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Abstract

Thispaperdescribesn original approadc for motion
interpretationwith a view to content-basesideoindex-
ing. e exploit a statisticalanalysisof thetempoal dis-
tribution of appmopriatelocal motion-baseaneasuesto
performa global motioncharacterization.\We consider
motion featuies extracted from tempoal cooccurence
matrices,and relatedto propertiesof homaeneity ac-
celeiation or compleity. Resultson variousreal video
sequenceare reportedand provide a first validation of
theappmoacd.

1. Introduction

Multimedia databasesare of growing importance
in various application fields, such as television
archives(movies, documentariespens, ...), multime-
dia publishing,roadtraffic suneillance,medicalimag-
ing, remote sensing and meteorology (satellite im-
ages). .. Then,efficient useof thesedatabasesequires
to identify pertinentinformationrelatedto their content
to satisfya givenqueryor to accesgarticularpiecesof
information. Thereis obviously a realneedof indexing
andretrieving multimediadocumentsy their contentin
an automaticway (at leastpartly). Several pioneering
systemalreadyexist for still images[1, 5], andalarge
researcteffort is currentlyundertalento handleimage
andvideodatabasesgl, 7,9, 13, 16]. Neverthelessdue
to the compleity of imageinterpretationand dynamic
scenaanalysisseveralimportantissuegemainto befur-
therinvestigated.

As far as video sequencesre concernedcontent-
basedvideo indexing, browsing, editing, or retrieval,
have motivatedspecificinvestigationsocusingfirst on
the structuratiorof thevideoin elementarnshots,[1, 3,
7, 16], and concentratingnore recentlyon imagemo-
saicing[10], on imagelayering[2], on object motion

characterizatiom caseof astaticcamerd4], or onsey-

mentationand tracking of moving elementg6]. Mo-

tion sggmentatiormethodsusuallyrely on 2D paramet-
ric motion models,and aim at localizing the different
typesof motionspresenin a scene However, they turn

outto beunadaptedo certainclasse®f sequencegqar

ticularly in the caseof unstructurednotionsof rivers,
flames foliagesin thewind, or crowds,.. ., (seeFig.1).

Besides,it seemspertinentto provide a direct global

characterizatiomwithout ary prior motionseggmentation
or without ary completemotion estimationin termsof

parametrianodelsor opticalflow fields. Theseremarks
emphasizehe needfor the designof new low-level ap-
proachesn orderto supplya direct global motion de-
scription,[11, 14, 15].

We follow this point of view andwe proposeanorig-
inal methodfor video indexing with respecto motion
content. It useslocal non-parametrionotion-related
information, and extracts,from temporalcooccurrence
statisticsglobalmotionfeaturegelative to motioncom-
plexity, coherencer accelerationln Section2, we out-
line theanalogybetweerour approactandtextureanal-
ysis. Section3 describeghelocal motion-relatednfor-
mationused.In Section4, we introducetemporalcooc-
currencematricesandthe extractedglobal motion fea-
tures.Sectionb containsgresultsobtainedon variousreal
videosequenceandconcludingremarks.

2. Problem statement

Our approactronsistdn analyzing,within eachshot
previously extractedfrom theprocessegdideosequence,
the whole spatio-temporamotion distribution, as spa-
tial grey level distribution in texture analysis. In par
ticular, we aim at adaptingin thatcontect cooccurrence
measurementahich supply a texture characterization
in termsof homogeneitycontrasior coarsenesi8].

Preliminary work in that direction, developed by



Polanaand Nelson,[11, 14], introducesthe notion of
temporaltexture, relatedto fluid motions. Indeed,mo-
tions of rivers, foliages,flames,or crowds, ..., canbe
regardedastemporaltextures.

a) b)

Figure 1. Examplesof tempoal textures: a) fo-

liage b) fire (by courtesyof mIT).

Mapsof local motion-relatedneasurealongtheim-
age sequencerequiredas input of cooccurrencenea-
surements,could be provided by denseoptical flow
fields. However, first, it is really time consumingand
secondthe quality of the estimateddisplacementields
cannotbeensuredn the caseof temporalcontentcorre-
spondingto suchcomplex dynamicscenes.Therefore,
we preferto considerocal motion-relatednformation,
easily computedfrom the spatio-temporagradientsof
theintensity Contraryto [11], wherethe normalveloc-
ity is consideredye make useof a morereliableinfor-
mationasexplainedin the next section.

