International Workshop on Acoustic Echo and Noise Control (IWAENC2003), Sept. 2003, Kyoto, Japan

NOISE REDUCTION BY MAXIMUM A POSTERIORI SPECTRAL AMPLITUDE
ESTIMATION WITH SUPERGAUSSIAN SPEECH MODELING

Thomas Lotter and Peter Vary

Instituteof CommunicatiorSystemsandDataProcessingind)
AachenUniversity(RWTH), Templegrabens5, D-52056Aachen,Germary
E-mail: {lotter | vary} @ind.rwth-aachen.de

ABSTRACT

This contritution presentsa spectral amplitude estimator for
acousticalbackgroundnoise suppressiorbasedon maximum a
posterioriestimationrandsupegaussiarstatisticalmodelingof the
speechDFT coeficients. The probability densityfunction of the
speechspectralamplitudeis modeledwith a simple parametric
function,which allows a high approximatioraccurag for Laplace
or Gammadistributed real and imaginary parts of the speech
DFT coeficients. Basedon the approximationa computationally
efficientmaximuma posteriorispeectestimatoris derived, which
outperformsthe Ephraim-Malahalgorithm in a single channel
noisereductionframenork.

1. INTRODUCTION

Most single channelspeechenhancemensystemsrely on fre-

quengy domainweighting [1], commonly consistingof a noise
power spectraldensityestimatoranda speectspectralor spectral
amplitude estimator The speechestimatorappliesa statistical
estimatiorrule basedn a statisticalmodelof the DiscreteFourier
Transform(DFT) coeficients. Thewell knowvn Wienerfilter esti-

matesthe comple speectDFT coeficientswith minimummean
squareerror (MMSE), whereashe Ephraim-Malahalgorithm[2]

is anMMSE estimatorfor the speectDFT amplitude.Thesecond
estimatoris considerecadwantageougrom a perceptuapoint of

view, sincethe spectraphases ratherunimportantto the listener

Both estimatorassumeeromeanGaussiardistributionsof real-

andimaginarypartsfor Fourier coeficients of speechandnoise.
Whereasthe Gaussianmodel is usually a good approximation
for the noise DFT coeficients, the real- and imaginary part of

the speechcoeficients are better modeledwith supegaussian
densities[3]. Recently MMSE complex spectrumestimators
with Laplaceor Gammamodeling of real- and imaginary parts
have beendeveloped[3]. Theseestimatorsave shavn to provide

consistentlybetterresultthanthelinearWienerfilter.

Insteadof estimatingthe complex speechDFT coeficient, this

contribution introducesa speechspectral amplitude estimator
with an underlying supegaussianmodel of the speechspectral
amplitude.The probability densityfunction of the speectspectral

amplitudeis approximatedoy a function with two parameters.

With a properchoice of the parametersthe probability density
of the amplitudeof a complex randomvariable (RV) with both
Laplaceand Gammacomponent&anbe approximatedvith high
accurayg. Using this approximation,a computationallyefficient
speectestimatorcanbe found by applyingthe maximuma poste-
riori (MAP) estimatiorrule.

The remainderof the paperis organizedas follows: Sectionll

introducesthe underlying statistical model for the speechand
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noisespectralamplitudealongwith comparisongo experimental
data. In Sectionlll the statisticalmodelis appliedto derive a
MAP estimatorfor the speechspectralamplitudeandfinally, in
SectionlV experimentafresultsarepresented.

2. STATISTICAL MODELING

Let y(¢) = s(¢) + n(7) denotethe sampledsignal consistingof
speechs(z) andnoisen(i). After sggmentationand windowing
with a function h(7), e.g. Hannwindow, the DFT coeficient of
framek andfrequeng bin [ is calculatedwith:

L—1
Y (k1) = y(kR+i)h(i)e 7>"". (1)
i=0

For the computatiorof the next DFT, thewindow is shiftedby R
samples. For the sale of brevity theindex I, k is omittedis the
following. Y consistoof speectpartS andnoise N

Y = Re’’ = S+ N = Ae’® + Be'?, )
with S = Sge + jS1m and N = Nge + jNrm. Thecommon
Gaussiamssumptiorfor thedistribution of thereal-andimaginary
partsof S, N is motivatedby the centrallimit theorem[4]. The
spanof correlationin n(u) is oftensmallcomparedo theanalysis
framesize L, thustheassumptiorholdsfor the noisecoeficients:
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On the otherhand,sincethe spanof correlationin speectcannot
be ngglectedwithin an analysisframe. The PDF of the Fourier
component®f speectarebetterapproximatedvith a Laplace

p(Si.) = — exp(- 220l (4

or Gammadensity[3]
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To estimatethe noisevariances %, the noisepower spectralden-
sity can be tracked by averaging periodogrammsn noise only

phasesusing a voice activity detectoror by tracking minima of

a smoothedperiodogramnover a sliding time window[5]. To es-
timatethe varianceof speechr2, the decisiondirectedapproach
canbeapplied[2].

