithmshave beende-
velopedthey canbe classifiedbasedon few coreconcepts.
Essentiallyvideo segmentations a two-phasephase.Dis-
continuityor thesimilarity betweertwo consecutie frames
is measuredollowedby a classifierstageto detectthetran-
sition basedon somedecisionstratgy. Mostimportantis
the underlying detectionscheme. Many metrics and the
classificationalgorithmshave beenproposedn the litera-
ture during the pastdecade.e.g., startingwith the initial
work of Zhangetal. [22] andHampapueetal. [10] to some
recentwork of Gami etal. [8] andZhangetal. [21]. In the
following paragraphsf this sectionwe shallbriefly review
the metricsusedandthe classificationstrateyy adopted,n
general,andbuild the problemdefinition for the our work
presentedh this paper

Most of the video sggmentationalgorithmscan be di-
videdinto two broadcategories:pixel-basedlgorithmsand
feature-based.Pixel-basedtechniquesare the most rudi-
mentarytechniquesandmerelyuselnter-frameDifference
(ID) countedn termsof thepixelsasthediscontinuitymea-
sure. TheInter-frameDifferencemay be simply a countof
all the pixels that change betweentwo successie image
framesin the sequencein valuemorethansomethreshold
value(Eg. 1). Alternatively, ID is the sumof the absolute
differencejn intensityvalues of all the pixelsbetweertwo
consecutie framesin a sequencéEq. 2). The Inter-frame
Difference(ID) measurevould be calculatedas:
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Pixel-basednter-framedifferencemethodsarethe sim-
plest,andhave beenexpandedy breakingimagesinto re-
gionsand comparingthe statisticalmeasure®f the pixels
in the respectie regions. Sincefadesareproducedy lin-
earscalingof the pixel intensitiesover time, this approach
is particularlysuitedto detectfadesin video[14]. Thede-
cisionregardingpresencef a breakis basedon an appro-
priateselectionof thethresholdvalue.

Feature-basetkchniquesare basedon global or local
representatiof the imageframes. Pixel-valueitself can
be a feature,we discussedhis subclassn the preceeding

paragraphs.Most commonly usedfeaturefor video sey-
mentationis a histograme.q.,[6], [16], [18] and[20].

A histogramis createdfor the currentframe by calcu-
lating the numberof timeseachof the discretepixel value
appearsn theframe. Thesehistogram-basetkchniquesx-
tractandnormalizea vectorequalin sizeto the numberof
levelstheimageis codedin. The vectoris thencompared
with or matchedagainstothervectorsof similarimagesin
the sequencéo confirm a certainminimum degreeof dis-
similarity. If sucha criterionis successfullymet, the cor-
respondingmageis labeledasa break The normalized
histogramwould be calculatedas:
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where,

C(z,y) =1if I(z,y) =1, else {(z,y) =0
i — index of the histogram bin, and
N — normalization factor.

However, thereare mary metricsfor matchingthe his-
tograms. Most of the metricsare derived from the differ-
ence theintersectioror the product,or asquare seeDuda
etal. [5] for details.

Dugadetal. [6] have extendedonthiswork by including
a secondstagein their detectionprocess.In orderto min-
imize the numberof misseddetectionsand the numberof
incorrectclassificationsthey proposeduseof a likelihood
ratio for comparingwo frameregions. The framesarefirst
dividedinto smallerimageblocks,andtheseblocksarethen
comparedisingstatisticalmeasuresTheir likelihoodratio
is computedas:

Lr = Z/ (O’t X Ut—l) (4)

where

Z=[loe-o01)/2 + (Gme—m ) /2]

and,m; ando; denotethe statisticalmeanandstandardie-
viation, respectiely, of thegivenregionin framet. Thisra-

tio attainsits minimumvalueif o; = ;1 andm; = m;_.

There are mary other variationsproposedfor histogram-
basedalgorithms.

