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Abstract— The Wiener filter has beena popular technique for
singleand dual channelspeechenhancementand hasbeenwidely
studied. In this paper, we study its performance in the iterati ve
mode. The Iterati ve wiener filter is found to perform better
when spectral constraints are imposedacrossiterations and time.
We explore the use of quantization techniques in differ ent LP
parameter domains in imposing constraints. The role of initial-
ization of iterations is illustrated via an initialization technique
which results in impr oved all-pole model estimation and fewer
iterations. Results in terms of enhancementperformance and
convergence are presented. Thr ough objective measures and
informal listening tests, we show that operating in a robust
parameter domain and suitably initializing the iterations can
significantly impr ove the performance of the Iterati ve Wiener
filtering (IWF) technique.

I . INTRODUCTION

W HEN speaker and listener are close to each other
in a quiet environment, communicationis generally

easy and accurate.However, at a distance or in a noisy
background,the ability to understandspeechdecreases.This
apart,when speechis sentelectronically, the conversionand
transmissionmedia introduce distortions yielding a noisy
speechsignal. Such degradationcan lower the quality and
intelligibility of speech.Thus,enhancementtechniquesplay a
vital role in makingvoice communicationa viable option. In
addition, the study of enhancementtechniquesis of interest
in a wider context. It is well known that that the performance
of these speechcoders, recognition systemsetc. tends to
degrade if they are operatingin environmentsthat they are
not designedfor. Speechenhancementtechniques,whenused
as a front-end preprocessorsto these systems,help make
thesesystemsrobust to noise.Several techniquesfor speech
enhancementhave beenproposed.A survey can be found in
[2].

In [1], Lim and Oppenheimproposedthe iterative wiener
filtering (IWF) techniquefor speechenhancement.In this
technique,the estimationof the all-pole speechparameters
of speechin additive white gaussiannoise was posed as
a two step sequentialMAP estimation problem. Although
theoritically appealing, this method suffered from the
following drawbacks [3] : (i) it was found that increasing
iterations causedthe formant bandwidths to decreaseand
formant locationsto shift. (ii) Frameto framepole frequency
jitter causedartifical discontinuitiesin the formant contours.
(iii) No consistentconvergencecriterion was defined.These

effects contributed to unnaturalsoundingspeechand arose
out of the fact that IWF merely optimizes a mathematical
criterion, which may not always be well-correlated with
perceptualaspects.Hansen and Clements addressedthese
issues by incorporating constraints in the all-pole model
estimationwhich retainedspeech-like characteristicsof the
enhancedutterance.They suggestedthe use of the LSP
parameterswhich, owing to their excellent interpolation
properties,lend themselveswell to imposingconstraints.

Codebook constraintediterative wiener filtering scheme
(referred as CCIWF), a clustering based approach was
proposedas an alternative techniqueof imposingconstraints
[4]. Here, the all-pole parameterswere constrained to
belong to a codebookof clean speechvectors.Apart from
successfullydefining a convergencecriterion, this approach
was quite effective in taking care of several type of speech
constraints such as those between formants and speaker
variability.

In this paper, we propose an initialization criterion to
addresstheissueof fasterandbetterconvergenceof IWF. Fur-
ther, we alsoexplorevariousparameterdomaincodebooksfor
noiserobustnessandtherefore,their effectivenessin imposing
intraframeconstraints.

I I . CODEBOOK BASED CONSTRAINTS

The effectivenessof the VQ based method consists in
successfullyapproximating the optimum filter through the
codebookof clean speechvectors.Therefore,the parameter
spaceusedto representthesevectorshasa significantbearing
on theseapproximations.Line SpectralFrequencies(LSF),
Reflection Coeffecients (RC) and Log Area Ratios (LAR),
thoughsharea one-to-onemapping,have differentclustering
propertiesdue to the non-linearrelationshipsbetweenthem.
Hence, they have been used with varied successin speech
coding and recognition [5]. In this study, we study of the
behaviour of thesedifferent spacesin the VQ basedIWF
scheme.

