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ABSTRACT

In this paperwe presenta methodto derive Mel-frequency cep-
stral coefficientsdirectly from the power spectrumof a speech
signal. We show that omitting the filterbank in signal analy-
sisdoesnot affect theword error rate. Thepresentedapproach
simplifiesthe speechrecognizer’s front endby merging subse-
quentsignalanalysisstepsinto a singleone. It avoidspossible
interpolationanddiscretizationproblemsandresultsin a com-
pactimplementation.Weshow thatfrequency warpingschemes
like vocal tractnormalization(VTN) canbeintegratedeasilyin
our conceptwithout additionalcomputationalefforts. Recog-
nition test resultsobtainedwith the RWTH large vocabulary
speechrecognitionsystemarepresentedfor two differentcor-
pora: TheGermanVerbMobil II dev99 corpus,andtheEnglish
NorthAmericanBusinessNews9420kdevelopmentcorpus.

1. INTRODUCTION

Most of today’s automaticspeechrecognition(ASR) systems
arebasedon sometype of Mel-frequency cepstralcoefficients
(MFCCs),which have proven to be effective androbust under
variousconditions.This paperdescribesan alternative concept
to deriveMFCCsdirectlyfromthepowerspectrumof thespeech
signal. A numberof subsequentstepsof the traditionalsignal
analysisareintegratedinto thecepstrumtransformation,which
avoidspossiblediscretizationandinterpolationerrors.Thenew
conceptyieldsequallygoodrecognitionperformancewithout a
filterbank,thusreducesthenumberof parametersthatneedto be
optimized.

Theremainderof this paperis organizedasfollows: In the
next sectionwewill briefly recapitulatethetypicalsignalanaly-
sisprocedure.Thenwediscussin detailimplementationalissues
of thetraditionalMFCCcomputationandpresentour integrated
approach.In section4 wewill demonstratethatfrequency warp-
ing schemeslike VTN canbeeasilyintegratedaswell. Finally,
we will presentrecognitiontestresultsfor theVerbMobil II and
theNorth AmericanBusinessNews Corpus,anddraw thecon-
clusionsof ourwork.

2. SIGNAL ANALYSIS

Figure1 shows the signalanalysisfront endof a typical ASR
system.Thespeechwaveform,sampledat 8 or 16 kHz, is first
differentiated(preemphasis)andcut into a numberof overlap-
ping segments(windowing), each25 ms long and shifted by
10 ms.A Hammingwindow is multipliedandtheFouriertrans-
form (FFT) is computedfor eachframe. The power spectrum
is warpedaccordingto the Mel-scalein orderto adaptthe fre-
quency resolutionto thepropertiesof the humanear. Thenthe
spectrumis segmentedinto anumberof critical bandsby means
of a filterbank. Thefilterbanktypically consistsof overlapping
triangularfilters. A discretecosinetransformation(DCT) ap-
plied to thelogarithmof thefilterbankoutputsresultsin theraw
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Figure1: Typicalsignalanalysisfront end

MFCC vector. The highestcepstralcoefficientsareomittedto
smooththecepstraandminimizetheinfluenceof thepitchwhich
is irrelevant for the speechrecognitionprocess. The meanof
eachcepstralcomponentis subtracted,andthevarianceof each
componentmayalsobe normalized.Finally, theMFCC vector
is augmentedwith time derivatives. Additional transformations
like lineardiscriminantanalysis(LDA) mayfurtherincreasethe
temporalcontext andthe discriminanceof the acousticvector.
As aresultsignalanalysisprovidesevery10msanacousticvec-
tor, which is typically of dimension25 to 50.

3. COMPUTATION OF MFCCS

We now want to have a closerlook at the computationof cep-
stral coefficients from speechspectra,i.e. the signal analysis
stepsbetweenFFT andDCT. We will discussproblemsof dif-
ferentimplementations,andfinally presentamethodto compute
MFCCsdirectlyonthepowerspectrum.Boththetraditionaland
theintegratedapproachsuggestedherearedepictedin Figure2.
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Figure 2: Comparisonof the traditional MFCC computation
(left) with theintegratedapproach(right) investigatedhere.

