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ABSTRACT

We describea schemdo combinethe resultsof audio
andfaceidentificationfor multimediaindexing andre-
trieval. Audio analysisconsistsof speechand speak-
errecognitiondervedfrom broadcashews videoclip.
The video componenis analyzedto identify the per
sonsin the samevideo clip using face recognition.
Whenappliedindividually bothspealkrandfacerecog-
nition schemesave limitations on conditionsunder
which they performreasonablywell. By integrating
the match-scoreesultsof both audioandvideo anal-
ysis, we find that the two techniquesancomplement
eachother Wediscusghesystemarchitecturdor such
acombinedsystemanddiscusshow decisionfusionis
appliedto disparatenatch-scoringystemso yield the
final spealer identity.

1. INTRODUCTION

Our multimediacontentbasedindexing and retrieval
systemrequiresanalysisof both textual and spealer
contentin a broadcasinevs audio or video clip. A
systemthat performssuchanalysismusthave thefol-
lowing distinctcapabilitiesin additionto theindexing
andretrieval functions: (1) automatictranscriptionof
speechinto text; (2) automaticspeakrbasedsemen-
tation of the incidentaudio; and (3) identification of
the spealrs of the detectedsggments. We have al-
readyprototypedandreportedsucha systen|1]. This
systenretrievesvideoclips or framesmuchlike audio
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ortext, usingonly theaudiocomponenbf thevideoto
build acombinedext- andspeakr-basedndex.

This paperis concernedvith introductionof video
modality to sucha systemfor the specificpurposeof
reinforcing confidencein the spealkr identity which
can be derived from a purely audio analysis. Face
detectionand identificationprocessesisedherehave
beenreportedin [2, 3]. Herewe focuson how to in-
corporatethe facerecognitioninto our existing audio-
only architecture We alsodescribehedecisionfusion
processthat integratesthe resultsof the audio-based
andthevideo-basedlassifiers.

2. SYSTEM OVERVIEW

Themediasources anMPEG1encodedligital stream.
Theaudioandthe video elementarystreamsanustfirst
be extractedand fed to the audio signal processing
front-endandthe facerecognitionmodulerespectre-
ly. The overall system,at this time, is expectedto
run on two PC’s with one PC being dedicatedo the
facerecognitiontask. This decisionis forced by the
compute-intense natureof currentface recognition
algorithms. This forcesthe needfor an anchoringof
the time basisthat relatesthe audioandvideo frames
thatbelongtogether

The functional block diagramof the overall sys-
temis depictedin Figurel. The audiofront-endcon-
vertstheincidentaudiointo mel-cepstrafeaturevec-
tors (or frames)and provides them simultaneouslyo
the transcription,segmentationand identificationen-
gines. The outputof the transcriptionengineis time
alignedtext while the outputof the segmentationen-



gineis turns(segmentboundaries).Theseare usedto
displaythe spolensegmentson the screerfor theuser
to view. But moreimportantlythe time alignedwords
andturnsaredumpedinto files for subsequenindex-

ing.
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Figure 1. Architecture of our system combining
speechspeakr, andfacerecognition- audio portion
only

Spealker identificationfollows spealkr sggmenta-
tion usingthe samemel-cepstralvectorsandturnsin-
formationalongwith a databasef voice-prints,to i-
dentify the speakrsof the successie sggments.With-
out facerecognition,the identity of the speakr sey-
mentwould be displayedon the screenand storedin
thesamebuffer astheturns. But with facerecognition,
a fusion of the audioandvideo identitiesdetermines
thefinal identity of the spealkr. Now thefusedidenti-
ty replacesheaudio-onlyspealkr identity for spealer
indexing.

The video processingprogressesoncurrentlybut
asynchronouslyith audioprocessingTheturnsgen-
eratedby the audio speakr seggmentationare usedto

delineatehevideoframeswhosefacecontentneedto
be identified for subsequentiecisionfusion with the
audio speakr identification. In reality, facesare de-
tectedtrackedandidentifiedateveryn frameswithout
regardto thelocationof theturns. Theturnsareused
to correlateasingleaudiospealkr sgmentwith theset
of videoframesassociateavith it (seeFigure?2).
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Figure 2. Architecture of our system combining
speechspealkr, andfacerecognition- video portion
only

3. AUDIO SPEAKER SEGMENTATION

The Bayesianinformation Criterion (BIC) partitions
the incidentaudiostreamrepresentetty mel-cepstral
vectorsinto sggmentsspolen by differentspeakrs. A

window W of N framess examinedo determinevhether

it includesaturnatits ith frameor not. Suchaturnen-
gendergwo windows, W1 andW,. Then:

ABIC(i) = —R(i) + AP where,



N —1

2
andP = 3(d+ @)logN,z‘ isthenumberof frames

in Wy, (N — 1) is thenumberof framesW,, andd is

the dimensionof the cepstralvectors. A is a penal-
ty function which for bestresultsfor 24-dimensional
vectorshasthevaluel.3.

