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Abstract

For a connectedligits speechrecognitiontask, we have com-
paredthe performancef two inexpensve electretmicrophones
with that of a single high quality PZM microphone.Recogni-
tion errorratesweremeasuredoth with andwithout compen-
sationtechniquesyhereboth single-channeand two-channel
approachewereused.In all casegshetaskwasrecognitionata
significantdistance(2—6 feet) from the talker’s mouth. There-
sultssuggesthat the wide variability in characteristicamong
inexpensve electretmicrophonesanbe compensatetbr with-
out explicit quality control, andthat this is particularly effec-
tive whenboth single-channeandtwo-channetechniquesre
used. In particular the resultingperformanceor the inexpen-
sive microphonesusedtogetheris essentiallyequivalentto the
expensve microphone,and betterthan for eitherinexpensve
microphoneusedalone.

1. Intr oduction

As partof theresearcttonductedvithin the MeetingRecorder
ProjectatICSI [1], weareconsideringheissueof robustspeech
recognitionof meetingsusing far-field microphones particu-
larly inexpensive far-field microphones.We envision a future
personaldigital assistan{PDA) which would have the ability
to recordandtranscribemulti-party meetings.The needto rec-
ognhizespeechcomingfrom all the talkers participatingin the
meetingmeanghatthedistancebetweertalkerandmicrophone
is higherthanfor mostPDA speechrecognitionapplications.

Therelatively uncontrolledacousticervironment,variation
in talker positionwith respecto themicrophoneandthewidely
variable characteristicof mass-produceéhexpensve micro-
phonesall contritute to the difficulty of sucha task. Back-
groundnoisesuchasfans,door slams,andmusiccanall con-
tributeto the acoustichackground Reverberationcanalsobe a
significantproblemusingfar-field microphones.

Two typesof distantmicrophonesare being usedin our
work: high-quality Crown PressureZone (“PZM”) (roughly
$300), and inexpensve corventional electret microphones
(“ELC") (roughly 50 cents). Suchelectretmicrophoneddis-
play significantvariability of frequeng responsendsensitvity
(outputlevel) acrosdndividual mics. Recognitionexperiments
have shavn major differencesbetweerthe two electretmicro-
phoneswe used.
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Omnidirectionalmicrophonesare, by definition, sensitve
to soundsfrom all directions: mary soundsfrom several me-
tersaway includingkeyboardclicks andgeneradesktopnoises
caninducerecognitionerrors.On the otherhand,highly direc-
tional singlemicrophonesendto beoverly sensitve to changes
in talker position.Whenpossiblejt is attractve to adoptmicro-
phonearrays,althoughtheir applicationis significantlylimited
by their additionalcostandsize.

Thecompanieshatdevelopspeechecognitionportablede-
vicesnow useinexpensve electretmicrophonesThesemicro-
phoneswork surprisinglywell, but the lack of effective quality
controlleadsto alargevariability in thepropertiesof the output
signal(e.g.,frequeng response).

This papercomparesthe ASR performanceof an omni-
directional PZM table-mountedmicrophonewith that of two
cheap and low-quality omnidirectionalelectret(ELC) elements
mountedabout8 cmapartonamock-upof afuturePDA, placed
on the sameconferencaoomtable (see[1] for a pictureof the
mock-up).

In addition,we presentiew setsof robust speechfeatures
obtainedrrom thecombinatiorof thetwo ELC microphonesig-
nals.We shaw that(1) relatively simplesignalprocessingteps
canmale the performanceof inexpensve microphonesmuch
closerto thatof high-qualitymicrophonesand(2) thatadding
the secondmicrophone even thoughit is spatially very close
to thefirst one,is usefulin a moderatelynoisy andreverberant
environment.

2. Two-channelsignal processing
techniques

Althoughhumanscanhearwith oneearonly — “monauralhear
ing” — hearingwith two functioning earsis clearly superior
This binauralhearingis a key partof the robustnesf the hu-
man auditory systemfor recognizingspeechin a wide range
of ervironmentalconditions. In this section,we describetwo
methoddfor extractingrohustspeecHeaturesusingthe signals
from two mics.