3.1. Traditional Filterbank Approach

Mel-frequency warpingandthe filterbankcanbe implemented
easily in the frequency domain(seeFigure3). Onemethodis
to transformthepower spectrum,i.e. to computea Mel-warped
spectrumby interpolationfrom the original discrete-frequency
power spectrum.Theadvantageis that thefollowing triangular
filters all have the sameshapeandcanbe placeduniformly at
theMel-warpedspectrum.On theotherhand,thediscretization
maybeespeciallycritical dueto thelargedynamicrangeof the
power spectrum.
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Figure3: Schematicplot of differenttriangularfilterbankimple-
mentations. The filters are either uniformly distributed at the
Mel-warpedspectrum,or non uniformly at the original spec-
trum. In thelattercase,they shouldbeasymmetricaswell.

Anotherway is to placethetriangularfilters nonuniformly
at the unwarpedspectrumand therebyimplicitely incorporate
Mel-frequency scaling[1]. However, discretizationerrorsmay
thenoccurif thespectralresolutionis notappropriate.Thelow-
estfilters couldbeplacedat a very few spectrallinesonly, and
the maximumof oneof the filters may fall just inbetweentwo
spectrallines. In addition, the filters shouldnot be triangular
andsymmetricanymore,but bendaccordingto theshapeof the
Mel-functionat thepositionof thefilter.

Lastbut not leastit is notclearhow many filtersarerequired
and which filter shapeis optimal. Triangularfilters are occa-
sionally replacedby trapezoidalor morecomplex shapedones
derivedfrom auditorymodels,andwe sometimesobservedbet-
ter worderrorrateswhenusingfilterswith cosineshape.

In all casesthe logarithmof the filterbankoutputis cosine
transformedto obtainMFCCs.

3.2. Computing MFCCs Directly On The Power Spectrum

We have investigatedan alternative methodto computeMel-
frequency warpedcepstralcoefficients directly on the power
spectrumand therebyavoid possibleproblemsof the standard
approach.

Ignoringany spectralwarpingfor amoment,cepstralcoeffi-
cients��� canbederivedby Eq.(1):
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Dependingon whethera filterbank is usedor not, � ���'#  "�standsfor eitherthefilterbankoutputsor thepower spectrum.
The sequentialapplicationof a monotoneinvertible fre-
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To incorporatewarpingdirectly into thecosinetransforma-
tion,wechangetheintegrationvariableandusethederivativeof
thewarpingfunction � 5�BAC��� (Eq.3). Thecontinuousintegral is
laterapproximatedin thestandardwayby adiscretesum(Eq.4):
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Onespecifictypeof frequency warpingis theMel-frequency
scaling d �'#  , which is usuallycarriedout accordingto formula
(5) with thesamplingfrequency e
f [6]:
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For integration into the cosine transformation,the Mel-
warping function needsto be normalizedin order to meetthe
criterion
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Replacing( �'#  in Eq. (4) by
5d �'#  leadsto a compactimple-

mentationof MFCCcomputationwith only a few linesof code.
A look-up tablefor constantslike thederivative andthecosine
termcanbe precomputed,all that remainsis a matrix multipli-
cationon the logarithmof thepower spectrum.Figure4 shows



theeffectof themodifiedsignalanalysisontwo cepstrumcoeffi-
cientsfor atestsentencefrom theVerbMobilII corpus.Whereas
the lower ordercoefficientsarealmostidentical,the difference
increaseswith highercoefficient ordersdueto thediscartedfil-
terbank.
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Figure4: Comparisonof cepstrumcoefficients1 (uppercurve)
and15 (lower curve) for a testsentencefrom the VerbMobil II
corpus (baseline: traditional filterbank approach; integrated:
DCT with integratedMel-frequency warping).

4. INTEGRATION OF VTN

Vocal tract lengthnormalization(VTN) is a speaker normaliza-
tion schemethatalsoreliesonwarpingthepowerspectrum.The
ideais to compensatefor theshift of formantsin speechspectra
causedby thespeaker-specificlengthof thevocaltract.

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

The VTN warpingfunction wCxy)�+ m /1	!2�4 + m /&	32 needsto
bemonotoneandinvertibleaswell. A simplechoiceis a piece-
wiselinearwarpingfunctionasshown in Figure5. Theinflexion
frequency � T atwhichtheslopeof thefunctionchangesdepends
on z :
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In orderto avoid complicatedcasedistinctionsfor different
warpingfactorsandfrequencies,we write thewarpingfunction� 4 wCx �6�7 in thefollowing convenientformw x �6�7 � � � � j�� � (7)
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Figure5: Warpingfunctionfor piece-wiselinearVTN

with parameters� � and� � . Althoughtheseparametersformally
dependon � , they cantakeon only two values:
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Mel-warpingis appliedafterthespectraarescaledaccording

to VTN. Hence,thecombination� �'#  of Mel- andVTN warping
becomes � �6�\ � 5d � wCx �6�7 1 � �q#��F� [ �kj + � � � j�� � 2 # e f�C	 #�l$m$m�npo ] (8)
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Cepstrum coefficients with integrated VTN and Mel-
frequency warping are obtainedby replacing ( �'#  in Eq. (4)
by � �'#  .

