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Abstract - A video sequencads first mappedto a sequenceof points in a semi-metric
spacethat forms a polyline. We require only that a semi-distancebetweenpairs of points
be defined that need not satisfy the triangle inequality. By simplifying the polyline, we
obtain a small setof the mostrelevant key framesthat is representatie of the whole video
sequence.The degreeof the simplification is either determined automatically or selected
by the user. Usingour technique,aviewer canbrowseavideoat the level of summarization
that suits his patience level. Applications include the creation of a smart fast-forward
function for digital VCRs, and the automatic creation of short summariesor trailers that
canbe usedaspreviewsbefore videosare downloadedfr om the weh.

MOTIVATION

This paperdescribesanapproacho automaticallyrank video framesby their rel-
evancethatdepend®nthecontet, i.e., agivenframecanbe of high relevancein one
context but of low relevancein the other, sincewe would like therank of the frames
to reflecttheir relevanceto the contentof the videoclip.

For avideosequence;predictability” is animportantconcept.If framesarepre-
dictable,they are not asimportantasthe onesthat are unpredictable.We canrank
theseframeslower, sincethe viewer couldinfer themfrom context. Framesof a new
shotcannotgenerallybe predictedfrom a previous shot, so they areimportant. On
the otherhand,cameratranslationsand pansthat do not reveal new objectsproduce
framesthatarepredictable.

A goodcandidateo determinethe predictabilityis a distancemeasuref images.
If imagesn andn + 1 in avideo sequencéiave low similarity value,i.e., arevery
similar, thentheimagen + 1 is predictablewith respecto imagen.

Whenappliedto the original video sequenceary reasonablémagedistancemea-
surewill give low similarity value for all consecutie frameswith exceptof shot
changesSincethereis nearlyno significantchangedetweertwo consequenframes,
the variationsin their distancemeasureare mostly dueto noise. Whatis noisein a
video sequence?t is distinct from pixel noise. The imagestreamgeneratedy a
fixed cameraooking from awindow at a crowd milling aroundin the streetmay be



consideredo have a stationarycomponentinda visual noisecomponentdueto the
changingcolorsof peoples clothes. The passingof a fire truck would be part of the
signalover this fluctuatingbut monotonousackground.Due to noise,no threshold
valuecanyield areasonablsetof key frameswhenappliedto the similarity valuesof

imageswith respecto their neighborimagesn anoriginal videosequence.

Thereforewe will useanimagedistancemeasureo recursvely filter the original
video sequencdyy deletingthe most predictablemages,until a small setof images
(key frames)is left. Asthepredictabilitymeasur®f animageB in animagesequence
.ABC...,wewill definepredictibility(B) = |d(4, B)+d(B,C)—d(A, C)|, where
d is animagedistancemeasure.If framesof a video sequencearerepresentedh a
vectormetricspacepredictibility(B) = 0 meanghatframe B lies on line sgment
AC. Thehigheris the value of predictibility(B), the furtheraway is B form line
seggmentAC.

In this paper we first map eachimageof a video sequenceo a point in a semi-
metric spaceandconsequentlythe video sequencés mappedo a polygonaltrajec-
tory in the semi-metricspace. Eachimageis assigneda compactrepresentatiomf
its color content,i.e., eachimageis representedsa combinationof few mostdomi-
nantcolorsthat canbe viewed asa roughsegmentationof the image. This compact
representatiois usedto computethe semi-metriadistancebetweerimages.

As aresultof thefirst mappingwe would lik e thetrajectoryto have high curvature
for unpredictablescenesindnearlylinear parts(dueto noise)for predictablescenes.
Sincewe expectthe video signalto be noisyin the above sensewe needthe second
filtering stepto enhancehelinearpartsaswell asthepartswith asignificantcurvature.
The secondiltering stepallows a hierarchicaloutputsothatthe usercanspecifythe
level of detail (a scale)at which hewantsto view the frameswith notevorthy events.

MAPPING AN IMA GE STREAM TO A TRAJECT ORY

In this section,we describethe compactrepresentatiorof color contentthat is
assignedo eachimagein avideosequenceThenwe shav how to computea distance
betweentwo imagesgiventheir compactcolor representation.

