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Abstract— This paper presentsa modification in a tech-
nigue of channel normalization widely known as Cepstral
Mean Subtraction (CMS). This modification is basedon the
intr oduction of language dependentphonetic modification.
A careful investigation using Brazilian Portuguesewas car-
ried out showing that it is possibleto impr ovethe CMS chan-
nel identification thr ough a constantvector, associatedwith
the language,obtained fr om an estimation of the mean cep-
stral coefficientsfrom clean speechsignal over time. As a
consequenceof better channel estimation, better features
normalization is attained. Computer simulations were car-
ried out with cepstral coefficientsextracted fr om Mel-scale
in a spealer identification experiment where the proposed
technique, in somecases,jmproved the recognitionrate on
the top of the CMS goodresults.

I. INTRODUCTION

O NE of the main problems reported in automatic
speecltandspealker recognitiontechnologyhasbeen
the differentrecordingervironmentsusedin training and
testingcorpora. This mismatchmay be causedy differ-
enttransmissiorchannelsdifferentacousticervironment,
and/ordifferentmicrophonesRecentresearchhasshovn
that, for the caseof no mismatchand cleandata, speech
recognitionsystemshave reachech good performanceor,
equvalently they presentvery smallerrorrates.Neverthe-
less,for the casewherethereis mismatchbetweentrain-
ing andtestingsignals theperformancelropssignificantly

[1]. Nowadaysthereis a growing interestandconsequent y; = s; + h

increasingresearcheffort in channelnormalizationtech-
niques,which try to compensatéor thesechanneldistor
tions.

Channelnormalizationis usually carried out in some
specificfeaturesxtractedfrom speectsignal. The mostly
usedfeaturesfor this purposeare the onesbasedon the
conceptof homomorphicdecowolution [2] suchascep-
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stralcoeficients,which hasthefollowing formulation.Let
y(t) bethe resultof the convolution betweensignal s(t)
andh(t), thechanneimpulseresponsesuchthat

y(t) = s(t) * h(?) (1)

Oncethis signalis digitized and the Discrete Fourier
Transform(DFT) is appliedto eachframé', the corvo-
lution in (1) resultsin a multiplication on the frequenyg
domain.

|Yeil = Skl | Hk| (2

wherek istheDFT index andi is theframeindex. In order
to simplify the notation,we will dropthe DFT index and
useY;, S;, andH to denotethe DFT vector (containing
all DFT coeficients)for eachframe.

Aiming the removal of the channelinfluenceby sub-
tractingits componentsthe logarithmfunctionis applied
to bothsidesof the previous equatiorsuchthata multipli-
cationturnsinto anaddition.

log [Y;i| = log [S;| + log [H| 3)

It is now possibleto retrieve oneinformationif we know
theotherone. An inversetransformis thenusedin (3) and
the result, in the cepstraldomain(DFT cepstrumin this
case)js

(4)

whereyy;, si, andh arethe cepstralcoeficientsvectorfor
eachframe of the distortedspeechthe cleanspeechand
thechannelrespeciiely.

CepstralMean Subtraction(CMS) [4], [5], alsoknown
asCepstraMeanNormalization(CMN), is oneof themost
widely usedschemes$or channehormalization.Thistech-
nique is basedon the removal of the DC level obtained
from the time evolution of the cepstralcoeficients. This
temporalmeanis a rough estimateof the transmission

! Thespeectsignalis dividedin overlappingframesandeachframeis

windowedbeforeapplyingthe DFT. It is alsoassumedhatthewindow
sizeis around4 timesthe channeimpulseresponsg3].
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channelor microphoneresponseNeverthelessits farand
wide usecomprisesboth speechand spealer recognition
[3], [6].

In [7], amodificationin the CMS wasproposedn order
to compensatéor the distortionsintroducedby the poles
(of the all-pole filter in the LPC model) in the channel
identificationproblem.Thistechniquevasknown aspole-
filter andpresenteé smoothingpropertyonthepeakgyen-
eratedby thosepoles. In [6], two algorithmsusedto im-
prove the CMS normalizatiorwereanalyzed:onethrough
log-DFT meannormalizationwhich shavs that the blind
channelidentification carried out by the CMS is subop-
timal and a secondusing secondorder statisticswith the
help of a Hidden Markov Model (HMM) for the chan-
nel identification. The useof the secondorder statistics
improves the normalizationwith the expenseof a higher
computationatompleity.

