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Abstract - A video sequenceis 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 neednot satisfy the triangle inequality. By simplifying the polyline, we
obtain a small setof the most relevant key frames that is representativeof the wholevideo
sequence.The degreeof the simplification is either determined automatically or selected
by theuser. Usingour technique,a viewercanbrowsea videoat 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 web.

MOTIVATION

This paperdescribesanapproachto automaticallyrankvideoframesby their rel-
evancethatdependson thecontext, i.e.,agivenframecanbeof high relevancein one
context but of low relevancein theother, sincewe would like therankof theframes
to reflecttheir relevanceto thecontentof thevideoclip.

For a videosequence,“predictability” is an importantconcept.If framesarepre-
dictable,they arenot as importantasthe onesthat areunpredictable.We canrank
theseframeslower, sincetheviewer couldinfer themfrom context. Framesof a new
shotcannotgenerallybe predictedfrom a previous shot,so they are important. On
the otherhand,cameratranslationsandpansthatdo not revealnew objectsproduce
framesthatarepredictable.

A goodcandidateto determinethepredictabilityis a distancemeasureof images.
If images� and ����� in a video sequencehave low similarity value, i.e., arevery
similar, thentheimage����� is predictablewith respectto image� .

Whenappliedto theoriginal videosequence,any reasonableimagedistancemea-
surewill give low similarity value for all consecutive frameswith except of shot
changes.Sincethereis nearlynosignificantchangesbetweentwo consequentframes,
the variationsin their distancemeasurearemostly dueto noise. What is noisein a
video sequence?It is distinct from pixel noise. The imagestreamgeneratedby a
fixedcameralooking from a window at a crowd milling aroundin thestreetmaybe



consideredto have a stationarycomponentanda visualnoisecomponent,dueto the
changingcolorsof people’s clothes.Thepassingof a fire truck would bepartof the
signalover this fluctuatingbut monotonousbackground.Due to noise,no threshold
valuecanyield areasonablesetof key frameswhenappliedto thesimilarity valuesof
imageswith respectto their neighborimagesin anoriginal videosequence.

Therefore,we will useanimagedistancemeasureto recursively filter theoriginal
videosequenceby deletingthe mostpredictableimages,until a small setof images
(key frames)is left. As thepredictabilitymeasureof animage� in animagesequence
�	�
� � �
� �
�	� , wewill define����������������������� ��!#"$�&%('�) �*" �,+ �
% � �*"$� + �-%�./�0" �/+ �-%1) + where
� is an imagedistancemeasure.If framesof a video sequencearerepresentedin a
vectormetricspace,�*�����2�������������3�4��!#"��&%5'76 meansthatframe � lies on line segment
� � . The higher is the valueof �*���8�2�������������3�4��!#"��
% , the further away is � form line
segment� � .

In this paper, we first mapeachimageof a video sequenceto a point in a semi-
metricspace,andconsequently, thevideosequenceis mappedto a polygonaltrajec-
tory in the semi-metricspace.Eachimageis assigneda compactrepresentationof
its color content,i.e., eachimageis representedasa combinationof few mostdomi-
nantcolorsthat canbe viewedasa roughsegmentationof the image. This compact
representationis usedto computethesemi-metricdistancebetweenimages.

As aresultof thefirst mappingwewould like thetrajectoryto havehighcurvature
for unpredictablescenesandnearlylinearparts(dueto noise)for predictablescenes.
Sincewe expectthevideosignalto benoisy in theabove sense,we needthesecond
filteringsteptoenhancethelinearpartsaswell asthepartswith asignificantcurvature.
Thesecondfiltering stepallows a hierarchicaloutputsothat theusercanspecifythe
level of detail(ascale)at whichhewantsto view theframeswith noteworthyevents.

MAPPING AN IMA GE STREAM TO A TRAJECTORY

In this section,we describethe compactrepresentationof color contentthat is
assignedto eachimagein avideosequence.Thenweshow how to computeadistance
betweentwo imagesgiventheir compactcolor representation.

The first stepof color distancecomputationis to obtain compact,perceptually
relevant representationof the color contentof an image. It hasbeenshown that in
the early perceptionstagehumanvisual systemperformsidentificationof dominant
colorsby eliminatingfine detailsandaveragingcolorswithin small areas[8]. Con-
sequently, on theglobal level, humansperceive imagesonly asa combinationof few
mostprominentcolors,eventhoughthecolorhistogramof theobservedimagemight
be very “busy”. Basedon thesefindings,we performextractionof perceivedcolors
throughthe following steps.First a color imageis transformedfrom theRGB space
into theperceptuallymoreuniformLabcolorspace[10]. Thesetof all possiblecolors
is thenreducedto a subsetdefinedby a compactcolor codebook.Finally a statistical
methodis appliedto identify colorsof specklenoiseandremapthemto thesurround-
ing dominantcolor (see[5] for details).

