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ABSTRACT

This papermproposes simple,computationallyefficient 2-mixture
modelapproacho discriminatebetweenspeechand background
noise at the magnitudespectrogramievel. It is directly derived

from obsenationsonrealdata,andcanbeusedin afully unsuper

visedmannerwith the EM algorithm.In this paperthe 2-mixture
modelis usedin an“UnsupervisedSpectralSubtraction’scheme
that canbe appliedasa pre-processingtepfor any acousticfea-

ture extraction scheme,suchas MFCCs or PLRP. The goal is to

improve noise-rolustnesof the acousticfeatures. Experimental
resultson bothOGI Numbers95 andAurora?2 tasksyieldedama-

jor improvementon all noiseconditions,while retaininga similar

performanceon cleanconditions.

1. INTRODUCTION

Rolustnesgo variousnoiseconditionsis a key featurefor speech
processingalgorithmsto be turnedinto versatile,real-world ap-
plications. Most often, two exclusive directionsarefollowed: ei-
ther enhancethe speechsignalitself by ideally filtering out the
noise[1, 2, 3], or changethe way acousticfeaturesare extracted
from the signal[4, 5]. This paperpresentsan intermediaryap-
proachthat enhanceghe featureextraction processat a level as
closeas possibleto the original signal: at the magnitudespec-
trogramlevel, i.e. in time-frequeng plane(TF). It relieson a 2-
mixture modelandunsupervisedEM fitting [6] on obsereddata.
Theunderlyingmotivationof thisapproacthisto rely onthees-
timatedposteriomprobabilityof observingactiity atagiven(time,
frequeng) point of the spectrogramsothatultimatelythe magni-
tude spectrograntanbe replacedby a “posteriogram”. In spirit,
the proposedapproachs relatedto TRAP-TANDEM [7] andfur-
therdevelopmentg8], althoughtheprobabilisticmodelingis made
hereatamuchlower level: the magnitudespectrogranitself.
Enhancingthe spectrogranitself, basedon probabilisticas-
sumptions[9], led to applicationsto noise-rolist ASR [10, 11],
andhasreceived muchattentionrecently[2, 3]. In orderto build a
probabilisticmodel,at leasttwo distributionsareneeded:onefor
backgrounchoise,and onefor speech.A very reasonablenodel
for backgroundnoiseon silent partsof the TF planeis a white
Gaussiamassumptiorfor real and imaginary parts, which trans-
latesinto assuminga Rayleighprobability densityfunction (pdf)
in magnitudedomain[12]. However, modelingof the speectpart
is much more complicateas such an assumptiondoesnot hold
arymore. Supegaussiammodelssuchasthe Laplacepdf may be
needed?2] for abetterfit onrealdata.Derivationof themagnitude
pdf of speechs thendifficult, andstill subjectto researci13].
Onthecontrary this paperproposeso restrictthe problemto
the modelingof large magnitudeof speectonly. Intuitively, the

mainideais thatlow speechmagnitudesannotbe distinguished
from backgrounchoise,beingintrinsically regionsof low Signal-
to-Noise Ratio (SNR). We thereforecompletethe well-justified

backgroundnoise Rayleighmodelwith an ad-hocpdf for activ-

ity, thatmodels‘large” magnitude®nly. “Large” is definedw.r.t.

the Rayleighmodelitself, and the completemodelingprocesss

fully unsupervisedWe applythis approactto enhancehe noise-
robustnessof single channelASR by removing noise from the

magnitudespectrogranusingspectrakubtraction. Themagnitude
spectrogranis filteredat a smallcost,sothatonly speechthatcan
be distinguishedirom backgroundnoiseis retained. No param-
etertuningis involved, thusjustifying the “unsupervisedspectral
subtraction"designation.

Note that the purposeof this paperis not to proposenowel
noise-rolist ASR featuresut rathera simple, genericapproach
thatcanbeusedasapre-processingtepto ary acoustideatureex-
tractionproces§MFCCs,PLR etc.). Thistypeof approachs very
muchin thespirit of [11]. The presenpaperconstitutesnainly an
updateof [14]. The main contritutionsarea simplificationof the
approachgivenin Sect.3.3 anda confirmationof the OGI Num-
bers95 resultsby testingonthe Aurora2 task,givenin Sect.4.4.