In orderto have the cepstralmeanbeing admittedas
a fair estimateof the channel,CMS assumeghat clean
speechcepstralmeantendsto zero[8]. The goal of this
paperis the propositionthatthisis not exactly true but de-
pendsonthelanguageWe, therefore proposea modifica-
tion wherethe cepstralmeanof the languagés takeninto
accountfor a morereliable estimateof the channel.As a
result, a more effective featuresnormalizationis accom-
plished.

This paperis divided asfollows. In Sectionll, the for-
mulationof the CMS andits basicproblemsarereviewed.
Sectionlll introduceshe proposednethodwhich triesto
compensatéor the effect of the languagein the channel
estimation.The simulationresultsof a speakr identifica-
tion experimentarepresentedn SectionlV followedby a
few conclusions.

Il. CMS CHANNEL NORMALIZATION

CepstralMean Subtractionis a featuresnormalization
techniquebasedon channelblind identification. There-
fore,ary previousknowledgeaboutthe signalfeaturesan
bring someadwantageto the algorithm. Let usfirst con-
sideraframemeanin thecepstraldomaingiven by

1 & 1 &
SO Vi= D (Ei+h)
=1 =1

whereN is the numberof speecHrames.

In mary casesa previous knowledgeof a givenspeech
signalis the assumptiorthatthe channelis time invariant
asindicatedabove by the lack of subscripti in h. This
meansthat, given the time evolution of a cepstralcoef-
ficient, the channelaffects only its DC level. With this

®)

>

assumption(5) canbewritten as

_ 1 X

y=h+3> 8 (6)
=1

or,

y=h+3s (7)

According to [8], if the speechsignalis balancedin
termsof voiced,urvoiced,andplosive soundsthecepstral
meantendsto zeroor § — 0 suchthaty ~ h.

Onceobtainedthe channelestimate we cango further
to normalizationwith thefollowing subtraction

Simkyi—y (8)
NeverthelessCMS presentdwo basicproblems. The
first oneis thefactthattheassumedbalancehardlyoccurs.
Moreover, this balances expectedto vary from language
to languageThesecondoroblemconcernghe subtraction
of the cepstraimeanitself which will notonly remove the
effect of the channelbut arything constantand common
for all speecHrames. This meanghatwe areloosingin-
formation. This problemwasaddressedh [9], wherethe
varianceof thesignalwasanalyzedeforeandafter CMS,
shawving thatthe spealkrsvarianceis reducedafter CMS.

1. THE PROPOSED METHOD

This sectiondevelops an approachwhich tries to im-
prove channelnormalizationfrom the assumptiorthat §
doesnottendto zero. We could nameit a Languaje De-
pendenModifiedCMS

Fromtheright sideof (7), we notethatif § is not zero,
as expectedby the CMS, the channelestimatewill be
biased. According to our experiments,this assumption
(8 ~ 0 wasnot true for Portuguese.Computerexperi-
mentsdrove usto the conclusionthats, the cleanspeech
cepstralmean,remainsconstantor a particularlanguage
anda pre-definedsex (male or female). This assumption
implies that, for eachspealer, the cepstraimeantendsto
aconstanvalueandalsothattheseconstantsfor different
speakrs,presensmallvariance.

In [6], it wasshavn thatfor the Englishlanguagethe
elementsof § presensmallvariancein channeldentifica-
tion if estimatedveraminimumperiodof time. Thisfact
supportsour basicassumptiorfor the English case. For
the Portuguese&ase,two experimentswere conductedn
ordercheckour claim of constanimean.

In the first experiment,the coeficients were extracted
from a 2 minutes, reasonablyclean (lab conditions),

~
~
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speechsignalrecordedby a male speakr. The estimate
wasobtainedviam, = 1 37| ;. Fig. 1 depictsthetem-
poral evolution of this estimatefor thefirst four Mel cep-
stralcoeficients(MelC) [10].
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Fig. 1. Evolution of the estimateof the first four Mel coefi-
cients.