A turnis confirmedat frame s whens is not on-
ly theminimizerof ABIC but alsodrivesit negative.
If noturnsarefound,thewindow sizeis increasedy
anincrementof N andthe testis appliedagain. This
processs repeateduntil a turn is found, but whenno
turnis foundandthewindow sizeexceedsapredefined
size without a segmentboundary the earliestframes
aredroppedfrom consideratiorbut their statisticsare
meigedwith that of the new window. See[4] for de-
tails.

. N )
R(i) = —4 log|Z| — ;log|Zi| — log| 3|

4. AUDIO-BASED SPEAKER
IDENTIFICATION

Spealkrenrollments apreludeto audio-basedpealer

identification.Utterancestepresentetdy mel-cepstral
vectors,from eachspeakr of interestaremodeledas
a mixture of Gaussiardistributionsthrougha cluster

ing procesd5]. Let{M; | i = 1..1} denotethe mod-
els pertainingto eachof the enrollees. Eachmodel
M,; canhave N; distributions associatedvith it. Let

w;; referto the jth distribution of modelI. Also let

{Z; | t = 1..T'} denotethe framesrepresentinghe
testutterancez whosespeakr is sought.Therun-time
classassignmenprogresseasfollows:

assign z — My iff Dy = mllnI [Di], where
1=1..

T
D; =) d(i,t), i=1.I, and

t=1
N;

d(i, t) = —log[ Y P(wij) p(Ze|wij)],
j=1
with P(w;;) beingthe prior of the jth distribution of
modeli, andp(Z;|w;;) beingthe conditionalpdf of the
tth frameof the testutteranceconditionedon the jth
componentf models.

Eachclassassignmenis accompaniedby a pseu-
dodistancewhich expressesherespectre confidence.
For modeli thisis D; x T', whereT' denoteshenumber
of framesin therespecire testutterance.

5. FACE RECOGNITION

The video elementarystreamis subjectedo a frame-
by-frameanalysiswhoseobjectis to first segmentthe
imageby partitioningit into faceandnon-faceregions
andalsoisolatingthe facesfrom eachother It is the
so-calledfacedetectionprocesgq?2] that bringsabout
imageseggmentationin avideo frame. With every de-
tectedfaceatrackis initiatedandanattempts madeto
maintainthetracktemporallyin thesubsequerftames
for thatface.Facedetectionis attemptedn ary frame
only whentrackscannotbe maintained.

Within eachfacealsosome29 landmarksare lo-
cated.Faceidentificationis basedon landmarkrecog-
nition [3]. Hencea faceis assignedo ary oneof the
numberof prototypefaceclassesvhenits landmarks
exhibit the highestcomparatre similarity to the con-
stituentlandmarksof thatgiven prototypeface.

After face detectionthe scaleand orientationof
eachlandmarkcanbe inferred. After beingstandard-
ized to its nominal scaleand orientationeachland-
mark is representedy a Gaborjet — a featurevec-
tor representationf the local grey valuedistribution.
Suchrepresentatiorfor prototypelandmarksare de-
rivedin the courseof a prior enrollment. The detect-
ed landmarksare correlatedto their prototypecoun-
terpartsthroughthe following similarity measureand
the meanof thusly computedsimilarity measuregor
all the detectedandmarksyields the overall scoreor
confidencan therespecire faceidentity.

Ej Yj Zj Y;
Vi X,V

wherey andY are the Gabor jets for a given test
andprototypelandmark,andS denotegheinter land-
marksimilarity measureThemeanof S for all detect-
ed landmarksconstituteshe video scorequalifying a
classassignmento agivenface.