The first stepof color distancecomputationis to obtain compact,perceptually
relevant representatiomf the color contentof animage. It hasbeenshavn thatin
the early perceptionstagehumanvisual systemperformsidentificationof dominant
colorshy eliminatingfine detailsand averagingcolorswithin smallareag8]. Con-
sequentlyonthe globallevel, humansperceve imagesonly asa combinationof few
mostprominentcolors,eventhoughthe color histogramof the obsenedimagemight
be very “busy”. Basedon thesefindings, we performextractionof perceved colors
throughthe following steps.First a colorimageis transformedrom the RGB space
into the perceptuallymoreuniform Lab color spacq10]. Thesetof all possiblecolors
is thenreducedo a subsetefinedby a compactcolor codebook Finally a statistical
methodis appliedto identify colorsof specklenoiseandremapthemto the surround-
ing dominantcolor (see[5] for details).

Oncetheperceptuallydominantcolorsareextracted we represena color compo-



nentof animageasa pair CC;(I;, P;), wherel; is theindex to a colorin a particular
color codebookand P; is theareapercentageccupiedby thatcolor. A color compo-
nentCC; is consideredo be dominantif P; exceedsathreshold(typically 2 — 3%).

Hence the color compositionof animageis representedly the setof dominantcolor

component¢DCC) foundin theimage.Basedon humanperceptiontwo imagesare
consideredsimilar in termsof color compositionif the perceved colorsin the two

imagesare similar, and similar colorsalsooccuypy similar areapercentagg8]. We

developeda metric called Optimal Color CompositionDistance(OCCD) to capture
bothcriteria[5]. To computeOCCDthesetof colorcomponentsf eachimageis first

quantizednto asetof n (typically 20 — 50) color units,eachwith the sameareaper

centagep, wheren x p ~ 100. We call this setthe quantizectolor componen{QCC)
set. Supposeve have two imagesA and B, with QCCsets{C4 | U4, U3, ...U%} and
{CB|UL,U%,..UR}. LetI(UF), z = A or B, k = 1..n, denotethe color index of

unitU¥, and{Map | mag : Ca — Cp} bethesetof one-to-onemappingfunctions
from setC'4 to setC's. Eachmappingfunction definesa mappingdistancebetween
thetwo sets:M D(Ca,Cg) = Y iy W(I(UY), I(map(UY))), whereW (i, j) isthe
distancebetweercolori andcolor j in agivencolor codebook. Ourgoalis to find the
optimalmappingfunctionthat minimizesthe overall mappingdistance.The distance
d(A; B) betweenthe imagesA and B is thendefinedto be this minimal mapping
distance.

This optimizationproblemcan be recastasthe problemof minimum costgraph
matching, for which there exist well-known solutionswith O(n?®) compleity [4].
Notethatheren is the numberof quantizedcolor componentswhich roughly corre-
spondsto the maximumnumberof dominantcolorsa humanbeing candistinguish
within one image. It is completelyindependentf andusuallymuchsmallerthanthe
colorcodebooksize.

TRAJECT ORY FILTERING BY POLYGON SIMPLIFICA TION

Our first operationdescribedn the last sectionmapsa video sequencéo a tra-
jectorythatis a polyline. Sincethe polyline may be noisy, in the sensethatit is not
linearbut only nearlylinear for the video streamsegmentswherenothingof interest
happensi.e.,thesgmentsarepredictableandthepartsof high curvaturearedifficult
to detectlocally, it is necessaryo apply the secondperationwhich we describethe
secondoperation.The goalis to simplify the polyline sothatits sectiondbecomdin-
earwhenthe correspondingideo streamseggmentsare predictable.We achiese this
by iteratedremoval of the verticesthat representhe mostpredictablevideo frames.
In thegeometridanguagdor thepolyline trajectory theseverticesarethe mostlinear
ones.Consequentlythe remainingverticesof the simplified polyline areframesthat
aremorenon-predictabléhanthedeletedones.

Our approachto simplification of video polylinesis basedon a novel processof
discretecurve evolution presentedh [6] andappliedin thecontext of shapesimilarity
of planarobjectsin [7]. However, herewe will usea differentrelevancemeasure
of vertices. Fig. 1 illustratesthe curve simplification producedby the discretecurve



evolution for a planarfigure. Notice thatthe mostrelevant verticesof the curve and
the generalshapeof the picturearepresered evenasmostof the verticeshave been
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Figurel: A few stagesf our discretecurve evolution.

