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ABSTRACT

This contribution presentsa spectral amplitude estimator for
acousticalbackgroundnoise suppressionbasedon maximum a
posterioriestimationandsupergaussianstatisticalmodelingof the
speechDFT coefficients. The probability densityfunction of the
speechspectralamplitudeis modeledwith a simple parametric
function,whichallowsahighapproximationaccuracy for Laplace
or Gammadistributed real and imaginary parts of the speech
DFT coefficients.Basedon theapproximation,a computationally
efficient maximuma posteriorispeechestimatoris derived,which
outperformsthe Ephraim-Malahalgorithm in a single channel
noisereductionframework.

1. INTRODUCTION

Most single channelspeechenhancementsystemsrely on fre-
quency domainweighting [1], commonly consistingof a noise
power spectraldensityestimatoranda speechspectralor spectral
amplitudeestimator. The speechestimatorappliesa statistical
estimationrulebasedonastatisticalmodelof theDiscreteFourier
Transform(DFT) coefficients. Thewell known Wienerfilter esti-
matesthecomplex speechDFT coefficientswith minimummean
squareerror (MMSE), whereasthe Ephraim-Malahalgorithm[2]
is anMMSE estimatorfor thespeechDFT amplitude.Thesecond
estimatoris consideredadvantageousfrom a perceptualpoint of
view, sincethespectralphaseis ratherunimportantto thelistener.
Both estimatorsassumezeromeanGaussiandistributionsof real-
andimaginarypartsfor Fourier coefficientsof speechandnoise.
Whereasthe Gaussianmodel is usually a good approximation
for the noiseDFT coefficients, the real- and imaginary part of
the speechcoefficients are better modeledwith supergaussian
densities[3]. Recently, MMSE complex spectrumestimators
with Laplaceor Gammamodelingof real- and imaginaryparts
have beendeveloped[3]. Theseestimatorshave shown to provide
consistentlybetterresultthanthelinearWienerfilter.
Insteadof estimatingthe complex speechDFT coefficient, this
contribution introducesa speechspectral amplitude estimator
with an underlying supergaussianmodel of the speechspectral
amplitude.Theprobabilitydensityfunctionof thespeechspectral
amplitudeis approximatedby a function with two parameters.
With a properchoiceof the parameters,the probability density
of the amplitudeof a complex randomvariable(RV) with both
LaplaceandGammacomponentscanbeapproximatedwith high
accuracy. Using this approximation,a computationallyefficient
speechestimatorcanbefoundby applyingthemaximuma poste-
riori (MAP) estimationrule.
The remainderof the paperis organizedas follows: SectionII
introducesthe underlying statistical model for the speechand

noisespectralamplitudealongwith comparisonsto experimental
data. In SectionIII the statisticalmodel is applied to derive a
MAP estimatorfor the speechspectralamplitudeandfinally, in
SectionIV experimentalresultsarepresented.

2. STATISTICAL MODELING

Let �����	��

�����	���������	� denotethe sampledsignalconsistingof
speech�����	� andnoise �����	� . After segmentationandwindowing
with a function �����	� , e.g. Hannwindow, the DFT coefficient of
frame � andfrequency bin � is calculatedwith:� ����������
 ���� ! " #�$ �����&%'�'�	�(�����	�() �+*-,(.0/
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For thecomputationof thenext DFT, thewindow is shiftedby %
samples.For the sake of brevity the index � , � is omitted is the
following.