3. Local motion-related measures

By assumingintensity constang along 2D motion
trajectoriestheimagemotion constraintrelatingthe 2D
apparenimotion andthe spatio-temporatierivatives of
theintensityfunctioncanbe expressedy :

v(p) - VI(p) + Ii(p) = 0 €y
wherev is the 2D motionvectorin theimage,(p) the
intensityfunctionatpointp, VI = (I,,, I,)) theintensity
spatialgradient,and;(p) theintensitypartialtemporal

derivative. Then,we caninfer thenormalvelocity v,, :
_It
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This quantityv,, canin factbe null whaterer the mo-
tion magnitudejf the motiondirectionis perpendicular

to the spatialintensity gradient. v,, is alsovery sensi-
tive to noiseattachedo the computatiorof theintensity
derivatives. However, if the spatialintensitygradientis

sufficiently distributedin termsof directionin thevicin-

ity of point p, an appropriatelyweightedaverageof v,

in agivenneighbourhoodormsamorerelevantmotion-
relatedquantity:
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where F(p) is a3 x 3 window centerecon p. ? is a

predeterminedonstantrelatedto the noiselevelin uni-
form areaswhich preventsfrom dividing by zeroor by a

Vobs (p) =

verylow value.In [12], thismotion-relatedneasure,s
hasbeensuccessfullyusedto processsequencesom-
pensatedby the estimatedlominantmotionwith aview
to detectingmoving objectsin a sceneandconfidence
boundsdependingntheintensitygradientdistribution
within F(p), have beenderivedto asses#s reliability.

Thus,v,ps providesuswith alocal motionmeasure,
easily computedand reliably exploitable. The loss of
theinformationrelative to motiondirectionis notareal
shortcomingsincewe areinterestedn interpretingthe
generaltype of dynamicsituationsobsenedin a given
videoshot.

4. Extraction of global motion features
4.1. Quantifying the motion quantities

The computationof cooccurrencenatricesrequires
a quantizationof the continuousvariablesv,;s. The
simplestway would consistin applyinga linear quan-
tization within the interval [inf, vops (p); sup,, vobs (p)],
which would keepthe whole structureof the distribu-
tion.

b) )

Figure 2. Motion-related information for the
videoshotMerry-go-ound: (a) firstimage of the
sequence(b)-(c) mapsof motion quantitieswv,;,
with a linear quantization(b) and with the intro-
ductionof a-priori bounds(c)

Neverthelessin practice,it turnsoutto beirrelevant
dueto the spreadingout of motionquantitiesasshovn
in Figure2. The sequenceMerry-go-oundis a static
camerashotwith, in the foreground,a merry-go-round
which undegoesa rotation, and, in the background,
walking personsanda busjustleaving thesquare.

Therefore we introduceboundswhich defineanin-
tenal wheremeasuresreregardedas pertinent. Since
themotionquantitiesarepositive, 0 is takenasthelower
bound. Moreover, in motion estimation,it is gener
ally consideredhat a single resolutionanalysisis un-



ableto correctly estimatedisplacementsf large mag-
nitude. It appeargelevantto introducea limit beyond
which measuresareno moreregardedasusable.In the
experiments,practicsamplingwithin [0, 4] on 16 levels
provesaccurateasshowvn in Figure2.

4.2. Motion cooccur rences

Polanaand Nelsonhave combinedspatial cooccur
rencedistributionwith normalflow fieldsto classifypro-
cessedxamplesin puremotions(rotational,divergent)
or in temporaltextures(river, foliage), [11]. However,
temporalevolution cannotbehandledn thatway, since
studiedinteractionsare purely spatial,andonly station-
ary motions can be characterized. Moreover, consid-
ering spatial cooccurrencess highly time-consuming,
sincematricesrelative to several configurationsof spa-
tial interactionshave to be computed Thatis thereason
why we have lookedfor transferringcooccurrenceo the
temporaldomain.

Thetemporalcooccurrencéor the pair of quantified
motionquantities, j) atthetemporaldistanced; is de-
finedasfollows:

Py (i) = t{(r,s) € Cq, /ob|scgc7;)| =1i,0bs(s) = j}

whereobs holdsfor the quantifiedversionof v,;,, and
Caq, = {(r, s) atthe samespatialpositionin theimage
grid /3t,r € imagdt) ands € imagdt — d;) }. These
temporalcooccurrencegre evaluatedover all the im-

agesof the given shotof the video sequencétypically,

about20imagedfor theexamplesreportedbelow).

4.3. Global motion features

From cooccurrencematrices, we can now extract
globalmotionfeaturessimilar asthosedefinedin [8] :

Average A =3, »iPy,(i,])

Variance o = 3 ; - (i — A)*Py, (i, j)

Dirac: § = A?/o?

