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ABSTRACT

In this paperwe describeintegratedmultimedia processingfor
Video Scout,a systemthat segmentsand indexes TV programs
accordingto their audio,visual,andtranscriptinformation.Video
Scoutrepresentsa future direction for personalvideo recorders.
In additionto usingelectronicprogramguidemetadataanda user
profile, Scoutallows the usersto requestspecifictopicswithin a
program.For example,userscanrequestthevideoclip of thePres-
identspeakingfrom a half-hournews program.

VideoScouthasthreemodules:(i) VideoPre-Processing,(ii)
SegmentationandIndexing, and(iii) StorageandUserInterface.
SegmentationandIndexing, the coreof the system,incorporates
a Bayesianframework that integratesinformationfrom theaudio,
visual,andtranscript(closedcaptions)domains.This framework
usesthreelayersto processlow, mid, andhigh-level multimedia
information. Thehigh-level layergeneratessemanticinformation
aboutTV programtopics.Thispaperdescribestheelementsof the
systemandpresentsresultsfrom runningVideoScouton realTV
programs.

1. INTRODUCTION

PersonalVideoRecorders(PVRs),suchasTiVo [3], useelectronic
programguidemetadatato automaticallyselectandstorewhole
TV programsbasedon users’profiles. Video Scoutrepresentsa
future directionfor PVRs. Scoutanalyzesthe audio,visual, and
transcript(closedcaptions)contentin orderto segmentandindex
TV programs.In addition,Scoutallowsusersto requesttopiclevel
information.For example:userscanrequestspeechesby thePres-
ident, andwhenthe nightly news is broadcast,Scoutcanextract
the President’s speechfrom the half-hour news broadcast.This
paperdescribesthe elementsof the systemand presentsresults
from runningVideoScouton realTV programs.

VideoScoutemploys threeinterconnectedmodules:(i) Video
Pre-Processing;(ii) Segmentationand Indexing; and (iii) Stor-
ageandUser Interface. Segmentationand Indexing, the coreof
the system,usesa threelayeredprobabilisticsystem,called the
BayesianEngine(BE). The BE integratesinformation from the
audio,visual,andtranscriptdomainsin orderto generateseman-
tically indexed informationfrom TV programsegments.We im-
plementedVideoScoutasanend-to-endsystem,andin its current
stateit segments,indexes,andstoresTV programsfor financial
news andfor talk shows.

Section2 offers a brief overview of relatedwork. Section3
givesa systemoverview of Scout. Section4 describestheVideo
Pre-Processingmodule. Section5 presentstheSegmentationand
Indexing module.Section6 describestopicsegmentationandclas-
sification. Section7 sharesour experimentalresults.And in Sec-
tion 8 we draw conclusionsfrom this work.

2. RELATED WORK

Contentbasedvideo analysisandprocessinghasbeenan active
topicof research[5]. However, thereareveryfew initial approaches
to multimodalprocessingof audio,visual,andtranscriptinforma-
tion. The majority of content-basedsystemsincludeQuery-By-
Image-and-Video-Content(QBIC), VisualGrep,DVL of AT&T,
InforMedia,VideoQ,MoCA, Vibe, andCONIVAS. In particular,
the InforMedia,MoCA, andVideoQsystemsaremorerelatedto
VideoScout.

However, therearevery few initial approachesto multimodal
processingof audiovisualandtranscriptinformationin videoanal-
ysis.VasconcelosandLippman[6] proposeastatisticalmodelthat
usesvideo contentstructureinformation to perform video shot
detectionand semanticcharacterization.Rui et al. [9] present
an approachthat useslow level featuresin audio to detectex-
cited speechanda baseballhit within a probabilisticframework
for automatichighlight extraction. Syeda-Mahmoodet al. [8]
presenteventdetectionin multimediapresentationsfrom teaching
andtraining videos. They usea probabilisticmodelthatexploits
the co-occurrenceof visual andaudioevents. Anotherapproach
basedon theobservationthatsemanticconceptsin videosinteract
andappearin context is proposedby Naphade[1]. To modelthis
contextual interactionexplicitly, a probabilisticgraphicalnetwork
of multijectsor a multinetis proposed.

