
UNSUPERVISED SPECTRAL SUBTRACTION FOR NOISE-ROBUST ASR

GuillaumeLathoud,Mathew Magimai.-Doss,BertrandMesotandHervéBourlard
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ABSTRACT
This paperproposesa simple,computationallyefficient 2-mixture
modelapproachto discriminatebetweenspeechandbackground
noiseat the magnitudespectrogramlevel. It is directly derived
from observationsonrealdata,andcanbeusedin a fully unsuper-
visedmanner, with theEM algorithm.In thispaper, the2-mixture
modelis usedin an “UnsupervisedSpectralSubtraction”scheme
that canbe appliedasa pre-processingstepfor any acousticfea-
ture extraction scheme,suchas MFCCs or PLP. The goal is to
improve noise-robustnessof the acousticfeatures.Experimental
resultsonbothOGI Numbers95andAurora2 tasksyieldedama-
jor improvementon all noiseconditions,while retaininga similar
performanceoncleanconditions.

1. INTRODUCTION

Robustnessto variousnoiseconditionsis a key featurefor speech
processingalgorithmsto be turnedinto versatile,real-world ap-
plications. Most often, two exclusive directionsarefollowed: ei-
ther enhancethe speechsignal itself by ideally filtering out the
noise[1, 2, 3], or changethe way acousticfeaturesareextracted
from the signal [4, 5]. This paperpresentsan intermediaryap-
proachthat enhancesthe featureextractionprocessat a level as
closeas possibleto the original signal : at the magnitudespec-
trogramlevel, i.e. in time-frequency plane(TF). It relieson a 2-
mixturemodelandunsupervisedEM fitting [6] onobserveddata.

Theunderlyingmotivationof thisapproachis to rely onthees-
timatedposteriorprobabilityof observingactivity atagiven(time,
frequency) point of thespectrogram,sothatultimatelythemagni-
tudespectrogramcanbereplacedby a “posteriorgram”. In spirit,
theproposedapproachis relatedto TRAP-TANDEM [7] andfur-
therdevelopments[8], althoughtheprobabilisticmodelingis made
hereatamuchlower level: themagnitudespectrogramitself.

Enhancingthe spectrogramitself, basedon probabilisticas-
sumptions[9], led to applicationsto noise-robust ASR [10, 11],
andhasreceivedmuchattentionrecently[2, 3]. In orderto build a
probabilisticmodel,at leasttwo distributionsareneeded:onefor
backgroundnoise,and onefor speech.A very reasonablemodel
for backgroundnoiseon silent partsof the TF planeis a white
Gaussianassumptionfor real and imaginaryparts,which trans-
latesinto assuminga Rayleighprobability densityfunction (pdf)
in magnitudedomain[12]. However, modelingof thespeechpart
is much more complicateas suchan assumptiondoesnot hold
anymore. Supergaussianmodelssuchasthe Laplacepdf may be
needed[2] for abetterfit onrealdata.Derivationof themagnitude
pdf of speechis thendifficult, andstill subjectto research[13].

On thecontrary, this paperproposesto restricttheproblemto
themodelingof largemagnitudesof speechonly. Intuitively, the

main ideais that low speechmagnitudescannotbe distinguished
from backgroundnoise,beingintrinsically regionsof low Signal-
to-NoiseRatio (SNR). We thereforecompletethe well-justified
backgroundnoiseRayleighmodelwith an ad-hocpdf for activ-
ity, thatmodels“large” magnitudesonly. “Large” is definedw.r.t.
the Rayleighmodel itself, andthe completemodelingprocessis
fully unsupervised.We apply this approachto enhancethenoise-
robustnessof single channelASR by removing noise from the
magnitudespectrogramusingspectralsubtraction.Themagnitude
spectrogramis filteredatasmallcost,sothatonly speechthatcan
be distinguishedfrom backgroundnoiseis retained. No param-
etertuning is involved, thusjustifying the “unsupervisedspectral
subtraction”designation.