2.1. Delay-and-sumprocessing

In delay-and-sunbeamforming[2], delaysare insertedafter
eachmicrophoneo compensatéor thearrival time differences
of the speechsignalto eachmicrophone. Thesetime-aligned
signalsareaddedogether This hastheeffect of reinforcingthe
desiredspeectsignalwhile the unwantedoff-axis noisesignals
arecombinedin a more unpredictable€ashion. The signal-to-
noiseratio of thetotal signalis greaterthan(or at worst, equal
to) thatof ary individual microphones signal.

In orderto computethe delay betweenthe speechsignals



we have usedthe “information theoreticdelaycriterion” delay
estimationalgorithmproposedn [3].

Delay-and-sunprocessings very attractve becausef its
simplicity. It is easyto implementandcanbe donein a very
cost-efective manner

2.2. The coherencefunction asweighting factor

The coherencdunction, which is a complex function of fre-
queng, is definedasfollows,

— Sﬂ??l(f: m)
\/Sﬂm(f’ m)Syy(f, m)

whereSz, (f, m) andSy,(f, m) arethe power spectraldensi-
tiesof signalsz andy for the speectframem respectiely, and
Szy(f, m) is thecross-spectralensitybetweenc andy for the
speechframem. We estimatedhesespectraldensitiesusinga
time averagingby a simplefirst orderlow-pasdfilter, e.g.,

Say(f,m) = ASey(fym — 1) + (1 = M) X(f, m)Y"(f,m)

Cmy(f, m)

where is a forgettingfactor and X (f, m) andY (f, m) rep-
resenthe FFT spectraof thetwo channeldor speecHramem.

In [4] aclassicalapproacHor estimatingtheincoherenbor
reverberanpartof the signalenepgy usingthe coherencdunc-
tion is proposed. This approachwas also usedin a noisere-
ductionalgorithmfor binauralhearingaidsby Peissig[5]. Our
relatedalgorithmworkswith the magnitudesquaredcoherence
(MSC),I'zy:

|Say (f, M)
Sww(f, m)Syy (f’ m)

A 3-pointmedianfilter is appliedto this MSC to remove spuri-
ousvaluesandsmooththe MSC sequence.

2y (f, m) is usedto weightthe sumof the power spectra
|X (£, m)|? and|Y (f, m)|? resultingin a singlespectrarepre-
sentatiorwhich is then mel-filteredand usedto computecep-
stral coeficients. The coherencaveightingis meantto turn off
uncorrelatedignalsandpasscorrelatedsignals.

me(f, m) =

3. Single-channelsignal processing
techniques

Theideal casefor two-channeprocessings likely to bewhen
thenoisesatthetwo microphonesretotally uncorrelatedThis
isonly truein theidealcaseof anincoherennoisefield. In prac-
tice, for a real noisefield, the cross-paver spectrumbetween
the noisesis never exactly zero. The noises(and reverberant
speechechoes)at two microphonesare likely to becomeless
correlatedf thedistancebetweerthemicrophoness increased;
but in mary practicalapplicationghis distancds constrained.

We investigatedhe combinationof the two-channeimeth-
odswith two single-channesignalprocessingnethodshatdo
not exploit the uncorrelatednessf noiseandseemedikely to
becomplementary

3.1. Noisereduction by spectral subtraction

Basicnoisereductionalgorithmsarean easyandeffective way
to reducemismatchbetweennoisy test conditionsand clean
training conditions. We usedthe generalizedorm of spectral
subtractiordefinedin [6] as,

D(f,m) =Y (f,m)|"" - ass|N(f,m)|"?

X (f,m)|> = max([D(f,m)]7, BN (f,m)[?)

where | X (f, m)|? is an estimateof the clean speechpower
spectrumat framem, |N(f, m)|? is an estimateof the noise
power spectrumat framem, |Y'(f, m)|> is the obsered noisy
speectpower spectrumat framem, ass is anover-subtraction
factor andg representsa noiseflooring factor

From[6][7] we chosethe parametecombination3 = 0.1,
ass = 4.1 andy = 1, for ourrecognitionexperiments.