A majoradvantageof usinghistogramasafeatureis that
the histogramis relatively insensitie to the object-position
in theframe,andthus,thistechniquds suitablein presence
of cameraand/orobjectmotion. However, this measuras
sensitie to noise,illumination changesand object-scaling
anddoesnotscalewell with thematching.Nonethelesdis-
togramremainsthe mostcommonlyusedfeaturein video
segmentationdueto its easeof implementatiorandthe ef-
fectiveness.



Many otherfeaturesfor video segmentationwere used
too - e.g., tracking of edges,motion vector differences
andeigenspacedecompositiorio maximizethe datavaria-
tion. Apartfrom thresholdinghidden-Marlov modelstree-
classifier supervisedearningand clusteringwere usedby
differentresearcherto detectthe shots. For merits, limi-
tationsandthe performanceharacterizatioof eachof the
approachessee[11].

Anotherwayto catgyorizethevideo-partitioningorocess
isthetypeof video-dataisedastheinput. Someof thealgo-
rithmsweredesignedo work on compressedideostream,
e.g.,Yeo & Liu’s algorithm[20] usesMPEG compressed
video streamratherthan the raw footage. However, this
distinctionis not very important,sincepracticallyall of the
algorithmscanbe appliedto the compressedswell asto
the uncompressedata. Theremay be differencesn how
the certainfeaturesare computed but the core conceptof
thealgorithmremainsthe same.

Other distinction of video-datais the grey-level input
or the color input to computethe discontinuity Color
videosareusedmostoftenwith differentcolor spacesuch
asRGB, HSV, YIQ, Munsell and other color spaceq19].
Main advantageof usingcoloris theadditionalinformation
availablefor detectingthe discontinuitybothin spatialand
temporalspacesandthe easeof implementation.

Shotdetectionalgorithmsarefurther classifiedbasedon
their suitability on detectingthe specifictypesof the tran-
sitions - hard-cut,fade,wipe, slide or dissohe. Decision
parametersary for transitiontypesand the chosenalgo-
rithm. Lienhart[14] discussedhe underlyingconceptde-
hind eachtransitiontypesbasedon the characterizatiorof
thevideo-datan termsof higherlevel semanticsandsug-
gestedyuidelinesfor useof thetestedapproaches.

Choice of the best video partitioning method is not
straightforvard. Therearemary factorsthataffect the per
formance.Most importantparametersiffecting the perfor
manceare the decisionparametersvhich vary from data-
to-data,algorithm-to-algorithmand the transition-type-to-
anothettype. In this work, we attemptto extractthe deci-
sion parameterérom the characterizatiowof the videodata
in termsof statisticaland information-theoretianeasures,
andapplyto detectthe appropriatdransitions.

3. TheAlgorithm

Thealgorithmproposecdhereis fundamentallya histogram-
matchingtechnique. In addition, however, it incorporates
threeadditionalfeatures. Firstly, the histogramsusedare
weighted histograms; the definition and constructionof
suchhistogramss outlinedin sub-sectior8.1. Secondlyan
error-propagationmodelis introducedo inducerobustness,
this is describedn sub-sectior8.2. Matching of the his-
togramsusinga x? measurés presentedh sub-sectior.3.

Lastly, sub-sectiorB8.4 discusses statisticalmethodbased
on modifiedB-Splinecurve fitting which obviatesthe need
for ary heuristicallydeterminedhresholdvalue while de-
ciding uponcameréabreaks.

3.1. Weighted Histogram
Theweightedhistogramfunctionis definedbelow:

(@)= - Y @) ©
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where,

C(z,y) =m(x,y) if I(z,y) =1, else ((z,y) =0,
w(z,y)=1—-E,xk, k=0,1,2,..(, and
E, — a parameter set by in formation content.

Here,the imagematrix s first dividedinto ¢ concentric
regions, and eachis assigneda weight. The incrementto
the histogramvalue Hy (¢) is now no longerabinaryvalue;
it now dependsn the physicallocationof the pixel under
consideration. The ¢ concentricregions can be linked to
maugins dravn arounda centralregion of maximuminter
estor weight; any pixel existing within this regionwill con-
tributea unitincremento the histogramvalue. This central
regionis indexedby k = 0, andthe outermostegionby k =
C.