Assumingstatisticalindependencef realandimaginarypartsthe
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PDF of the noiseamplitudecan easily be found as Rayleighdis-
tributedby polarintegration
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Usingthe Gaussiamimodelthe PDFof the noisyamplitudeR given
thecleanamplitudeA canbederived[6] as

wri) = Bop {-F2E0 L (240), @

ON
wherel, denotegshe modifiedBessefunctionof zerothorder

An analytic calculation similar to (6) of the PDF for A =
\/S%, + 52, whereSg. and S, aredistributedasgivenin (4)
or (5) is very difficult anda solutionis not known to the authors.
We thereforeproposeto usean approximatiorfor p(A). Thiscan
beachieved by thefollowing parametridunction.

Ma+1 [

PA) =T 1) g3+1

exp{— u—} ©)
Theparameters, ;1 determingheshapeof the PDF. « greatlyin-
fluencesthe value of the PDF at small valueswhile p givesthe
slope of the decaytowards higher values. Figure 1 shavs the
goodnes®f the approximationof p(A), when A is composedf
Laplaceor GammacomponentsSge, Sim, independenin carte-
siancoordinatesThe histogramwastaken by generatings00.000
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Figurel: Approximationof p(A) (¢% = 1). Laplacecomponents:

(a =1, p = 2.5). Gammacomponents(a = 0.01, u = 1.5)

independenRVs Sg. andS;,, according(4) and(5) respectrely
of varianceo? /2. Note thatthe Laplaceor GammaRV usedis
only statisticallyindependenin cartesiarbut notin polar coordi-
nates.We neverthelesaisethe abore generatiorof the RVs.

With a properchoiceof the parameter§a = 1, p = 2.5 for
Laplaceapproximationo = 0.01, p = 1.5 for Gammaapproxi-
mation) the amplitudeof a complex RV, thatis composedut of
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two statisticallyindependentaplaceor Gammacomponentgan
be approximatedwith high accurag. Comparedo the Rayleigh
distributedamplitudeof two Gaussianlow valuesaremorelikely
andthe PDF decreasemoreslowly towardshigh values.

2.1. Experimental Data

Thereal PDFsof the speechand noiseamplitudedependon pa-
rametersof the noisereductionsystem. The analysisframe size
will influencethe distribution of the speechcoeficients. At a
larger frame size the correlationdecreaseselative to the analy-
sisframesandthusthedistribution will belesssupegaussian.

In our experimentswe have useda systemwith half overlapping
framesof duration10ms. To measurehe PDF of the speecham-
plitudes,DFT coeficientsweretakenfrom anarrav a priori SNR
intenval betweernl9and21 dB usinga databasef aboutonehour
speech. After normalizationto variancess = 1, valuesfrom
several DFT bin were used. Figure 2 plots the histogramalong
with the analytic PDFs. Apparently (9) providesa much better

— - Gamma Approx. (9), =0.01 p=1.5

16 — Laplace Approx. (9), a=1 p=2.5
------- Rayleigh PDF
I Histogram

Figure2: Histogramof speectDFT amplitudesA (o4 = 1) fitted
with RayleighPDFandLaplace/Gammamplitudeapproximation
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fit for the speechamplitudethanthe RayleighPDF Thereal PDF
of the speecramplitudelies somevherebetweerthe Laplaceand
Gammaapproximation.

Figure3 plotsthehistogranof noiseDFT amplitudesneasuredby
a databasef noiserecordednsidea cafeteria,a crovded market
placeanda lectureroom. Here,the DFT coeficientsweretaken
from anapriori SNRintenal of -10to -12 dB. It canbe seenthat
the Rayleighdistributionis a very goodapproximatiorfor p(B).

3. DERIVATION OF ESTIMATOR

The given statisticalmodel can be utilized to estimateA. The
resultingestimatorwill be formulatedin termsof the a priori ¢
andtheaposterioriSNRy

o R?
E== 7= (10)
ON ON

Whereaghea posterioriSNR candirectly be computedthe a pri-
ori SNRmustbe estimatedoy i.e. usingthe decision-directe@p-
proach[2].
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Figure3: Histogramof noiseDFT amplitudesB (0% = 1) fitted
with Rayleigh-PDFandLaplaceamplitudeapproximation

An MMSE estimatoiis givenby

A=E{AR} = / A-p(A|R)dA (1)
0

Althoughthe proposedapproximatiorfor p(A) in (9) is achieved
by arathersimplefunction,theresultingintegralsin (11) areeven
more complicatedthanthosecalculatedfor the derivation of the
Ephraim-Malahestimatordueto the additionallineartermin the
exponentialfunction. However, a computationallyefficient MAP
solutionfollowing

A=arg m;;ixp(A|R) = arg max %

similarto [7], whereGaussiaistributed Sge, S areassumed,
canbe found. Now, (9) is usedto modelthe PDF of the speech
spectralamplitudep(A). We needto maximizeonly p(R|A) -
p(A), sincep(R) is independentf A. A closedform solutioncan
befoundif the modified Besselfunction Iy is considerecasymp-
totically with Io(z) =~ —2— e®. After insertionin (8) we get