The main advantageof our systemover the previously men-
tionedapproachesis theuseof multilevel audio,visual,andtran-
scriptprocessingfor storysegmentationandtopicclassificationas
opposedto indexing videobasedonlow-level features.In addition,
oursystemusesmultimodalprocessingfor consumerapplications,
which have beenignoredby previously describedsystems.

3. SYSTEM OVERVIEW

Figure1 illustratesVideoScout’sthreemodules.VideoPre-Processing,
receivesraw video thathasbeen,de-muxed anddecodedasnec-
essary. This generatesthreestreams:audio,visual,andtranscript.
Decodingis optionalandis only implementedwhenfurthervideo
processingis donein theuncompresseddomain.

SegmentationandIndexing, takesthesethreestreamsasinput.
It alsoreceiveselectronicprogramguidemetadatathat describes
the TV programs. This metadatacontainsgeneralinformation
suchaschannel,time, title, cast,etc. In addition,Segmentation
andIndexing hasinput from programprofiles(PP)andthecontent
programprofiles(CPP).

Usersspecifytheirprogrampreferencesvia thePP, whichcan
be usedto generaterecommendationsaboutTV programs. The
CPPallows usersto input topic level preferences.Theseprefer-
ences,suchas,athlete,movie star, company stock,etc.,gobeyond
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Fig. 1. Thethreemodulesof VideoScout.

what is describedby themetadataandthePPin that they contain
referencesto contentinformationwithin a TV program.Thecen-
tral featureof theSegmentationandIndexing moduleis its ability
to integrateinformationwithin and/oracrosstheaudio,visual,and,
transcriptdomains.

StorageandUser Interfaceoffers usersaccessandplayback
to storedprogramsandstoredvideo clips. In addition, the user
interfaceallows usersto modify theirPPandtheirCPP.

4. VIDEO PRE-PROCESSING

Videopre-processingis doneby theAnalysisEngine(AE) to com-
bine video pre-processingand featureanalysis. The AE takes
MPEG-2 input and extracts the closedcaptionswhile perform-
ing a visualanalysisfor featureextraction. We selecteda Philips
TriMedia

�
	
Tricodeccardfor this task.This cardhasa TM1000

processorand8Mbof memory. TheTriMediarunsusingthehosted
modein a 600 MHz PIII with a WinNT operatingsystem. ”C”
codegetsdownloadedto theTriMediawhereanalysisisperformed.

TheAE performsshotdetectionfirstbyextractinganew keyframe
whenit detectsasignificantdifferencebetweensequentialI-frames.
It employs two DCT basedimplementationsfor the framediffer-
encing:histogramandmacroblock.Unicolorkeyframesor frames
that appearsimilar to previously extractedkeyframesget filtered
out using a one-byteframe signature. This keyframe extraction
producesan uncompressedimageanda list giving the keyframe
numberand the probability of a cut. The AE basesthis proba-
bility on therelative amountabove the thresholdusingthediffer-
encesbetweenthe sequentialI-frames. The systemthen passes
keyframeson for videotext detection. The AE looks for video-
text usinganedge-basedmethodon theuncompressedimageand
tagseachkeyframe for the presenceor absenceof text. These
keyframesarealsoanalyzedfor thepresenceof faces.

In additionto extractingthe visual features,the AE alsoex-
tractsclosedcaptionsfrom theuserdatafieldof theMPEG-2video.
The extraction processproducesa completetime-stampedpro-

gramtranscript.Weusetime-stampsin orderto alignthetranscript
datawith therelatedvideo.

Twenty low-level audioparametersareextractedusing .wav
files on a PC.Theoutputsof theVideoPre-Processingareusedin
theSegmentationandIndexing.

5. SEGMENTATION AND INDEXING

Figure2 containsanillustrationof theBE, thecoreof Segmenta-
tion andIndexing. We organizedthis probabilisticframework in
threeconsecutive layers: low, mid andhigh-level. Eachlayerhas
nodeswith associatedprobabilities.Arrowsbetweenthenodesin-
dicateacausalrelationship.
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Fig. 2. Thethreelayersof theSegmentationandIndexing module
of VideoScout.

