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ABSTRACT

In this paperwe presenia methodto derive Mel-frequeng cep-
stral coeficientsdirectly from the power spectrumof a speech
signal. We shav that omitting the filterbankin signal analy-
sisdoesnot affect the word errorrate. The presentedpproach
simplifiesthe speechrecognizess front end by memging subse-
guentsignalanalysisstepsinto a singleone. It avoids possible
interpolationand discretizationproblemsandresultsin a com-
pactimplementationWe shaw thatfrequeng warpingschemes
like vocaltractnormalization(VTN) canbeintegratedeasilyin
our conceptwithout additionalcomputationakefforts. Recog-
nition test resultsobtainedwith the RWTH large vocalulary
speectrecognitionsystemare presentedor two differentcor
pora: The GermanVerbMobil Il dev99 corpus,andthe English
North AmericanBusinesNews 94 20k developmentcorpus.

1. INTRODUCTION

Most of todays automaticspeechrecognition(ASR) systems
are basedon sometype of Mel-frequeng cepstralcoeficients
(MFCCs),which have proven to be effective and robust under
variousconditions. This paperdescribesan alternatve concept
to derive MFCCsdirectly from thepower spectrunof thespeech
signal. A numberof subsequenstepsof the traditional signal
analysisareintegratedinto the cepstrunmtransformationwhich
avoids possiblediscretizatiorandinterpolationerrors. The nev
conceplyields equallygoodrecognitionperformancewithout a
filterbank,thusreduceshenumberof parameterthatneedto be
optimized.

The remaindeof this paperis organizedasfollows: In the
next sectionwe will briefly recapitulatehetypical signalanaly-
sisprocedureThenwe discussn detailimplementationalssues
of thetraditionalMFCC computatiorandpresenbur integrated
approachln sectiord we will demonstratéhatfrequeng warp-
ing schemedike VTN canbe easilyintegratedaswell. Finally,
we will presentecognitiontestresultsfor the VerbMobil Il and
the North AmericanBusinessNews Corpus,anddrav the con-
clusionsof ourwork.

2. SIGNAL ANALYSIS

Figure 1 shavs the signal analysisfront end of a typical ASR
system.The speechwaveform, sampledat 8 or 16 kHz, is first
differentiated(preemphasisand cut into a numberof overlap-
ping segments(windowing), each25 ms long and shifted by
10ms. A Hammingwindow is multiplied andthe Fouriertrans-
form (FFT) is computedfor eachframe. The power spectrum
is warpedaccordingto the Mel-scalein orderto adaptthe fre-
gueng resolutionto the propertiesof the humanear Thenthe
spectrunis sggmentednto a numberof critical bandsby means
of afilterbank. The filterbanktypically consistsof overlapping
triangularfilters. A discretecosinetransformation(DCT) ap-
pliedto thelogarithmof thefilterbankoutputsresultsin the raw
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Figurel: Typical signalanalysisfront end

MFCC vector The highestcepstralcoeficients are omittedto
smooththecepstrandminimizetheinfluenceof thepitchwhich
is irrelevant for the speechrecognitionprocess. The meanof
eachcepstrakcomponents subtractedandthe varianceof each
componentnay alsobe normalized.Finally, the MFCC vector
is augmentedvith time derivatives. Additional transformations
like lineardiscriminantanalysiSLDA) mayfurtherincreasehe
temporalcontext andthe discriminanceof the acousticvector
As aresultsignalanalysigprovidesevery 10 msanacoustiovec-
tor, whichis typically of dimension25to 50.

3. COMPUTATION OF MFCCS

We now wantto have a closerlook at the computationof cep-
stral coeficients from speechspectra,i.e. the signal analysis
stepsbetweenFFT and DCT. We will discussproblemsof dif-
ferentimplementationsandfinally presenamethodto compute
MFCCsdirectlyonthepower spectrumBoththetraditionaland
theintegratedapproactsuggestetherearedepictedn Figure2.
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Figure 2: Comparisonof the traditional MFCC computation
(left) with theintegratedapproack(right) investigatechere.

3.1. Traditional Filterbank Approach

Mel-frequeng warpingandthe filterbank canbe implemented
easilyin the frequeng domain(seeFigure3). Onemethodis
to transformthe power spectrumj.e. to computea Mel-warped
spectrumby interpolationfrom the original discrete-frequernc
power spectrum.The adwantageis thatthe following triangular
filters all have the sameshapeand canbe placeduniformly at
the Mel-warpedspectrum.On the otherhand,the discretization
may be especiallycritical dueto the large dynamicrangeof the
power spectrum.
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Figure3: Schematiplot of differenttriangularfilterbankimple-
mentations. The filters are either uniformly distributed at the
Mel-warpedspectrum,or non uniformly at the original spec-
trum. In thelattercasethey shouldbeasymmetriaswell.

