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Abstract

For a connecteddigits speechrecognitiontask,we have com-
paredtheperformanceof two inexpensive electretmicrophones
with thatof a singlehigh quality PZM microphone.Recogni-
tion error ratesweremeasuredbothwith andwithout compen-
sationtechniques,whereboth single-channelandtwo-channel
approacheswereused.In all casesthetaskwasrecognitionata
significantdistance(2–6feet) from thetalker’s mouth. There-
sultssuggestthat thewide variability in characteristicsamong
inexpensive electretmicrophonescanbecompensatedfor with-
out explicit quality control, and that this is particularlyeffec-
tive whenboth single-channelandtwo-channeltechniquesare
used. In particular, the resultingperformancefor the inexpen-
sive microphonesusedtogetheris essentiallyequivalent to the
expensive microphone,and better than for either inexpensive
microphoneusedalone.

1. Intr oduction
As partof theresearchconductedwithin theMeetingRecorder
ProjectatICSI [1], weareconsideringtheissueof robustspeech
recognitionof meetingsusing far-field microphones,particu-
larly inexpensive far-field microphones.We envision a future
personaldigital assistant(PDA) which would have the ability
to recordandtranscribemulti-partymeetings.Theneedto rec-
ognizespeechcomingfrom all the talkersparticipatingin the
meetingmeansthatthedistancebetweentalkerandmicrophone
is higherthanfor mostPDA speechrecognitionapplications.

Therelatively uncontrolledacousticenvironment,variation
in talkerpositionwith respectto themicrophone,andthewidely
variable characteristicsof mass-producedinexpensive micro-
phonesall contribute to the difficulty of sucha task. Back-
groundnoisesuchasfans,door slams,andmusiccanall con-
tributeto theacousticbackground.Reverberationcanalsobea
significantproblemusingfar-field microphones.

Two typesof distantmicrophonesare being usedin our
work: high-quality Crown PressureZone (“PZM”) (roughly
$300), and inexpensive conventional electret microphones
(“ELC”) (roughly 50 cents). Suchelectretmicrophonesdis-
playsignificantvariability of frequency responseandsensitivity
(outputlevel) acrossindividual mics. Recognitionexperiments
have shown major differencesbetweenthe two electretmicro-
phoneswe used.
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Omnidirectionalmicrophonesare,by definition, sensitive
to soundsfrom all directions: many soundsfrom several me-
tersaway includingkeyboardclicksandgeneraldesktopnoises
caninducerecognitionerrors.On theotherhand,highly direc-
tionalsinglemicrophonestendto beoverly sensitive to changes
in talkerposition.Whenpossible,it is attractiveto adoptmicro-
phonearrays,althoughtheir applicationis significantlylimited
by their additionalcostandsize.

Thecompaniesthatdevelopspeechrecognitionportablede-
vicesnow useinexpensive electretmicrophones.Thesemicro-
phoneswork surprisinglywell, but thelack of effective quality
controlleadsto a largevariability in thepropertiesof theoutput
signal(e.g.,frequency response).

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

In addition,we presentnew setsof robust speechfeatures
obtainedfrom thecombinationof thetwo ELC microphonesig-
nals.We show that(1) relatively simplesignalprocessingsteps
can make the performanceof inexpensive microphonesmuch
closerto thatof high-qualitymicrophones,and(2) thatadding
the secondmicrophone,even thoughit is spatially very close
to thefirst one,is usefulin a moderatelynoisyandreverberant
environment.

2. Two-channelsignalprocessing
techniques

Althoughhumanscanhearwith oneearonly – “monauralhear-
ing” – hearingwith two functioning earsis clearly superior.
This binauralhearingis a key partof therobustnessof thehu-
man auditory systemfor recognizingspeechin a wide range
of environmentalconditions. In this section,we describetwo
methodsfor extractingrobustspeechfeaturesusingthesignals
from two mics.

2.1. Delay-and-sumprocessing

In delay-and-sumbeamforming[2], delaysare insertedafter
eachmicrophoneto compensatefor thearrival time differences
of the speechsignal to eachmicrophone.Thesetime-aligned
signalsareaddedtogether. Thishastheeffectof reinforcingthe
desiredspeechsignalwhile theunwantedoff-axis noisesignals
arecombinedin a moreunpredictablefashion. The signal-to-
noiseratio of the total signalis greaterthan(or at worst,equal
to) thatof any individual microphone’s signal.

In order to computethe delaybetweenthe speechsignals



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

Delay-and-sumprocessingis very attractive becauseof its
simplicity. It is easyto implementandcanbe donein a very
cost-effective manner.