Suchanalgorithmimplicitly assigndessweightto the
pixelsborderingtheregion of interestwhich, in mostcases
of trackingandpanning,is the centralregion of the frame.
Thehighertheprobabilityof theinputvideoclip containing
sequencewith rapidtrackingor panningthelargershould
be the value of E, chosenwhile the natureof the objects
beingtracked decideghe valueof the parametec; smaller
objectsin thesequencavould call for alargervalueof (.

A weighted histogrambasedapproachhas been suc-
cessfullyappliedby Kumar& Rockett to extractingscale,
translationand rotation invariant local featuresfor object
recognitionfrom two-dimensionahoisyimagesandresults
alongwith a detaileddiscussioron weightedhistogramare
presentedhn [13].

3.2. Error Propagation

Globalmeasuresuchashistogramslescribehewholema-
trix by a singlen-tuple,n is the numberof binsin the his-
togram. Thoughthe transformatiorof the completeframe
into the representatiorspaceis straightforvard and needs
no heuristicor parametedefinition, sucha transformation
shouldat the sametime ensurethat spuriousdatais recog-
nizedassuch.Kumar& Rockett,[12] and[13], have exam-
inedthe needfor errorpropagatiorto achieve suchrobust-
nessin a histogram-matchinglgorithm. They stressedn
theimportanceof ensuringthe right mix of errorsandtheir
subsequenpropagationso that the effect of noiseon the



ability of the algorithmto correctlymatchtwo functionsis
diminished.Thisway, they couldeliminatethefalsesignals
and capturethe diminishing signalsbecauseof noiseand
the otherunknown variations.

Such noise creepsinevitably in video clips where
changesdn illumination etc. introducemorethana linear
shift of the histogram. Although the innate shapeof the
histogramhashardly fluctuated yet a histogram-matching
algorithm (which is largely basedon bin-to-bin compari-
son,differenceor product)would view sucha histogramas
onewhichis significantlychanged Any matchingcriterion
would thencompletelyfail, andclassifythe histogramin-
stanceasonerepresentingn entirely differententity.

In somesolutionsto this problem, the effects of data
degradation are encounteredby some tolerance at the
matching/classificatiostage Suchapproachesacrificethe
discriminatorycapabilityof the matchingcriteria. Still oth-
ersrely on a smoothingof the global representationsuch
global operationshowever, may filter out importantinfor-
mation,and may againlack discrimination. However, en-
suringthe right mix of errorsandtheir subsequenpropa-
gationfor a realistic blur can optimize the discriminatory
power of thealgorithmin presencef data-noisenddegra-
dation- see[12] for implementatiordetails.

In this work, we introducesuchan error-propagatiorby
the applicationof a Gaussiarwindow - normalizedto unit
areawhich runsacrossheimagehistogramandblursit to
an extentthat should,in the ideal situation,be determined
througha procesof contentidentification(in this casethis
is doneby measuringthe information contentsin a local-
izedwindow [7]). This ensureghatary insignificantlevel
of noisein thesignalis promptlyignoredandthatit doesnot
manifestasa likely candidatefor classificationasa transi-
tion.

3.3. Matching Strategy

Therearemary metricsto matchtwo histogramse.g.,sim-
ple or weighteddifference,intersectionor squareddiffer-
ence5]. OuralgorithmusegheBhattacharryanetricasthe
matchingcriterion. The Bhattacharryalistance[2], which
is a generalizedy? measurepossessesomeimmunity to
noiseandclutter Here one attemptsto maximizethe en-
ergy function, which, here,is merely the dot productbe-
tweenthe two tuplesunderconsideration Mathematically
the Bhattacharryanetricis definedas:

M= )

i over all bins

H, (i) © Hy 1 (3) (6)
where,

M; — matching or similarity measure,
H; — normalized histogram for frame F;,and
® — dot product of histograms.

SeeKumaré& Roclett [13] for the the normalizationof
the histogramandtheir dot-product.