Let P beapolyline (thatdoesnot needto be simple). We will denotethe vertices
of P by Vertices(P). A discrete curve evolution producesa sequencef polylines
P = PO ..., P™ suchthat|Vertices(P™)| < 3, where| . | is thecardinalityfunction.
Eachvertex v in P? (exceptthefirst andthelast)is assigned relevancemeasurghat
depend®nv andits two neighborverticesu, w in P*:

K (v, P') = K (u,v,w) = |d(u,v) + d(v,w) — d(u, w)] (1)

whered is the semi-distancalefinedin the last section,i.e., it satisfiespositivity:
d(z,z) = 0 andd(z,y) > 0if z is distinctfrom y, andsymmetryd(z,y) = d(y, z),
but not the triangle inequality i.e., there can exist somez's suchthat d(z,y) >
d(z, z) + d(z,y).

The procesf discrete curve evolution is very simple:

e At every evolution stepi = 0, ...,m — 1, apolygon P**! is obtainedafterthe
verticeswhoserelevancemeasuras minimal have beendeletedfrom P?.

Obsene that relevancemeasureX (v, P?) is not a local propertywith respectto
thepolygonP = P?, althoughits computatioris localin P? for every vertex v. This
implies thatthe relevanceof a givenvideo framev is context dependentwherethe
context is givenby theadaptie neighborhooaf v, sincethe neighborhooaf v in P?
canbedifferentthanits neighborhoodn P. Obsene alsothatour relevancemeasure
impliesthatthe lengthchangebetweenP? and Pi*! is minimal if P**+! is obtained
from P? by deletinga singlevertex.

EXPERIMENT AL RESULTS

We performeda large numberof experimentakesultsto verify the proposedech-
nigueusingmary differentkinds of videoclips, e.g.,commercialsreportsfrom vari-
oussportevents,andsimplesyntheticvideos. Dueto thelimited spacewe illustrate
our resultson a single video clip which hasa high probability of being seenby the
mostreaderssinceknowing the contentof the clip is helpful for evaluationof our
method.



We presentillustrationsof the proposedechniquefor an 80 secondMPEG clip
from avideonamed‘Mr. Beans Christmas”. Theclip contains2379frames.Fig. 2
shaws the obtainedstoryboardcomposedf the 10 mostrelevantkey framescorre-
spondingo theverticesof thesimplifiedpolyline. In our opinionthis summaryis very
representatie for this video clip andcontainsall relevantframes. Theseare prelim-
inary resultswhile we are consideringcomparatie benchmarksgainstground-truth
provided by subjectsviewing the clips and selectingsmall percentagesf framesas
mostdescriptie of the stories.

Figure2: Storyboardvith 10 mostrelevantframesin Mr. Beansvideo(2379frames).

DISCUSSIONAND CONCLUSIONS

In this work, we have proposedandimplementedh systemfor automaticallypro-
viding shortsummarie®f videoswith aframecountthatcanbe controlledby theuser
or determinecautomatically The methodis basedon a novel fine-to-coarseolyline
simplificationtechnique.

Aside from its simplicity the processof the discretecurve evolution differs from
thestandardnethodsf polygonalapproximation|ik e leastsquarditting, by thefact
thatit canbeusedn semi-metricnon-linearspacesTheonly requiremenfor discrete
curve evolutionis thatevery pair of pointsis assigned real-valueddistancemeasure
thatdoesnot evenneedto satisfythetriangleinequality

Obsenre that evenif the polyline representinga video trajectoryis containedin
Euclidearspaceit is not possibleto usestandardapproximatiortechniquedik e least-
squarditting for its simplification,sincethe approximatingpolyline may containver
ticesthat do not belongto the input polyline. For suchvertices,theredo not exist
ary correspondingideoframes.Thus,anecessargonditionfor a simplificationof a
videopolyline is thata sequencef verticesof a simplified polyline is a subsequence
of theoriginal one.

In relatedsummarizatiorresearchfFoote et al. [3] developedbrowsing tools to
help employeesacces<ollectionsof videotapedmeetings.Also referto [9, 11, 12]
for otherinfluentialwork in video browsingresearch A lot of effortsis madein the



literatureto obtainkey framesasdifferentaspossible.For example,in [1] afterafew
comple stagef processingthelaststepis to apply animagesimilarity measureo
eliminatesimilarkey frames.In ourapproachanimagedistancehatyieldsanoptimal
color compositionmatchingof imagesis elegantly integratedin the filter process.
Thereforewe obtainkey framesasdifferentaspossiblefor every abstractiorievel.
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