Anotherway is to placethe triangularfilters non uniformly
at the unwarpedspectrumand therebyimplicitely incorporate
Mel-frequeng scaling[1]. However, discretizationerrorsmay
thenoccurif the spectrakesolutionis notappropriate The low-
estfilters could be placedat a very few spectralines only, and
the maximumof oneof the filters may fall just inbetweerntwo
spectrallines. In addition, the filters should not be triangular
andsymmetricanymore,but bendaccordingto the shapeof the
Mel-functionatthe positionof thefilter.

Lastbut notleastit is notclearhon mary filtersarerequired
and which filter shapeis optimal. Triangularfilters are occa-
sionally replacedby trapezoidalor more complex shapedones
derived from auditorymodels,andwe sometime®bsered bet-
ter word errorrateswhenusingfilters with cosineshape.

In all caseghe logarithmof the filterbank outputis cosine
transformedo obtainMFCCs.

3.2. Computing MFCCsDirectly On The Power Spectrum

We have investigatedan alternatve methodto computeMel-
frequeny warped cepstralcoeficients directly on the powver
spectrumand therebyavoid possibleproblemsof the standard
approach.

Ignoringary spectrawarpingfor amomentcepstracoefi-
cientse, canbederivedby Eq. (1):
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Dependingon whethera filterbankis usedor not, | X (-)|
standdor eitherthefilterbankoutputsor the power spectrum.

The sequentialapplication of a monotoneinvertible fre-
queng warpingfunctiong : [—w,w] — [—m, w] andDCT can
be expressedsfollows:
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To incorporatewarpingdirectly into the cosinetransforma-
tion, we changeheintegrationvariableandusethederivative of
thewarpingfunctiond® /dw (Eq. 3). The continuousntegralis
laterapproximatedh thestandardvay by adiscretesum(Eq.4):
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Onespecifictypeof frequeny warpingis theMel-frequenyg

scalingu(-), which is usually carriedout accordingto formula
(5) with the samplingfrequeng £ [6]:
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For integration into the cosine transformation,the Mel-
warping function needsto be normalizedin orderto meetthe
criterionfi(w) = 7.
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Replacingg(-) in Eq. (4) by ji(-) leadsto acompactimple-
mentationof MFCC computatiorwith only afew linesof code.
A look-uptablefor constantdike the derivative andthe cosine
term canbe precomputedall thatremainsis a matrix multipli-
cationon the logarithmof the power spectrum.Figure4 shavs



theeffectof themodifiedsignalanalysisontwo cepstruncoefi-
cientsfor atestsentencérom theVerbMobilll corpus.Whereas
the lower ordercoeficients are almostidentical, the difference
increasesvith highercoeficient ordersdueto the discartedil-
terbank.
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Figure4: Comparisorof cepstrumcoeficients 1 (uppercurwe)
and15 (lower curwe) for a testsentencdrom the VerbMobil Il
corpus (baseline: traditional filterbank approach;integrated:
DCT with integratedMel-frequeng warping).

4. INTEGRATION OF VTN

Vocaltractlengthnormalization(VTN) is a spealer normaliza-
tion schemehatalsoreliesonwarpingthepower spectrumThe
ideais to compensatéor the shift of formantsin speectspectra
causedy the speakr-specificlengthof thevocaltract.

It hasbeenshavn beforethatonepossibleVTN implemen-
tationis to modify thelocationof filters in thefilterbankjust as
for Mel-frequeng scaling[2]. Fromwhatwe have presentedn
the previous sectionit is clear however, that VTN canalsobe
fully integratedinto the cepstrunmransformation.

The VTN warpingfunctionv, : [0,7] — [0, 7] needsto
be monotoneandinvertibleaswell. A simplechoiceis a piece-
wiselinearwarpingfunctionasshavn in Figure5. Theinflexion
frequeny wo atwhichtheslopeof thefunctionchangeslepends
ona:
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In orderto avoid complicateccasedistinctionsfor different
warpingfactorsandfrequenciesye write the warpingfunction
w — vo(w) in thefollowing convenientform

Va(w) = Bow+Yw (7
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Figure5: Warpingfunctionfor piece-wisdinearVTN

with parameterg,, andvy,,. Althoughtheseparameterformally
dependnw, they cantake on only two values:

« w < wo
/Bw = { wﬂ—_awc;.())g w > wo

0 w < wo
Ve {(a—l)-%oo— w > wo

Mel-warpingis appliedafterthespectrarescaledaccording
to VTN. Hence thecombinationy(-) of Mel- andVTN warping
becomes
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Cepstrum coeficients with integrated VTN and Mel-
frequeng warping are obtainedby replacingg(-) in Eq. (4)
by x(-).