2.2. The coherencefunction asweighting factor

The coherencefunction, which is a complex function of fre-
quency, is definedasfollows,
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In [4] a classicalapproachfor estimatingtheincoherentor

reverberantpartof thesignalenergy usingthecoherencefunc-
tion is proposed.This approachwas alsousedin a noisere-
ductionalgorithmfor binauralhearingaidsby Peissig[5]. Our
relatedalgorithmworkswith themagnitudesquaredcoherence
(MSC), 5 	�� :
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A 3-pointmedianfilter is appliedto this MSC to remove spuri-
ousvaluesandsmooththeMSC sequence.5 	��
��������� is usedto weight thesumof thepower spectra6 /-��������� 6 7 and 6 18���3�+��� 6 7 resultingin a singlespectralrepre-
sentationwhich is thenmel-filteredandusedto computecep-
stralcoefficients.Thecoherenceweightingis meantto turn off
uncorrelatedsignalsandpasscorrelatedsignals.

3. Single-channelsignalprocessing
techniques

The idealcasefor two-channelprocessingis likely to bewhen
thenoisesat thetwo microphonesaretotally uncorrelated.This
isonly truein theidealcaseof anincoherentnoisefield. In prac-
tice, for a real noisefield, the cross-power spectrumbetween
the noisesis never exactly zero. The noises(and reverberant
speechechoes)at two microphonesare likely to becomeless
correlatedif thedistancebetweenthemicrophonesis increased;
but in many practicalapplicationsthisdistanceis constrained.

We investigatedthecombinationof thetwo-channelmeth-
odswith two single-channelsignalprocessingmethodsthatdo
not exploit the uncorrelatednessof noiseandseemedlikely to
becomplementary.

3.1. Noisereductionby spectral subtraction

Basicnoisereductionalgorithmsareaneasyandeffective way
to reducemismatchbetweennoisy test conditionsand clean
training conditions. We usedthe generalizedform of spectral
subtractiondefinedin [6] as,
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where 6�?/-��������� 6 7 is an estimateof the cleanspeechpower
spectrumat frame m, 6N?@ ��������� 6 7 is an estimateof the noise
power spectrumat framem, 6 14��������� 6 7 is the observed noisy
speechpower spectrumat framem,
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The choiceof an estimatorfor backgroundnoiseis a key
problemfor noisereductionalgorithms.Generally, noiseis as-
sumedto beadditive andstationarywith respectto speech.We
useaasimplemethodof adaptivenoiseestimationto getacon-
tinuousnoiseestimatein orderto avoid theuseof aVAD (Voice
Activity Detector)[8]. The noiseestimateis continually up-
datedbut is allowed to increasemuch more slowly than it is
allowedto decrease.Thusthenoiseestimatewill increaseonly
slowly during speechintervals andcollapsequickly backdur-
ing speechgaps.Thenoiseestimateupdate(omitting theslow
increase/ fastdecreasecontrol)is asfollows:
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where ?@ ��������� is the short-timenoisespectrumestimateat
framem, and
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is theshort-timespectrumof thenoisy

signalat framem.

3.2. Cepstral meannormalization

To compensatefor the effects of a communicationchannel
(room acoustics,microphoneresponse,or transmissionchan-
nel) many proposalshave beenmade.CepstralMeanNormal-
ization(CMN) is averysimplebut efficientmethodto compen-
satefor theso-calledconvolutive noisethatarisesfrom channel
distortions. It hasfound widespreadusein many systems.In
earlier work with our PZM speechdata[9][10], we usedthe
“long-term log spectralsubtraction”(LTLSS) methodto com-
pensatefor thecommunicationschannel.

Herewe usean online implementation(without delay)of
CMN [11] becausewe decidedto processeachutteranceinde-
pendentlyof theothers,andtheLTLSSmethodis inappropriate
for the independentprocessingof singleutterances.Thus,the
cepstralmeansareestimatedusinga weightedsumof thecur-
rentfeaturevectorcomponentsandthepreviousestimate,
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theoriginalcepstralcoefficientsat framet, and
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cepstralmeanvectorat frame(t-1).
Having updatedthemeans,thenormalizedcepstralcoeffi-

cientsareobtainedby subtractionof themeans.

4. Automatic speechrecognition
experiments

4.1. Testcorpus

In orderto provide a simpletask,andto isolateacousticissues
from other effects, the Meeting RecorderProjectat ICSI has
recordedconnecteddigits. Eachdigit stringcontainsfrom one
to tendigits (“zero” and“oh” arebothpossibleasdigits). There
area totalof 7604digits in 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 recordingsweremadein recordingsessionsheld
beforeor after group meetings,with the talkers seatedin the
samepositionsaroundthetableasin themeetings.

