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ABSTRACT

A robustspeecHeatureextractionprocedureby kernelre-

gressionnonlinearpredictve coding, is presented. Fea-
turesmaximally insensitve to additve noiseare obtained
by growth transformatiorof regressiorfunctionsspanning
a ReproducinglernelHilbert Spacg RKHS). Experiments
on TI-DIGIT demonstrateonsistentobustnesof the new

featuresto noiseof varying statistics,yielding significant
improvementsin digit recognitionaccurayg over identical

modelstrainedusingMel-scalecepstrafeaturesandevalu-

atedat noiselevelsbetweerD and30dB SNR.

1. INTRODUCTION

While most current speechrecognizersgive acceptable
recognitionaccurayg for cleanspeech their performance
degradesvhenthey are subjectedo noisepresentn prac-
tical ervironments[1]. For exampleit hasbeenobsened
thatadditive white noiseseverelydegradegshe performance
of Mel-cepstrabasedrecognitionsystemd1, 2]. This per
formancedegradations attributedprimarily to unavoidable
mismatchbetweenraining andrecognitionconditions. To
reducethe effect of mismatchseveraltechniquediave been
proposedn theliterature which canbebroadlycateyorized
as:

¢ Noise estimationand filtering that reconditionsthe
speechsignalbasedon noisecharacteristic§?];

e On-linemodeladaptatiorto reducethe effect of mis-
matchin trainingandtestervironmentd3];

e Extractionof speecheaturesrobustto noise[4], in-
cluding featuresbasedon human auditory model-
ing [5, 6].

This paperproposesa hovel featureextraction mecha-
nismfor speeclsignalrepresentatiorkernelpredictivecod-
ing cepsta (KPCC) by growth transformatioron function-
alsin areproducingkernel Hilbert space(RKHS). RKHS
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techniquesave beenusedin signalprocessindor the pur-

poseof signal estimationand detectionin the form of co-

variancefunctionals[7]. Our work is basedon regression
techniqueausing RKHS which are popularin the machine
learningcommunityespeciallyin thefield of regularization
theory[8] andsupportvectormachineq9]. By imposing
smoothnessonstraintonthefunctionsin RKHS,anonlin-

earregressiorcanthenbeperformedo filter outthenoisein

thesignal.It hasbeenshavn [8] thatfor aspecific(Toeplitz)
form of thekernelthesmoothnessonstraintsorrespondo

low passspatialfiltering.

Growth transformatioris an iterative optimizationpro-
cedureof homogeneougpolynomial cost functions con-
strained over fixed manifolds [10]. This techniqueis
popular for its use in discriminatve hidden Markov
model (HMM) training using maximum mutual informa-
tion (MMI) [11], whereit is extendedto optimizing non-
homogeneougrtionalfunctions.For this featureextraction
taskthe growth transformations definedover a parameter
ized polynomialkernelwhich over a fixed manifold results
in nonlinearfeatureghatarevery robustto noiseandinter-
ference.

The paperis organizedasfollows. Section2 introduces
notionsof kernelbasedoredictive codingandgrowth trans-
formation.Section3 detailsthefeatureextractionalgorithm
and its parameterization.Section4 presentgesultsfrom
recognitionexperimentsperformedwith the resultingfea-
tures,and Section5 providesconcludingremarks,discus-
sionsandfuturedirections.

2. RKHSPREDICTIVE CODING

This sectionreviews fundamentalandfixesnotationalcon-
ventionin light of the KPCC featureextractionalgorithm.
The key componentsllustratedin Figure 1 arethe kernel
regressiorblock andgrowth transformatiorblock.
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Fig. 1. Signalflowin KPCCfeatume extraction

2.1. Kernel Regression

Givenastationandiscreteimesignalz[n],n € 1,.., N and
aRKHS H definedover somedomain() C R*, theaim of
kernelregressionis to estimatea functional f € H such
asto reconstruc(predict)the signalz[n] from previous P
samples<jn — 1] = [z[n — 1], ..,z[n — P —1]]T asi[n] =
(f, K(.,x[n —1]))u. Here(., > definesaninnerproduct
betweentwo elementsof H andK : R x R — Risa
reproducingpositive-definitekernelover H. The optimum
function f is obtainedby minimizing the costfunction

min C(f) = —Hf||H+ Z L(z[P + n] — 2[P + n])

B (1)

where L(.) > 0 is a loss function penalizingthe recon-

structionerror, andthe smoothnesserm || f||%; represents
theregularizerpenalizinglarge signalexcursionsweighted
by regularizationparameterh. The solution of the op-

timization problem (1 |s well known [12] of the gen-

eralform f(y) = >7"F a,, K(x[P + n],y). Denoting

K, = K(x[P + n],x[P + m]) asthe kernelmatrix and

re-substitutingn the costfunction (1) for squardossleads
to ridgeregressiorwith dualformulation