The restof this paperis organizedasfollows: Sect.3 intro-
ducesthe probabilisticmodel, motivating it with obsenationson
real data. The proposedapproachs contrastedo the closestex-
isting approachesuchas[10, 11]. Sect.4 reportsASR resulton
noisy telephonespeech: OGI Numbers95 [15], aswell as Au-
rora2 [16]. Finally, Sect.5 concludes.

A demo is available on the Internet, with all necessary
MATLAB codefor the Unsupervise@pectralSubtraction:
http://glat.info/ ma/ USS- EXAMPLE

2. NOTATIONS

Both time ¢ and frequeng f are discretizedinto samplesand
Niins frequeng bins (narrovbands),respectiely. y; is the pre-
emphasizedignal, 77 , is the DiscreteFourier Transform(DFT)
of a windowed signal [y:— N, 141 - - %] (Using Hamming
window), [-]* denotesghe transpositioroperator m ; = |77 |
is the magnitudein TF plane. y andm designateealizationsof
randomvariablesY” and M .

3. PROPOSED2-MIXTURE GENERATIVE MODEL

In this section, the commonly used Rayleigh silence model is
justified on real data, and completedwith an ad-hoc“activity”

model. The main differencewith existing, relatedmodelssuch
asin [9, 2, 3], is thatwe do not addresshe completeprobabilistic
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Fig. 1. Obsenationson realmeetingroomdata[17] (pre-emphasizedaveformy(t)). (a),(c): histograms(b),(d): phaseplots.

modelingof speechactiity, but limit oursehesto large magni-
tudesonly.

3.1. Obsewations on Real Waveforms

Simpleobsenationson silenceperiodsof apre-emphasizediave-
form y(¢) andits covariancematrix, as partially illustrated by
Figs.laand1lb, shav thatmodeling{Y;} asai.i.d, zero-centered
Gaussiarprocesss very reasonableUndersuchassumptionthe
realandimaginarypartof the DFT areindependenGaussiardis-
tributed variables,as shavn in Annex A. (Note that this deriva-
tion is exactanddoesnotrely on asymptoticatonsiderationsuch
asthe centrallimit theorem.) Thus, the magnitudeM ;. hasa
Rayleighpdf [12]. This type of assumptions usedin several ex-
istingworks[2, 13].

On the other hand, speechwaveformsare clearly not Gaus-
siandistributed, and not i.i.d., asshovn by Fig. 1c and 1d. As
mentionedoreviously, finding afully-justified pdf for speechmag-
nitude is still an openresearchsubject. Hence,in Sect.3.2 we
proposeto modellarge magnitude®f speectonly.

3.2. ProposedMixtur e Model

The proposedpdf for M is f (m) “p . film) + Pa - fa(m),
where P and Py arethe priors for “silence” and “activity”, re-
spectvely. Notethatthe modelis independentf f andt.

f1 isthe Rayleighpdf:

3

film) = Do 2t )

o1

and fa is a pdf thatmodelsmagnitudesn > 04, whered, is a
thresholddefinedw.r.t. fi. As astartingpoint,in this papemwe use
da = o1, whichis the modeof the Rayleighpdf. Thereasoning
is that valuesbelov the mode of the Rayleigh f; can safely be
assumedo bebackgrounchoise.

Moreover, we constrainfa to fulfill two practicalconstraints.
First, the derivative f4 (m) of the chosen“activity” pdf should
not be zerowhenm is justabove § 4, otherwisethe thresholdd a
will looseits meaningasit maybesetto anarbitrarily low value.
Secondthedecayof fa (m) whenm tendstowardsinfinity should
belowerthanthedecayof theRayleigh,in orderto make surethat
fa will capturedatawith large magnitudesandnot fi. A pdfthat
fulfills thetwo criterionsabove is a “shifted Erlang” pdf with h=2
(the Erlangpdf belongsto the Gammafamily [12]):

def

fa(m) = “almmon ()

Imso; BV (m—o1)-e

where 1,,>,, is equalto 1 if m > o1, and zero other
wise. Note the implicit stationarityassumptionthe 4 parameters
A = {P1, 01, Pa, A} areassumedo be independentf ¢. Fur
thermorejndependencef f is alsoassumedit is justified by the
pre-emphasisyhich whitensthe spectrum.