Note that the purposeof this paperis not to proposenovel
noise-robust ASR features,but rathera simple,genericapproach
thatcanbeusedasapre-processingstepto any acousticfeatureex-
tractionprocess(MFCCs,PLP, etc.).This typeof approachis very
muchin thespirit of [11]. Thepresentpaperconstitutesmainlyan
updateof [14]. Themaincontributionsarea simplificationof the
approach,given in Sect.3.3 anda confirmationof theOGI Num-
bers95 resultsby testingon theAurora2 task,givenin Sect.4.4.

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

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

2. NOTATIONS

Both time t and frequency f are discretizedinto samplesand
Nbins frequency bins (narrowbands),respectively. yt is the pre-
emphasizedsignal,Fy

f,t is theDiscreteFourierTransform(DFT)

of a windowed signal [yt−Nsamples+1 . . . yt]
T (using Hamming

window), [·]T denotesthe transpositionoperator. mf,t = |Fy
f,t|

is the magnitudein TF plane. y andm designaterealizationsof
randomvariablesY andM .

3. PROPOSED2-MIXTURE GENERATIVE MODEL

In this section, the commonly usedRayleigh silencemodel 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 addressthecompleteprobabilistic
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Fig. 1. Observationson realmeetingroomdata[17] (pre-emphasizedwaveformy(t)). (a),(c):histograms,(b),(d): phaseplots.

modelingof speechactivity, but limit ourselves to large magni-
tudesonly.

3.1. Observationson RealWaveforms

Simpleobservationsonsilenceperiodsof apre-emphasizedwave-
form y(t) and its covariancematrix, as partially illustrated by
Figs.1aand1b,show thatmodeling{Yt} asa i.i.d, zero-centered
Gaussianprocessis very reasonable.Undersuchassumption,the
realandimaginarypartof theDFT areindependentGaussiandis-
tributedvariables,asshown in Annex A. (Note that this deriva-
tion is exactanddoesnot rely onasymptoticalconsiderationssuch
as the central limit theorem.) Thus, the magnitudeMf,t hasa
Rayleighpdf [12]. This typeof assumptionis usedin severalex-
istingworks[2, 13].

On the other hand,speechwaveformsare clearly not Gaus-
sian distributed, and not i.i.d., as shown by Fig. 1c and 1d. As
mentionedpreviously, findingafully-justified pdf for speechmag-
nitude is still an openresearchsubject. Hence,in Sect.3.2 we
proposeto modellargemagnitudesof speechonly.

3.2. ProposedMixtur eModel

The proposedpdf for M is f (m)
def
=PI · fI(m) + PA · fA(m),

wherePI andPA are the priors for “silence” and“activity”, re-
spectively. Notethatthemodelis independentof f andt.

fI is theRayleighpdf:

fI(m)
def
=

m

σ2
I

e
−

m2

2σ2
I , (1)

andfA is a pdf that modelsmagnitudesm > δA, whereδA is a
thresholddefinedw.r.t. fI. As astartingpoint, in thispaperweuse
δA = σI, which is the modeof the Rayleighpdf. The reasoning
is that valuesbelow the modeof the RayleighfI can safely be
assumedto bebackgroundnoise.

Moreover, we constrainfA to fulfill two practicalconstraints.
First, the derivative f ′

A(m) of the chosen“activity” pdf should
not bezerowhenm is just above δA, otherwisethe thresholdδA

will looseits meaning,asit maybesetto anarbitrarily low value.
Second,thedecayof fA(m) whenm tendstowardsinfinity should
belower thanthedecayof theRayleigh,in orderto makesurethat
fA will capturedatawith largemagnitudes,andnotfI. A pdf that
fulfills thetwo criterionsabove is a “shifted Erlang” pdf with h=2
(theErlangpdf belongsto theGammafamily [12]):

fA(m)
def
= 1m>σI

· λ2
A · (m − σI) · e

−λA(m−σI), (2)

where 1m>σI
is equal to 1 if m > σI, and zero other-

wise. Note the implicit stationarityassumption:the4 parameters
Λ = {PI, σI, PA, λA} areassumedto be independentof t. Fur-
thermore,independenceof f is alsoassumed;it is justifiedby the
pre-emphasis,whichwhitensthespectrum.