�
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with 5C
<5ED�FG�'HI5KJ�L and 6M
N6OD�FP�'H�6QJRL . The common
Gaussianassumptionfor thedistributionof thereal-andimaginary
partsof 5 , 6 is motivatedby the centrallimit theorem[4]. The
spanof correlationin ���TS�� is oftensmallcomparedto theanalysis
framesize U , thustheassumptionholdsfor thenoisecoefficients:V ��6AD�FW��
 XY ZK[�\�]-^`_�aIb 6 ,D�F[ ,\dc 3 (3)

On theotherhand,sincethespanof correlationin speechcannot
be neglectedwithin an analysisframe. The PDF of the Fourier
componentsof speecharebetterapproximatedwith a LaplaceV �e5 D�F ��
fX[�g ]h^&_�a�b:i`j 5 D�F j[�g c (4)

or Gammadensity[3]V �e5 D�F ��
lkY X 3 m j 5ED�F j �Gnoi Y ZK[�g ]-^`_�aIb Y p j 5ED�F jY i [�g c 3 (5)

Thesameequationshold for theimaginaryparts 5 J�L , 6 J�L .
To estimatethenoisevariance

[ ,\
, thenoisepower spectralden-

sity can be tracked by averagingperiodogrammsin noise only
phasesusing a voice activity detectoror by tracking minima of
a smoothedperiodogrammover a sliding time window[5]. To es-
timatethe varianceof speech

[ ,g
, the decisiondirectedapproach

canbeapplied[2].
Assumingstatisticalindependenceof realandimaginarypartsthe



PDF of the noiseamplitudecaneasilybe foundasRayleighdis-
tributedby polarintegrationV ��@q��
 ,(.r $ @ V ��6 D�F ��6 J�L �ts&u (6)
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UsingtheGaussianmodelthePDFof thenoisyamplitude% given
thecleanamplitude= canbederived[6] asV ��% j =7�{
 i %[ ,\ ]h^&_A�Gb % , �'= ,[ ,\ �q� $Q� i =�%[ ,\�� � (8)

where� $ denotesthemodifiedBesselfunctionof zerothorder.

An analytic calculation similar to (6) of the PDF for =�
� 5 ,D�F �;5 ,J�L where 5 D�F and 5 J�L aredistributedasgiven in (4)
or (5) is very difficult andasolutionis not known to theauthors.
We thereforeproposeto useanapproximationfor V ��=>� . This can
beachievedby thefollowing parametricfunction.V ��=7��
 S ?&�{ � ���:� X � = ?[ ?&�{ g ]h^&_�aIb S =[�g c 3 (9)

Theparameters� , S determinetheshapeof thePDF. � greatlyin-
fluencesthe value of the PDF at small valueswhile S gives the
slopeof the decaytowards higher values. Figure 1 shows the
goodnessof theapproximationof V ��=>� , when = is composedof
Laplaceor Gammacomponents5 D�F , 5 J�L , independentin carte-
siancoordinates.Thehistogramwastakenby generating500.000
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Figure1: Approximationof V ��=>� (
[ ,g 
 X ). Laplacecomponents:

( ��
 X , S�
 i 3 m ). Gammacomponents:( ��
�� 3 � X , S�
 X 3 m )
independentRVs 5 D�F and 5 J�L according(4) and(5) respectively
of variance

[ ,g�� i . Note that the Laplaceor GammaRV usedis
only statisticallyindependentin cartesianbut not in polarcoordi-
nates.We neverthelessusetheabove generationof theRVs.

With a properchoiceof the parameters( �d
 X , S�
 i 3 m for
Laplaceapproximation,�;
�� 3 � X , S�
 X 3 m for Gammaapproxi-
mation) the amplitudeof a complex RV, that is composedout of

two statisticallyindependentLaplaceor Gammacomponentscan
be approximatedwith high accuracy. Comparedto the Rayleigh
distributedamplitudeof two Gaussian,low valuesaremorelikely
andthePDFdecreasesmoreslowly towardshighvalues.

