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ABSTRACT
A robustspeechfeatureextractionprocedure,by kernelre-
gressionnonlinearpredictive coding, is presented. Fea-
turesmaximally insensitive to additive noiseareobtained
by growth transformationof regressionfunctionsspanning
a ReproducingKernelHilbert Space(RKHS).Experiments
on TI-DIGIT demonstrateconsistentrobustnessof thenew
featuresto noiseof varying statistics,yielding significant
improvementsin digit recognitionaccuracy over identical
modelstrainedusingMel-scalecepstralfeaturesandevalu-
atedatnoiselevelsbetween0 and30dB SNR.

1. INTRODUCTION

While most current speechrecognizersgive acceptable
recognitionaccuracy for cleanspeech,their performance
degradeswhenthey aresubjectedto noisepresentin prac-
tical environments[1]. For exampleit hasbeenobserved
thatadditivewhitenoiseseverelydegradestheperformance
of Mel-cepstrabasedrecognitionsystems[1, 2]. This per-
formancedegradationis attributedprimarily to unavoidable
mismatchbetweentrainingandrecognitionconditions.To
reducetheeffect of mismatchseveraltechniqueshave been
proposedin theliterature,whichcanbebroadlycategorized
as: �

Noise estimationand filtering that reconditionsthe
speechsignalbasedonnoisecharacteristics[2];�
On-linemodeladaptationto reducetheeffectof mis-
matchin trainingandtestenvironments[3];�
Extractionof speechfeaturesrobust to noise[4], in-
cluding featuresbasedon humanauditory model-
ing [5, 6].

This paperproposesa novel featureextractionmecha-
nismfor speechsignalrepresentation,kernelpredictivecod-
ing cepstra (KPCC), by growth transformationon function-
als in a reproducingkernelHilbert space(RKHS). RKHS
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techniqueshave beenusedin signalprocessingfor thepur-
poseof signalestimationanddetectionin the form of co-
variancefunctionals[7]. Our work is basedon regression
techniquesusingRKHS which arepopularin the machine
learningcommunityespeciallyin thefield of regularization
theory [8] andsupportvectormachines[9]. By imposing
smoothnessconstraintsonthefunctionsin RKHS,anonlin-
earregressioncanthenbeperformedtofilter outthenoisein
thesignal.It hasbeenshown[8] thatfor aspecific(Toeplitz)
form of thekernelthesmoothnessconstraintscorrespondto
low passspatialfiltering.

Growth transformationis an iterative optimizationpro-
cedureof homogeneouspolynomial cost functions con-
strained over fixed manifolds [10]. This techniqueis
popular for its use in discriminative hidden Markov
model (HMM) training using maximummutual informa-
tion (MMI) [11], whereit is extendedto optimizing non-
homogeneousrationalfunctions.For this featureextraction
taskthegrowth transformationis definedovera parameter-
izedpolynomialkernelwhich over a fixedmanifoldresults
in nonlinearfeaturesthatarevery robustto noiseandinter-
ference.

Thepaperis organizedasfollows. Section2 introduces
notionsof kernelbasedpredictivecodingandgrowth trans-
formation.Section3 detailsthefeatureextractionalgorithm
and its parameterization.Section4 presentsresultsfrom
recognitionexperimentsperformedwith the resultingfea-
tures,andSection5 providesconcludingremarks,discus-
sionsandfuturedirections.

2. RKHS PREDICTIVE CODING

Thissectionreviewsfundamentalsandfixesnotationalcon-
ventionin light of the KPCC featureextractionalgorithm.
The key componentsillustratedin Figure1 arethe kernel
regressionblockandgrowth transformationblock.
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Fig. 1. Signalflow in KPCCfeatureextraction

2.1. Kernel Regression
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where
d ;B�h@<ikj is a loss function penalizingthe recon-

structionerror, andthe smoothnessterm X ! X Z C represents
theregularizerpenalizinglargesignalexcursions,weighted
by regularizationparameterU . The solution of the op-
timization problem (1) is well known [12] of the gen-
eral form !
;�l/@m* \^]  _a`nbpo _ 9<;D$%	g# [ �
���=l/@ . Denoting9 _rq *s9<;D$%	g# [ �
���=$%	g# [ut ��@ asthekernelmatrix and
re-substitutingin thecostfunction(1) for squarelossleads
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andwith optimumsolution
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2.2. Kernel Growth Transformation

Theprincipleof growth transformationcanbedirectly ap-
plied to parameterizationof an inner-productbasedkernel.
Considera kernelof theform 9<;�$��=l/@�*���; 7 $��=l/Ay@ , where7 $��)l%A is an inner-productdefinedon two vectorsin �
 ,
and �
;��4@ is an arbitraryfunction decomposableaspolyno-
mial expansions,like ��;h�/@�*�� Z or �
;��/@�*��:����;��/@ . The
ideabehindgrowth transformationof thekernel 9�;������4@ is to
parameterizethe inner-product