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

P (sil |mf,t, Λ) =
PI · fI(mf,t)

PI · fI(mf,t) + PA · fA(mf,t)
. (3)

andP (act |mf,t, Λ) = 1 − P (sil |mf,t, Λ).
In the“M” step,exactmaximizationof thelikelihoodis diffi-

cult: sinceparametersσI andλA aretied in a non-linearfashion
(Eq. 2), we have not found a way to separatethemanalytically.
Fromthisconstatation,wechosetwo options:

1. Numericaloptimizationof the exact likelihoodof the ob-
served data thoughsimplex searchin the (σI, λA) space
(e.g.fminsearch in MATLAB). In this case,theM step
requiresseveralsub-iterationsbeforereachinga localmax-
imum. Wereferto thisoptionas“ML ”.

2. Analytical approximationthroughmoment-method(a sin-
gle step).First σI is updatedusingall data,thenλA is up-
datedusing all datawith valuesabove the new σI value.
Thisoptionis referredto as“moment”. It is definedby the
following updateequations:

σ̂I =

2

6

6

4

P

m2
f,t · P (sil |mf,t, Λ)

f, t

2
P

P (sil |mf,t, Λ)
f, t

3

7

7

5

1
2

λ̂A =

P

(mf,t − σ̂I)
−1 · P (act |mf,t, Λ)

mf,t > σ̂I
P

P (act |mf,t, Λ)
mf,t > σ̂I

Data representation: While in [14] a small-costhistogram-
basedimplementationwasused,in the presentpaperthe cost is
further reducedby opting for a direct representationwith a re-
ducedsetof samples(no weights). In all resultsreportedin this
paper, only 100 representative samplesareused: observed mag-
nitudevaluesareordered,from which 100 samplesarepicked at
regular intervals. This is equivalentto estimatepercentilevalues
atequalsteps.

An exampleof fit ononefile takenfrom theOGI Numbers95
database[15] canbeseenin Figs.2a,2band2c.
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Fig. 2. Exampleof fit of the 2-mixture model on noisy data taken from the OGI Numbers95 database(Factory 0dB condition).
All plotsshow magnitudedatain thefrequency domain.On spectrogramplots (a) and (d), the largestmagnitudesare red, the smallest
magnitudesareblue.

3.3. UnsupervisedSpectralSubtraction (USS)

A 2-stepapproachis used:

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

2. SpectralsubtractionusingparameterσI asafloor:

m
USS
f,t

def
= max

„

1,
mf,t

σI

«

(4)

Notethat theflooring to a non-zerovalue(max (1, . . .)) is neces-
saryin theMFCC context. Indeed,leaving zeromagnitudevalues
after spectralsubtractionwould lead to undesirabledynamicsin
cepstralcoefficients. An exampleof resultof Eq. 4 is shown in
Fig. 2d.

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

However, herethe modeling is madedirectly at the magni-
tude spectrogramlevel, with a single model for all frequencies,
while in [11] modelingwas madeafter mel filterbank computa-
tion, and a model was definedfor eachcritical bandseparately.
Moreover, theapproachproposedhereis one-pass,fully unsuper-
vised,withoutany “feedback”loop,withoutany tunablethreshold,
withouthistogram.In [11], multiplestagesareinvolved,including
histograms,band-specificparameters,short-termand long-term
adaptation,a “feedback”loop, tunableparametersthathave to be
trainedand(optionally)injectionof anartificial whitenoise.

Finally, notethatall posterior-basedfiltering approachespre-
viouslyproposedin [14] yieldedinferior ASRresults,ascompared
to the simple spectralsubtractionapproachof Eq. 4. A conse-
quenceis that posteriorcomputationfor spectrogramfiltering is
notnecessaryanymore,only comparingmagnitudevaluesmf,t to
the σI parameteris needed.The computationalcost is therefore
reduced.