Oncetheperceptuallydominantcolorsareextracted,werepresentacolor compo-



nentof animageasa pair �-�59:"$;<9 +:= 9$% , where ;<9 is theindex to a color in a particular
color codebookand = 9 is theareapercentageoccupiedby thatcolor. A color compo-
nent �-�59 is consideredto bedominantif = 9 exceedsa threshold(typically >-.@?BA ).
Hence,thecolor compositionof animageis representedby thesetof dominantcolor
components(DCC) foundin theimage.Basedon humanperception,two imagesare
consideredsimilar in termsof color compositionif the perceived colors in the two
imagesaresimilar, andsimilar colorsalsooccupy similar areapercentage[8]. We
developeda metric calledOptimal Color CompositionDistance(OCCD) to capture
bothcriteria[5]. To computeOCCDthesetof colorcomponentsof eachimageis first
quantizedinto a setof � (typically >C6,.ED�6 ) color units,eachwith thesameareaper-
centage� , where�GF �IH � 6�6 . We call thissetthequantizedcolorcomponent(QCC)
set.Supposewehavetwo images� and � , with QCCsetsJ��LKM)�N,OK + NQPK +R�
�	� NQSKLT and
J��LUV) N/OU + N-PU +R�
�	� N-SUWT . Let ;*"4N-XY % , ZM' � or � , [\' � �	� � , denotethecolor index of
unit N-XY , and J�]@K#U^)R_`K#Ubac�5KEde�5U T bethesetof one-to-onemappingfunctions
from set �LK to set �5U . Eachmappingfunctiondefinesa mappingdistancebetween
thetwo sets: ]gfh"$�5K + �5Ui%j'lk S9
m O

n "�;0" N 9K % + ;0"3_`K#UV" N 9K %:%o% , where
n "3� + p % is the

distancebetweencolor � andcolor p in agivencolorcodebook.Ourgoalis to find the
optimalmappingfunctionthatminimizestheoverallmappingdistance.Thedistance
�0" �/q �&% betweenthe images � and � is then definedto be this minimal mapping
distance.

This optimizationproblemcanbe recastasthe problemof minimum costgraph
matching,for which thereexist well-known solutionswith rs" �ut % complexity [4].
Notethathere � is thenumberof quantizedcolor components,which roughlycorre-
spondsto the maximumnumberof dominantcolorsa humanbeingcandistinguish
within one image.It is completelyindependentof andusuallymuchsmallerthanthe
colorcodebooksize.

TRAJECTORY FILTERING BY POLYGON SIMPLIFICA TION

Our first operationdescribedin the last sectionmapsa video sequenceto a tra-
jectory that is a polyline. Sincethepolyline may benoisy, in the sensethat it is not
linearbut only nearlylinear for thevideostreamsegmentswherenothingof interest
happens,i.e.,thesegmentsarepredictable,andthepartsof highcurvaturearedifficult
to detectlocally, it is necessaryto applythesecondoperation,which we describethe
secondoperation.Thegoal is to simplify thepolyline sothatits sectionsbecomelin-
earwhenthecorrespondingvideostreamsegmentsarepredictable.We achieve this
by iteratedremoval of the verticesthat representthe mostpredictablevideo frames.
In thegeometriclanguagefor thepolylinetrajectory, theseverticesarethemostlinear
ones.Consequently, theremainingverticesof thesimplifiedpolyline areframesthat
aremorenon-predictablethanthedeletedones.

Our approachto simplificationof video polylinesis basedon a novel processof
discretecurveevolutionpresentedin [6] andappliedin thecontext of shapesimilarity
of planarobjectsin [7]. However, herewe will usea different relevancemeasure
of vertices.Fig. 1 illustratesthe curve simplificationproducedby the discretecurve



evolution for a planarfigure. Notice that the mostrelevantverticesof the curve and
thegeneralshapeof thepicturearepreservedevenasmostof theverticeshave been
removed.

Figure1: A few stagesof our discretecurveevolution.

