In Proc. EUSIPCO-2002XI EuropearSignalProcessingonferencelol. Ill, pp.467-470SeptembeB-6,2002Toulouse France. 1

AUTOMATIC VIDEO STRUCTURING FOR MULTIMEDIA
MESSAGING

SiripongTreetasanatavorn Uwe Raustienbad , Jorg Heuer , and André Kaup

SiemensCorporateTechnology
InformationandCommunication€T IC 2
Otto-Hahn-Ring5, D-81730Munich, Germary
siripong.treetasanatavorn,joer g.heue r,
uwe.rauschenbach @mchp.siemens.de

ABSTRACT

This paperproposes low-compleity techniqueto structurevideo
sequenceandgeneratecorrespondingnetadatasupportingadap-
tive presentationfor arbitrarycommunicatiorterminals.Thealgo-
rithm structuresa video sequenceénto sggmentsof coherentcam-
eramotion. The structuredvideo is presentedby representatie
key-frameswhich arecharacterizedy backgrouncandmoving or
stationaryobjects. Therealizedprototypeincorporateslgorithms
for cameramotion estimation,spatial-temporasggmentation,ob-
jecttracking,key-frameselectionandmetadata(MPEG-7)gener
ation.

1 INTRODUCTION

Sincethemultimediapresentatiofbecomegprevalenton mostcom-
municationterminals techniquegnablingthemto accessich mul-
timediacontentarethereforeof increasingsigni cance,e.g.,asdis-
cussedunderthe conceptof UniversalMultimedia Access[11, 2].
Fromthis motivation,the MultimediaMessae Boxor -Boxsce-
nario [5] is formulatedandbeingdeveloped.As depictedn gure
1, multimediamessagearerecordedat an input interfacesimula-
tor, wherethe structuralinformationor metadatais generatedThe
messageandcorrespondingnetadataaretransmittedo the mes-
sagecenter at which the messagesan be adaptedor transcoded
accordingto the outputs context description. The MPEG-7 stan-
dard[7, 8] playsanimportantrole in the scenariobecauset al-
lows to describemultimedia contentat different abstractionlev-
els. MPEG-7de nes contentdescriptionswvith respecto audiovi-
sualcharacteristicandspeci esanexchangdormatfor describing,
modelling,andindexing multimediadata.

The paperproposedo createthe structuredcontentof arbitrary
video sequencebecausdhis is a prerequisitefor the mediaadap-
tation. Thetargetedprototypeautomaticallyproposes meaningful
video structurerepresentetby key-frames. As thetool runson the
userterminal,the computationatompleity shouldbe assmallas
possibleto allow fastresponsitity to the user Nonethelessmost
existing techniquedocatingor generatingey-framesrequirehigh
computationagfforts or aredomain-speci c—unabléo applyto ar
bitrary videosequenceassolicited. For instance;Tanakaetal [12]
proposedan automaticindexing schemefor television news video,
the classi cation processwas basedon the semanticattributes of

Universityof Erlangen-Nurembgr
Chairof MultimediaCommunications
andSignalProcessingCauerstral3@
D-91058ErlangenGermary
kaup@Int.de

captions. Teodosioand Bender[13] proposeda techniqueto pro-
ducesalientvideo stills, re ecting the aggr@ate of the temporal
changeswith the salientfeaturespresered. Tonomuraet al [14]
proposedpanoramiciconsto representhe entire visible contents
of a scene. Moreover, muchwork on video temporalsegmenta-
tion focuseson how to detectcuts[10] anddissolesor fades[6],
while thereis still notmuchwork aimingto structurevideorecorded
by amateuwuserse.g.,from ahand-heldcameraor portablevideo-
phone,whereno sophisticatedechniquefo meige messagesire
availableandvideocutsareobtaineddirectly from thedevice inter-
face.Thereforethis papermproposestechniqueo generate:

meaningfulvideo messagetructuresor a groupof segments,
eachof which containsinterrelatingcharacteristid.e. coher
entcameramotions,and

representate key-frameindices,wherea groupof thembest
representgey informationpreseredtherein.