4. APPLICATION TO NOISE-ROBUST ASR

This sectionpresentsan applicationof the 2-mixturemodelpro-
posedin Sect.3, that attemptsto enhancethe MFCC featureex-
traction processfor greaterrobustnessto noise. The context is
HMM/GMM speechrecognition.

4.1. BaselineMFCC Extraction

Overlappingtimeframesareused,for example12.5msframeshift
is used,and32 ms frame length. At eachtime frame t, MFCC
extractionis implementedasfollows:

• Step1: Themagnitudespectrum[m1,t . . . mNbins,t]
T is es-

timated,asexplainedin Sect.2.
• Step2: Mel-filterbanks,log compressionandDiscreteCo-

sineTransform(DCT) areappliedto [m1,t . . . mNbins,t]
T, yield-

ing cepstralcoefficientsc0
t , . . . , c

12
t .

• Step 3: Mean- and variance-normalizedcepstralcoeffi-
cients,along with their deltasand delta-deltas(39 dimensions),
are fed into the HMM/GMM systemfor training it or testingit.
This is truefor all experimentsreportedin thispaper.

Onedifferencewith resultsinitially reportedin [14] is theuse
of variancenormalization,whichdramaticallyimprovesall results.
Notethatbothmeanandvariancenormalizationsareappliedat the
utterancelevel, beforedeltaanddelta-deltaestimation.

4.2. MFCC Extraction after SpectralSubtraction

Modification of Step 1: we simply proposeto fit the mixture
modelusingtheEM algorithm,aspresentedin Sect.3.2,andap-
ply theunsupervisedspectralsubtractionasdescribedin Sect.3.3.
MFCCsaresubsequentlyextracted,exactlyasin 4.1.

• Note1: thissimplespectralsubtractionschemeyieldedbet-
ter resultsthanany of the variousposterior-basedfiltering
approachesinitially proposedin [14]. Therefore,only re-
sultsobtainedwith spectralsubtractionarereportedin this
paper.

• Note2: cepstralcoefficientsc0
t , . . . , c

12
t areusedfor recog-

nition. It yieldedbetterresultsthanthe“global activity fea-
ture” initially proposedin [14].



4.3. Experimental Resultson OGI Numbers95Task

12.5 ms frameshift is used,and32 ms frame length. The OGI
Numbers95 database[15] is usedfor connectedword recogni-
tion, with respectively 3233 and 1206 utterancesin the training
andtestsets. Only “clean” conditionsareusedfor training. For
testing, in addition to the original “clean” conditions,the non-
stationary“Factory” noiseand the stationary“Lynx” noisefrom
theNoiseX92 database[18] wereaddedat threelevels: 0, 6 and
12 dB. We usedthe HTK-toolkit [19] to train the HMM/GMM
systemwith 80context-dependentphonemes,3 emittingstatesper
phonemeand12mixturesperstate.

Sincetheproposedmodelis inherentlystationary, higheren-
hancementis expectedon “Lynx” thanon “Factory”. We thusran
theexperimentstwice: onceoffline, andonceprocessingeachfile
in a block-wisefashion.Block-wiseprocessingsimply consistsin
(1) splitting a file in small blocks(e.g. 0.25s), (2) eachblock is
processedwith anequal-weightstrategy, asin [11]. EM fitting is
doneon200representativesamples:the100samplesof thecurrent
blockandthe100samplesof thepreviousblock.

Resultsarereportedin Tab. 1, alongwith thoseof thebaseline
definedin Sect.4.1. First of all, we note that the “ML” method
systematicallyprovidesresultsinferior to thoseof the “moment”
method. After looking at the parametersof the fitted modelsin
both cases,we found that the “moment” methodsystematically
yields larger σI values. σI is the thresholdof the spectralsub-
traction. Hence,the “moment” methodis moreconservative: it
leadsto morenoiseremoval, which may compensatessomeim-
perfectionsof the 2-mixturemodel. All otherresultsandfurther
discussionsusethe“moment”methodonly.

