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Abstract

Thispaperdescribesanoriginal approachfor motion
interpretationwith a view to content-basedvideoindex-
ing. Weexploit a statisticalanalysisof thetemporal dis-
tributionof appropriatelocal motion-basedmeasuresto
performa global motioncharacterization.We consider
motion featuresextractedfrom temporal cooccurrence
matrices,and relatedto propertiesof homogeneity, ac-
celeration or complexity. Resultson variousreal video
sequencesare reportedandprovidea first validationof
theapproach.

1. Introduction

Multimedia databasesare of growing importance
in various application fields, such as television
archives(movies, documentaries,news, . . . ), multime-
dia publishing,roadtraffic surveillance,medicalimag-
ing, remote sensing and meteorology (satellite im-
ages),. . .Then,efficient useof thesedatabasesrequires
to identify pertinentinformationrelatedto their content
to satisfya givenqueryor to accessparticularpiecesof
information.Thereis obviouslya realneedof indexing
andretrieving multimediadocumentsby theircontentin
an automaticway (at leastpartly). Several pioneering
systemsalreadyexist for still images,[1, 5], anda large
researcheffort is currentlyundertakento handleimage
andvideodatabases,[1, 7, 9, 13, 16]. Nevertheless,due
to the complexity of imageinterpretationanddynamic
sceneanalysis,severalimportantissuesremaintobefur-
therinvestigated.

As far as video sequencesare concerned,content-
basedvideo indexing, browsing, editing, or retrieval,
have motivatedspecificinvestigationsfocusingfirst on
thestructurationof thevideoin elementaryshots,[1, 3,
7, 16], andconcentratingmorerecentlyon imagemo-
saicing[10], on imagelayering [2], on object motion

characterizationin caseof astaticcamera[4], or onseg-
mentationand tracking of moving elements[6]. Mo-
tion segmentationmethodsusuallyrely on 2D paramet-
ric motion models,and aim at localizing the different
typesof motionspresentin a scene.However, they turn
out to beunadaptedto certainclassesof sequences,par-
ticularly in the caseof unstructuredmotionsof rivers,
flames,foliagesin thewind, or crowds,. . . , (seeFig.1).
Besides,it seemspertinentto provide a direct global
characterizationwithout any prior motionsegmentation
or without any completemotion estimationin termsof
parametricmodelsor opticalflow fields.Theseremarks
emphasizetheneedfor thedesignof new low-level ap-
proachesin order to supplya direct global motion de-
scription,[11, 14, 15].

Wefollow thispointof view andweproposeanorig-
inal methodfor video indexing with respectto motion
content. It useslocal non-parametricmotion-related
information,andextracts,from temporalcooccurrence
statistics,globalmotionfeaturesrelativeto motioncom-
plexity, coherenceor acceleration.In Section2, weout-
line theanalogybetweenourapproachandtextureanal-
ysis. Section3 describesthelocal motion-relatedinfor-
mationused.In Section4, we introducetemporalcooc-
currencematricesandthe extractedglobal motion fea-
tures.Section5 containsresultsobtainedonvariousreal
videosequencesandconcludingremarks.

2. Problem statement

Our approachconsistsin analyzing,within eachshot
previouslyextractedfrom theprocessedvideosequence,
the whole spatio-temporalmotion distribution, as spa-
tial grey level distribution in texture analysis. In par-
ticular, we aim at adaptingin thatcontext cooccurrence
measurementswhich supply a texture characterization
in termsof homogeneity, contrastor coarseness[8].

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 temporal textures: a) fo-
liageb) fire (bycourtesyof MIT).

Mapsof localmotion-relatedmeasuresalongtheim-
agesequence,requiredas input of cooccurrencemea-
surements,could be provided by denseoptical flow
fields. However, first, it is really time consuming,and
second,thequality of theestimateddisplacementfields
cannotbeensuredin thecaseof temporalcontentcorre-
spondingto suchcomplex dynamicscenes.Therefore,
we preferto considerlocal motion-relatedinformation,
easilycomputedfrom the spatio-temporalgradientsof
theintensity. Contraryto [11], wherethenormalveloc-
ity is considered,we make useof a morereliableinfor-
mationasexplainedin thenext section.