2.1. Experimental Data

The real PDFsof the speechandnoiseamplitudedependon pa-
rametersof the noisereductionsystem. The analysisframesize
will influencethe distribution of the speechcoefficients. At a
larger frame size the correlationdecreasesrelative to the analy-
sisframesandthusthedistributionwill belesssupergaussian.
In our experimentswe have useda systemwith half overlapping
framesof duration10ms.To measurethePDFof thespeecham-
plitudes,DFT coefficientsweretakenfrom a narrow a priori SNR
interval between19and21 dB usinga databaseof aboutonehour
speech. After normalizationto variance

[ ,g 
 X , valuesfrom
several DFT bin wereused. Figure 2 plots the histogramalong
with the analytic PDFs. Apparently, (9) provides a muchbetter
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Figure2: Histogramof speechDFT amplitudes= (
[ ,g 
 X ) fitted

with RayleighPDFandLaplace/Gammaamplitudeapproximation

fit for thespeechamplitudethantheRayleighPDF. TherealPDF
of thespeechamplitudelies somewherebetweentheLaplaceand
Gammaapproximation.
Figure3 plotsthehistogramof noiseDFT amplitudesmeasuredby
a databaseof noiserecordedinsidea cafeteria,a crowdedmarket
placeanda lectureroom. Here,the DFT coefficientsweretaken
from ana priori SNRinterval of -10 to -12 dB. It canbeseenthat
theRayleighdistribution is a verygoodapproximationfor V ��@O� .

3. DERIVATION OF ESTIMATOR

The given statisticalmodel can be utilized to estimate= . The
resultingestimatorwill be formulatedin termsof the a priori �
andthea posterioriSNR ��Q
 [ ,g[ ,\�� �:
 % ,[ ,\ 3 (10)

Whereasthea posterioriSNRcandirectlybecomputed,thea pri-
ori SNRmustbeestimatedby i.e. usingthedecision-directedap-
proach[2].



Figure3: Histogramof noiseDFT amplitudes@ (
[ ,\ 
 X ) fitted

with Rayleigh-PDFandLaplaceamplitudeapproximation

An MMSE estimatoris givenby�=�
9� a = j % c 
��r $ =�| V ��= j % �ts+= (11)

Althoughtheproposedapproximationfor V ��=>� in (9) is achieved
by a rathersimplefunction,theresultingintegralsin (11)areeven
morecomplicatedthanthosecalculatedfor the derivation of the
Ephraim-Malahestimatordueto theadditionallinear term in the
exponentialfunction. However, a computationallyefficient MAP
solutionfollowing�=�
�¡£¢�¤¦¥§¡ ^¨ V ��= j %7�{
9¡£¢�¤©¥§¡ ^¨ V ��% j =>� V ��=7�V ��% � (12)

similar to [7], whereGaussiandistributed 5KD�F , 5�J�L areassumed,
canbe found. Now, (9) is usedto model the PDF of the speech
spectralamplitude V ��=>� . We needto maximizeonly V ��% j =>�P|V ��=>� , sinceV ��% � is independentof = . A closedform solutioncan
befound if themodifiedBesselfunction � $ is consideredasymp-
totically with � $ ��ª���«  ¬ ,(.z­ ) ­ . After insertionin (8) we getV ��% j =>� V ��=7�4®�= ?�� no ]h^&_�aIb = ,[ ,\ b =O� S[ g b i %[ ,\ � c 3 (13)

Insteadof differentiatingV ��% j =>� V ��=7� , the maximizationcanbe
performedbetterafterapplyingthenaturallogarithm,becausethe
productof thepolynomialandexponentialconvertsinto a sum.s�¯°xz¤�± V ��% j =7� V ��=>�	²s+= 
³��� b Xi � X= b i =[ ,\ b S[�g � i %[ ,\ 
��

(14)

After multiplication with A, one reasonablesolution to the
quadraticequationis found,becausethe secondsolutiondelivers
spectralamplitudes=µ´�� at leastfor �·¶�� 3 m�= 
 %<¸¹KºO�9» º , � � b  ,i �½¼¾ (15)

with º¿
ÀXi b SÁ Y �Â�

Comparedto the spectralestimatorswith supergaussianspeech
modeling, the estimationrule is much simpler and the parame-
tersof theunderlyingstatisticalmodel � , S canbeadaptedduring
runtimewithoutusingtables.Also, theweightsÃÄ
 �= � % arereal
valued,which is desirableto avoid musicaltones.
Figure4 shows thedependency of theweightson thea posteriori
SNR � for two a priori SNRs� .
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Figure 4: Weightsof the Supergaussestimatorcomparedto the
Ephraim-Malahweighting rule dependingon the instantaneous
SNR � for two a priori SNRs�

Most of the time, the weightsof the supergaussestimatorare
smaller than thoseof the Ephraim-Malahalgorithm due to the
largervalueof V ��=>� at low amplitudescomparedto theRayleigh
PDF. At high instantaneousSNRstheweightsincreasedueto the
slower decayof theapproximationfunctiontowardslargervalues.