Results: Overall, theproposedapproachprovidesamajorim-
provementon bothstationary(Lynx) andnon-stationary(Factory)
noiseconditions,withoutlossin cleanconditions.

As expected,block-wiseprocessingleadsto anadditionalim-
provementin non-stationaryconditions(Factory),for thecostof a
slightdegradationin stationaryconditions(Lynx andclean).

4.4. Experimental Resultson Aurora 2 Task

All “try andtest” experimentsweredoneon theOGI Numbers95
task,with final resultsreportedanddiscussedin theprevioussec-
tion. In orderto furtherconfirmtheobtainedresults,wepickedone
of the bestapproach(moment)andappliedit “as is” on a larger,
different task: Aurora 2 [16]). 1-secondblock-wiseprocessing
waschosen,sincea few files in Auroraaremuchlongerthanthe
OGI Numbers95files.

The Aurora 2 task was designedto evaluate the front-end
of ASR systemsin noisy conditions[16]. The task is speaker-
independentconnecteddigit recognition.Thedatabasecomprises
isolateddigits and sequencesof up to 7 digits from the TIDig-
its database[20] spokenby maleandfemaleUS-Americanadults.
The original 20kHz datawasdownsampledto 8 kHz, in orderto
obtaina telephonebandpassbetween0 and4 kHz. Theresulting
dataconstitutesthe cleanspeechdata(cleancondition). Noises
werethenaddedartificially at differentSNR levels (20 dB to -5
dB). Thenoiseswererecordedat differentplaces:suburbantrain,
crowd of people(babble),car, exhibition hall, restaurant,street,
airport, and train station. Unlike our OGI Numbers95 experi-
ments,nothing can be said strictly about the stationarityof the
noisesignals. Somenoisesarefairly stationary, for instancecar
noise and exhibition noise. Otherscontain non-stationaryseg-
ments,e.g.streetnoise,babblenoiseandairportnoise.

Condition: clean FactoryNoise Lynx Noise
SNR(dB) ∞ 0 6 12 0 6 12

Baseline 6.8 50.3 23.9 13.325.0 14.7 10.1

Proposed(ML) 6.7 47.9 25.0 13.521.5 13.2 9.2
Proposed(moment) 6.7 46.0 22.2 12.719.8 12.1 8.9
Proposed
(moment,block)

7.8 43.9 21.5 12.519.9 12.5 9.4

Table 1. Word Error Rate(WER) on OGI Numbers95. Both
cepstralmeanandvariancenormalizationsareusedin all cases.
“block” denotesblock-wiseprocessing(0.25 s, i.e. 20 frames).
Bold face indicatesthebestresultin eachcolumn.

TheAurora2 taskdefinestwo differenttrainingmodes:train-
ing on cleanconditiononly, andtrainingon bothcleanandnoisy
conditions.In this paper, only experimentswith trainingon clean
conditionarereported,becausethepurposeof ourapproachis pre-
ciselyto removenoiseasmuchaspossiblein orderto makeacous-
tic modelingasnoise-robust aspossible,while retainingsimilar
performancein clean conditions. The detailsaboutthe training
set,testsetandHTK recognizercanbefoundin [16].

Resultson Aurora 2 testsetsA andB with training on clean
dataarereportedin Tab. 2 and3, respectively. All Aurora2 exper-
imentsused10msframeshift and25msframelength.

We did not run experimentson test set C, becauseit is the
result of transmissionthrough a channelwith a “rising slope”
frequency response,as describedin [16]. This violatesour as-
sumptionthat the noise model is independentof f . A simple
workaroundwould be to implementnoisemodelingandsubtrac-
tion within eachnarrowbandor critical bandseparately. Thesame
approachcouldbeused,but this is beyondthescopeof thispaper.