2 OVERVIEW OF THE SYSTEM

Thefundamentactriteriaof the proposalwasgroundedy identify-

ing which constituentof video contentareintegral to humanun-
derstandings.Intuitively one video's main featurewell obsered
by humanss motion which is applicableto characterizdothim-

agedsceneryat the backgroundand moving or stationaryobjects
recordedn sequencevithin theframeof theoperatingcameraThe
techniguewascorrespondinglconstructeasedon the two men-
tionedcriteria.

Thevideo structuringor temporalsegmentatiorprocessconsid-
ersbackgroundyhich canimplicitly bedescribedy the notionof
estimateccameramotion. The proposedalgorithmsplitsthe video
messageéemporallyinto a groupof video intervals, eachof which
containscoherentcameramotion. Key-framesare selectedo pre-
sene the maininformation both of the backgroundand character
izedby obserableobjects e.g.,sizeandlocation.Becauséhetool
aimsat the low-compleity techniqueit thusexploits the readily-
encodednotioninformationin thecompressedomain(MPEG-1).
Theinput setconsistf macroblock-basernhotionvectors.To fur-
therreducealgorithmcompleity, it considersonly motionvectors
encodedn P-typepictures. The overall systemprocesqsee gure
2) is summarizedsfollows:

For eachpicture in a video sequencethe spatialsggmentation
procesds rst carriedout to classifyspatialelementgin a unit of
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Figurel: M -Box scenario

macroblock)}o backgroundr foreground.For the backgroundset,
the cameramotion is estimatedbasedon a four-parameteraf ne
model, while the objectsare de ned andtracked accordingto the
foregroundset. The structuringandkey-frameselectionalgorithms
arethenprocessedThemajorcomponentsredescribedn thenext
section.

3 MAJOR COMPONENTS

Themaincomponent®f the proposakrespatialsggmentationpb-
ject tracking, cameramotion estimation,temporal sggmentation,
andkey-frameselection.

3.1 Spatial Segmentation

The spatial sggmentationalgorithm functions as a preprocessing
unit to determinewhich spatialunit in eachpicturebelongsto fore-
groundor background.lt groupsinter-picture motion vectorsinto
spatialregionsin suchaway thateachregion hascoherentcharac-
teristic. As proposedy HeuerandKaup[4], the Jacobimatrix can
beappliedto describethe spatialrelationshipof eachmotionvector
with respecto thoseof the neighboringmacroblocks.

3.1.1 JacobiMatrix

The Jacobimatrix describeghe spatialrelationshipof motionvec-
torsin termsof the changingateof bothmotionvector's horizontal
andvertical componentsvith respecto horizontalandvertical di-
rections.TheJacobimatrixcanbeexpressedn thefollowing matrix
of four spatialderivatives,where  and  arethehorizontaland
vertical component®f eachmotion vectorin the imageat coordi-
nate

3.1.2 LabellingRules

Thelabellingalgorithmclassi esmotionvectorshasedon the esti-
matedJacobimatriceswith thefollowing rules:

of ary two adjacentmotion vectors,if four elementsn both
Jacobimatricesaresufciently similar, they arelabelledto the
sameregion;

otherwisethey arelabelledto differentregions.

!

Read motion vectors & positions
of macroblocks from MPEG-1 message

!

Perform spatial segmentation and
classify to background & foreground

l

[Background area] l
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Define objects from the proposed Estimate four-parameter camera
foreground area motions at the background area
Perform temporal segmentation based
on the estimated camera motions

[ Track inter-picture objects and

characterize object sequences
[ Select key-frames according to j
camera motions and object appearances
Figure 2: overall systemprocessin seggmentingvideo and
proposingkey-frames

TheEuclideanmetric J J ,isusedasameasuraetermining
the degreeof differenceof ary two Jacobimatrices. The measure
canbeexpressedsfollows,whereJ andJ aretheJacobimatrices
of the comparingmotion vectors,and and arethe
element®f two consideringlacobimatrices:

3.1.3 BadgroundandForegroundFindings

Eachmotionvectoris classi ed asbackgroundr foreground. The
procesgreatseachregion (asde ned in section3.1.2)accordingto
thefollowing rules:

Thelargestregionis de ned asbackgroundf it is sufciently
large; by experiment,the minimal size is con gurable be-
tween20% and30% of the picturearea.