The choiceof an estimatorfor backgroundhoiseis a key
problemfor noisereductionalgorithms.Generally noiseis as-
sumedto be additive andstationarywith respecto speechWe
useaasimplemethodof adaptve noiseestimatiorto getacon-
tinuousnoiseestimatan orderto avoid theuseof aVAD (Voice
Activity Detector)[8]. The noiseestimateis continually up-
datedbut is allowed to increasemuch more slowly thanit is
allowedto decreaseThusthe noiseestimatewill increaseonly
slowly during speechintervals and collapsequickly backdur
ing speechgaps. The noiseestimateupdate(omitting the slow
increasd fastdecreaseontrol)is asfollows:

N(f,m) = pN(f,m —1) + (1 = p)Y (f,m)

where N(f,m) is the short-time noise spectrumestimateat
framem, andY (f, m) is the short-timespectrumof the noisy
signalatframem.

3.2. Cepstral meannormalization

To compensatdor the effects of a communicationchannel
(room acousticsmicrophoneresponsepr transmissiorchan-
nel) mary proposalshave beenmade. CepstralMeanNormal-
ization(CMN) is avery simplebut efficient methodto compen-
satefor the so-calledcorvolutive noisethatarisesfrom channel
distortions. It hasfound widespreadisein mary systems.In

earlierwork with our PZM speechdata[9][10], we usedthe
“long-term log spectralsubtraction”(LTLSS) methodto com-
pensatdor the communicationghannel.

Herewe usean online implementation(without delay) of
CMN [11] becausave decidedto processachutterancende-
pendentlyof theothers,andthe LTLSS methodis inappropriate
for the independenprocessingf singleutterances.Thus,the
cepstraimeansare estimatedusinga weightedsumof the cur
rentfeaturevectorcomponentsindthe previous estimate,

me(t) = (1 —a)me(t — 1) + azc(t)

wherem.(t) is the cepstrameanvectoratt-th frame,z.(t) are
theoriginal cepstrakoeficientsatframet, andm.(t — 1) is the
cepstrameanvectoratframe(t-1).

Having updatedthe meansthe normalizedcepstralcoefi-
cientsareobtainedby subtractiorof themeans.

4. Automatic speechrecognition
experiments

4.1. Testcorpus

In orderto provide a simpletask,andto isolateacoustidssues
from other effects, the Meeting RecorderProjectat ICSI has
recordedconnectedligits. Eachdigit string containsfrom one
to tendigits (“zero” and“oh” arebothpossibleasdigits). There
areatotal of 7604digitsin 2323digit strings.Theserecordings
weremadesimultaneouslywith close-talkingmics, with table-
mountedPZM mics andwith the two cheapELC mics on the



mock-upPDA. We have usedthesetestdatain all the experi-
ments.

Thedigit recordingswveremadein recordingsession$eld
beforeor after group meetings,with the talkers seatedn the
samepositionsaroundthe tableasin themeetings.

We measuredhe 60 dB reverberatiortime of theroom as
about0.25s (averagedeverberatiortime over the octavesfrom
125to0 4000Hz). The C50 clarity (the ratio of the sounden-
ey arriving in the first 50 ms to the soundenegy arriving
later) wasmeasuredat 26 and 16 dB for spealer locationsre-
spectvely about2 and 3 feetfrom the recordingmicrophone.
The measurement&were madeby estimatingroomimpulsere-
sponsesvith maximum-lengtlsequencesandthencalculating
reverberationtime and C50 from the impulseresponsesjsing
Schroedes integrated-impulsemethodfor reverberationtime
[12].

4.2. Training corpus

Thetraining setconsistedbf 4220maleand4220femaledigit
string utterancesrom the TIDigits training set, dovnsampled
to 8000Hz. Thisfile setwasthe sameasthatusedto obtainthe
Aurora[13] cleantrainingset,exceptthatwe omittedthe G.712
telephoneébandwidthfiltering.

Becausewe did not have two-channeltraining data, we
treatedthe single-channetraining dataastwo identical chan-
nelswhenusingthetwo-channefront ends.

4.3. ASR system

We usedthe Aurora referencerecognizersystemdescribedn
[13]. ThissystemusesheHTK recognitiontoolkit andis based
on Gaussiammixture HMMs. Thedigits aremodeledaswhole
word HMMs, andtwo pausemodelsaredefined:onefor model-
ing pausedbeforeandafterthe utteranceandthe otherfor mod-
eling pausedetweernwords. This systemhasa 1% word error
ratewhentrainingandtestingon TIDIGITS.

