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ABSTRACT

We describea schemeto combinetheresultsof audio
andfaceidentificationfor multimediaindexing andre-
trieval. Audio analysisconsistsof speechandspeak-
er recognitionderivedfrom broadcastnewsvideoclip.
The video componentis analyzedto identify the per-
sonsin the samevideo clip using face recognition.
Whenappliedindividually bothspeakerandfacerecog-
nition schemeshave limitations on conditionsunder
which they perform reasonablywell. By integrating
thematch-scoreresultsof both audioandvideo anal-
ysis,we find that the two techniquescancomplement
eachother. Wediscussthesystemarchitecturefor such
acombinedsystem,anddiscusshow decisionfusionis
appliedto disparatematch-scoringsystemsto yield the
final speaker identity.

1. INTRODUCTION

Our multimediacontentbasedindexing and retrieval
systemrequiresanalysisof both textual and speaker
contentin a broadcastnews audio or video clip. A
systemthatperformssuchanalysismusthave thefol-
lowing distinctcapabilitiesin additionto theindexing
andretrieval functions: (1) automatictranscriptionof
speechinto text; (2) automaticspeaker-basedsegmen-
tation of the incidentaudio; and (3) identificationof
the speakers of the detectedsegments. We have al-
readyprototypedandreportedsucha system[1]. This
systemretrievesvideoclipsor framesmuchlikeaudio
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or text, usingonly theaudiocomponentof thevideoto
build acombinedtext- andspeaker-basedindex.

Thispaperis concernedwith introductionof video
modality to sucha systemfor the specificpurposeof
reinforcing confidencein the speaker identity which
can be derived from a purely audio analysis. Face
detectionand identificationprocessesusedherehave
beenreportedin [2, 3]. Herewe focuson how to in-
corporatethefacerecognitioninto our existing audio-
only architecture.Wealsodescribethedecisionfusion
processthat integratesthe resultsof the audio-based
andthevideo-basedclassifiers.

2. SYSTEM OVERVIEW

ThemediasourceisanMPEG1encodeddigital stream.
Theaudioandthevideoelementarystreamsmustfirst
be extractedand fed to the audio signal processing
front-endandthe facerecognitionmodulerespective-
ly. The overall system,at this time, is expectedto
run on two PC’s with onePC beingdedicatedto the
facerecognitiontask. This decisionis forcedby the
compute-intensive natureof current facerecognition
algorithms. This forcesthe needfor an anchoringof
the time basisthat relatestheaudioandvideo frames
thatbelongtogether.

The functional block diagramof the overall sys-
temis depictedin Figure1. Theaudiofront-endcon-
vertsthe incidentaudiointo mel-cepstralfeaturevec-
tors (or frames)andprovidesthemsimultaneouslyto
the transcription,segmentationand identificationen-
gines. The outputof the transcriptionengineis time
alignedtext while the outputof the segmentationen-



gine is turns(segmentboundaries).Theseareusedto
displaythespokensegmentson thescreenfor theuser
to view. But moreimportantlythetime alignedwords
andturnsaredumpedinto files for subsequentindex-
ing.
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Figure 1: Architecture of our system combining
speech,speaker, andfacerecognition- audioportion
only

Speaker identificationfollows speaker segmenta-
tion usingthesamemel-cepstralvectorsandturnsin-
formationalongwith a databaseof voice-prints,to i-
dentify thespeakersof thesuccessive segments.With-
out facerecognition,the identity of the speaker seg-
mentwould be displayedon the screenandstoredin
thesamebuffer astheturns.But with facerecognition,
a fusion of the audioandvideo identitiesdetermines
thefinal identity of thespeaker. Now thefusedidenti-
ty replacestheaudio-onlyspeaker identity for speaker
indexing.

The video processingprogressesconcurrentlybut
asynchronouslywith audioprocessing.Theturnsgen-
eratedby the audiospeaker segmentationareusedto

delineatethevideoframeswhosefacecontentneedto
be identified for subsequentdecisionfusion with the
audiospeaker identification. In reality, facesarede-
tected,trackedandidentifiedatevery � frameswithout
regardto the locationof theturns. The turnsareused
to correlateasingleaudiospeakersegmentwith theset
of videoframesassociatedwith it (seeFigure2).
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Figure 2: Architecture of our system combining
speech,speaker, andfacerecognition- video portion
only

3. AUDIO SPEAKER SEGMENTATION

The BayesianInformation Criterion (BIC) partitions
the incidentaudiostreamrepresentedby mel-cepstral
vectorsinto segmentsspokenby differentspeakers.A
window

�
of � framesisexaminedtodeterminewhether

it includesaturnat its ith frameor not. Suchaturnen-
genderstwo windows,
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the dimensionof the cepstralvectors.