Otherregionsarede ned asforeground(or intra-pictureob-
ject) if their sizesare betweentwo thresholdsthe upperone
is setat 55%, while the lower oneis setat 5% of the picture
area.

3.1.4 Intra-picture ObjectDe nition Improvement

Becausehe de ned regionsare sensitve to the chosenEuclidean
metricthresholdandthis situationparticularlyleadsto imprecision
of the objectshapea Closingalgorithmis appliedto improve the
objectoutline. If the motion vectoris sufciently 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 frequentlycomposecdf multi-

ple heterogeneous-motiorgions,the objectde nition canthenbe
improved by anadaptedSeedFill algorithm. It groupsall adjacent
non-backgroundnacroblocksnto asingleregion.

3.2 CameraMotion Estimation

The processis basedon a four-parameterafne model. Sucha
modelis suitablebecausdor mostconsideredvideo sequencet
is assumedhatthecameraotationanglesaresmallandtheimaged
screeris at. Thereferenceequationis expressedisfollows:

wherethefour parametersf theestimateccameramotionarehori-
zontaltranslation |, verticaltranslation , rotationangle ,and
zoomingfactor . Theestimateof thefour parameterg ,

, ) isdeterminedy searchindor the pointwherethederva-
tiveswith respectre to thosefour parametersf the following cost
function(MSE) areequalto zero(consideringonly the motionvec-
torset of thebackgroundand and ):

3.3 Object Tracking

This processequiresa priori knowledgeof theintra-pictureobject
regions(derived from the spatialsegmentatiorprocessseesection
3.1)in orderto track eachparticularobjectamongsuccessie pic-
tures.For eachobject,the centroidis calculatedandthenmatched
with the nearesbne (via a Euclideanmetric) of the previous pic-
ture. Themaincharacteristicsf particularobjectsimagedin differ-
entpicturesare capturedfor the key-frame selectionpurpose.The
picturescontainingthelargestor midmostobjectareamongthekey-
framecandidates.

3.4 Temporal Segmentation
The algorithm combinesboth translationalmotion component®f

every two adjacentpicturesinto a single measure—translational

angle—agle ned:

where is atime variablerepresentinghe picturenumber A seg-
mentboundary—temporaboundaryindicatingthe changeof cam-
eramotions—islocatedat the picture whosechangingrate of the
translationalangle is considerablyhigh. In practicea seriesof
the absolutevaluesof the derivatives of the translationalangles,
— is rst estimatedA sggmentboundaryis thenlocated
atthepicturewhosederative valuehasa local maximumwhich is
largerthanthecon gurablethreshold(setat /picture).

3.5 Key-frame Selection

The contentof the video sequencecan be representedy key-
frames,which areselectedbasedon the rulesaccordingto the fol-
lowing criteria:

1. objectcharacteristic:

(a) thepicturescontainingthelargestobject,which hasthe
longestlifespan (calculatedfrom temporaldifference
betweerthe rst andthelastpicturecontainingthatpar
ticular object),

(b) the picturescontainingthe midmostobject, which has
thelongestifespan,

(c) thepicturescontainingthe left- andrightmostobjectif
it moveshorizontally and

(d) thepicturescontainingthe upper andlowermostobject
if it movesvertically.

2. estimateccameramnotion:

(a) the rst andlastpictureof asegment,and

(b) every picturewherethe accumulatedorizontalor ver-
tical translationamotionexceedshresholdcon gured
at 40%-60%o0f the horizontalor vertical cameraframe
size.

4 EXPERIMENTAL RESULTS

The choserexampleintroducesa typical vidleo messagén the sce-
nario. The video contentcanbe explainedby the cameramotion
andthe objectappearanceThe prototypecorrespondinglygener
atesthe sggmentsandthe key-framesasshavn in gure 3. There
aretwo sggmentswherethe sggmentboundaryis locatedatthe mo-
mentthe cameramotion changedrom panning-rightto tilting-up
(seetheplot of camera-motioirajectorypathin gure 4). Thekey-
framesareselectedaccordingto the de ned rules(seesection3.5);
the largestobject (frame 64, rule 1(a)), the midmostobject (frame
55, rule 1(b)), large accumulatie translationaimotion (frame 112,
rule 2(b)),andnew backgroundnformation(framel and169,rule
2(a)).