EM training of A [6]: Both“E” and“M” stepsinvolve sim-
ple mathematicakxpressions.In the “E” step,posteriorscanbe
estimatedasfollows:

Pi- fi(my,)
P filmys) + Pa - fa(myy)

andP (act |mys, A) =1— P (sil|mysy, A).

In the“M” step,exactmaximizationof thelikelihoodis diffi-
cult: sinceparameterg and s aretied in a non-linearfashion
(Eq. 2), we have not found a way to separatehem analytically
Fromthis constatationwe chosetwo options:

1. Numericaloptimizationof the exact likelihood of the ob-
sened datathough simplex searchin the (o1, \a) space
(e.g.f m nsear ch in MATLAB). In thiscasetheM step
requiresseveral sub-iterationdeforereachingalocal max-
imum. We referto this optionas“ML ".

2. Analytical approximationthroughmoment-methoda sin-
gle step). First o7 is updatedusingall data,then\ 4 is up-
datedusing all datawith valuesabove the new o1 value.
This optionis referredto as“moment’. It is definedby the
following updateequations:

1
> omi, - P(sil|mye, A) 72
It

P(silimyse, A) =

. (3

a1 2> P(silfmyy, A)
[t
S (mpe—61)"" - Plact|myy, A)
5 My > 01
AT > P (act|mye, A)
myg.t > (3'1

Data representation: While in [14] a small-costhistogram-
basedimplementatiorwas used,in the presentpaperthe costis
further reducedby opting for a direct representatiorwith a re-
ducedsetof samplegno weights). In all resultsreportedin this
paper only 100 representatie samplesare used: obsened mag-
nitude valuesare ordered,from which 100 samplesare picked at
regularintenals. This is equivalentto estimatepercentilevalues
atequalsteps.

An exampleof fit on onefile takenfrom the OGI Numbers95
databas¢§l5] canbeseenin Figs.2a,2band2c.
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Fig. 2. Exampleof fit of the 2-mixture model on noisy datataken from the OGI Numbers95 databasgFactory 0dB condition).
All plotsshov magnitudedatain thefrequeng domain.On spectrogranplots (a) and (d), the largestmagnitudesare red, the smallest

magnitudesreblue.

3.3. Unsupenised Spectral Subtraction (USS)

A 2-stepapproachis used:

1. EM fitting of the2-mixturemodel,asdescribedn Sect.3.2.
Eitherthe ML methodor the moment approximationcan
beused.

2. Spectrakubtractiorusingparametet; asafloor:

max (1, mf’t) (4)
g1

Notethattheflooring to a non-zerovalue (max (1, .. .)) is neces-
saryin the MFCC contet. Indeed |eaving zeromagnitudevalues
after spectralsubtractionwould lead to undesirabledynamicsin
cepstralcoeficients. An exampleof resultof Eq. 4 is shawvn in
Fig. 2d.

This approachcan be comparedto previous works. We
can note commonpoints “in spirit” with [11] (andto a lesser
extent [10]): adaptationto non-stationarynoisesis possiblein
both [11] andour approachthroughblock-wiseprocessingasil-
lustratedby experimentsreportedin Sect.4.3. Moreover, on the
modelingside,parametersf the “noise” distribution (i.e. silence)
aremoreimportantthanthoseof the“speech”distribution (i.e. ac-
tivity) in bothapproachesasthey areusedto floor the magnitude
values(max operator).

However, herethe modelingis madedirectly at the magni-
tude spectrogramevel, with a single modelfor all frequencies,
while in [11] modelingwas madeafter mel filterbank computa-
tion, and a model was definedfor eachcritical bandseparately
Moreover, the approachproposechereis one-passfully unsuper
vised,withoutary “feedback”loop, withoutary tunablethreshold,
withouthistogram.In [11], multiple stagesareinvolved,including
histograms,band-specifiqparametersshort-termand long-term
adaptationa “feedback”loop, tunableparametershat have to be
trainedand(optionally)injection of anartificial white noise.