3. Local motion-related measures

By assumingintensity constancy along 2D motion
trajectories,theimagemotionconstraintrelatingthe2D

apparentmotion andthe spatio-temporalderivativesof
theintensityfunctioncanbeexpressedby :���������
	����������������������� (1)
where � is the2D motionvectorin the image, ������� the
intensityfunctionatpoint � , 	�������������! "� theintensity
spatialgradient,and � � ����� theintensitypartial temporal
derivative.Then,wecaninfer thenormalvelocity #"$ :#"$ ������� % � �& 	�������� & (2)

This quantity #"$ canin fact be null whatever the mo-
tion magnitude,if themotiondirectionis perpendicular
to the spatialintensitygradient. #"$ is alsovery sensi-
tive to noiseattachedto thecomputationof theintensity
derivatives. However, if thespatialintensitygradientis
sufficiently distributedin termsof directionin thevicin-
ity of point � , anappropriatelyweightedaverageof #"$
in agivenneighbourhoodformsamorerelevantmotion-
relatedquantity:

#('�)+* �����,�.- *0/"132�4�5 & 	����768� &�9 �;: # $ �768�<:=?>"@A�CB 9 � - *D/"1�2E4!5 & 	����768� & 9 � (3)

where F ����� is a GIHJG window centeredon � . B 9 is a
predeterminedconstant,relatedto thenoiselevel in uni-
formareas,whichpreventsfromdividingby zeroor by a

verylow value.In [12], thismotion-relatedmeasure#('D)+*
hasbeensuccessfullyusedto processsequencescom-
pensatedby theestimateddominantmotionwith a view
to detectingmoving objectsin a scene,andconfidence
bounds,dependingon theintensitygradientdistribution
within F ����� , havebeenderivedto assessits reliability.

Thus, # 'D)K* providesuswith a local motionmeasure,
easily computedand reliably exploitable. The loss of
theinformationrelative to motiondirectionis not a real
shortcoming,sincewe areinterestedin interpretingthe
generaltype of dynamicsituationsobserved in a given
videoshot.

4. Extraction of global motion features

4.1. Quantifying the motion quantities

The computationof cooccurrencematricesrequires
a quantizationof the continuousvariables #('D)+* . The
simplestway would consistin applyinga linear quan-
tization within the interval L MONQPR4S#('�)+* ������T�U�VXW 4 #('D)+* �����+Y ,
which would keepthe whole structureof the distribu-
tion.

a)

b) c)

Figure 2. Motion-related information for the
videoshotMerry-go-round: (a) first image of the
sequence, (b)-(c) mapsof motionquantities # '�)+*
with a linear quantization(b) and with the intro-
ductionof a-priori bounds(c)

Nevertheless,in practice,it turnsout to beirrelevant
dueto thespreadingout of motionquantities,asshown
in Figure 2. The sequenceMerry-go-round is a static
camerashotwith, in the foreground,a merry-go-round
which undergoesa rotation, and, in the background,
walkingpersonsanda busjust leaving thesquare.

Therefore,we introduceboundswhich definean in-
terval wheremeasuresareregardedaspertinent.Since
themotionquantitiesarepositive,0 is takenasthelower
bound. Moreover, in motion estimation,it is gener-
ally consideredthat a single resolutionanalysisis un-



able to correctlyestimatedisplacementsof large mag-
nitude. It appearsrelevant to introducea limit beyond
which measuresareno moreregardedasusable.In the
experiments,practice,samplingwithin L �X�[Z(Y on \<] levels
provesaccurate,asshown in Figure2.

4.2. Motion cooccurrences

Polanaand Nelsonhave combinedspatialcooccur-
rencedistributionwith normalflow fieldstoclassifypro-
cessedexamplesin puremotions(rotational,divergent)
or in temporaltextures(river, foliage), [11]. However,
temporalevolutioncannotbehandledin thatway, since
studiedinteractionsarepurelyspatial,andonly station-
ary motionscan be characterized.Moreover, consid-
ering spatialcooccurrencesis highly time-consuming,
sincematricesrelative to severalconfigurationsof spa-
tial interactionshave to becomputed.Thatis thereason
why wehavelookedfor transferringcooccurrenceto the
temporaldomain.

Thetemporalcooccurrencefor thepair of quantified
motionquantities�C^0�+_;� atthetemporaldistancè � is de-
finedasfollows:aSb0c �C^0�+_;���ed!f �Cgh�068�jiIk b c0lhm"n 6;�Cg"�,�o^0� m"n 6;�768���p_�q: k b c :
where

m"n 6 holdsfor the quantifiedversionof #('D)K* , andk b c � f �Cgh�06
� at thesamespatialpositionin the image
grid

l"rts ��gui image� s � and 6vi image� s % ` � �<q . These
temporalcooccurrencesare evaluatedover all the im-
agesof thegivenshotof thevideosequence(typically,
about20 imagesfor theexamplesreportedbelow).