5. RECOGNITION TESTS

To evaluatetheproposedaignalanalysisapproachwe performed
recognitiontestswith theRWTH largevocahulary speechrecog-
nition system(see[3] , [4], and[5] for detailedsystemdescrip-
tions) on two differentcorpora. The VerbMobil Il task(VM 1)
is Germarnspontaneouspeectwith a 10k-word vocalulary, and
the North AmericanBusinessNews task (NAB) is cleanread
speectof Wall StreetJournaltexts with a recognitionvocalu-
lary of 20k. Detailsof thetrainingandtestcorporaaregivenin
Tablel.

Tablel: Statisticsof thetrainingandtestcorpora

Corpus VerbMobilll Wall StreetJournal
Training Test Training Test
CD1-41 | DEV99 || WSJO+1| DEV-94
Duration 61.5h 1.6h 81.4h 0.8h
Sil. Portion 13% 11% 27% 19%
# Speakrs 857 16 284 20
# Sent. 36,015 | 1,081 37,571 310
# Words 701,512 | 14,662 || 649,624 | 7,378
TrigramPPR - 62.0 - 126.6
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Figure 6: Warping factor distribution of the VM Il training
speakrs. Theupperhistogramwasobtainedwvith Mel- andVTN
warpedspectraobtainedby linear interpolation,the lower his-
togramwith integratedMel-frequeng andVTN warping.

The first result of using the integratedapproachin VTN
training was a much smootherdistribution of warpingfactors.
Figure 6 shavs the correspondinchistogramsfor the VM I
training corpus. A closerinspectionrevealedthat linear inter-
polationof spectralineswhentransforminghepower spectrum
for VTN warpingwasthe mainreasorfor theerraticdistribution
obseredbefore. It turnedout, however, thattheword errorrate
(WER)wasonly maginally affectedby this difference.

Next, we comparedhe recognitionperformancef the tra-
ditional signalanalysisapproach(baselinewith the integrated
MFCC computation Additional testswerecarriedoutwith two-
passandfastVTN asdescribedn [4]. Thebestresultsof each
setuparesummarizedn Table2.

Table2: Recognitiortestresultsfor theVM 1l andtheNAB cor
pusapplyingno VTN, two-passandfastVTN (baseline:tradi-
tional filterbankapproachintegrated:DCT with integratedfre-
gueng warping).

Corp. | VTN Cepstrum || #Dns Overall[%]
K] Del-Ins | WER
VMII | no Baseline 455 | 49-48 | 25.7
Integrated || 457 | 5.0-4.4 | 25.3
2-Pass| Baseline 450 | 44-43 ] 238
Integrated || 451 | 4.9-4.1 | 24.0
Fast Baseline 450 | 45-45] 238
Integrated || 451 | 5.0-4.1 | 24.0
NAB no Baseline 596 | 1.5-23 ] 125
Integrated || 599 | 1.5-2.3 | 12.4
2-Pass| Baseline 563 | 1.4-24 ] 118
Integrated || 591 | 1.4-2.2 | 11.7
Fast Baseline 563 | 1.4-23 | 119
Integrated || 591 | 1.5-2.2 | 11.8

We found that the recognitionperformanceof both meth-
odsis similar. In mostcaseghe integratedapproactperformed
almostasgoodor slightly betterthanthe traditionalsequential
analysiswith a filterbank. A similar behaiour was found on
smallerGermanandltalian telephonespeectcorpora(VerbMo-
bil andEuTrans).

6. CONCLUSIONS

In this paperwe have presentedan alternatve signal analy-
sis approachthat melgesa humberof subsequenanalysisstep
into one. Omitting thefilterbankandintegratingMel-frequenyg

warpinginto the cepstrumtransformatiorsimplifies the signal
analysigno filterbankparameterseedto be optimized),avoids
possibleinterpolationanddiscretizationproblems andleadsto

a compactimplementationof the MFCC front end. We have
shavn thatconceptdike VTN thatrely onwarpingspeectspec-
tra can be easily integratedas well. Recognitiontestson the
VerbMobilll andthe North AmericanBusinesdNews corpusre-
vealedthatthenew approactperformsasgoodasthetraditional
signalanalysis.
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