We measuredthe60 dB reverberationtime of the room as
about0.25s (averagedreverberationtimeover theoctavesfrom
125 to 4000Hz). The C50 clarity (the ratio of the sounden-
ergy arriving in the first 50 ms to the soundenergy arriving
later) wasmeasuredat 26 and16 dB for speaker locationsre-
spectively about2 and3 feet from the recordingmicrophone.
Themeasurementsweremadeby estimatingroomimpulsere-
sponseswith maximum-lengthsequences,andthencalculating
reverberationtime andC50 from the impulseresponses,using
Schroeder’s integrated-impulsemethodfor reverberationtime
[12].

4.2. Training corpus

The trainingsetconsistedof 4220maleand4220femaledigit
string utterancesfrom the TIDigits training set,downsampled
to 8000Hz. Thisfile setwasthesameasthatusedto obtainthe
Aurora[13] cleantrainingset,exceptthatweomittedtheG.712
telephonebandwidthfiltering.

Becausewe did not have two-channeltraining data, we
treatedthe single-channeltraining dataas two identicalchan-
nelswhenusingthetwo-channelfront ends.

4.3. ASR system

We usedthe Aurora referencerecognizersystemdescribedin
[13]. ThissystemusestheHTK recognitiontoolkit andis based
on GaussianmixtureHMMs. Thedigits aremodeledaswhole
wordHMMs, andtwo pausemodelsaredefined:onefor model-
ing pausesbeforeandaftertheutteranceandtheotherfor mod-
eling pausesbetweenwords. This systemhasa 1% word error
ratewhentrainingandtestingonTIDIGITS.

The front-endof the referencesystemcalculates39 fea-
tures:12 mel-frequency cepstralcoefficients,log frameenergy,
and first- and second-orderdelta features. The two-channel
front endsreplacethereferencefront endandcalculatea simi-
lar setof 39 features,with cepstralcoefficientscalculatedusing
thetwo-channelprocessingdescribedin Section2, andthelog
frameenergy setto theaverageof thelog frameenergiesof the
two channels.

Therewasconsiderablelow-frequency noisepresentin the
PZM and, especially, ELC signals,so a high-passfilter with
a 50 Hz cutoff frequency wasappliedto all waveform dataas
thevery first stageof processing.After thefiltering, theNIST
“stnr” tool [14] reporteda 11 dB averageSNR for the PZM
recordingsanda 9 dB averageSNRfor theELC recordings.

5. Experimental results
In this sectionwe presenta rangeof experimentsthatevaluate
the recognitionperformanceof the cheapELC microphones.
As a baselineexperimentwe comparetheir individual recogni-
tion performancewith thatof thehighqualityPZM mic. Table1
presentstheworderrorratesobtainedin therecognitiontestson
thethreemicsusingthefront-endMFCCreferencesystem.The
row “Ener=yes” meansthat the log frame energy is included
in the featurevector, and the row “Ener=no” meansthat only
the delta anddelta-deltalog frame energy are included. The
“Ener=no” casewastried becauseof a volumelevel mismatch
betweenthe training dataand the testingdata. We will only

presentthe“Ener=no” casefrom hereon. For theexperiments
shown in Tables4 and 5, we tried the “Ener=yes” casewith
meannormalizationof the cepstralandframeenergy features
andfoundthatthis greatlyreducedthegapbetween“Ener=no”
and“Ener=yes”cases,but “Ener=yes”still did notperformbet-
ter than“Ener=no”.

Table2 presentstheworderrorratesobtainedin therecog-
nition testson the PZM mic usingthe front-endMFCC refer-
encesystemand table 3 illustratesthe recognitionresultson
both ELC mics. The column“baseline”correspondsto no ro-
bustspeechprocessing;thecolumn“CMN” correspondsto the
CMN processing;thecolumn“NR” correspondsto theadditive
noisereductionprocessing;andthecolumn“NR+CMN” corre-
spondsto thenoisereductionprocessingfollowedby theonline
cepstralmeannormalizationprocessing.

Severalobservationscanbedrawn from theseinitial exper-
iments. The first oneis that both noisereductionandcepstral
meannormalizationreducedtheerror rates.The improvement
achieved by the additive noisereductiontechniqueis greater
thantheoneachieved by thecepstralmeannormalizationpro-
cessing.Perhapsthe CMN is doing a worsejob of taking out
convolutive noisethan the noisereductionis doing of taking
out additive noise. Anotherobservation is that theseprocess-
ing techniquesseemnot to have a cumulative effect whenused
together.