Finally, notethatall posteriofbasediltering approachegre-
viously proposedn [14] yieldedinferior ASRresults ascompared
to the simple spectralsubtractionapproachof Eq. 4. A conse-
quenceis that posteriorcomputationfor spectrogranfiltering is
notnecessararymore,only comparingmagnitudevaluesm ¢ ; to
the o1 parametelis needed. The computationakostis therefore
reduced.

USs  def
Mg, =

4. APPLICATION TO NOISE-ROBUST ASR

This sectionpresentsan applicationof the 2-mixture model pro-
posedin Sect.3, thatattemptsto enhanceghe MFCC featureex-
traction processfor greaterrobustnesso noise. The contet is
HMM/GMM speectrecognition.

4.1. BaselineMFCC Extraction

Overlappingtime framesareused for examplel12.5msframeshift
is used,and 32 ms frame length. At eachtime framet, MFCC
extractionis implementedasfollows:

e Stepl: Themagnitudespectrunfm ¢ ... mn,,. ] ises-
timated,asexplainedin Sect.2.

e Step2: Mel-filterbanks,log compressiorandDiscreteCo-
sine Transform(DCT) areappliedto [m1 ¢ ... mu,...]", yield-
ing cepstrakoeficientsc?, . . ., ci?.

e Step 3: Mean- and variance-normalizeatepstral coefi-
cients, along with their deltasand delta-deltag39 dimensions),
arefed into the HMM/GMM systemfor training it or testingit.
Thisis truefor all experimentgeportedn this paper

Onedifferencewith resultsinitially reportedn [14] is theuse
of variancenormalizationwhich dramaticallimprovesall results.
Notethatbothmeanandvariancenormalizationsareappliedatthe
utterancdevel, beforedeltaanddelta-deltaestimation.

4.2. MFCC Extraction after Spectral Subtraction

Modification of Step 1: we simply proposeto fit the mixture
modelusingthe EM algorithm,aspresentedn Sect.3.2,andap-
ply theunsupervisedpectrakubtractiorasdescribedn Sect.3.3.
MFCCsaresubsequentlgxtractedexactly asin 4.1.

e Notel: thissimplespectrabubtractiorschemeyieldedbet-
ter resultsthanary of the variousposteriorbasedfiltering
approachednitially proposedn [14]. Therefore,only re-
sultsobtainedwith spectralsubtractionarereportedin this
paper

¢ Note2: cepstrakoeficientsc?, . . ., ¢i? areusedfor recog-
nition. It yieldedbetterresultsthanthe“global actvity fea-
ture” initially proposedn [14].



4.3. Experimental Resultson OGI Numbers 95 Task

12.5 ms frame shift is used,and 32 ms frame length. The OGI
Numbers95 databasd15] is usedfor connectedword recogni-
tion, with respectrely 3233 and 1206 utterancesn the training
andtestsets. Only “clean” conditionsare usedfor training. For
testing, in addition to the original “clean” conditions,the non-
stationary“Factory” noiseand the stationary“Lynx” noisefrom
the NoiseX 92 databas¢18] were addedat threelevels: 0, 6 and
12 dB. We usedthe HTK-toolkit [19] to train the HMM/GMM

systemwith 80 contet-dependenphonemes3 emitting stateger
phonemeand12 mixturesperstate.

Sincethe proposednodelis inherentlystationary higheren-
hancemenits expectedon “Lynx” thanon “Factory”. We thusran
the experimentgwice: onceoffline, andonceprocessingachfile
in ablock-wisefashion.Block-wiseprocessingimply consistdn
(1) splitting a file in small blocks(e.g. 0.255), (2) eachblock is
processedvith anequal-weightstratgy, asin [11]. EM fitting is
doneon200representatie samplesthe 100sample®f thecurrent
block andthe 100samplef the previousblock.

Resultsarereportedn Tah 1, alongwith thoseof the baseline
definedin Sect.4.1. First of all, we notethatthe “ML” method
systematicallyprovidesresultsinferior to thoseof the “moment”
method. After looking at the parameter®f the fitted modelsin
both caseswe found that the “moment” methodsystematically
yields larger o1 values. o7 is the thresholdof the spectralsub-
traction. Hence,the “moment” methodis more conserative: it
leadsto more noiseremoval, which may compensatesomeim-
perfectionsof the 2-mixturemodel. All otherresultsandfurther
discussionsisethe “moment” methodonly.