7 �2�:��A with predictive coeffi-
cients�>*�	 ����� 3 �����%i.j suchthat
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In addition we enforcethat ��� lie on the manifold � E� ���T*�� to ensurepropernormalization.
The parameterizationin ��� endows the kernelwith the

following properties:�
The kernel function 9<;B�2�:�h@ andhencethe dual costv ; o/wyx @ is polynomialin � .�
Thekernelcontainshigher-ordercorrelationtermsof
the discretesignal �/	 �
� andits delayedversions. In
thissensethekernelexpansionis similarto linearpre-
dictivecoding(LPC),wherethecoefficients��� weigh
thecorrelationacrosssamplesat timelags� , although
the relationshipis nonlinearthroughthemap �
;B�h@ in
thekernel.

The polynomialnatureof dual (2) supportsdirect ap-
plicationof growth transformationswith respectto thepa-
rameters��� to maximizethe cost function over the mani-
fold � [10]. Theideabehindthegrowth transformationis
to find coefficients��� to maximallyun-learntheregression
function !
;D$%@ by maximizingthedual(2) obtainedby min-
imizationover o . Maximimizationover thecoefficients � �
yields a transformationemphasizingdimensionsin the in-
put vector $ lesssensitive to variability, therebyproducing
a robustkernelthat is lessproneto noisein the input. Us-
ing thegrowth transformationsproceduredescribedin [11]
over themanifold ��E � ���/*�j�������i�j thecoefficients� arere-mappedaccordingto
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The parameter� is a smoothingconstantthat determines
thedegreeof deviation of thenew parameterswith respect
to the old parametersandplaysan importantrole in noise
robustness.

Insight into the role of the transformation(5) can be
gainedby notingthat
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wherex ¡ is thederivativeof kernel x . For thekernelsun-
derconsideration,x ¡ alsohasa reproducingpropertyover
a correspondingHilbert space� ¡ . For the specificchoice9<;�$��=l/@�*©���R��; 7 $��)l%Ay@ , both RKHS representationsco-
incide � ¡ *k� andthusthe coefficients ��� in (7) reduce
to relative normsof the functionsin � re-weightedby the
training samplesat time lags � . This in turn reducesto
cross-correlationbetweentheregressionfunctionandsam-
ples �
	 t &ª�B�D�¬« t . As an interestinglimiting case,for
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normof theauto-correlationfunction. This affirms thatthe
transformation(5) subsumeslinear predictive coding and
producesmoregeneral,nonlinearfeatures.

3. KPCC FEATURE EXTRACTION ALGORITHM

The KPCC featureextractionprocedureillustratedin Fig-
ure1 comprisesthefollowing steps:�

Extractspeechsamplesby shiftingarectangularwin-
dow of size � by

v
intervals;�

For a given order # choosean initial value of pa-
rameters���B�B�N*F�r�����2�:# . In the experimentsbelow
theinitial valueswerechosenaccordingto theprofile����*²± [´³nµ M�O ;��¥¶6{}#·@ , akin to the liftering profile in
Mel-scalefilterbankcepstralcoefficient(MFCC)fea-
tureextraction;�
Obtainthekernelmatrix 9 by applyingthemap�
;��4@
to (4) over the datawindow. Train the dual objec-
tive (2) by assigningoptimalcoefficients o �_ accord-
ing to (3);�
Performgrowth transformation(5) to obtainnew es-
timatesof ��� , at theoptimumvalueof o �_ ;�
Averageanddecimatethe coefficients ��� along �Y*�r���:���1# to reducethenumberof features;and�
Performdiscrete-cosinetransformation(DCT) on the
reducedcoefficients to obtain the final KPCC fea-
tures. As in MFCC featureextraction,thefirst DCT
coefficientandhigher-ordercoefficientsarediscarded
sincethey carrylittle informationrelevantto speech.

4. EXPERIMENTS AND RESULTS

For all experimentsKPCC featureswereextractedusinga
20 mswindow shiftedby 10 ms,with kernelregressionor-
der #(*ª¸�j , andwith ±%*pjf� ¹f� ³ *ªj�� º�� U *Hjf� ºf� � *�� and� *pj�� ¹ . The60growth features� � wereaveragedanddec-
imatedto ¹}j coefficients. Without lossof generalizationit
hasbeenassumedthattheinput signalis rescaledsuchthat�/	 �
�
»����B«+� . After DCT, 12coefficients(indices2 through
13) were selectedas featuresfor the recognitionsystem.
Figure2 shows a samplecomparisonbetweenKPCC fea-
turesand correspondingMFCC featuresfor digit five ob-
tainedbeforeDCT operationfor differentSNR levels. As
standardin MFCC,awindow sizeof 25mswith anoverlap
of 10 ms waschosen,andcepstralfeatureswereobtained
from DCT of log-energyover24Mel-scalefilter banks.The
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Fig. 2. MFCCfeatures(a)-(c)andKPCCfeatures(d)-(f) for
digit five obtainedbefore DCT, underdifferentSNRcondi-
tions(clean,30dBand10dB).

degradationof spectralfeaturesfor MFCC in thepresence
of whitenoiseis evident,whereasKPCCfeaturesprevail at
elevatednoiselevels.