4.3. Global motion features

From cooccurrencematrices,we can now extract
globalmotionfeaturessimilarasthosedefinedin [8] :wxxxxy xxxxz

Average: { � - 2}|�~ ��5 ^ a b c ��^D�+_t�
Variance: � 9 � - 2}|�~ ��5 ��^ % { � 9 a b c �C^0�+_;�
Dirac : � � { 9 l � 9
AngularSecondMoment: {���� � - 2}|�~ ��5 a�b0c �C^0�K_t� 9
Contrast: k m8��s � - 2}|�~ ��5 �C^ % _t� 9 aSb0c �C^0�+_;�
The averagefeatureindicatesthe importanceof the

observed motion, whereasthe varianceand the Dirac
featuresexpressthedegreeof spreadingout of themo-
tion distribution. The contrastfeatureis relatedto the
averageacceleration.The ASM featurequantifiesthe

temporalcoherence.It varieswithin � �2}�j� � 5C� � \�� ; it is

equalto 1, if motionis closeto uniformity in spaceand
time. On the contrary, if the motion coherencefalls, it
tendsto �2}�j� � 5 � .This setof global motion featuresis computedover
all theimagegrid. Thiscouldalsobeachievedeitheron

predefinedblocksor onextractedregionsresultingfrom
a spatialsegmentation.This ensuresfeasiblecoopera-
tionswith othermethodsfor videocontentanalysis.

a) b)

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

5. Results and concluding remarks

This approachhas been validatedby experiments
with several kinds of real video sequences.We report
hereresultsobtainedon four videosequencesrepresen-
tativeof differentclassesof dynamicsituations.Thefirst
sequence,calledFire (Fig.1), is temporaltexture with
a poorly structuredmotion in spaceandtime. Thesec-
ondprocessedexampleis thesequenceMerry-go-round,
shown in Figure 2, which involvesquite an important
motion activity. In the third sequenceMobi (Fig. 3a),
severalrigid motionsarecombined; alongwith thecam-
erapanning,the train andthecalendarundergoa trans-
lationrespectively from right to left, andtowardsthetop
of thescene,whereastheball rolls towardstheleft. The
fourth sequenceis a staticshotof the ConcordePlace
in Paris(Fig. 3b),with a weakmotionactivity resulting
from thepresenceof carsaroundtheObelisk.
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Figure 4. Global motionfeatures : from left to
right andfromtop to bottom, { , � 9 , � , ASM,and
Cont,computedwith ` ��� \ , for four sequences,
Fire, Merry-go-round,Mobi and Concorde (from
left to right within each sub-figure).

The resultsreportedin Figure4 show that the com-
putedmotionfeaturescandiscriminatebetweenthedif-
ferentmotionconfigurationsandquantifytheirdegreeof
homogeneity, spatialand temporaluniformity, as well



a) b)�"� � ��� � ���A� ���!�Q�
1 1.22 1.07 1.4 0.14 1.4
4 1.22 1.05 1.4 0.12 1.6
8 1.22 1.07 1.4 0.12 1.7

Figure 5. Influenceof the temporal distanceon
theglobal motionfeatures. (a) Oneimage of the
shotzoom, (b) Table of valuescomputedfor the
shotzoom

ascomplexity. The characterizationof secondarymo-
tions in presenceof cameramotion seemsalso possi-
ble. In the caseof sequenceMobi, the camerais pan-
ning the scene.Nevertheless,our global motion char-
acterizationmethodaccessesdirectly to the contentof
the filmed scene. Moreover, other experimentsprove
that this analysisis quite independentof subsampling
in spaceor time.

Resultsgivenin Figure5 correspondsto anotherex-
ampleinvolving a camerazoomingon a curtain. They
show that the four featuresrelative to coherenceand
homogeneity, i.e., average,variance,Dirac, and ASM
features,arealmostindependentof the chosentempo-
ral distancè � . Consequently, we can computethese
four motion featuresfor only onecooccurrenceparam-
etervalue,which greatlysavescalculationtime. Con-
cerningthecontrastfeature,its evolutionwith respectto` � yields a characterizationof the motion acceleration.
Indeed,in thevideoshotzoom, theaccelerationis posi-
tiveandthecontrastfeatureincreaseswith ` � .

We have describedin this paperan original andef-
ficient method of global motion characterizationfor
content-basedvideo indexing. It relies on a second-
orderstatisticalanalysisof temporaldistributionsof rel-
evant, local, andquantifiedmotion-relatedinformation.
It exploits global motion featuresextractedfrom tem-
poral cooccurrencematrices. This approachallows us
to dealwith variouskindsof motionconfigurations,and
to describepropertiesof the imagedynamiccontentas
complexity, uniformity and homogeneity. It doesnot
requireparametricmotion modelsnor the computation
of opticalflow fields. Obtainedresultson a reasonable
rangeof real scenesdemonstratethat 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 databases,and to designa
completeclassificationscheme.Moreover, we hopeto

benefitfrom theflexibility of ourmethodby introducing
a multi-scaleapproachin orderto refinetheanalysisof
themotionstructure.
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