3.4. Labeling Partitions

Many algorithmsimposea hard cut-off thresholdto dis-
criminatebetweengenuineandfake candidates.But such
anapproachhasobvious dravbacks:a videoclip cancon-
tain graduakhottransitionghatwould yield neitherasharp
noradeepminimumbut would insteadgiveriseto acluster
or rathershallov minima. The issuewould thenbe decid-
ing which singlememberof theclusterto labelasa camera
break. It becomeghe need,therefore,to devise an algo-
rithm thatwill be ableto recognizea relatively deepmin-
imum, one whosedepthand sharpnessn that video clip
qualifiesit asa valid partition. This hasbeenachievedhere
throughatwo-stagesliminationprocesswhichis discussed
in thefollowing sub-sections.

3.4.1 CurveFitting Using B-Spline Curves

Distinct breaksarealwaysvery sharp,oftenresemblingn-
verted delta functions. So ary curwe fitting techniqueis
boundto ignorepartitionpointscompletely Evenafifth de-
greeinterpolatingpolynomialwould not be ableto include
thecutpointsin its approximatedcturve.

One approachwould be to apply curve fitting using
an elementarypolynomial such as third or fourth degree
Newton-Gregory polynomial,andthenlabelingonly those
points that have beenignoredin plotting the final curve.
However the resultswould be unpredictablefor two rea-
sons:thereis no guaranteghatevery partition point would
necessarilypeignoredby theinterpolatingpolynomial;sec-
ondly, thealgorithmwouldintroduceanumberof falsemin-
imain attemptingto includethe partition points.

A simplerandmorereliablerouteto achieving the same
goalis to merelytake thefirst differenceof theraw curve,
andapply ary interpolatingmethodto determinethe parti-
tions. This is the methodadoptedhere. The degreeof the
interpolatingpolynomial should, again, be determinedby
an approximatebeforehandnowledgeof the natureof the
video clip, althoughusing a higher degreepolynomial (of
sayfive) would alwaysgive accurateesultsbut it increases
the computationatomplexity of thealgorithm.

Theinterpolatingpolynomialsusedherearethe cubicB-
Splinecurves. Thesecurvesarelike Beziercurvesin that
they do not ordinarily passthroughary of the setsof given
datapoints. They have thefollowing additionalfeatures:

e A B-Spline doesnot begin and end at the extreme
points.

e Theslopesof the B-Splinedo not bearary simplere-
lation with thelinesdrawvn betweerthe points.
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Figurel: Two plots of the similarity curvesfor the Moskito
videoclip takenfrom [15].

The advantagewith using B-Splinesis that a separate
cubicis drawn for eachpair of pointsin the set, which is
exactly how the histogramcomparisorhasbeendone,[5]
and[17].

3.4.2 Statistical Thresholding

The minima singledout by the curve fitting are thensub-
jectedto a depth-test.If the depthof the minimum under
consideratiornis greaterthanathresholdvaluearrivedat af-
ter a statisticalevaluationof the raw data,thenthat mini-
mumis finally labeleda partition point. To ensurethatthe
minimalabeledaspartitionsarecorrectlymeasuredy their
relative depthin the original similarity curve, the raw data
availableprior to the curvefitting shouldbeused.

Thus, assuminga normal distribution without loss of
generality the similarity shouldfall belon the following
thresholdfor the pointto belabeleda partition:

Th=p—a-o ("

wherea goodvaluefor a would be betweerfive andsix.

4. Resultsand Discussion

We experimentedeachof the three steps- weightedhis-
togram, errorpropagationmodel and computationof the
thresholdvalue - on a large numberof real digital videos
that have different types of variability, e.g., illumination
changeandcameramovement. The videosvary widely in
contentand length. We experimentedwith both types of
videos- fastvaryingsignalaswell asslow varyingsignal-
in orderto testthe efficacy of eachstepof thealgorithm.
We includesomeexampleresultsin this partof the sec-
tion alongwith a brief analysis. We areunableto include
the different clips and the detailedresultsbecauseof the
limitation on the numberof pages.Moreover, the purpose
of thiswork is notto comparehedetectionperformancef

thiswork with theexistingapproachesowe donot present
the comaprisorresultshere.Neverthelessye include sub-
setof theresultswhich exhibitstheimprovementbecausef
the distinct characteristicef the algorithm,e.g.,the error
propagatiormodelalongwith the weightedhistogramand
the computedvalueof the thresholdfor detection.Thedis-
cussiorthatfollows describeshe performancesf two rep-
resentatie classe®f videos.