�
is a penal-

ty function which for bestresultsfor 24-dimensional
vectorshasthevalue1.3.

A turn is confirmedat frame
�

when
�

is not on-
ly theminimizerof

���/
I�
but alsodrivesit negative.

If no turnsarefound,thewindow sizeis increasedby
an incrementof � andthe testis appliedagain. This
processis repeateduntil a turn is found,but whenno
turnis foundandthewindow sizeexceedsapredefined
sizewithout a segmentboundary, the earliestframes
aredroppedfrom considerationbut their statisticsare
mergedwith that of the new window. See[4] for de-
tails.

4. AUDIO-BASED SPEAKER
IDENTIFICATION

Speakerenrollmentis apreludetoaudio-basedspeaker
identification.Utterances,representedby mel-cepstral
vectors,from eachspeaker of interestaremodeledas
a mixtureof Gaussiandistributionsthrougha cluster-
ing process[5]. Let J2KML 3 �N�PO+QRQS
&T

denotethemod-
els pertainingto eachof the enrollees. EachmodelKUL canhave �VL distributions associatedwith it. LetW LSX refer to the Y[Z]\ distribution of model



. Also letJ4^_ ` 3 Z �aO+QRQ bcT

denotethe framesrepresentingthe
testutteranced whosespeaker is sought.Therun-time
classassignmentprogressesasfollows:e[f)fDgRhji d � kmlon gqpsr nt�Pu gviwyx �]z6z {t| r w~} *�!�#&%(')%
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model

�
, and
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Eachclassassignmentis accompaniedby a pseu-
dodistancewhichexpressestherespectiveconfidence.
Formodeli thisis

� L�� b , where
b

denotesthenumber
of framesin therespective testutterance.

5. FACE RECOGNITION

The video elementarystreamis subjectedto a frame-
by-frameanalysiswhoseobjectis to first segmentthe
imageby partitioningit into faceandnon-faceregions
andalsoisolatingthe facesfrom eachother. It is the
so-calledfacedetectionprocess[2] that bringsabout
imagesegmentationin a videoframe. With every de-
tectedfaceatrackis initiatedandanattemptis madeto
maintainthetracktemporallyin thesubsequentframes
for thatface.Facedetectionis attemptedin any frame
only whentrackscannotbemaintained.

Within eachfacealsosome29 landmarksare lo-
cated.Faceidentificationis basedon landmarkrecog-
nition [3]. Hencea faceis assignedto any oneof the
numberof prototypefaceclasseswhenits landmarks
exhibit the highestcomparative similarity to the con-
stituentlandmarksof thatgivenprototypeface.

After facedetectionthe scaleand orientationof
eachlandmarkcanbe inferred. After beingstandard-
ized to its nominal scaleand orientationeachland-
mark is representedby a Gabor jet – a featurevec-
tor representationof the local grey valuedistribution.
Suchrepresentationfor prototypelandmarksare de-
rived in the courseof a prior enrollment.The detect-
ed landmarksare correlatedto their prototypecoun-
terpartsthroughthefollowing similarity measure,and
the meanof thusly computedsimilarity measuresfor
all the detectedlandmarksyields the overall scoreor
confidencein therespective faceidentity.
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where
�

and
�

are the Gabor jets for a given test
andprototypelandmark,and

�
denotestheinter land-

marksimilarity measure.Themeanof
�

for all detect-
ed landmarksconstitutesthevideo scorequalifying a
classassignmentto agivenface.

6. DECISION FUSION

Theaudio-basedspeaker identificationyieldsa single
setof rankedidentitiesfor eachaudiosegment.Onthe
otherhand,asingleaudiosegmentcorrespondstomul-
tiple videoframeswith eachvideoframeyieldingaset
of ranked faceidentities.Scoresexpressingtheconfi-



dencein therespective classassignmentsareavailable
with eachrankedidentity.