Thelow-level layerdescribessignal-processingparameters.In
thecurrentimplementationparametersinclude:thevisualfeatures
color, edge,andshape;twentyaudioparameters[7] suchasaver-
ageenergy, bandwidth,pitch, mel-frequency cepstralcoefficients,
linear predictioncodingcoefficients,andzero-crossings;andthe
transcript(text pulled from the ASCII charactersof the closed-
captions).

Arrows indicate the combinationsof low-level featuresthat
createthe mid-level features. Mid-level featuresare associated
with whole framesor collectionsof frameswhile low-level fea-
turesareassociatedwith pixelsor shorttime intervals.Keyframes
(first frameof a shot), faces,andvideo text aremid-level visual
features;silence,noise,speech,music,speechplusnoise,speech
plus speech,andspeechplus musicaremid-level audiofeatures;
and keywords and the twenty transcriptcategoriesmake up the
mid-level transcriptfeatures.



High-level featuresdescribesemanticvideocontentobtained
throughthe integrationof mid-level featuresacrossthe different
modalities. In the current implementationScoutclassifiesseg-
mentsaseitherpartof atalk show, financialnews,or acommercial.

Webasedtheformalstructureof theBE onBayesiannetworks
[4]. We chosethis approachbecauseprobabilisticframeworksare
designedto dealwith uncertaininformation,andthey areappro-
priate for representingthe integrationof information. The BE’s
probabilisticintegration employs either intra or inter-modalities.
Intra-modalityintegrationrefersto intergrationof featureswithin a
singledomain.For example:integrationof color, edge,andshape
informationfor videotext representsintra-modalityintegrationbe-
causeit all takesplacein the visual domain. Integrationof mid-
level audiocategorieswith thevisualcategoriesfaceandvideotext
offersanexampleof inter-modalities.

Bayesiannetworksaredirectedacyclical graphs(DAG) in which
thenodescorrespondto (stochastic)variables.Thearcsdescribea
directcausalrelationshipbetweenthelinkedvariables.Thestrength
of theselinks isgivenbyconditionalprobabilitydistributions(cpds).
More formally, let the set

�
�������������������
of � variablesdefinea

DAG. For eachvariablethereexists a sub-setof variablesof
�

,���� 
, theparentssetof

�"!
, i.e., thepredecessorsof

�"!
in theDAG,

suchthat# ���"!%$ ���� �'& # ���"!($)� � ���������*�"!,+ � �
, where

# �.-/$ - �
is a cpd,

strictly positive. Now, giventhejoint probabilitydensityfunction
(pdf)

# �������������������0�
, usingthechainrule,we getthat# ��� � ���������.� � �1& # ��� � $2� � + � ����������� � �435-�-�-63 # ���"7
$4� � � # ��� � �

.
Accordingto thisequation,theparentset

���� 
hasthepropertythat� !

and 8 �����������������09
: � �� areconditionally independentgiven���� 
.
In Figure 2 theflow diagramof theBE hasthestructureof a

DAG madeup of threelayers. In eachlayer, eachelementcorre-
spondsto a nodein theDAG. The directedarcsjoin onenodein
a givenlayerwith oneor morenodesof theprecedinglayer. Two
setsof arcsjoin theelementsof thethreelayers.For a givenlayer
andfor a givenelementwe computea joint pdf aspreviously de-
scribed.Moreprecisely, for anelement(node);�<>=>? associatedwith
the @ -th layer, thejoint pdf is:

# <>=>? ��� <>=>?!BADCFE � � <>=
+ �
? ��������� � <

7
? �1& # ��� <>=>?!BADCFE $ � <>=>? �

3 8 # ��� <>=
+ �
?� $ � <F=

+ �
?� �
����� # ��� <F=

+ �
?�GADC/HJI6E $ � <>=

+ �
?�GADC/HJI6E �*9K�����

3 8 # ���
7 � $ � 7 � �"����� # ��� 7�KL $ � <

7
?�KL �*9M� (1)

wherefor eachelement
� <>=>?! thereexistsaparentset

� <>=>?! ; theunion

of the parentsetsfor a given level @ , i.e.,
� <>=>? <FNBO2?&QP � ADCFE!/R � � <>=>?! .

Therecan exist an overlap betweenthe different parentsetsfor
eachlevel.