W(a; K) =1/20a” (K + A)a — o"x[N]  (2)
andwith optimumsolution

a* = A +K) 'x[N]. 3)

2.2. Kerndl Growth Transfor mation

The principle of growth transformatiorcanbe directly ap-
plied to parameterizatioof aninnerproductbasedkernel.
Considera kernelof theform K (x,y) = g((x,y)), where
(x,y) is aninnerproductdefinedon two vectorsin R7,
andg(.) is an arbitraryfunction decomposablas polyno-
mial expansionslike g(z) = z? or g(x) = exp(z). The
ideabehindgrowth transformatiorof thekernel K (., .) isto
parameteriz¢he innerproduct(., .) with predictve coefi-
cientsg = [3;]7, 3; > 0 suchthat

P
=> Bizln—ilzlm —il+y  (4)

i=1

(x[n], x[m])

In addition we enforcethat 3; lie on the manifold M :
>_; 3 = 1 to ensurepropermormalization.

The parameterizatiom 3; endavs the kernelwith the
following properties:

e The kernelfunction K(.,.) andhencethe dual cost
W (a; K) is polynomialin .

e Thekernelcontainshigherordercorrelationtermsof
the discretesignal z[n] andits delayedversions. In
thissensahekernelexpansioris similarto linearpre-
dictive coding(LPC),wherethecoeficientss; weigh
thecorrelationacrossamplesattimelagsi, although
the relationshipis nonlinearthroughthe mapg(-) in
thekernel.

The polynomial natureof dual (2) supportsdirect ap-
plication of growth transformationsvith respecto the pa-
rameterss; to maximizethe costfunction over the mani-
fold M [10]. Theideabehindthe growth transformatioris
to find coeficients3; to maximallyun-learnthe regression
function f(x) by maximizingthe dual (2) obtainedoy min-
imizationover . Maximimizationover the coeficientsj;
yields a transformatioremphasizinglimensiondn the in-
put vectorx lesssensitve to variability, therebyproducing
arobustkernelthatis lessproneto noisein theinput. Us-
ing the growth transformationgroceduredescribedn [11]
overthemanifold M : . 3; = 0,3; > 0 thecoeficients
[ arere-mappedccordingto

3,0W (a*; K)/05; + D
>k (BOW (oK) /0B + D) -

The parameterD is a smoothingconstantthat determines
the degreeof deviation of the new parametersvith respect
to the old parametersind playsan importantrole in noise
robustness.

Insight into the role of the transformation(5) can be
gainedby notingthat

Bi —

(®)

oW K)
o5 - ZanamK x[n — ilz[m

n,m

Z ol xlm —
m

whereK' is the derivative of kernelK. For the kernelsun-
derconsiderationK’ alsohasa reproducingpropertyover
a correspondindHilbert spaceH’. For the specificchoice
K(x,y) = exp({x,y)), both RKHS representationso-
incide H' = H andthusthe coeficients 3; in (7) reduce
to relative normsof the functionsin H re-weightedby the
training samplesat time lagsi. This in turn reducesto
cross-correlatiometweerthe regressiorfunctionandsam-
ples z[m — i],¥m. As an interestinglimiting case,for

— ] (6)

2

o'(X[m])

H’



A — oo andfor alinearkernelof type K (x[n], x[m]) =
(Zf:l Bixz[n — ilx[m — i] + ), accordingto (5) the coef-
ficients3; o (3, z[m]z[m — i])? relatedirectlyto the L,
normof the auto-correlatioriunction. This affirms thatthe
transformation(5) subsumedinear predictive coding and
producesnoregeneralnonlinearfeatures.

3. KPCC FEATURE EXTRACTION ALGORITHM

The KPCC featureextraction procedurellustratedin Fig-
urel compriseghefollowing steps:

e Extractspeeclsamplesy shifting arectangulawin-
dow of size N by W intenals;

e For a given order P choosean initial value of pa-
rametersG;, i = 1,.., P. In the experimentsbelow
theinitial valueswerechoseraccordingo theprofile
B; = ¢+ hsin(in/P), akinto theliftering profile in
Mel-scalefilterbankcepstrakoeficient(MFCC)fea-
tureextraction;

e Obtainthekernelmatrix K by applyingthemapg(.)
to (4) over the datawindow. Train the dual objec-
tive (2) by assigningoptimal coeficientsc;; accord-
ingto (3);

e Performgrowth transformation(5) to obtainnew es-
timatesof 3;, atthe optimumvalueof o;

e Averageanddecimatethe coeficients 3; along: =
1,... P toreducethe numberof featuresand

e Performdiscrete-cosingansformatioDCT) onthe
reducedcoeficients to obtain the final KPCC fea-
tures. As in MFCC featureextraction,the first DCT
coeficientandhigherordercoeficientsarediscarded
sincethey carrylittle informationrelevantto speech.

