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ABSTRACT

This paperproposesa low-complexity techniqueto structurevideo
sequencesandgeneratecorrespondingmetadatasupportingadap-
tivepresentationsfor arbitrarycommunicationterminals.Thealgo-
rithm structuresa video sequenceinto segmentsof coherentcam-
era motion. The structuredvideo is presentedby representative
key-frames,which arecharacterizedby backgroundandmoving or
stationaryobjects.The realizedprototypeincorporatesalgorithms
for cameramotion estimation,spatial-temporalsegmentation,ob-
ject tracking,key-frameselection,andmetadata(MPEG-7)gener-
ation.

1 INTRODUCTION

Sincethemultimediapresentationbecomesprevalentonmostcom-
municationterminals,techniquesenablingthemto accessrich mul-
timediacontentarethereforeof increasingsigni�cance,e.g.,asdis-
cussedundertheconceptof UniversalMultimediaAccess[11, 2].
Fromthismotivation,theMultimediaMessageBoxor ��� -Boxsce-
nario [5] is formulatedandbeingdeveloped.As depictedin �gure
1, multimediamessagesarerecordedat an input interfacesimula-
tor, wherethestructuralinformationor metadatais generated.The
messagesandcorrespondingmetadataaretransmittedto themes-
sagecenter, at which the messagescan be adaptedor transcoded
accordingto the output's context description. The MPEG-7stan-
dard [7, 8] plays an importantrole in the scenariobecauseit al-
lows to describemultimediacontentat different abstractionlev-
els. MPEG-7de�nes contentdescriptionswith respectto audiovi-
sualcharacteristicsandspeci�esanexchangeformatfor describing,
modelling,andindexing multimediadata.

Thepaperproposesto createthe structuredcontentof arbitrary
videosequencesbecausethis is a prerequisitefor the mediaadap-
tation.Thetargetedprototypeautomaticallyproposesameaningful
videostructurerepresentedby key-frames.As the tool runson the
userterminal,thecomputationalcomplexity shouldbeassmallas
possibleto allow fastresponsitivity to theuser. Nonetheless,most
existing techniqueslocatingor generatingkey-framesrequirehigh
computationaleffortsor aredomain-speci�c—unableto applyto ar-
bitraryvideosequencesassolicited.For instance,Tanakaet al [12]
proposedanautomaticindexing schemefor television news video,
the classi�cation processwas basedon the semanticattributesof

captions.TeodosioandBender[13] proposeda techniqueto pro-
ducesalientvideo stills, re�ecting the aggregateof the temporal
changeswith the salientfeaturespreserved. Tonomuraet al [14]
proposedpanoramicicons to representthe entirevisible contents
of a scene. Moreover, much work on video temporalsegmenta-
tion focuseson how to detectcuts[10] anddissolvesor fades[6],
while thereisstill notmuchworkaimingto structurevideorecorded
by amateurusers,e.g.,from a hand-heldcameraor portablevideo-
phone,whereno sophisticatedtechniquesto merge messagesare
availableandvideocutsareobtaineddirectly from thedevice inter-
face.Therefore,this paperproposesa techniqueto generate:

� meaningfulvideomessagestructuresor a groupof segments,
eachof which containsinterrelatingcharacteristici.e. coher-
entcameramotions,and

� representative key-frameindices,wherea groupof thembest
representskey informationpreservedtherein.

2 OVERVIEW OF THE SYSTEM

Thefundamentalcriteriaof theproposalwasgroundedby identify-
ing which constituentsof video contentare integral to humanun-
derstandings.Intuitively one video's main featurewell observed
by humansis motion, which is applicableto characterizeboth im-
agedsceneryat the backgroundandmoving or stationaryobjects
recordedin sequencewithin theframeof theoperatingcamera.The
techniquewascorrespondinglyconstructedbasedon the two men-
tionedcriteria.

