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Abstract - This paper describesrecentwork on decisionfusion in audiovisual speech
recognition. In this work, a novel approachis proposedto combineaudio and videochan-
nel information in audiovisual speechrecognition scenario. We have considered frame-
level phonetic classificationproblem using two single-stream GaussianMixtur e Models.
Audio and video streamsare adaptively weightedusing a cumulative meanof the sample
confidencevaluesover pastframesin addition to the presentsampleconfidencevalue. The
confidencevalues for audio and video decisionsare computed using an L-statistics (lin-
ear combination of order-statistics) of log-likelihoodsagainst phone models. It is shown
thr ough various experiments,on a databaseof about 15000sentencesfr om large vocab-
ulary continuousspeech,that the proposedapproachresultsin better classificationaccu-
racy ascompared to other approaches.

INTRODUCTION

Improving robustnessof speechrecognitionagainstvariousnoisetypesin theau-
dio channelhasbecomea focusareain therecentpast.Videocanhelpto achievethis
asit is not affectedby samenoisetypesasaudioandthereis somekind of orthogo-
nality betweentheaudioandvideochannels[6, 7].

Integrationof audioandvideochannelscanbebroadlycategorizedinto featurefu-
sion(earlyintegration)anddecisionfusion(lateintegration).Specificapproachesre-
latedto featurefusionaredescribedin [2, 3, 6], andfor decisionfusionin [1, 4, 8, 12].
In featurefusion,bothaudioandvisualfeaturevectorsarecombinedto form anaudio-
visual featurevectorwhich is usedin audio-visualspeechrecognition. In decision
fusion,separaterecognitionis performedonaudioandvisualfeaturevectorsandtheir
decisionsarecombinedto get the final decision. It is observed that decisionfusion
canproducebetterresultsin audio-visualspeechrecognitionastherecognitionblock
for eachstreamcanbeoptimizedfor thatparticularstream[12]. In thepresentwork,
weproposeanovel approachfor decisionfusionin audio-visualspeechrecognition.

EARLIER APPROACHES

In decisionfusion, log-likelihoodsarecomputedfor audioandvideo separately
usingaudioandvisualphonemodelsandthey arelinearly combinedto get the final



log-likelihood[1, 4, 8]. However, not mucheffort hasbeenput into usinganoptimal,
possiblydynamicsetof weights,in thelinearcombination.Peoplehaveeithersimply
usedentropy basedweights[4], or they proposeto usefixedweightslearnedfrom the
trainingdata[8]. Someresearchershavealsoproposedto useweightsaccordingto the
signal-to-noiseratio (SNR)level, presentin theaudiochannel[8]. Recently, we have
startedlooking at this aspectwith the simpleexperimentsof phoneticclassification
with audio-visualphoneticmodels. In [11], this problemis addressedin general,
with estimationof streamexponentsbeingusedto calculatea combinedaudio-visual
scorecorrespondingto thephonemodels.In thispaper, we addresstheissueof audio
corruptedby noisein moredetail.We explorethepossibilityof incorporatinganother
confidencemeasureto tacklethenoisepresentin theaudiochannel.

PROPOSEDAPPROACH

We know thataudioandvideohave differentunits of speech,viz., phonemeand
visemerespectively. Visemesare fewer in numberas comparedto phonemesand
hencevideo haslower discriminatingpower amongvariousspeechsoundsascom-
paredto audioin normalcircumstances.Videohelpsaudioin speechrecognitiononly
in two conditions. First, when audio haslower than normal discriminatingpower
becauseof thepresenceof backgroundnoiseandsecond,whenthesoundbeingrec-
ognizedis acousticallyverycloseto anotherspeechsound,for example’/m/’ and’/n/’
in spokenEnglish.In cleanconditions,therefore,videoshouldbeaddedto audioonly
whenaudiois confuseddueto acousticallyconfusablesoundbeingrecognized.Oth-
erwise,videocanevendegradetheaudioonly recognitionperformance.This canbe
easilyobservedby lookingat thecorrespondinglog-likelihoodsof audioandvideofor
a few frameswhereacousitcallydistinctsoundsarebeingprocessedfor example’/p/’
and’/m/’. Similarly, in noisyconditions,althoughvideoshouldhelpaudiofor all the
sounds,but theamountof importance(or weight)givento videodecisionshouldbe
dependentuponthenoiselevel presentin theaudiochannel.