6. TOPIC SEGMENTION AND CLASSIFICATION

Topic segmentationandclassificationperformedby BE is shown
in the third layer (high-level) of Figure2. Thecomplex natureof
multimediacontentrequiresintegrationacrossmultiple domains.
We usethecomprehensive setof datafrom theaudio,visual,and
transcriptdomains.

In theBE structure,Figure2, for eachof thethreelayers,each
nodeandarrow is associatedto a cpd. In the low-level layer the
cpd’sareassignedby theAE asdescribedabove. For themid-level

layer, twentyclosedcaptionscategoriesaregenerated:weather, in-
ternational,crime,sports,movie, fashion,techstock,music,auto-
mobile,war, economy, energy, stock,violence,financial,national
(affairs), biotech,disaster, art, andpolitics. We usea knowledge
treefor eachcategorymadeupof anassociationtableof keywords
andcategories.After a statisticalprocessing,thesystemperforms
categorizationusing category vote histograms. If a word in the
closedcaptionsfile matchesa knowledgebasekeyword, thenthe
correspondingcategory getsa vote. Theprobability, for eachcat-
egory, is givenby theratio betweenthe total numberof votesper
keyword andthetotal numberof votesfor a closedcaptionspara-
graph.

VideoScoutperformssegmentationandindexing of TV pro-
gramsaccordingto theusers’requests.It performsthis taskby (i)
readingusers’requestsfrom the PPandCPPfiles, the metadata
andthe input data;(ii) segmentingtheTV programinto commer-
cial vs. non-commercialparts;(iii) classifyingthenon-commercial
partsinto segmentsbasedon two high-level categories: financial
news andtalk shows (performedby theBE).

Initial segmentationandindexing is doneusingclosedcaption
datato divide the video into programandcommercialsegments.
Next theclosedcaptionsof theprogramsegmentsareanalyzedfor
single,double,andtriple arrows. Doublearrowsindicateaspeaker
change.Thesystemmarkstext betweensuccessive doublearrows
with astartandendtimein orderto useit asanatomicclosed cap-
tions unit. Scoutusestheseunitsastheindexing building blocks.
In orderto determinea segment’s high-level indexing (whetherit
is financialnews or a talk show) Scoutcomputestwo joint proba-
bilities. Thesearedefinedas:

p-FIN-TOPIC= p-VTEXT * p-KWORDS* p-FACE *
p-AUDIO-FIN * p-CC-FIN* p-FACETEXT-FIN (2),

p-TALK-T OPIC= p-VTEXT * p-KWORDS* p-FACE *
p-AUDIO-TALK * p-CC-TALK * p-FACETEXT- TALK (3).

Theaudioprobabilitiesp-AUDIO-FIN for financialnews and
p-AUDIO-TALK for talk shows arecreatedby thecombinationof
differentindividual audiocategory probabilities.Theclosedcap-
tions probabilitiesp-CC-FIN for financialnews andp-CC-TALK
for talk shows arechosenasthe largestprobabilityout of the list
of twenty probabilities. The faceand videotext probabilitiesp-
FACETEXT-FIN andp-FACETEXT-TALK areobtainedby com-
paring the faceandvideotext probabilitiesp-FACE andp-TEXT
whichdetermine,for eachindividualclosedcaptionunit, theprob-
ability of faceandtext occurrence.Oneheuristicusedbuildsonthe
fact that talk shows aredominatedby faceswhile financialnews
hasboth facesandtext. The high-level indexing is doneon each
closedcaptionsunit by computingin a new pair of probabilities:
p-FIN-TOPICandp-TALK-T OPIC.Thehighestvaluedictatesthe
classificationof thesegmentaseitherfinancialnews or talk show.

7. EXPERIMENTAL RESULTS

We usedScoutto analyzeseven TV programs.We looked at the
half-hourfinancialnewsprogramsMarketwatch,Wall StreetWeek
(WSW), and Wall StreetJournalReport(WSJR)as well as the
one-hourtalk shows hostedby Jay Leno and David Letterman.
The total video analyzedwasabout6 hours. The resultsof our
experimentsareshown in following tables.For eachtable”Num.
CC Units” indicatesthe total numberof closedcaptionsunits for
thegivenTV program.”Fin. News” and”Talk Shows” indicatethe
numberof closedcaptionsunits(seeSection6 above)classifiedas



eitherfinancialnews or asa talk show. ”Unclassified” indicates
thenumberof closedcaptionsunitsthatcouldnotbeclassified.