Theoretically the meanis obtainedas N — oco. How-
ever, we canseein thefigurethatafter sometime — differ-
entfor eachcoeficient— the estimationof the meanvalue
of thatcoeficienttendsto aconstantOthertestswerecar
ried out with severalspeakrsand,in all casestheresults
weresimilar.

The secondexperimentconcerningthe claim of a lan-
guagedependentonstantleanspeecltepstramean(m)
impliesthatthis vectoris representate for ary spealker of
the samesex andsamelanguage Fig. 2 shavs theresults
of two curves: the onewith small squarescorrespondso
vectorm estimatedrom around30 minutesof undistorted
Portuguesewith different phrasedrom [11], spolen by
12 malespeakrs. The secondcurve comesfrom 15 other
male speakrs, eachone speakingaround30 secondsf
undistorted?ortugueseThis curve containghemeanplus
minusstandardieviation shavn with verticalbarsmarked
with “X” atthe extremities. FromFig. 2, we canseethat
the meanestimatedrom 15 speakrsis very closeto the
oneobtainedwith 30 minutes.This suggestshatm corre-
spondgo arepresentate constanfor speectsignalsfor a
givenlanguaggandsex) andcanbe usedasa reasonable
approximationof s for shortersignals. The experiments
have shavn thatthis meanvectoris spealkr independent
andthatthey canbeunderstoodisa linguistic featureof a
language.
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Fig. 2. ComparingMel cepstralcoeficients from 2 distinct
estimations.

Assumingthe term$ beingapproximatelyequalto the
cepstratoeficientmeanestimatedrom acleansignal,m,
we canobtaina morereliablechannelestimateaccording
toy — m = h + § — m suchthatif § ~ m then
h~y—-m 9)

In the previous section,it wasmentionedthatfor blind
channelestimationary prior knowledgecanimprove the
result. We now shav thatthis prior knowledgeof thelan-
guagecharacteristigivenby m, leadsto animprovedesti-
mationof the channel.In orderto testchannelestimation,
two telephonechannelsvereused.Onefollows ITU Rec-
ommendationG.151 and will be designatedChannelA.
Theotheroneis adigital modelof acontinentajpoorvoice
channeldesignatedChannelB. Both channelsanbe ob-
senedin Fig. 3 aswell asthe resultsof a blind channel
estimationusing corventional CMS, the proposedmodi-
fied CMS, andwhatwe have namedBestPossibleEstima-
tion (viz BPE,thenon-realcasewherewe have bothclean
anddistortedsignalsandobtainthe channelestimationby
subtractinghe cepstrunof the cleanspeectrom the cep-
strumof the distortedsignalaccordingto (4)). In this par
ticularexample,20 LPC cepstraktoeficients(LPCC)[12],
wereused. Thetestconsistedf estimatingthe frequeny
responsef thesetwo channelswith 2 minutesof speech
convolvedwith A andB. The (BrazilianPortuguese/male)
meanvectorusedwas obtainedwith the 30 minutesesti-
mationpreviously described.

FromFig. 3, we canobsere thatthe estimatiornthrough
the proposednodifiedCMS is superiorthanthatfrom the

<>
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Fig. 3. Channelestimationwith corventionalCMS, proposed
modification,andthetheoreticabestpossibleestimation.

corventionalCMS procedure.

IV. EXPERIMENT IN SPEAKER IDENTIFICATION

AutomaticSpealker RecognitiofASR)is agenericerm
concerninghetaskof discriminatingoeoplebasedntheir
speeclhfeatures.ASR canbe classifiedaccordingto their
taskasSpeakr IdentificationandSpealkr Verification In
this section,we will addresshetext independenspealer
identificationproblemwhich correspondso theclassifica-
tion of an utteranceas belongingto one specificspealer
from a—closedn our case—sebf referencespeakrs.

A. DecisionSystenUsed

Vector Quantization(VQ) appliedto ASR was intro-
ducedin [13] andwasthe decisionsystemchoserfor the
evaluationof the proposedcompensatiorschemes.Each
spealkr codebookwas obtainedfrom 32 speechfeatures
groupsextractedfrom eachspeakr utterance. For the
training, it wasusedthe LBG algorithm as describedn
[14]. Thesystemidentificationschemas shavn in Fig. 4.