AngularSecondMoment: ASM =3, . Py, (i, j)*

Contrast Cont = 3, ;s (i — 5)*Pa, (i, )

The averagefeatureindicatesthe importanceof the
obsered motion, whereasthe varianceand the Dirac
featuresexpressthe degreeof spreadingout of the mo-
tion distribution. The contrastfeatureis relatedto the
averageacceleration. The ASM featurequantifiesthe

temporalcoherencelt varieswithin [ﬁ, 1] ;itis
equalto 1, if motionis closeto uniformity in spaceand
time. On the contrary if the motion coherencédalls, it
1
tendsf[o (GESIEE . _
This setof global motion featuress computedover
all theimagegrid. This couldalsobeachievedeitheron

predefinedlocksor onextractedregionsresultingfrom
a spatialseggmentation. This ensuregeasiblecoopera-
tionswith othermethoddor video contentanalysis.

Figure 3. Videoshots:a) Mobi, b) Concode.

5. Resultsand concluding remarks

This approachhas beenvalidated by experiments
with several kinds of real video sequencesWe report
hereresultsobtainedon four video sequencerepresen-
tative of differentclasse®f dynamicsituations.Thefirst
sequencegalled Fire (Fig.1), is temporaltexture with
a poorly structuredmotionin spaceandtime. The sec-
ondprocessedxampleis thesequenc&lerry-go-round
shavn in Figure 2, which involves quite an important
motion activity. In the third sequenceMobi (Fig. 3a),
severalrigid motionsarecombined alongwith thecam-
erapanning the train andthe calendaundego a trans-
lationrespectiely fromright to left, andtowardsthetop
of thescenewhereagheball rolls towardstheleft. The
fourth sequencaes a static shotof the ConcordePlace
in Paris (Fig. 3b), with aweakmotionactiity resulting
from the presenc®f carsaroundthe Obelisk.

verage rance “Dirac

ontas

Figure 4. Global motionfeatues: from left to
right andfromtop to bottom, 4, o2, §, ASM,and
Cont, computedwith d; = 1, for four sequences,
Fire, Merry-go-round, Mobi and Concode (from
left to right within eac sub-figue).

The resultsreportedin Figure4 showv thatthe com-
putedmotionfeaturescandiscriminatebetweerthe dif-
ferentmotionconfigurationandquantifytheir degreeof
homogeneity spatialand temporaluniformity, aswell
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Figure 5. Influenceof the tempoal distanceon
the global motionfeatures. (a) Oneimage of the
shotzoom (b) Table of valuescomputedor the
shotzoom
ascompl«ity. The characterizatiorof secondarymo-
tions in presenceof cameramotion seemsalso possi-
ble. In the caseof sequencéviobi, the camerais pan-
ning the scene. Neverthelesspur global motion char
acterizationmethodaccesseslirectly to the contentof
the filmed scene. Moreover, other experimentsprove
that this analysisis quite independenbf subsampling
in spaceor time.

Resultsgivenin Figure5 correspond$o anotherex-
ampleinvolving a camerazoomingon a curtain. They
shav that the four featuresrelative to coherenceand
homogeneityi.e., average,variance,Dirac, and ASM
features,are almostindependenbf the chosentempo-
ral distanced;. Consequentlywe can computethese
four motionfeaturesfor only one cooccurrencgaram-
etervalue, which greatly saves calculationtime. Con-
cerningthe contrastfeature jts evolution with respecto
d; yields a characterizatiomf the motion acceleration.
Indeed,in the videoshotzoom the accelerations posi-
tive andthe contrasfeatureincreasesvith d;.

We have describedn this paperan original and ef-
ficient method of global motion characterizatiorfor
content-basedideo indexing. It relies on a second-
orderstatisticalanalysisof temporaldistributionsof rel-
evant,local, andquantifiedmotion-relatednformation.
It exploits global motion featuresextractedfrom tem-
poral cooccurrencematrices. This approachallows us
to dealwith variouskindsof motionconfigurationsand
to describepropertiesof the imagedynamiccontentas
compleity, uniformity and homogeneity It doesnot
requireparametricnotion modelsnor the computation
of opticalflow fields. Obtainedresultson a reasonable
rangeof real sceneslemonstratehat theseglobal mo-
tion featurescanprovide us with a setof pertinentand
discriminatingindexeswith aview to videoindexing by
the dynamiccontent. In future work, a first stepwill
be to determineoptimal setsof global featurescorre-
spondingto specificvideo databasesand to designa
completeclassificationscheme.Moreover, we hopeto

benefitfrom theflexibility of ourmethodby introducing
amulti-scaleapproacthin orderto refinethe analysisof
themotionstructure.
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