In orderto betterunderstandthe role audio,visual,andtran-
scriptin theintegration,weperformedexperimentsusingtwo sub-
setsof features.For example: Tables1 and2 displayresultsus-
ing only visual andtranscriptinformation. For this we usedthe
joint probabilitiesp-FIN-TOPIC= p-VTEXT * p-KWORDS* p-
FACE* p-CC-FIN* p-FACETEXT-FIN andp-TALK-T OPIC= p-
VTEXT * p-KWORDS* p-FACE* p-CC-TALK * p-FACETEXT-
TALK. Using thesefeatures,Scoutcan reasonablyclassify talk
shows,but it cannotfind financialnews.

Table 1: Financial News Using Visual and Transcript
Show CCUnits Fin Talk Unclassified
Marketwatch 26 0 7 19
WSW-1 21 0 16 5
WSW-2 27 0 20 7
WSJR 10 0 5 5

Table 2: Talk Shows Using Visual and Transcript
Show CC Units Fin Talk Unclassified
JayLeno 57 0 46 11
Letterman-1 51 0 44 7
Letterman-2 60 0 53 7

Tables3 and4 displayresultsusingonly audioandtranscript
information.For thisweusedthejoint probabilitiesp-FIN-TOPIC
= p-AUDIO-FIN * p-KWORDS* p-CC-FINandp-TALK-T OPIC
= p-AUDIO-TALK * p-KWORDS* p-CC- TALK. With the vi-
sual featuresturnedoff Scoutcan easily classify financial news
program,but it has trouble with talk shows. However, finding
talk shows without usingvisual datais easierthanfinding finan-
cial news withoutusingaudiodata.

Table 3: Financial News Using Audio and Transcript
Show CCUnits Fin Talk Unclassified
Marketwatch 26 25 0 1
WSW-1 21 17 1 3
WSW-2 27 24 1 2
WSJR 10 9 0 1

Table 4: Talk Shows Using Audio and Transcript
Show CC Units Fin Talk Unclassified
JayLeno 57 4 48 5
Letterman-1 51 18 31 2
Letterman-2 60 18 38 4

Tables5 and6 displaythe main resultsof our integrationef-
fort. Whenwe employ all features,Scoutcanaccuratelyclassify
both financialnews andtalk shows. ComparingTable3 to Table
5, Scoutlosessomeprecisionin classifyingfinancialnews when
all featuresarecombined.However, this slight lossin accuracy is
morethanmadeup for in Scout’s increasedability to accurately
classifytalk shows (Table4 comparedto Table6).

Table 5: Financial News Using All Features
Show CCUnits Fin Talk Unclassified
Marketwatch 26 24 1 1
WSW-1 21 17 3 1
WSW-2 27 23 4 0
WSJR 10 9 1 0

Table 6: Talk Shows Using All Features
Show CCUnits Fin Talk Unclassified
JayLeno 57 2 50 5
Letterman-1 51 10 41 0
Letterman-2 60 5 53 2

Integrationis clearlynecessaryto accuratelydiscriminatebe-
tweenthe two programgenres.Without usingaudio,visual, and
transcriptdatait is easyto misclassifyentiregenres.

8. CONCLUSION

Thispaperdescribesourwork onVideoScout,asegmentationand
indexing systemfor TV programs.Themostimportantcontribu-
tions from this work are: (i) integrationof informationfrom the
audio,visual, andtranscriptdomains;and(ii) high-level classifi-
cation of TV programsegmentsbasedon a probabilisticframe-
work. In contrastto themajorityof relatedmultimodalintegration
research,ourwork onVideoScoutcomprehensively employsmul-
timediainformationfrom all threedomains.Experimentalresults
reveal that usingaudio,visual, andtranscriptinformationsignif-
icantly improvesclassificationaccuracy acrossdifferentTV pro-
gramgenres.Futurework includestheintroductionof othermul-
timediaclues,suchascolor, andtheuseof morehigh-level infor-
mationandreasoning.
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