To determinetheconfusabilityof the soundbeingrecognizedand the amountof
noiselevel presentin the audiochannel,we proposeto usethe separationof likeli-
hoodsagainstphonemodelsasa confidencemeasure.Moreover, we proposeto use
thelikelihoodseparationin two differentwaysto obtaintheweightof thechannelin
the fusion. First of all, whatwe call a L-statisticof the log-likelihoodsis calculated
for every frame,to determinetheacousticconfusabilityof thesoundbeingprocessed
in thecurrentframe,which we call sampleconfidence. Secondly, a cumulativemean
of this sampleconfidencevaluesis calculatedover all the previous frames,andthen
usedasa measureof thenoiselevel presentin theaudiochannel.We call this overall
confidenceof thechannel.

Calculating SampleConfidence

For agivenframeindex � , �����	� denoteslog-likelihoodof audioframecorrespond-
ing to phoneclass
 . Detailsfor calculatingthelog-likelihoodarestandardin thisfield



anddescribedin [11], whereasimilarapproachis used.Theindex 
 is suchthat � ���	� ’s
form orderstatistics,i.e.,

��������������	����������������	� (1)

where � is the numberof phoneclasses.It shouldbe noticedthat the index 
 does
not representany particularphone.It is 1 for mostlikely phoneclassand � for least
likely phoneclassfor a particularframe. Sampleconfidencefor audioframe � , ���� ,
is calculatedas
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where
"

� ’sarethecoefficientsto chooseaparticularL-statistic.A prescriptionfor the
choiceof the

"
� ’s is describedin Section.

Calculating Overall Confidence

It is evident from the discussionearlier in this sectionthat in cleanspeech,the
sampleconfidenceshouldbe low for acousticallyconfusablesoundsand high for
relatively easilydistinguishablesounds.However, in noisy speech,thereis another
factor, noise,dueto which thesampleconfidencevaluewill varyandconsequentlybe
hardto measurereliably. It will be high for low noiselevel andlow for high noise
level. Hence,justby lookingat asingleframeor a few frames,onecannotdetermine
that low (or high) sampleconfidencevalueis dueto acousticallyconfusable(or dis-
tinguishable)soundbeingrecognizedin thecurrentframe,or dueto thenoisepresent
in theaudiochannel.Therefore,we proposeto usea cumulative meanof thesample
confidence,overa largenumberof frames,to determinethenoiselevel presentin the
audiochannel.This overall confidencevalue, &'� , for theaudiochannelis computed
asfollows

& � �)(*& �,+-� $.(/�1032,4-56� ��� 4879� (3)

We found the valueof & � to bewell separatedfor variousSNRlevels. This ap-
proachto measurethenoiselevel is easiercomparedto otherapproacheswhichfail in
caseof cafeteria(or cocktail)noise.

Weight estimation fr om sampleand overall confidence

The weight given to the audio decision,at frame � , is calculatedas a function
of the two confidencevalues,namely, the sampleconfidencevalueand the overall
confidencevalue,in thefollowing way

: �� �<; � (=� ��� 4-56; � (*& � 4 (4)

We have chosena simplethresholdfunctionas ; � (/4 andan exponentialfunction for
; � (=4 , whicharedescribedin theexperimentsection.



At eachframe, the combinedlog-likelihood is computedfor every phoneclass
from the correspondingaudio and video log-likelihoods( � ���	� and ��> �	� ) and their
respectiveweights.

�?���	�@� : ���A$������	�%5�(B2C0 : ���94#$�� > �	�EDGFH
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The phoneclasswith highest �?���	� is chosenas the correctphoneclassfor the
frame.

EXPERIMENTS

We haveperformedphoneticclassificationexperimentsoverVVAV database.De-
tails aboutthis databaseandsystemsetupusedto generateaudioandvideo feature
vectorscanbefoundin [10]. In all thefollowing experiments,we haveused

"
� �L2 ,

"
� �G0�2 and

"
� ��M for 
AN�)2OD8P for theL-statistic.This resultsin takingthestatisti-

calseparationof thefirst andsecondmostlikely phoneclasseswhichis alsointuitively
a measureof confidence.We tried to extendthis andusethethird mostlikely phone
classalsoin the L-statisticwhich did not result in significantimprovementover the
first approach.For noisy audio,we have recordedcafeterianoiseandaddedthis to
cleanaudiospeechat differentSNRlevels.