(12

V2rz
a1 A? © 2R
p(R|A)p(A) ~ A% 2 eXP{—E - A(g - E)}' (13)

Insteadof differentiatingp(R|A)p(A4), the maximizationcanbe
performedbetterafterapplyingthe naturallogarithm,becausehe
productof the polynomialandexponentialcorvertsinto a sum.

dlog[p(R|A)p(4)] 1)1

A = (a + =0

5 =

ON
(14)

After multiplication with A, one reasonablesolution to the
quadraticequationis found, becausehe secondsolutiondelivers
spectralmplitudesAd < 0 atleastfor o > 0.5

) a—1
A = Rlu+4[u®+ 2 (15)
2y
. 1 I
with v = = — ——
2 4\/HE
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Comparedto the spectralestimatorswith supegaussianspeech
modeling, the estimationrule is much simpler and the parame-
tersof theunderlyingstatisticalmodel«, u canbe adaptediuring

runtimewithoutusingtables.Also, theweightsG = A/R arereal

valued,whichis desirableio avoid musicaltones.

Figure4 shaws the dependengc of the weightson the a posteriori

SNR~ for two a priori SNRs¢.
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Figure 4: Weightsof the Supegaussestimatorcomparedo the
Ephraim-Malahweighting rule dependingon the instantaneous
SNR~ for two a priori SNRs¢

Most of the time, the weights of the supegaussestimatorare
smaller than those of the Ephraim-Malahalgorithm due to the
largervalueof p(A) atlow amplitudescomparedo the Rayleigh
PDE At highinstantaneouSNRsthe weightsincreasedueto the
slower decayof theapproximatiorfunctiontowardslargervalues.

4. PERFORMANCE RESULTS

We evaluatethe performanceof the proposedestimatorwithin a

single channelnoisereductionsystem wherethe noisevariances
o3 were estimatedby meansof Minimum SatisticS5]. The
systemoperatesat a samplingfrequeng of f; = 20kHz anda
DFT lengthof L = 256.

Theparametersy, u determinehe underlyingstatisticaimodelof

thespeectamplitude.Fromthe audioimpressionwe favora = 1,

p = 2.5, which approximatehe amplitudeof a complex RV with

independent.aplacecomponentsIf the parametersare adjusted
for Gammadistributed componentshe enhancedignal contains
very little residualnoise but suffers from speechdistortion and
musicaltones. This is due to the approximationof the Bessel
function, which generatesan uncompensategoleat A = 0 for

a < 0.5.

Theamountof noisereductionusing(15)witha =1, p = 2.5 is

significantlybetterthanfor the Ephraim-Malahalgorithm. For an
instrumentalcomparisorto the Ephraim-MaIahestimatorA was
multiplicatedwith a constanfactorgreaterne.

The noise reduction filter was applied to speechsignals with

addednoise for different SNRs. The resulting filter was then
utilized to processspeechand noise separately{8]. Insteadof

only consideringhe sggmentalSNRimprovementobtainedoy the



noisereductionalgorithm, this methodsallows separateracking

of speechguality andnoisereductionamount.The speectguality

of thenoise-reducedignalwasmeasuredy the sggmentalspeech
SNR betweenoriginal andprocessedpeech.On the otherhand,
theamountof noisereductionwasmeasuredby dividing theinput

noisepower by the outputnoisepower.

The resultsfor threedifferentnoises,i.e. white noise,ventilator

noiseandcafeterianoise,areshovn in Figure5, 6, 7. Thenoise
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Figure5: ComparisonEphraim-Malah- Supegaussestimatoifor
speecttorruptedwith white noise

o 30
o -
@ 250 T e T 3
z |\ =T
B 20f e 1
S — -
(<5} ===
Q 15 i Lieam= 1
0 — Supergauss (0=1, p=2.5)
g 107 - - - Ephraim-Malah 7
@ 5 L L L
0 5 10 15 20
n 8
3
c
9o 6+ .
k3]
>
e}
[0
o4
(4]
2
o
z

SNR/dB

Figure6: ComparisonEphraim-Malah- Supegaussestimatoifor
speectrorruptedwith ventilatornoise

reductionamountis highestfor white noise,becauset is easyto
track by the noiseestimationalgorithmdueto its stationarity

The proposedsupegaussianestimator delivers a better noise
reductionamountthanthe Ephraim-Malahalgorithm at approxi-
matelythe samespeechguality for all threenoiseclasses.

5. SUMMARY

We have derivedacomputationallyefficient MAP estimatorfor the
speeclspectralamplitude. The estimatorusesa Gaussiarmodel
for thenoisecoeficients,andasupegaussiamodelfor thespeech
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Figure7: ComparisonEphraim-Malah- Supegaussestimatoifor
speecltorruptedwith cafeterianoise

coeficients. Theunderlyingsupegaussiarmodelcanbe adjusted
to the demandf the specificnoisereductionsystem. For a pa-
rametersettingthatapproximateshe amplitudeof acomple ran-
domyvariablewith independentLaplacecomponentswe obtained
aconsistenperformancegaincomparedo the Ephraim-Malahes-
timator.
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