For recognitionexperiments,wechoseasimpleisolated
TI-DIGIT digit recognitiontaskwith a vocabulary sizeof
11 (zero to ten plus ‘O’). The training set containedtwo
utterancesof isolateddigits eachfrom 35 male speakers
comprisinga total of 770 utterances,andthe testsetcon-
tainedisolateddigits from 25 othermalespeakersfor a to-
tal of 440utterances.A recognitionsystemwasdeveloped
usingthe HiddenMarkov Toolkit (HTK), implementinga
14-stateleft-to-right transitionmodelfor eachdigit where
the probability distribution on eachstatewas modeledas
a four-mixture Gaussian.As a baseline,the samerecog-
nition systemwas developedusing MFCC featurescom-
prisingof 12coefficients,withoutenergy anddeltafeatures.
Noisesamplesfor theexperimentswereobtainedfrom the�-¼ |�½
¾¨¿ databaseandwereaddedto cleanspeechto ob-
tain testdata. We consideredfour typesof noisecommon
in applicationenvironments:white noise(

v
), speechbab-

ble noise( À ), factorynoise( Á , plate-cuttingandelectrical
weldingequipment)andcarinteriornoise( S , Volvo 340at
75 mph underrainy conditions). Table1 summarizesthe
recognitionratesobtainedbasedon the two featuresunder
differentnoisestatisticsandunderdifferentSNRlevels.

Thefollowingcanbeinferredfrom thetabulatedresults:

1. For cleanspeechtheperformanceof bothsystemsare
comparable,with high recognitionrates.

2. For white noisethe recognitionsystemwith KPCC
featuresdemonstratesmuch betternoiserobustness



Table 1. Comparisonof recognitionratesfor an HMM
systemusing KPCC featureswith identical systemusing
MFCC features,for additive white gaussian(

v
), babble

( À ), car( S ) andfactory( Á ) noise,at variousSNRlevels.

Clean 30dB 20dB 10dB 0dBÂ
MFCC 98.8% 81.1% 27.5% 12.2% 12.3%
KPCC 97.8% 97.5% 96.3% 90.6% 48.6%Ã
MFCC 98.8% 97.2% 93.8% 60.7% 54.2%
KPCC 97.8% 96.6% 95.2% 78.4% 54.3%Ä
MFCC 98.8% 98.6% 98.1% 96.8% -
KPCC 97.8% 97.7% 96.8% 95.2% -Å
MFCC 98.8% 95.9% 67.7% 28.6% -
KPCC 97.8% 96.3% 96.1% 73.86% -

thancorrespondingMFCC features. In fact, KPCC
maintainsacceptable( ÆÈÇ�jTÉ ) recognitionperfor-
mancefor noise reachingsignal levels (SNR ap-
proaching0 dB).

3. KPCC featuresdemonstratesignificantlybetterper-
formancein thepresenceof factorynoiseandslightly
betterperformancein the presenceof babblenoise.
An interestingobservationcanbemadeat this point
by noting the trend in recognitionratesfor babble
noise in comparisonwith other noise types. Bab-
ble noise primarily consistsof speechsignalspro-
ducedby otherhumansandhencenot only corrupts
the entire information bearingfrequency bandsbut
alsosharesstatisticalpropertiesof thereferencesig-
nal. This attribute is reflectedby reductionin error
rateseventhoughKPCCfeaturesaremorerobust to
MFCCfeatures.For othersourcesof noisethestatis-
tics aresubstantiallydifferent from referencestatis-
tics,which KPCCfeaturesutilize to extractnoisero-
bust features. This can be observed especiallyfor
white noiseat very low SNR, for which KPCC fea-
turesprovidereasonablerecognitionperformance.

4. Theperformanceof bothMFCC featuresandKPCC
featuresdonot degraderapidly in thepresenceof car
noiseandyield similar relative decreasein recogni-
tion rates.This canbeattributedto thevery low fre-
quency natureof car noise,which keepsthe higher
frequency featuresintactfor recognitionpurposes.

5. CONCLUSIONS

In thispaperwepresentedanovel speechfeatureextraction
procedurerobust to noisewith differentstatistics,for de-
ploymentwith recognitionsystemsoperatingundera wide

varietyof conditions.Theapproachis primarily datadriven
and effectively extracts nonlinearfeaturesof speechthat
arelargely invariantto noiseandinterferencewith varying
statistics.
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