In thefirst setof experiments,we usedonly thesampleconfidencevalueto assign
weights. Whenever, the sampleconfidencewasgreaterthana threshold,video was
not usedin the fusion ( : � �Q2 ). If it was lessthanthe thresholdvalue,video was
givenanexperimentallydeterminedweight( : >1�RMS� PIT ). This thresholdwaslearned
from thetrainingdata.

In thenext setof experiments,thecumulativemeanof theaudiosampleconfidence
valueswasusedto measurethenoiselevel presentin theaudiochannelandhencethe
weight assignmentwasmadedependentuponthis overall confidencevalueaswell.
The following exponentialfunction wasusedto calculatethe audioweight from the
overallconfidencevalueasdescribedin Section.

;U�I(=&'�94V��WX7Y(B2�5[Z\^]-(E0`_a$.(*&'�.0cb-4E4K4 (6)

whereW , _ and b werelearnedfrom thetrainingdataonceandthey work well across
all noiselevels.

RESULTS AND DISCUSSION

Resultsfor the experimentsarepresentedin Table1. The first andsecondrows
of thetablecontainthephoneticclassificationresultsfor audioonly videoonly clas-
sification. The third row containsthe resultsfor theexperimentswhereonly sample
confidencevalueswereused.Thefourthrow hastheresultsfor theexperimentswhere
overall confidenceof theaudiochannelwasalsoused.Thelastrow shows theresults
whichwereobtainedby manuallyadjustingaudioandvideostaticweightsfor thebest



NoiseLevel Clean 15 DB 10dB

Only Audio 50.43% 39.68% 14.68%
Only Video 27.40% 27.40% 27.40%

Only sampleConf. 54.90% 44.73% 23.85%
SampleandOverallConf. 54.90% 44.84% 29.84%

ManualOptimum 53.77% 43.51% 28.10%

Table1: Resultsfor PhoneticClassification

possibleresults.Herestaticmeansthat the weightsdo not changeduring the exper-
iment. We areusingtheseresultsasa benchmarkto compareour approachwith the
otherapproachesproposedin theliteraturewhich usestaticweights.

As we seefrom the third row, in caseof cleanspeech,by just usingthe sample
confidencevalueswe getsignificantimprovementin theresults.If we comparethese
resultswith theresultspresentedin [1, 4], we seea considerableimprovementin our
results.For examplein [1], theimprovementachievedin cleanspeechis about5.51%
while our resultsshow about8.86%improvement.Notethesignificantimprovement
in ourresultsis becausevideois addedto audio,onlywhenaudiois confused(haslow
confidence),andvideois not (hashighconfidence).Otherwise,videois not used.We
don’t seemuchimprovementby addingthe overall confidencevaluesin this caseas
thereis no noisepresent.

However, in caseof noisyspeech,we get betterresultswhenwe incorporatethe
overall confidencevaluesin weight assignmentprocess.This is dueto the fact that
on thedetectionof noise,moreweightis givento videoacrossall thephonesascom-
paredto cleanspeech.This improvementis verymuchevidentin caseof 10dB SNR.
In the 15 dB SNR case,we do not get significantimprovementby usingthe overall
confidencevalues.This is becauseat thisparticularnoiselevel, thediscriminationca-
pability of audiois still betterthanvideoandhencevideocanonly helpaudiobecause
of theorthogonalitypresentbetweenthechannels.Finally, notethatweimproveupon
theuseof staticoptimal(manual)weightsin all cases.

CONCLUSION

In thepresentwork,weshow thatlikelihoodseparationcanbeusedasaconfidence
measureto weighaudioandvideostreamsin audio-visualspeechrecognition.Further,
a meanvalueof thelikelihoodseparationover largenumberof framescanbeusedto
determinethe noiselevel presentin the audiochannelandhencethe weight of the
audiostreamcanbeadjustedautomaticallyto gettheoptimalresults.
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