Thevideostructuringor temporalsegmentationprocessconsid-
ersbackground,which canimplicitly bedescribedby thenotionof
estimatedcameramotion. Theproposedalgorithmsplits thevideo
messagetemporallyinto a groupof video intervals,eachof which
containscoherentcameramotion. Key-framesareselectedto pre-
serve the main informationboth of the backgroundandcharacter-
izedby observableobjects,e.g.,sizeandlocation.Becausethetool
aimsat the low-complexity technique,it thusexploits the readily-
encodedmotioninformationin thecompresseddomain(MPEG-1).
Theinput setconsistsof macroblock-basedmotionvectors.To fur-
therreducealgorithmcomplexity, it considersonly motionvectors
encodedin P-typepictures.Theoverall systemprocess(see�gure
2) is summarizedasfollows:

For eachpicture in a video sequence,the spatialsegmentation
processis �rst carriedout to classifyspatialelements(in a unit of
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Figure1: M � -Box scenario

macroblock)to backgroundor foreground.For thebackgroundset,
the cameramotion is estimatedbasedon a four-parameteraf�ne
model,while the objectsarede�ned andtracked accordingto the
foregroundset.Thestructuringandkey-frameselectionalgorithms
arethenprocessed.Themajorcomponentsaredescribedin thenext
section.

3 MAJOR COMPONENTS

Themaincomponentsof theproposalarespatialsegmentation,ob-
ject tracking, cameramotion estimation,temporalsegmentation,
andkey-frameselection.

3.1 Spatial Segmentation

The spatial segmentationalgorithm functionsas a preprocessing
unit to determinewhichspatialunit in eachpicturebelongsto fore-
groundor background.It groupsinter-picturemotion vectorsinto
spatialregionsin sucha way thateachregion hascoherentcharac-
teristic.As proposedby HeuerandKaup[4], theJacobimatrix can
beappliedto describethespatialrelationshipof eachmotionvector
with respectto thoseof theneighboringmacroblocks.

3.1.1 JacobiMatrix

TheJacobimatrix describesthespatialrelationshipof motionvec-
torsin termsof thechangingrateof bothmotionvector'shorizontal
andverticalcomponentswith respectto horizontalandverticaldi-
rections.TheJacobimatrixcanbeexpressedin thefollowingmatrix
of four spatialderivatives,where
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3.1.2 LabellingRules

Thelabellingalgorithmclassi�esmotionvectorsbasedon theesti-
matedJacobimatriceswith thefollowing rules:

� of any two adjacentmotion vectors,if four elementsin both
Jacobimatricesaresuf�ciently similar, they arelabelledto the
sameregion;

� otherwise,they arelabelledto differentregions.

Figure 2: overall systemprocessin segmentingvideo and
proposingkey-frames

TheEuclideanmetric, '	� J (�� J )�� , is usedasameasuredetermining
the degreeof differenceof any two Jacobimatrices.The measure
canbeexpressedasfollows,whereJ ( andJ ) aretheJacobimatrices
of thecomparingmotionvectors,and
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3.1.3 BackgroundandForegroundFindings

Eachmotionvectoris classi�edasbackgroundor foreground.The
processtreatseachregion (asde�ned in section3.1.2)accordingto
thefollowing rules:

� Thelargestregion is de�ned asbackgroundif it is suf�ciently
large; by experiment, the minimal size is con�gurable be-
tween20%and30%of thepicturearea.

� Otherregionsarede�ned asforeground(or intra-pictureob-
ject) if their sizesarebetweentwo thresholds;the upperone
is setat 55%,while the lower oneis setat 5% of thepicture
area.

3.1.4 Intra-pictureObjectDe�nition Improvement

Becausethe de�ned regionsaresensitive to the chosenEuclidean
metricthresholdandthis situationparticularlyleadsto imprecision
of the objectshape,a Closingalgorithmis appliedto improve the
object outline. If the motion vector is suf�ciently similar to the
averagemotion vectorsat all adjacentlocations,its label will be
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replacedwith the label of the neighbors'majority. Moreover, be-
causeeachde�ned objectregion is frequentlycomposedof multi-
pleheterogeneous-motionregions,theobjectde�nition canthenbe
improvedby anadaptedSeedFill algorithm. It groupsall adjacent
non-backgroundmacroblocksinto asingleregion.

3.2 CameraMotion Estimation
The processis basedon a four-parameteraf�ne model. Sucha
model is suitablebecausefor mostconsideredvideo sequencesit
is assumedthatthecamerarotationanglesaresmallandtheimaged
screenis �at. Thereferenceequationis expressedasfollows:
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wherethefour parametersof theestimatedcameramotionarehori-
zontaltranslation




�
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function(MSE)areequalto zero(consideringonly themotionvec-
tor set

�

6

of thebackground,and �

(

�

���

;

# and �

)

�

�����

� ):

34

�

���

���

� �

�

4

;

�

(

�

4

�

�

)




4

;




���

)

�

�

���

�

4

;

�

)

�

4

;

�

(




4

;




���

)��

3.3 Object Tracking
Thisprocessrequiresa priori knowledgeof theintra-pictureobject
regions(derivedfrom thespatialsegmentationprocess,seesection
3.1) in orderto track eachparticularobjectamongsuccessive pic-
tures.For eachobject,thecentroidis calculated,andthenmatched
with the nearestone(via a Euclideanmetric) of the previous pic-
ture.Themaincharacteristicsof particularobjectsimagedin differ-
entpicturesarecapturedfor thekey-frameselectionpurpose.The
picturescontainingthelargestor midmostobjectareamongthekey-
framecandidates.