Theoutputresultfor eachpossiblespealer (Spkk), k € {1
to K'} is thetotal distanceDy, givenby:

(10)

wherek correspondso the speakr index, M is thenum-
berof centroids,and N is the numberof windows of the
testsignal.

For thecomputatiorof d(a;, b;), the Euclideardistance
was used. This distance(aswell asthe VQ itself) was
chosenfor its simplicity and the fact that our goal was
the comparatie analysisof the efficiency of the proposed
techniguenotobtainingthe bestpossiblerecognitionrate.
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Fig. 4. IdentificationSystemusingVQ.

B. CorpusUsed

In orderto carry out simulationsof the spealkr identi-
fication usingthe proposechormalizationsa speecidata
basewasrecordedn the SpeecHh_ab of the Instituto Mil-
itar de EngenhariglME). This simplecorpuswasformed
by recording speechfrom 50 male speakrs, eachone
speaking20 groupsof 10 phrasegproposedn [11].

The silenceperiodsof the speechsignalsfrom these
phrasesvereextractedanddividedasfollows:

« speechusedfor training andtesting— we usedthe first
18 groupssuchthat:

— trainingspealkers: 40 speakinglmin each;

— testutterances474 recordedoy the 40 speakrs,each
utterancewith 30secof speech.
» speectusedfor obtainingvectorm: thelast10 spealkrs
were usedandthe last two groupsof text readsuchthat
trainingandtestutterancesveredifferent.

Thetraining utterancesverefilteredthroughchannelA
andthetestutteranceshroughchanneB.
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C. Speakr IdentificationResults

Table| presentghe error rate? obtainedunderthe fol-
lowing conditions: without channelcompensationwhen
CMS wasused,andwhenthe proposedmethod,the lan-
guagedependenmodified CMS, wasused. Note, in the
first column, the hugeerror causedy channelmismatch
whenVQ is used. Also notein this table that the con-
figuration presentedvas concerningthe frame rate: the
framesizein millisecondsandthe overlappingof adjacent
frames. It is worth-mentioningthat the featureusedwas
the Mel CepstralCoeficients (MCC) which in prior ex-
perimentscarriedout with the samecorpusresultedin the
lowesterrorratewhenMel, LPC,DFT, andPLP[15] were
comparedwith no compensatiorscheme.In the speakr
identificationexperimentdescribechere,consideringthat
we are using telephonechannelswe have usedonly the
filters (from the Mel scalefilter bank)which centralfre-
guencieswere inside the typical telephonebandwidthof
300 — 3400Hz.

TABLE |
ERROR RATE IN % OF THE SPEAKER IDENTIFICATION USING
VQ wWITH NO COMPENSATION, CM S, AND THE MODIFIED
CMS

| Config. | NoCompens| CMS | Modif. CMS |

20ms50% 79.54 1.05 0.42
20ms75% 79.96 0.42 0.42
40ms75% 79.11 0.84 0.84
40ms50% 81.01 1.05 0.84

V. CONCLUSIONS

This paperaddresse€MS blind channelidentification
using phoneticinformation of the Brazilian Portuguese.
Neverthelessthe techniqueproposedhereis expectedto
be valid for ary otherlanguage.It is shavn thatthe lan-
guagecontainsconstantnformationin the meancepstral
coeficientsobtainedform speakrsof the samesex. This
informationcanbeusedto improve the channekstimation
usedin the CMS approach. It is worth mentioningthat
the proposedmodificationandthe conventional CMS are
comparablén termsof computationatompleity, for they
have the samenumberof multiplications.

It is importantto emphasizehattheresultsobtainedso
far arepreliminarydueto thefollowing aspects:

2Ratebetweerthenumberf wrongidentificationsandthetotalnum-
berof tests.

« thecorpususedis very smallandwe do not have anad-
equatePortugueseorpusavailablefor researchn spealer
recognition.We arecurrentlyworking in the development
of a1000 speakrsdatabase;

« thelanguageneanmustbeobtainedrom speeclsignals
recordedn anacousticallyisolatedchambe&andwith high
quality microphones;

« the main idea proposedhere shouldbe investigatedn
otherlanguages.
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