4. PERFORMANCE RESULTS

We evaluatethe performanceof the proposedestimatorwithin a
singlechannelnoisereductionsystem,wherethenoisevariances[ ,\

were estimatedby meansof Minimum Statistics[5]. The
systemoperatesat a samplingfrequency of È£É�
 i �0�&Ê�Ë anda
DFT lengthof U·
 i mÍÌ .Theparameters� , S determinetheunderlyingstatisticalmodelof
thespeechamplitude.Fromtheaudioimpressionwefavor ��
 X ,S�
 i 3 m , which approximatetheamplitudeof a complex RV with
independentLaplacecomponents.If the parametersareadjusted
for Gammadistributedcomponentsthe enhancedsignalcontains
very little residualnoisebut suffers from speechdistortion and
musical tones. This is due to the approximationof the Bessel
function, which generatesan uncompensatedpole at =À
À� for��´�� 3 m .
Theamountof noisereductionusing(15) with �w
 X , S�
 i 3 m is
significantlybetterthanfor theEphraim-Malahalgorithm.For an
instrumentalcomparisonto theEphraim-Malahestimator,

�= was
multiplicatedwith a constantfactorgreaterone.
The noise reduction filter was applied to speechsignals with
addednoise for different SNRs. The resulting filter was then
utilized to processspeechand noiseseparately[8]. Insteadof
only consideringthesegmentalSNRimprovementobtainedby the



noisereductionalgorithm,this methodsallows separatetracking
of speechquality andnoisereductionamount.Thespeechquality
of thenoise-reducedsignalwasmeasuredby thesegmentalspeech
SNRbetweenoriginal andprocessedspeech.On the otherhand,
theamountof noisereductionwasmeasuredby dividing theinput
noisepower by theoutputnoisepower.
The resultsfor threedifferentnoises,i.e. white noise,ventilator
noiseandcafeterianoise,areshown in Figure5, 6, 7. Thenoise

0 5 10 15 20
5

10

15

20

25

30

0 5 10 15 20

2

4

6

8

Supergauss (α=1,µ=2.5)
Ephraim−Malah

PSfragreplacements

se
g.

S
pe

ec
hS

N
R

/d
B

N
oi

se
R

ed
uc

tio
n/

dB

SNR/dB

Figure5: Comparison:Ephraim-Malah– Supergaussestimatorfor
speechcorruptedwith whitenoise
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Figure6: Comparison:Ephraim-Malah– Supergaussestimatorfor
speechcorruptedwith ventilatornoise

reductionamountis highestfor white noise,becauseit is easyto
trackby thenoiseestimationalgorithmdueto its stationarity.
The proposedsupergaussianestimator delivers a better noise
reductionamountthanthe Ephraim-Malahalgorithmat approxi-
matelythesamespeechquality for all threenoiseclasses.

5. SUMMARY

WehavederivedacomputationallyefficientMAP estimatorfor the
speechspectralamplitude.The estimatorusesa Gaussianmodel
for thenoisecoefficients,andasupergaussianmodelfor thespeech
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Figure7: Comparison:Ephraim-Malah– Supergaussestimatorfor
speechcorruptedwith cafeterianoise

coefficients.Theunderlyingsupergaussianmodelcanbeadjusted
to the demandsof the specificnoisereductionsystem.For a pa-
rametersettingthatapproximatestheamplitudeof a complex ran-
domvariablewith independentLaplacecomponents,we obtained
aconsistentperformancegaincomparedto theEphraim-Malahes-
timator.
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