3.4 Temporal Segmentation
The algorithmcombinesboth translationalmotion componentsof
every two adjacentpicturesinto a single measure—translational
angle—asde�ned:�
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where * is a time variablerepresentingthepicturenumber. A seg-
mentboundary—temporalboundaryindicatingthechangeof cam-
eramotions—islocatedat the picturewhosechangingrateof the
translationalangle is considerablyhigh. In practicea seriesof
the absolutevaluesof the derivatives of the translationalangles,
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� is �rst estimated.A segmentboundaryis thenlocated
at thepicturewhosederivative valuehasa localmaximumwhich is
largerthanthecon�gurablethreshold(setat 1)2 /picture).

3.5 Key-frameSelection
The content of the video sequencecan be representedby key-
frames,which areselectedbasedon therulesaccordingto the fol-
lowing criteria:

1. objectcharacteristic:

(a) thepicturescontainingthelargestobject,which hasthe
longest lifespan (calculatedfrom temporaldifference
betweenthe�rst andthelastpicturecontainingthatpar-
ticularobject),

(b) the picturescontainingthe midmostobject,which has
thelongestlifespan,

(c) thepicturescontainingthe left- andrightmostobjectif
it moveshorizontally, and

(d) thepicturescontainingtheupper- andlowermostobject
if it movesvertically.

2. estimatedcameramotion:

(a) the�rst andlastpictureof asegment,and

(b) every picturewheretheaccumulatedhorizontalor ver-
tical translationalmotionexceedsthreshold,con�gured
at 40%-60%of thehorizontalor vertical cameraframe
size.

4 EXPERIMENT AL RESULTS

Thechosenexampleintroducesa typical videomessagein thesce-
nario. The video contentcanbe explainedby the cameramotion
andthe objectappearance.The prototypecorrespondinglygener-
atesthe segmentsandthe key-framesasshown in �gure 3. There
aretwo segments,wherethesegmentboundaryis locatedatthemo-
ment the cameramotion changesfrom panning-rightto tilting-up
(seetheplot of camera-motiontrajectorypathin �gure 4). Thekey-
framesareselectedaccordingto thede�ned rules(seesection3.5);
the largestobject(frame64, rule 1(a)), themidmostobject(frame
55, rule 1(b)), largeaccumulative translationalmotion(frame112,
rule 2(b)),andnew backgroundinformation(frame1 and169,rule
2(a)).

Regarding the complexity issue, the prototypeholds the fol-
lowing computationaladvantages. Firstly, it saves the motion-
estimation computation thanks to the readily-encodedmotion-
vector set obtaineddirectly from the MPEG-1 message. Sec-
ondly, despitethe roughspatialunit (macroblock),thealgorithms,
i.e. spatialsegmentationandobject tracking,consumemuch less
computation—comparedto most proposalswhich are basedon
pixel-basedapproach—whilestill functionacceptably. Lastly, since
the appliedtemporalsegmentationis basedon a simple function
(seesection3.4),only a smallcomplexity is required.

5 SUMMARY AND OUTLOOK

This paperproposesa low-complexity techniqueto structurevideo
sequencesby splitting theminto meaningfulsegmentsandto pro-
ducekey-frameindicespointing to the picturescontainingimpor-
tant information. The video is structuredin sucha way that each
segmentcontainscoherentcameramotion. Eachvideo segment
is presentedby key-frames,whoseselectionprocessconsidersthe
changinginformationof thebackgroundandobservableobjects.

Regarding the problems of how to structure, annotate,and
presentvideocontent,theauthorsplanto furtherinvestigatewhich
featuresand, in particular, which featurecombinationscould lead
to afeasiblecriteriaservingourpurpose,e.g.,asdiscussedin [3, 9].
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Figure3: temporalsegmentationandkey-frameselectionre-
sultsfrom thelion example(adaptedfrom [1])
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