5. RECOGNITION TESTS

Toevaluatetheproposedsignalanalysisapproach,weperformed
recognitiontestswith theRWTH largevocabularyspeechrecog-
nition system(see[3] , [4], and[5] for detailedsystemdescrip-
tions)on two differentcorpora.TheVerbMobil II task(VM II)
is Germanspontaneousspeechwith a10k-word vocabulary, and
the North AmericanBusinessNews task (NAB) is cleanread
speechof Wall StreetJournaltexts with a recognitionvocabu-
lary of 20k. Detailsof thetrainingandtestcorporaaregiven in
Table1.

Table1: Statisticsof thetrainingandtestcorpora
Corpus VerbMobil II Wall StreetJournal

Training Test Training Test
CD1-41 DEV99 WSJ0+1 DEV-94

Duration 61.5h 1.6h 81.4h 0.8h
Sil. Portion 13% 11% 27% 19%
# Speakers 857 16 284 20
# Sent. 36,015 1,081 37,571 310
# Words 701,512 14,662 649,624 7,378
TrigramPP. - 62.0 - 126.6
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Figure 6: Warping factor distribution of the VM II training
speakers.Theupperhistogramwasobtainedwith Mel- andVTN
warpedspectraobtainedby linear interpolation,the lower his-
togramwith integratedMel-frequency andVTN warping.

The first result of using the integratedapproachin VTN
training wasa muchsmootherdistribution of warping factors.
Figure 6 shows the correspondinghistogramsfor the VM II
training corpus. A closerinspectionrevealedthat linear inter-
polationof spectrallineswhentransformingthepowerspectrum
for VTN warpingwasthemainreasonfor theerraticdistribution
observedbefore.It turnedout,however, thattheword errorrate
(WER)wasonly marginally affectedby thisdifference.

Next, we comparedthe recognitionperformanceof the tra-
ditional signalanalysisapproach(baseline)with the integrated
MFCCcomputation.Additional testswerecarriedoutwith two-
passandfastVTN asdescribedin [4]. Thebestresultsof each
setuparesummarizedin Table2.

Table2: Recognitiontestresultsfor theVM II andtheNAB cor-
pusapplyingno VTN, two-pass,andfastVTN (baseline:tradi-
tional filterbankapproach;integrated:DCT with integratedfre-
quency warping).

Corp. VTN Cepstrum #Dns Overall [%]
[k] Del - Ins WER

VM II no Baseline 455 4.9- 4.8 25.7
Integrated 457 5.0- 4.4 25.3

2-Pass Baseline 450 4.4- 4.3 23.8
Integrated 451 4.9- 4.1 24.0

Fast Baseline 450 4.5- 4.5 23.8
Integrated 451 5.0- 4.1 24.0

NAB no Baseline 596 1.5- 2.3 12.5
Integrated 599 1.5- 2.3 12.4

2-Pass Baseline 563 1.4- 2.4 11.8
Integrated 591 1.4- 2.2 11.7

Fast Baseline 563 1.4- 2.3 11.9
Integrated 591 1.5- 2.2 11.8

We found that the recognitionperformanceof both meth-
odsis similar. In mostcasestheintegratedapproachperformed
almostasgoodor slightly betterthanthe traditionalsequential
analysiswith a filterbank. A similar behaviour was found on
smallerGermanandItalian telephonespeechcorpora(VerbMo-
bil andEuTrans).

6. CONCLUSIONS

In this paperwe have presentedan alternative signal analy-
sis approachthat mergesa numberof subsequentanalysisstep
into one.Omitting thefilterbankandintegratingMel-frequency
warping into the cepstrumtransformationsimplifiesthe signal
analysis(no filterbankparametersneedto beoptimized),avoids
possibleinterpolationanddiscretizationproblems,andleadsto
a compactimplementationof the MFCC front end. We have
shown thatconceptslikeVTN thatrely onwarpingspeechspec-
tra can be easily integratedas well. Recognitiontestson the
VerbMobil II andtheNorthAmericanBusinessNewscorpusre-
vealedthatthenew approachperformsasgoodasthetraditional
signalanalysis.
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