Let = bea polyline (thatdoesnot needto besimple).We will denotethevertices
of = by v,�8�������<��wc" = % . A discrete curve evolution producesa sequenceof polylines
= ' =Qx2+1�	�
�	+:=-y suchthat ) v,�8�����4�1��wc" =-y %R)Bz^? , where ) � ) is thecardinalityfunction.
Eachvertex { in = 9 (exceptthefirst andthelast)is assigneda relevancemeasurethat
dependson { andits two neighborvertices| +:} in = 9 :

~ "3{ +:= 9 %j' ~ "3| + { +o} %j'�) �*"�| + {B% � �0"3{ +o} %j.��0"3| +o} %R) (1)

where � is the semi-distancedefinedin the last section,i.e., it satisfiespositivity:
�0"3Z + Z0%i'76 and �0"3Z + !�%���6 if Z is distinctfrom ! , andsymmetry�*"�Z + !�%i'7�*"�! + Z0% ,
but not the triangle inequality, i.e., there can exist some � ’s such that �0"3Z + !�%��
�0"3Z + �B% � �0"�� + !�% �

Theprocessof discrete curve evolution is very simple:

� At every evolution step �W'�6 +1�	�
�	+ _�. � , a polygon = 9
� O is obtainedafter the
verticeswhoserelevancemeasureis minimalhavebeendeletedfrom = 9 .

Observe that relevancemeasure
~ "3{ +:= 9 % is not a local propertywith respectto

thepolygon = ' =Qx , althoughits computationis local in = 9 for everyvertex { . This
implies that the relevanceof a given video frame { is context dependent,wherethe
context is givenby theadaptiveneighborhoodof { , sincetheneighborhoodof { in = 9
canbedifferentthanits neighborhoodin = . Observealsothatour relevancemeasure
implies that the lengthchangebetween= 9 and = 9	� O is minimal if = 9	� O is obtained
from = 9 by deletinga singlevertex.

EXPERIMENT AL RESULTS

We performeda largenumberof experimentalresultsto verify theproposedtech-
niqueusingmany differentkindsof videoclips,e.g.,commercials,reportsfrom vari-
oussportevents,andsimplesyntheticvideos.Dueto the limited space,we illustrate
our resultson a singlevideo clip which hasa high probability of beingseenby the
most readers,sinceknowing the contentof the clip is helpful for evaluationof our
method.



We presentillustrationsof the proposedtechniquefor an 80 secondMPEG clip
from a videonamed“Mr. Bean’s Christmas”.Theclip contains2379frames.Fig. 2
shows the obtainedstoryboardcomposedof the 10 mostrelevant key framescorre-
spondingto theverticesof thesimplifiedpolyline. In ouropinionthissummaryis very
representative for this videoclip andcontainsall relevant frames.Theseareprelim-
inary resultswhile we areconsideringcomparative benchmarksagainstground-truth
providedby subjectsviewing the clips andselectingsmall percentagesof framesas
mostdescriptiveof thestories.

Figure2: Storyboardwith 10mostrelevantframesin Mr. Bean’svideo(2379frames).

DISCUSSIONAND CONCLUSIONS

In this work, we have proposedandimplementeda systemfor automaticallypro-
viding shortsummariesof videoswith aframecountthatcanbecontrolledby theuser
or determinedautomatically. Themethodis basedon a novel fine-to-coarsepolyline
simplificationtechnique.

Aside from its simplicity the processof the discretecurve evolution differs from
thestandardmethodsof polygonalapproximation,like leastsquarefitting, by thefact
thatit canbeusedin semi-metric,non-linearspaces.Theonly requirementfor discrete
curveevolution is thatevery pair of pointsis assigneda real-valueddistancemeasure
thatdoesnot evenneedto satisfythetriangleinequality.

Observe that even if the polyline representinga video trajectoryis containedin
Euclideanspace,it is notpossibleto usestandardapproximationtechniqueslikeleast-
squarefitting for its simplification,sincetheapproximatingpolylinemaycontainver-
tices that do not belongto the input polyline. For suchvertices,theredo not exist
any correspondingvideoframes.Thus,anecessaryconditionfor a simplificationof a
videopolyline is thata sequenceof verticesof a simplifiedpolyline is a subsequence
of theoriginalone.

In relatedsummarizationresearch,Footeet al. [3] developedbrowsing tools to
help employeesaccesscollectionsof videotapedmeetings.Also refer to [9, 11, 12]
for otherinfluentialwork in videobrowsingresearch.A lot of efforts is madein the



literatureto obtainkey framesasdifferentaspossible.For example,in [1] aftera few
complex stagesof processing,thelaststepis to applyanimagesimilarity measureto
eliminatesimilarkey frames.In ourapproach,animagedistancethatyieldsanoptimal
color compositionmatchingof imagesis elegantly integratedin the filter process.
Therefore,we obtainkey framesasdifferentaspossiblefor everyabstractionlevel.
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