The front-end of the referencesystemcalculates39 fea-
tures: 12 mel-frequeng cepstrakoeficients,log frameenenpy,
and first- and second-ordedelta features. The two-channel
front endsreplacethe referenceront endandcalculatea simi-
lar setof 39 featureswith cepstrakoeficientscalculatedising
thetwo-channeprocessinglescribedn Section2, andthelog
frameenepy setto the averageof thelog frameenengiesof the
two channels.

Therewasconsiderabléow-frequeny noisepresenin the
PZM and, especially ELC signals,so a high-passfilter with
a 50 Hz cutoff frequeny wasappliedto all waveform dataas
the very first stageof processing After thefiltering, the NIST
“stnr” tool [14] reporteda 11 dB averageSNR for the PZM
recordingsanda 9 dB averageSNR for the ELC recordings.

5. Experimental results

In this sectionwe presenta rangeof experimentsthat evaluate

the recognitionperformanceof the cheapELC microphones.

As a baselineexperimentwe comparetheir individual recogni-
tion performancevith thatof thehigh quality PZM mic. Tablel
presentsheword errorratesobtainedn therecognitiontestson
thethreemicsusingthefront-endMFCC referencesystem.The
row “Ener=yes” meansthat the log frame enepy is included
in the featurevector andthe row “Ener=no” meansthat only
the delta and delta-deltalog frame enegy are included. The
“Ener=no” casewastried becausef a volumelevel mismatch
betweenthe training dataand the testingdata. We will only

presenthe “Ener=no” casefrom hereon. For the experiments
shavn in Tables4 and5, we tried the “Ener=yes” casewith
meannormalizationof the cepstraland frame enegy features
andfoundthatthis greatlyreducedhe gapbetweerfEner=no”
and“Ener=yes"casesbut “Ener=yes"still did notperformbet-
terthan“Ener=no”.

Table2 presentsheword error ratesobtainedn therecog-
nition testson the PZM mic usingthe front-endMFCC refer
encesystemand table 3 illustratesthe recognitionresultson
both ELC mics. The column*“baseline” correspondso no ro-
bustspeechprocessingthe column“CMN” correspondso the
CMN processingthecolumn“NR” correspondso theadditive
noisereductionprocessingandthecolumn“NR+CMN” corre-
sponddgo thenoisereductionprocessindollowedby theonline
cepstrameannormalizationprocessing.

Severalobsenationscanbedravn from thesenitial exper
iments. Thefirst oneis that both noisereductionand cepstral
meannormalizationreducedhe error rates. The improvement
achieved by the additive noisereductiontechniqueis greater
thanthe oneachieed by the cepstralmeannormalizationpro-
cessing.Perhapshe CMN is doing a worsejob of taking out
corvolutive noisethan the noisereductionis doing of taking
out additive noise. Another obseration is that theseprocess-
ing techniqgueseemnot to have a cumulatve effect whenused
together

If we compareherecognitionresultsfor thetwo ELC mics,
we canseethatoneof the mics (MIC-1) outperformshe other
one(MIC-2) in all cases.Now comparingthe resultsobtained
by both the PZM and ELC mics, we can seethat the error
rateof ELC MIC-1 (12.6%),after noisereductionandcepstral
meannormalization,comparesvell with that of the PZM mic
(11.3%),while the ELC MIC-2 errorrateis still relatively poor
(16.6%).

[Ener ]| PZM [ ELC-L | ELC2 |
yes || 25.3 | 475 | 56.3
no || 241] 30.1 | 364

Tablel: WER usingdifferentquality microphones.
PZM-MIC

Ener | baseline] CMN | NR | NR+CMN
[ no | 241 [ 229]112] 113 ]