Regarding the compleity issue, the prototype holds the fol-
lowing computationaladwantages. Firstly, it saves the motion-
estimation computationthanks to the readily-encodedmotion-
vector set obtaineddirectly from the MPEG-1 message. Sec-
ondly, despitethe roughspatialunit (macroblock) the algorithms,
i.e. spatialsggmentationand objecttracking, consumemuchless
computation—comparetb most proposalswhich are basedon
pixel-basedipproach—whilestill functionacceptablyLastly, since
the appliedtemporalsggmentationis basedon a simple function
(seesection3.4), only a smallcompleity is required.

5 SUMMARY AND OUTLOOK

This paperproposes low-compleity techniqueto structurevideo
sequenceby splitting theminto meaningfulsegmentsandto pro-
ducekey-frameindicespointing to the picturescontainingimpor-
tantinformation. The video s structuredin sucha way that each
segment containscoherentcameramotion. Eachvideo segment
is presentedy key-frames,whoseselectionprocessconsiderghe
changingnformationof the backgroundandobsenableobjects.

Regarding the problemsof how to structure, annotate,and
presentideo contentthe authorsplanto furtherinvestigatewhich
featuresand,in particular which featurecombinationscould lead
to afeasiblecriteriaservingour purposeeg.g.,asdiscussedh [3, 9].
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Figure3: temporalseggmentatiorandkey-frameselectiorre-
sultsfrom thelion example(adaptedrom [1])

6 ACKNOWLEDGEMENT

The authorswould like to thank Klaus lligner (SiemensAG
MiinchenCT IC 2) for proofreadinghearticle.

References
[1] http://www.darim.co.kr/ftp/mpgs/lions.mpg.

[2] J. Bormans and K. Hil, MPEG-21 overview, ISO/IEC
JTC1/SC29/WG1N4318(2001).

[3] R.Brunelli, O. Mich, andC.M. Modena,A surve/ on video
indexing, IRSTTechnicalReport9612-06(1996).

[4] J.HeuerandA. Kaup,Global motionestimationin image se-
guencesusing robust motionvector eld segmentation Pro-
ceedingACM Multimedia99, Orlando,Florida, pp.261-264
(1999).

[5] J. Heuer A. Kaup, and U. Rauschenbachidaptive multi-
mediamessging: Application scenarioand technical chal-
lenges WirelessWorld ResearchForum Kick Off Meeting,
Munich, Germary (2001).

[6] R. Lienhart,Comparisonof automaticshotboundarydetec-
tion algorithms Proc.SPIEVol. 3656, StorageandRetrieval
for ImageandVideoDatabasegll, pages290-301 SanJose,
CA (1999).

[7] M. Martnez, Overviev of MPEG-7 ISO/IEC

JTC1/SC29/WG1N4031(2001).

[8] F. NackandA. Lindsay Everythingyouwantedto knowabout
MPEG-7: Part 1-2, IEEE Multimedia, 6(3)-6(4)(1999).

[9] RosalindW. Picard,A societyof modelsfor videoandimage
libraries TechnicalReport360, MIT MedialLaboratoryPer
ceptualComputing(1996).

[10] LK. SethiandN. Patel, Video shotdetectionand characteri-
zationfor videodatabasesPatternRecognition,vol. 30, no.
4, pp.583-592(1997).

Figure 4: correspondingemporal segmentationand key-
frameselectiorresultsmarked on the camera-motiottrajec-
tory pathfrom thelion example

[11] J.R.Smith,R.Mohan,andC.S.Li, Adaptingmultimediainter-
netcontentfor universal accesslEEE Transaction®n Multi-
medial(1l)(1999).

[12] H.Tanaka].lde,andK. YamamotoAutomaticvideoindexing
basedon shotclassi cation, Proc.1stIntl.Conf. on Advanced
MultimediaContentProcessing1998).

[13] L. Teodosioand W. Bender Salient video stills: Content
and context preserved Proc. ACM Multimedia Conference
(1993).

[14] Y. Tonomura,Y. Tanigushi,and A. Akutsu, PanoramaEx-
cerpts: extracting and paking panolamasfor video brows-
ing, In the Fifth ACM Multimedia, pp.427-436Seattle WA
(2997).