Results Overall,the proposedpproactprovidesa majorim-
provementon both stationary(Lynx) andnon-stationaryfFactory)
noiseconditions,withoutlossin cleanconditions

As expected plock-wiseprocessindeadsto anadditionalim-
provementin non-stationargonditions(Factory),for the costof a
slightdegradationin stationaryconditions(Lynx andclean).

4.4. Experimental Resultson Aurora 2 Task

All “try andtest” experimentswveredoneon the OGI Numbers95
task,with final resultsreportedanddiscussedn the previous sec-
tion. In orderto furtherconfirmtheobtainedesultswe pickedone
of the bestapproachimoment)andappliedit “as is” on a larger,
differenttask: Aurora 2 [16]). 1-secondblock-wise processing
waschosengsincea few files in Auroraaremuchlongerthanthe
OGI Numbers95files.

The Aurora 2 task was designedto evaluate the front-end
of ASR systemsin noisy conditions[16]. The taskis spealer
independentonnectedligit recognition. The databaseomprises
isolateddigits and sequence®sf up to 7 digits from the TIDig-
its databas¢20] spolenby maleandfemaleUS-Americanadults.
The original 20kHz datawas downsampledo 8 kHz, in orderto
obtaina telephonebandpasdetweer0 and4 kHz. Theresulting
dataconstitutesthe cleanspeechdata(cleancondition). Noises
were thenaddedartificially at different SNR levels (20 dB to -5
dB). The noiseswererecordedat differentplaces:suturbantrain,
crowd of people(babble),car, exhibition hall, restaurantstreet,
airport, and train station. Unlike our OGI Numbers95 experi-
ments, nothing can be said strictly aboutthe stationarityof the
noisesignals. Somenoisesarefairly stationary for instancecar
noise and exhibition noise. Otherscontain non-stationarysey-
ments.e.g.streetoise,babblenoiseandairportnoise.

Condition: clean| FactoryNoise Lynx Noise
SNR(dB) ©o | 0 6 12| 0 6 12

Baseline | 6.8 [50.3 23.9 13.325.0 14.7 10.]]
ProposedML) 6.7 |47.9 25.0 13.521.5 13.2 9.2
Proposedmoment) 6.7 [46.0 22.2 12.719.8 12.1 8.9

Fn';%‘?;’;ﬁfblock) 7.8 |43.9 21.5 12.519.9 12.5 9.4

Table 1. Word Error Rate (WER) on OGI Numbers95. Both
cepstralmeanand variancenormalizationsare usedin all cases.
“block” denotesblock-wiseprocessing0.25s, i.e. 20 frames).
Bold faceindicateshe bestresultin eachcolumn.

TheAurora2 taskdefinestwo differenttrainingmodes:train-
ing on cleanconditiononly, andtraining on both cleanandnoisy
conditions.In this paper only experimentswith trainingon clean
conditionarereportedbecausé¢hepurposeof ourapproachs pre-
ciselyto remove noiseasmuchaspossibleén orderto make acous-
tic modelingas noise-rolust as possible,while retaining similar
performancein clean conditions The detailsaboutthe training
set,testsetandHTK recognizeicanbefoundin [16].

Resultson Aurora 2 testsetsA andB with training on clean
dataarereportedn Tah 2 and3, respectiely. All Aurora2 exper
imentsused10 msframeshift and25 msframelength.

We did not run experimentson testset C, becausat is the
result of transmissionthrough a channelwith a “rising slope”
frequeny responseas describedin [16]. This violatesour as-
sumptionthat the noise model is independenof f. A simple
workaroundwould be to implementnoisemodelingand subtrac-
tion within eachnarrovbandor critical bandseparatelyThesame
approacktouldbeused but this is beyondthe scopeof this paper

Finally, we needto mentionthat we also ran the baseline
experimentswithout cepstralvariancenormalization,reportedin
Tah 4, in orderto checkwhetherour baselinecomparego the
ones usedh [16] andICSLP 2002. Indeed all resultsaresimilar,
andaverageresultsareequalor better

Results: Fromboth Takh 2 and3, the conclusionis the same.
For anaveragelossof 0.3%absolutein cleanconditions,a major
improvements obtainedn all noiseconditions.Theimprovement
is particularlylargefor 0, 5,10and15dB.