Table2: WER usinggoodquality PZM microphone.
ELC-MIC-1

Ener | baseline] CMN | NR | NR+CMN

[ no | 301 [ 295]129] 126 |
ELC-MIC-2

Ener | baseline] CMN | NR | NR+CMN

[ no | 364 | 362]165] 166 |

Table 3: WER using the cheapELC microphonesindepen-
dently

In a secondset of recognitionexperimentswe have used
both ELC mics signalsjointly in orderto testthe performance
of thefeatureextractiontechniquesiescribedn section2. Ta-
bles4 and5 detailtherecognitionperformancén termsof word
errorrate(WER) for the delay-and-sunandcoherenceaveight-
ing approacheggspectiely. As obseredfor thesingle-micre-
sults,theadditive noisereductiontechniqugwhich wasapplied
to eachchannekeparatelyrior to the two-channeprocessing)
exhibits a very goodperformance Similarly, theimprovement



givenby the CMN techniqués notaslargeastheimprovement
givenby thenoisereduction.

The two-channelfeature-atraction methodsshav them-
selesto bevaluable,sincethey slightly outperformthe better
performing mic (ELC-1) and greatly outperformthe worse-
performingmic (ELC-2). The two-channelmethodsresultin
quite similar errorrates;the besterrorrate (11.8%)is given by
thecoherencéechnique.

MIC-1 + MIC-2
Ener | baseline] CMN | NR | NR+CMN

[no | 275 | 255 [123] 123 |

Table4: WER usingdelay-and-sunprocessing.

MIC-1 + MIC-2
Ener | baseline] CMN | NR | NR+CMN
[no | 264 | 233 [118] 118 |

Table5: WER usingcoherenceveighting.

In orderto performsignificancetestingon our results,we
producedrable6, which compareshehypotheseproducedor
the 2323 test sentencedetweensystems: the PZM mic, the
ELC micsELC-1andELC-2usedindependentlythecoherence
weighting processingusing both ELC mics (COHW), andthe
delay-and-sunprocessingisingbothELC mics(DS).

NoisereductionandCMN. No Log-Enegy

Compare | same] diff | better| worse| signif
(ELC-1,ELC-2) | 1876 | 447 | 330 117 [ 7x 10 %
(COHWELC-1) | 2034 | 289 | 179 110 | 3x 107°

(COHWDS) 2142 | 181 | 106 75 0.013
(PZM,ELC-1) | 1805 | 518 | 285 233 0.012
(PZM,COHW) | 1806 | 517 | 260 257 0.46

Table6: Thistablecompareshe sentencénypothesegroduced
by systemga,b). The column“same” countsthetimesthatthe

two systemsproducedthe samesentencenypothesisthe col-

umn “diff” countthe timesthe hypothesesvere different, the

column*“better” countsthe timesthat system“a” hada better
hypothesisand the column “worse” countsthe times that the

system‘a” hasa worsehypothesis.Column*“signif” givesthe

approximategbrobabilitythatthehigherperformancef system
“a” is randomchance,assuminga binomial distribution with

eachdiffering sentenceseenasanindependentrial.

Fromthetable,we seethattheinferiority of the ELC-2 mic
to the ELC-1 mic is strongly significant,asis the superiority
of the COHW combinationto the ELC-1 mic usedalone. The
differencebetweenthe COHW and DS combinationsand the
differencebetweenthe PZM mic andthe ELC-1 mic areless
stronglysignificant. The differencebetweerthe PZM mic and
thetwo ELC micsin the COHW combinationis not significant.

6. Conclusionsand futur e work

For thetaskexploredhere, it appearshatwe canachieve simi-
lar resultswith both high andlow-quality microphonesolong
aswe canusemorethanonemicrophoneandatleastonemicro-
phoneperformswell. This couldhave practicalsignificancefor
the caseof mass-produceportabledevicesfor which extensve
quality controlis impractical.

This experimentis suggestie of sucha conclusion. We
will focusour researctefforts to improve the effectivenessof

the proposedechniquesandto validatethem. For instancejt

would be desirableto repeatthe experimentfor a larger num-
ber of inexpensve microphonesso thatwe could derive a dis-
tribution of performance.Also, even the bestperformanceve
obseredis muchpoorerthanthe resultsfor the nearmic case
(which for thesetestswasin the vicinity of 3%-4%). Clearly
muchmorework is requiredto provide low error ratesfor far-

field microphonesn caseswvherelarge arraysarenot practical.
Thisis amajorareaof furtherresearcHor us.
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