If wecomparetherecognitionresultsfor thetwo ELC mics,
we canseethatoneof themics(MIC-1) outperformstheother
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%),afternoisereductionandcepstral
meannormalization,compareswell with that of the PZM mic
(11.3%),while theELC MIC-2 errorrateis still relatively poor
(16.6%).

Ener PZM ELC-1 ELC-2

yes 25.3 47.5 56.3
no 24.1 30.1 36.4

Table1: WERusingdifferentqualitymicrophones.

PZM-MIC
Ener baseline CMN NR NR+CMN

no 24.1 22.9 11.2 11.3

Table2: WER usinggoodqualityPZM microphone.

ELC-MIC-1
Ener baseline CMN NR NR+CMN

no 30.1 29.5 12.9 12.6

ELC-MIC-2
Ener baseline CMN NR NR+CMN

no 36.4 36.2 16.5 16.6

Table 3: WER using the cheapELC microphonesindepen-
dently.

In a secondset of recognitionexperimentswe have used
bothELC mics signalsjointly in orderto testtheperformance
of thefeatureextractiontechniquesdescribedin section2. Ta-
bles4 and5 detailtherecognitionperformancein termsof word
errorrate(WER) for thedelay-and-sumandcoherenceweight-
ing approaches,respectively. As observedfor thesingle-micre-
sults,theadditivenoisereductiontechnique(whichwasapplied
to eachchannelseparatelyprior to thetwo-channelprocessing)
exhibits a very goodperformance.Similarly, the improvement



givenby theCMN techniqueis notaslargeastheimprovement
givenby thenoisereduction.

The two-channelfeature-extraction methodsshow them-
selvesto bevaluable,sincethey slightly outperformthebetter-
performing mic (ELC-1) and greatly outperformthe worse-
performingmic (ELC-2). The two-channelmethodsresult in
quitesimilar error rates;thebesterrorrate(11.8%)is givenby
thecoherencetechnique.

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

no 27.5 25.5 12.3 12.3

Table4: WER usingdelay-and-sumprocessing.

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

no 26.4 23.3 11.8 11.8

Table5: WERusingcoherenceweighting.

In orderto performsignificancetestingon our results,we
producedTable6, whichcomparesthehypothesesproducedfor
the 2323 test sentencesbetweensystems: the PZM mic, the
ELC micsELC-1andELC-2usedindependently, thecoherence
weightingprocessingusingboth ELC mics (COHW), andthe
delay-and-sumprocessingusingbothELC mics(DS).

NoisereductionandCMN. No Log-Energy
Compare same diff better worse signif

(ELC-1,ELC-2) 1876 447 330 117 7 c 10d 7�e
(COHW,ELC-1) 2034 289 179 110 3 c 10d e

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

Table6: This tablecomparesthesentencehypothesesproduced
by systems(a,b). Thecolumn“same”countsthetimesthatthe
two systemsproducedthe samesentencehypothesis,the col-
umn “dif f ” count the timesthe hypothesesweredifferent, the
column“better” countsthe timesthat system“a” hada better
hypothesisand the column “worse” countsthe times that the
system“a” hasa worsehypothesis.Column“signif ” givesthe
approximatedprobabilitythatthehigherperformanceof system
“a” is randomchance,assuminga binomial distribution with
eachdifferingsentenceseenasanindependenttrial.

Fromthetable,weseethattheinferiority of theELC-2mic
to the ELC-1 mic is stronglysignificant,as is the superiority
of theCOHW combinationto theELC-1 mic usedalone. The
differencebetweenthe COHW andDS combinationsand the
differencebetweenthe PZM mic and the ELC-1 mic are less
stronglysignificant.ThedifferencebetweenthePZM mic and
thetwo ELC micsin theCOHWcombinationis not significant.

6. Conclusionsand futur e work
For thetaskexploredhere,it appearsthatwe canachieve simi-
lar resultswith bothhigh andlow-quality microphonessolong
aswecanusemorethanonemicrophoneandatleastonemicro-
phoneperformswell. This couldhave practicalsignificancefor
thecaseof mass-producedportabledevicesfor whichextensive
qualitycontrol is impractical.

This experimentis suggestive of sucha conclusion. We
will focusour researchefforts to improve the effectivenessof

the proposedtechniquesandto validatethem. For instance,it
would be desirableto repeatthe experimentfor a larger num-
ber of inexpensive microphonesso that we couldderive a dis-
tribution of performance.Also, even thebestperformancewe
observed is muchpoorerthanthe resultsfor thenear-mic case
(which for thesetestswasin the vicinity of 3%–4%). Clearly
muchmorework is requiredto provide low error ratesfor far-
field microphonesin caseswherelargearraysarenot practical.
This is a majorareaof furtherresearchfor us.
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