4.5, Discussion

To conclude,after initial testson the OGI Numbers95 task, we
“froze” the approach,testedit on the Aurora 2 task. In both
casesthe exact sameconclusionwas dravn: a major improve-
mentin noisy conditionscan be obtainedwith the proposedore-
processingwhile similar performance# cleanconditionsarere-
tained.Thisis particularlyinterestinggiventhat(1) themodeling
involves 4 parameternly, (2) fitting is fully unsupervisedind
doesnotrequireary tuning. Only thechoserdurationof theblock-
wise processinganhave animpacton non-stationargonditions.

5. CONCLUSION

A simple, inexpensve and effective 2-mixture generatie model
wasproposedo discriminatebetweemoiseandspeecthin the TF
plane. A key point is that the speechmixture componentmod-
elslarge magnitude®only. The 2-mixturemodelis trainedon ob-
sened datain a fully unsupervisednanner usingthe EM algo-



SNR(dB)[ Subvay Babble Car Exhibition] Average

clean 0.8 11 12 1.0 1.0
20 3.5 3.0 3.6 4.1 35
15 6.8 6.8 7.3 7.4 7.1
10 14.7 141 16.0 15.2 15.0
5 32.2 37.1 345 30.9 33.7
0 64.5 74.1 69.0 59.5 66.8
-5 87.1 89.7 90.1 84.8 88.0
Average

(00 20) 24.3 27.0 26.1 23.4 25.2

(a) Baseline

[ SNR(dB)[Subvay Babble Car Exhibition] Average
clean 1.2 14 1.3 1.1 1.3
20 3.2 1.8 2.2 35 2.7
15 5.7 3.3 3.4 5.7 4.5
10 11.5 7.5 7.7 13.3 10.0
5 29.0 241 1838 29.4 25.3
0 62.4 57.7 438 58.0 55.5
-5 85.3 86.4 78.8 83.0 83.4
Average | 553 189 152 220 | 19.6

(0to 20)
(b) Proposedpproaci{moment,1-seconclocks)

Table 2. WER resultson Aurora 2, testsetA. In all casespoth
cepstrameanandvariancenormalizationvereapplied.Bold face
indicatesthe bestresultfor each(condition,SNR) pair.

rithm. Obtainedparametersirethe basisfor noiseremoval atthe
magnitudespectrograntevel.

The“UnsupervisedSpectralSubtraction”proposedn this pa-
peris a simplification of our previous work [14]. The computa-
tional costis very low, andin constrasto otherworks, no param-
etertuningis involved. Experimentalstudieswere conductedon
both OGI Numbers95 and Aurora 2 tasks,with the samecon-
clusion: when applied as a pre-processingo MFCCs, the pro-
posedapproachallows for a major improvementin noise condi-
tions, while retainingsimilar performance cleanconditions.

Onedirection for future work is large vocakulary corversa-
tional speeclrecognition. Anotherdirectionis applicationof the
sametype of modellingapproactto a very differentproblem: mi-
crophonearray-basedpealer detectionandlocalization. Promis-
ing resultswerereportedn [14].
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7. ANNEX A

In this sectionwe derive the Rayleighmagnitude-domaisilence
modelof \.7—'fY| (Eq. 1) from a white Gaussiarassumptiorfor the
pre-emphasizesignalY;.

First, let us recall a resultoriginally shovn by Ricein 1944
(for a demonstratiorsee[12, pp. 296-297]). Rice shaved that
giventwo zero-mearGaussianuncorrelatedandomvariablesA

SNR(dB) [ RestaurantStreet Airport Train-stat] Average

clean 0.8 11 1.2 1.0 1.0
20 2.6 3.3 2.8 3.8 3.1
15 5.2 6.3 55 7.9 6.2
10 12.2 142 123 16.3 13.7
5 31.2 32.7 288 35.2 32.0
0 65.2 63.4 61.8 69.9 65.1
-5 87.5 86.3 86.8 89.8 87.6
Average