Finally, we needto mention that we also ran the baseline
experimentswithout cepstralvariancenormalization,reportedin
Tab. 4, in order to checkwhetherour baselinecomparesto the
ones usedin [16] andICSLP2002. Indeed,all resultsaresimilar,
andaverageresultsareequalor better.

Results: FrombothTab. 2 and3, theconclusionis thesame.
For anaveragelossof 0.3%absolutein cleanconditions,a major
improvementis obtainedin 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 drawn: a major improve-
ment in noisy conditionscanbe obtainedwith the proposedpre-
processing,while similar performancesin cleanconditionsarere-
tained.This is particularlyinteresting,giventhat(1) themodeling
involves 4 parametersonly, (2) fitting is fully unsupervisedand
doesnotrequireany tuning.Only thechosendurationof theblock-
wiseprocessingcanhaveanimpactonnon-stationaryconditions.

5. CONCLUSION

A simple, inexpensive and effective 2-mixture generative model
wasproposedto discriminatebetweennoiseandspeechin theTF
plane. A key point is that the speechmixture componentmod-
els largemagnitudesonly. The2-mixturemodelis trainedon ob-
served datain a fully unsupervisedmanner, using the EM algo-



SNR(dB) Subway Babble Car Exhibition Average

clean 0.8 1.1 1.2 1.0 1.0
20 3.5 3.0 3.6 4.1 3.5
15 6.8 6.8 7.3 7.4 7.1
10 14.7 14.1 16.0 15.2 15.0
5 32.2 37.1 34.5 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
(0 to 20)

24.3 27.0 26.1 23.4 25.2

(a)Baseline

SNR(dB) Subway Babble Car Exhibition Average

clean 1.2 1.4 1.3 1.1 1.3
20 3.2 1.8 2.2 3.5 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 24.1 18.8 29.4 25.3
0 62.4 57.7 43.8 58.0 55.5
-5 85.3 86.4 78.8 83.0 83.4
Average
(0 to 20)

22.3 18.9 15.2 22.0 19.6

(b) Proposedapproach(moment,1-secondblocks)

Table 2. WER resultson Aurora 2, testsetA. In all cases,both
cepstralmeanandvariancenormalizationwereapplied.Bold face
indicatesthebestresultfor each(condition,SNR)pair.

rithm. Obtainedparametersarethebasisfor noiseremoval at the
magnitudespectrogramlevel.

The“UnsupervisedSpectralSubtraction”proposedin thispa-
per is a simplificationof our previous work [14]. The computa-
tional costis very low, andin constrastto otherworks,no param-
etertuning is involved. Experimentalstudieswereconductedon
both OGI Numbers95 and Aurora 2 tasks,with the samecon-
clusion: when appliedas a pre-processingto MFCCs, the pro-
posedapproachallows for a major improvementin noisecondi-
tions,while retainingsimilarperformancesin cleanconditions.

One direction for future work is large vocabulary conversa-
tional speechrecognition.Anotherdirectionis applicationof the
sametypeof modellingapproachto a very differentproblem:mi-
crophonearray-basedspeaker detectionandlocalization.Promis-
ing resultswerereportedin [14].
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7. ANNEX A

In this sectionwe derive the Rayleighmagnitude-domainsilence
modelof |FY

f | (Eq. 1) from a white Gaussianassumptionfor the
pre-emphasizedsignalYt.

First, let us recall a resultoriginally shown by Rice in 1944
(for a demonstrationsee[12, pp. 296-297]). Rice showed that
given two zero-meanGaussian,uncorrelatedrandomvariablesA

SNR(dB) RestaurantStreet Airport Train-stat. Average

clean 0.8 1.1 1.2 1.0 1.0
20 2.6 3.3 2.8 3.8 3.1
15 5.2 6.3 5.5 7.9 6.2
10 12.2 14.2 12.3 16.3 13.7
5 31.2 32.7 28.8 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
(0 to 20)