Sy, Y) =

6. DECISION FUSION

The audio-basedpeakr identificationyields a single
setof rankedidentitiesfor eachaudiosegment.Onthe
otherhand,asingleaudiosegmentcorrespondto mul-
tiple videoframeswith eachvideoframeyieldingaset
of ranked faceidentities. Scoresexpressingthe confi-



dencen therespecire classassignmentareavailable
with eachrankedidentity.

Letthenumberof videoframeswhich survive face
detectionin a given speakr sggmentben. As afirst
stepthesen setsof ranked identitieshave to be ab-
stractedinto a single set of ranked identities. This
comprisef: 1) finding the mostfrequentfaceiden-
tity (the statisticalmode)at eachrank acrossall the
video framescorrespondindo the audiospealer seg-
ment;and2) computingthe medianscorefor thatrank
andassigningit to thusly derived mostfrequentface
identity. We now have two setsof ranked identities,
oneaudio-base@ndthe othervideo-based.

In thenext step theaudiospealer scoresarescaled
to a 0-1 rangeand normalizedby the standarddevia-
tion of the scoresf the ranked identitiesfor eachseg-
ment. This is repeatedor the video segmentscores.
This operationmalkes the video and the audio scores
compatiblefor the subsequerintegration.

Ourdecisionfusionschemes basednlinearcom-
binationof the audioandthe video classassignments.
Hencewe areimmediatelyfacedwith theissueof weight
selection. The weightsassignedo the audioandthe
video scoresaffect the influenceof their respectie s-
coresin the ultimateoutcome.Oneapproaclhis to use
fixedweights,say0.5,for each.Anotherapproachs to
let theweightsbe derivedfrom thedataitself. Therest
of theformulationusedhereusesthis latterapproach.
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Figure3: Ranledid scoredor audio(abore) andvideo
(belaw) for o neaudiosggmentwith six rankings.

Let {(rank,, audioScore,) | r = l..maxRank}

denotehescoredor rankedidentitiesfor audiospeak-
erclassassignments arank-scoreoordinatesystem,
where rank, representshe rank and audioScore,.,
the audioscoreof the rth point. In the samemanney
let {(rank,,videoScore,) | r = l..maxzRank} de-
notethecorrespondinglatasetfor thevideoidentities.
Both audio-basedndvideo-basedary monotonically
alongtherankaxis(Figure3). Weimposealinearvari-
ationon therank-scoredataby: (1) removing outliers
usingthe Houghtransform;and (2) fitting the surviv-
ing pointssetto a line using the leastmeansquares
error method. Therebythe ranked identities output
by the audio andvideo identificationsystemsare re-
ducedto two straightlines definedby audioScore =
m1 X rank + by andvideoScore = mo X rank + bo.
Theline with higherslopeis assumedo corvey more
discriminatve information. The normalizedslopesof
the two lines are usedas the weight of the respec-
tive resultswhencombiningthescoredrom theaudio-
basedandvideo-basedpeakr analysis.

With w; andw, representingqudioandthe video
channelsespectiely we computehefusedscore F'Sy,
for eachspealkr asfollows:

mi ma

wp = and w2 =

m1+m2 m1+m2'

FSy = wi[my X ranky + b1 ]
+ wa[me X ranky) + bo]

whereranky, is therankfor speakr k.

Theabove expressions computedver the collec-
tion of audioandvideospeakr identitiesderivedfrom
the laststep,andlater sortedby scoreto obtaina new
setof fusedranked identities. Thesefusedidentities
may be displayedto the userasthe identifiedspealker
result,andbufferedalongsidetheturnsfor subsequent
usein thespealer indexing.

7. RESULTS

The above fusion schemewas appliedto a broadcast
news video clip with eight spealrs. Figure4 illus-
tratesthe resultandthe impactof multi channeldeci-
sion fusion comparedwith audio-basedpealkr iden-
tification.



RANK AUDIO VIDEO FUSED
1 UM 1.0 IW 1.0 OH 99
2 OH .997 OH 988 AK  .966
3 UF 989 AK .961 GB .941
4 AK 988 SF 939 IM .936
5 JM 986 GB 932 Jw  .808
6 GB .98 M 925 SE .759

Figure4: Fusedresultsfor six top ranks.Notethatthe
truespealer, OH, wasnotidentifiedon eitherchannels
in thetop position,but theintegrateddecisionyielded
thecorrectresult(The speakr wasindeedOH).
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