First we presentthe resultstaken from Johns heli-pad
video clips, therearemary video-clip available on the site
[15]. In general,eachvideo-clipis a color video, contains
a helicopterasthe centralobject, which is moving, back-
groundis changing,illumination is getting changed,and
camerais also moving in-and-out- visit the site [15] for
viewing the video. Thus, this classof video containsthe
sufficient variationsandis a goodexampleto testthe algo-
rithm over a classof datato testthe stability of the algo-
rithm.

In this section,we include the resultscomputedfor a
Moskito color-video clip asrepresentatie results. A heli-
copteris tracked rapidly with varying backgroundacross
a sky of varyingintensity Therearethreesectionsin the
clip thatareof interest:thefirst oneoccursbetweerframes
25 and46, the secondbetweenl18 and 139, andthe third
betweenframes256to 271. We plot similarity matchval-
uesfor the first 280 framesof the clip in Figurel. In all
threesub-shotsmary falsepeaksverecorrectlyeliminated
uponerrorpropagation.For example,the secondshotthat
includesframes123to 132gave mary false-break# there
wasno errorpropagationatotal of 8 false-peakwereelim-
inatedthis way while onetrue signalatframe130remained
with thecomputedhresholdvalue.

Secondwe includethe representatie resultscomputed
for aslow-varyingvideotakenfrom a kitchen In this clip,
akitchenis scannedtwo new objects awindow andalady
rapidly enterthescengframesl15through124). TheBhat-
tacharryamatchmetrics,with andwithout the errormodel,
are plotedfor part of the clip in Figure2. The similarity
curve with blur-modelis clearly more evenedout. In the
absencef the blur, the algorithmdetectsthreetransitions
atpoints115,120and123. This regionis evenedout when
weightingandthe errorsareapplied.All threefalsealarms
which gave theillusion of a camerabreak,are eliminated
by the computedvalueof thethresholdo detecta hard cut.
On the otherhand,a true transitionat point 75 is detected
distinctly by both.

We testedour approachwith mary video clips of dif-
ferentthemesand varying nature. We comparedthe re-
sultsin termsof false-alarmsandmiss-detectionsvith and
without the proposedimprovements: weightedvs. win-
dowedhistogramswith andwithouterrorpropagationand
B-spline cunve fitting. We found that the algorithmworks
well in videosof rapid scanningandfor trackingof objects.
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Figure2: Two plots of the similarity curvesfor the kitchen
videoclip.

Theerrorpropgationhelpsin detectingfalse-alarmslueto
changen illumination. We areunableto includerepresen-
tative resultsalongwith adetailedanalysisdueto the page-
limit; we shallpresenthemduringtheconference.

5. Conclusions

In this paper we have describeda novel algorithmfor shot
boundarydetectionthat detectscamerabreakin a full mo-

tion video. The techniqueis a weightedhistogrambased
algorithmwhichincludesanerrorpropagatiormodelto in-

ducerohbustness.To avoid the selectionof a heuristically
selectedhresholdvaluefor detection,we usean informa-
tion theoreticmeasurewhich is guidedby the information
content.We experimentedvith mary digital videosof both
types- slow varying and fastvarying signal- and diverse
in content,andthusdemonstratethe genericnatureof the
algorithm. Resultsare comparedwith and without intro-

ducingthe errorpropagationandit is shavn thatthe error

propagatioomodelminimizesthefalsepositiveswithoutaf-

fectingthe presencef thetruesignals.Extendingthiswork

to aneffective techniqueo extractingandsettingof various
parameterso detectingdifferenttypesof transitiontypesis

within the scopeof futurework.
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