4. EXPERIMENTSAND RESULTS

For all experimentsKPCC featureswere extractedusinga
20 mswindow shiftedby 10 ms, with kernelregressioror-

derP = 60, andwithc = 0.3, h = 0.5, A = 0.5, D = 1 and
~ = 0.3. The60growth featuress; wereaveragedanddec-
imatedto 30 coeficients. Without lossof generalizatiorit

hasbeenassumedhattheinput signalis rescaledsuchthat
z[n] < 1,Vn. After DCT, 12 coeficients(indices2 through
13) were selectedas featuresfor the recognitionsystem.
Figure 2 shawvs a samplecomparisorbetweenKPCC fea-
turesand correspondingIFCC featuresfor digit five ob-

tainedbeforeDCT operationfor differentSNR levels. As

standardn MFCC, awindow sizeof 25 mswith anoverlap
of 10 ms was chosen,and cepstralfeatureswere obtained
from DCT of log-enegy over 24 Mel-scal€filter banks.The
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Fig. 2. MFCCfeatues(a)-(c)andKPCCfeatues(d)-(f) for
digit five obtainedbefore DCT, underdifferent SNRcondi-
tions(clean,30dBand10dB).

degradationof spectralfeaturesfor MFCC in the presence
of white noiseis evident,whereas& PCCfeaturegrevail at
elevatednoiselevels.

For recognitionexperimentswe chosea simpleisolated
TI-DIGIT digit recognitiontaskwith a vocalulary size of
11 (zeroto ten plus ‘O’). The training set containedtwo
utterancesof isolateddigits eachfrom 35 male spealers
comprisinga total of 770 utterancesandthe testsetcon-
tainedisolateddigits from 25 othermalespealersfor ato-
tal of 440utterancesA recognitionsystemwasdeveloped
usingthe Hidden Markov Toolkit (HTK), implementinga
14-statdeft-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 12 coeficients,withoutenegy anddeltafeatures.
Noisesampledor the experimentswvereobtainedfrom the
NOISEX databasandwereaddedo cleanspeectto ob-
tain testdata. We consideredour typesof noisecommon
in applicationervironments:white noise(WW), speechab-
ble noise(B), factorynoise(F', plate-cuttingandelectrical
weldingequipmentandcarinterior noise(C', Volvo 340at
75 mph underrainy conditions). Table 1 summarizeghe
recognitionratesobtainedbasedon the two featuresunder
differentnoisestatisticsandunderdifferentSNR levels.

Thefollowing canbeinferredfrom thetakulatedresults:

1. For cleanspeechheperformancef bothsystemsre
comparablewith high recognitiorrates.

2. For white noisethe recognitionsystemwith KPCC
featuresdemonstratesuch better noise robustness



Table 1. Comparisonof recognitionratesfor an HMM
systemusing KPCC featureswith identical systemusing
MFCC features,for additive white gaussian(1¥), babble
(B), car(C) andfactory(F") noise,atvariousSNRlevels.

varietyof conditions.Theapproachs primarily datadriven
and effectively extractsnonlinearfeaturesof speechthat
arelargely invariantto noiseandinterferencewith varying
statistics.

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

than correspondingIFCC features. In fact, KPCC
maintainsacceptable(> 90%) recognition perfor
mance for noise reachingsignal levels (SNR ap-
proaching) dB).

. KPCC featuresdemonstratesignificantly betterper
formancen thepresencef factorynoiseandslightly
betterperformancen the presenceof babblenoise.
An interestingobsenation canbe madeat this point
by noting the trend in recognitionratesfor babble
noisein comparisonwith other noisetypes. Bab-
ble noise primarily consistsof speechsignalspro-
ducedby otherhumansand hencenot only corrupts
the entire information bearingfrequeng bandsbut
alsosharesstatisticalpropertiesof the referencesig-
nal. This attribute is reflectedby reductionin error
rateseventhoughKPCC featuresare morerobustto
MFCC features For othersource®f noisethe statis-
tics are substantiallydifferentfrom referencestatis-
tics, which KPCC featureautilize to extractnoisero-
bust features. This can be obsened especiallyfor
white noiseat very low SNR, for which KPCC fea-
turesprovide reasonableecognitionperformance.

. The performanceof both MFCC featuresandKPCC
featuresdo notdegraderapidly in the presencef car
noiseandyield similar relative decreaseén recogni-
tion rates. This canbe attributedto the very low fre-
gueng natureof car noise,which keepsthe higher
frequeng featuredntactfor recognitionpurposes.

5. CONCLUSIONS
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