(00 20) 23.3 240 222 26.6 24.0

(a) Baseline
[ SNR(dB)[ RestaurantStreet Airport Train-stat] Average]

clean 1.2 14 1.3 11 1.3
20 1.6 2.4 1.8 1.7 1.9
15 4.2 4.6 2.9 4.2 4.0
10 9.2 9.8 6.1 9.3 8.6
5 26.5 240 178 20.8 22.3
0 58.9 50.7 445 47.7 50.4
-5 84.2 780 774 78.3 79.5
Average

(00 20) 20.1 183 146 16.8 174

(b) Proposeddpproach(moment,1-secondlocks)

Table 3. WER resultson Aurora 2, testsetB. In all casespoth
cepstralmeanandvariancenormalizationwereapplied.Bold face
indicatesthebestresultfor each(condition,SNR) pair.

and B with samestandardieviation o, and R |A+jB| theR
variablehasa Rayleighpdf:

'r2
fr(r) = Ze 32 for r>0 (5)
g

Let us now define Yi.ny, as a vector of N uncorre-

lated zero-mearGaussiamandomvariableY;.y < [v; ... Y] ™.
The Discrete Fourier Transform (DFT) of Y is ]-‘l’beinS =

[FY - ~~]—‘}\§bins]T wherefor agiven f = 1... Npins:

Nyins

def _on _ n—1
FYE D YaeUTUR (6)
n=1

Let Ay = Re (F} ) andBy = Im (F7 ). In otherterms:

==

Ay = S Mine ¥, cos (=27 (f — 1)252)
{ Bf = ZN:{]S Y,. sin (7271'(]" — 1)%) (7)

n

For f = 1wehae A; = 3| Y, =0andB; = 0.

For f > 1: the randomvariable Ay (resp. By) is a
weightedsum of zero-meansingle Gaussiarrandomvariables,
therefore[21, p. 99] it is alsoa zero-meansingle Gaussiaman-

domyvariablewith variance:

{ Ohy = Npiteo 2n(f D) )

a%f = o2 Zgi‘l“s sin? (27r (f-1 an) .

1Uncorrelationandindependencare equivalentfor Gaussiarrandom
variables.



SNR(dB)[ Subvay Babble Car Exhibition] Averagd

clean 0.9 09 11 0.9 1.0
20 3.9 26 28 4.1 3.3
15 9.4 6.4 8.0 9.4 8.3
10 29.2 22.3 33.0 28.6 28.3
5 63.4 56.1 68.8 64.6 63.2
0 80.1 78.7 815 82.3 80.7
-5 87.6 88.5 89.3 90.5 89.0
Average

(010 20) 37.2 33.2 38.8 37.8 36.8

(a) TestSetA

SNR(dB) [ RestaurantStreet Airport Train-stat] Average

clean 0.9 0.9 1.1 0.9 1.0
20 2.1 3.4 2.2 2.1 25
15 5.0 8.4 4.8 6.0 6.1
10 17.3 266 154 22.2 204
5 47.9 60.0 48.1 57.5 53.4
0 74.8 79.6 73.0 77.4 76.2
-5 87.2 88.9 852 87.9 87.3
Average

(0t0 20) 294 35.6 28.7 33.0 317

(b) TestSetB

Table 4. Aurora2: MFCC Baselineresultswithout cepstralvariancenormalization.

Giventhatcos® ¢t = 1(1+ cos2t) andsin®t = 1 (1 — cos 2t)
we canwrite:

) _

0'124f =% (N + 3, cos (4m (f — 1) °5) ©)]
2 —_—

o3, = % (N = S, cos (4m (F = 1) 252)

Let usnow write thecomple« domainsum:
N N-1

. n— —_ N
Zeﬂ4rr(ffl) ~ _ Zan _l-a —0, (10)

11—«
n=1 n=0

becausex™ = 1, wherea = I I (Sincel < f < N,
«a # 1 andall termsin Eq. 10 aredefined.)FromEqgs.9 and10we
concludethat:
O'AfIO'BfIO' % (11)

As for the cross-correlationaAfodétE{Afo}, it is a
weightedsumof E{Y.,. Y, } which areall zerobecausef the un-
correlationhypothesistherefores 4, 5, = 0.

To concludewe have shovn thattherandomvariablesA ; and
By arezero-meanuncorrelatedingleGaussiamandomvariables
of samevariancethereforetheresultof Riceapplies:

For f > 1, | F} | hasaRayleighpdf of parameterry/ &
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