Let thenumberof videoframeswhichsurvive face
detectionin a given speaker segmentbe � . As a first
stepthese � setsof ranked identitieshave to be ab-
stractedinto a single set of ranked identities. This
comprisesof: 1) finding the mostfrequentfaceiden-
tity (the statisticalmode)at eachrank acrossall the
video framescorrespondingto theaudiospeaker seg-
ment;and2) computingthemedianscorefor thatrank
andassigningit to thusly derived most frequentface
identity. We now have two setsof ranked identities,
oneaudio-basedandtheothervideo-based.

In thenext step,theaudiospeakerscoresarescaled
to a 0-1 rangeandnormalizedby the standarddevia-
tion of thescoresof therankedidentitiesfor eachseg-
ment. This is repeatedfor the video segmentscores.
This operationmakes the video andthe audioscores
compatiblefor thesubsequentintegration.

Ourdecisionfusionschemeisbasedonlinearcom-
binationof theaudioandthevideoclassassignments.
Henceweareimmediatelyfacedwith theissueof weight
selection. The weightsassignedto the audioandthe
video scoresaffect the influenceof their respective s-
coresin theultimateoutcome.Oneapproachis to use
fixedweights,say0.5,for each.Anotherapproachis to
let theweightsbederivedfrom thedataitself. Therest
of theformulationusedhereusesthis latterapproach.
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Figure3: Rankedid scoresfor audio(above)andvideo
(below) for o neaudiosegmentwith six rankings.

Let J ���+� ���[� *)� �>=;� 0 ��¡ 0 �j¢ � � 3 �£�¤O+QRQ6¥o� _ �¦� ��� T

denotethescoresfor rankedidentitiesfor audiospeak-
erclassassignmentsin arank-scorecoordinatesystem,
where

�[� ���[� representsthe rank and
�;��=j� 0 ��¡ 0 �j¢ � ,

theaudioscoreof the
�
th point. In thesamemanner,

let J ���+� ��� � *]§ �¨= ¢ 0 ��¡ 0 �j¢ � � 3 �©�"O+QRQ6¥o� _ �¦� ��� T de-
notethecorrespondingdatasetfor thevideoidentities.
Bothaudio-basedandvideo-basedvarymonotonically
alongtherankaxis(Figure3). Weimposealinearvari-
ationon therank-scoredataby: (1) removing outliers
usingtheHoughtransform;and(2) fitting thesurviv-
ing points set to a line using the leastmeansquares
error method. Therebythe ranked identities output
by the audioandvideo identificationsystemsare re-
ducedto two straightlinesdefinedby

� �>=;� 0 ��¡ 0 �j¢��¥ � � �[� ��� �Mª �
and

§ �¨= ¢ 0 ��¡ 0 �j¢¦�«¥ � � �[� ��� �Mª �
.

Theline with higherslopeis assumedto convey more
discriminative information. Thenormalizedslopesof
the two lines are usedas the weight of the respec-
tiveresultswhencombiningthescoresfrom theaudio-
basedandvideo-basedspeaker analysis.

With ¬ � and ¬ � representingaudioandthevideo
channelsrespectively wecomputethefusedscore,­ �4® ,
for eachspeaker asfollows:

¬ � � ¥ �¥ � �G¥ � e[i�� ¬ � �
¥ �¥ � �G¥ � Q
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where

�[� ��� ® is therankfor speaker � .
Theaboveexpressionis computedover thecollec-

tion of audioandvideospeaker identitiesderivedfrom
the laststep,andlatersortedby scoreto obtaina new
set of fusedranked identities. Thesefusedidentities
maybedisplayedto theuserasthe identifiedspeaker
result,andbufferedalongsidetheturnsfor subsequent
usein thespeaker indexing.

7. RESULTS

The above fusion schemewasappliedto a broadcast
news video clip with eight speakers. Figure 4 illus-
tratesthe resultandthe impactof multi channeldeci-
sion fusion comparedwith audio-basedspeaker iden-
tification.



RANK AUDIO VIDEO FUSED
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UM 1.0 JW 1.0 OH

OH OH .988 AK .966

UF .989 AK .961 GB .941

AK .988 SF .939 JM .936

JM .986 GB .932 JW .808

GB .98 JM .925 SF .759

.99

.997

Figure4: Fusedresultsfor six top ranks.Notethatthe
truespeaker, OH,wasnot identifiedoneitherchannels
in thetop position,but theintegrateddecisionyielded
thecorrectresult(Thespeaker wasindeedOH).
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