23.3 24.0 22.2 26.6 24.0

(a)Baseline

SNR(dB) RestaurantStreet Airport Train-stat. Average

clean 1.2 1.4 1.3 1.1 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 24.0 17.8 20.8 22.3
0 58.9 50.7 44.5 47.7 50.4
-5 84.2 78.0 77.4 78.3 79.5
Average
(0 to 20)

20.1 18.3 14.6 16.8 17.4

(b) ProposedApproach(moment,1-secondblocks)

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

andB with samestandarddeviationσ, andR
def
= |A + jB|, theR

variablehasaRayleighpdf:

fR(r) =
r

σ
e
−

r2

2σ2 for r > 0 (5)

Let us now define Y1:N , as a vector of N uncorre-

lated1 zero-meanGaussianrandomvariableY1:N
def
= [Y1 . . . YN ]T.

The Discrete Fourier Transform (DFT) of Y is FY
1:Nbins

=
ˆ

FY
1 · · · FY

Nbins

˜T
wherefor agivenf = 1 . . . Nbins:

FY
f

def
=

Nbins
X

n=1

Yne
−2π(f−1) n−1

N (6)

Let Af = Re
`

FY
f

´

andBf = Im
`

FY
f

´

. In otherterms:



Af =
PNbins

n=1 Yn cos
`

−2π(f − 1)n−1
N

´

Bf =
PNbins

n=1 Yn sin
`

−2π(f − 1)n−1
N

´ (7)

For f = 1 wehaveA1 =
PN

n=1 Yn = 0 andB1 = 0.
For f > 1: the random variable Af (resp. Bf ) is a

weightedsum of zero-mean,single Gaussianrandomvariables,
therefore[21, p. 99] it is alsoa zero-mean,singleGaussianran-
domvariablewith variance:

(

σ2
Af

= σ2 PNbins
n=1 cos2

`

2π (f − 1) n−1
N

´

σ2
Bf

= σ2 PNbins
n=1 sin2

`

2π (f − 1) n−1
N

´

.
(8)

1Uncorrelationandindependenceareequivalentfor Gaussianrandom
variables.



SNR(dB) Subway Babble Car Exhibition Average

clean 0.9 0.9 1.1 0.9 1.0
20 3.9 2.6 2.8 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 81.5 82.3 80.7
-5 87.6 88.5 89.3 90.5 89.0
Average
(0 to 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 2.5
15 5.0 8.4 4.8 6.0 6.1
10 17.3 26.6 15.4 22.2 20.4
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 85.2 87.9 87.3
Average
(0 to 20)

29.4 35.6 28.7 33.0 31.7

(b) TestSetB

Table4. Aurora2: MFCCBaselineresultswithout cepstralvariancenormalization.

Giventhatcos2 t = 1
2
(1+cos 2t) andsin2 t = 1

2
(1− cos 2t)

wecanwrite:
8

<

:

σ2
Af

= σ2

2

“

N +
PN

n=1 cos
`

4π (f − 1) n−1
N

´

”

σ2
Bf

= σ2

2

“

N −
PN

n=1 cos
`

4π (f − 1) n−1
N

´

”

.
(9)

Let usnow write thecomplex domainsum:
N

X

n=1

e
j4π(f−1) n−1

N =

N−1
X

n=0

α
n =

1 − αN

1 − α
= 0, (10)

becauseαN = 1, whereα = ej4π
f−1

N . (Since1 < f ≤ N ,
α 6= 1 andall termsin Eq.10aredefined.)FromEqs.9 and10we
concludethat:

σAf
= σBf

= σ

r

N

2
. (11)

As for the cross-correlationσAf Bf

def
= E{AfBf}, it is a

weightedsumof E{YnYp} which areall zerobecauseof theun-
correlationhypothesis,thereforeσAf Bf

= 0.
To conclude,wehaveshown thattherandomvariablesAf and

Bf arezero-mean,uncorrelatedsingleGaussianrandomvariables
of samevariance,thereforetheresultof Riceapplies:

For f > 1,
˛

˛FY
f

˛

˛ hasaRayleighpdf of parameterσ
q

N
2

.
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