The codebookbasedapproachcan be consideredto be a
two-stageproblem - (i) CodebookGeneration,where clean
speechdata of sufficient duration is clusteredso as to be
representative of a large number of speakers and acoustic-
phoenticclassesand(ii) VQ basedIWF whereall-polemodel
parametersareestimatedusing the above codebooks.
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A. CodebookGeneration

Let
�
a � bea setof LPC vectorsderivedfrom cleanspeech

data.In order to createcodebooksin differentparameterdo-
mains,thevectora is first convertedto theappropriatedomain.
Perceptuallyrelevant andcomputationallyaffordabledistance
measureshave to definedfor eachof theseparameterspaces.
The LBG algorithm [9] is thenusedto createa codebookof
a fixed pre-determinedsize.In the presentstudy, we usedthe
Itakura Saito distancemeasure[4] to clusterLP coefficients
and the EuclideanDistance(ED) to clusterdata in the LAR
and RC space.We have used the above since these have
beenwidely acceptedaseffective distancemeasuresandhave
beenusedin VectorQuantizationandSpeechRecognition.For
LSFs,weusedtwo perceptuallymotivatedweightedEucledean
distances(WED) ; the Mel-Frequency Warping(MFW) based
WED andtheInverseHarmonicMean(IHM) basedWED [6].
The inverseharmonicmeanmeasurebetweenany test LSF
vectorFt andreferencevector ,Fr is given asbelow :
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are the test vector and reference vector
respectively.

The IHM basedWED is perceptuallyrelevant in the sense
that it weighs each LSF in the inverse proportion of its
closenessto its neighboursdue to the better chanceof it
representingformants.

The MFW basedweightsaredefinedas :
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It is an auditory motivatedmeasureand hasbeensuccess-
fully usedin speechrecognition[6].

B. VQ basedIterative Wiener Filtering

Fig 1. shows the VQ basedIWF scheme.The non-causal
wienerfilter is definedas :

C � : 
D� E�F � : 
� E"F � : 
 +GE"H � : 
�
 (4)

where E�F � : 
 and E"H � : 
 arethe speechandnoisepsdrespec-
tively. However, sincethe actualpsd is not available,we use
the psd estimates IE"F � : 
 and IE"H � : 
 in place of E�F � : 
 andE�H � : 
 respecteively.

The Wiener filter definedabove is an estimatorthat mini-
mizes the Mean SquareError betweenthe actual signal and
theestimatedsignal.The input to thewienerfilter is thenoisy
speechframe. For eachframe, the LPC parametersobtained
through Levinson-Durbin recursion.TheseLPC parameters
are converted into the approriateparameterdomain and the
closestmatch from the correspondingcodebookis obtained
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Fig. 1. VQ basedConstraintsin Iterative Wiener Filtering ; i : Iteration
index

throughminimizing the associateddistancemeasurebetween
the estimatedvector and cleanspeechcodebookvector. The
codebookvector is then converted back to LP coefficient
representationto be denotedas JLK .

The speechpsdestimateto be usedin (1) is obtainedby :

IE F � : 
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The parameterG is obtainedasbelow:
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where R(k) is the
S ��`

autocorrelationlag of the noisy
speech.

The parameter IE"H � : 
 is obtainedby averaging the noise
only portionsof the speech.

I I I . SPECTRAL SUBTRACTION BASED
INITIALIZATION (SSI)

The sequential MAP estimation implies that for each
frame we begin with an assumedset of initial values for
vector a denotedas JTa , basedon which the speechvector

I b�c is estimated through MAP. The current estimate I bdc
is in turn used to calculate the next estimateof a. This
procedure is continued until convergence is achieved. In
the presentformulation, H( : ) is startedas unity which is
highly suboptimum. This gives rise to two possibilities.
Firstly, the iterationsmight converge such that the resulting
filter is not perceptually the best. Secondly, even if they
do converge to an optimum filter, the number of iterations
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will be large. Therefore,an initialization criteria which can
direct the course of iterations towards better and quicker
convergenceis required.We proposea spectralsubtraction
basedinitialization (SSI)methodto addressestheabove issue.

For eachframe,power spectralsubtraction[7] is performed
to obtainthe enhancedspeechestimate.Following LPC anal-
ysis, the above estimategives J Z which determines

C Z&� : 
 .
Clearly, this

C Ze� : 
 is betterthanstartingwith a unity WF and
therefore,leadsto betterconvergencepropertiesof VQ based
IWF.

IV. EXPERIMENTS

The speech data comprised ten sentencesby 6 male
and 4 female speakers for a total of 170 secondssampled
at 8 khz. We reserved 4 sentencesof 28 secondsspoken
by 2 male and 2 female speakers for testing and the rest
for training. Degraded speech with different SNRs was
generatedby digitally adding noise to clean speech.For
codebook generation,a % 3 ��` order LPC model was used
to extract features by quasi-stationaryanalysis with 75%
overlap between consecutive frames of length 20msec.
Clusteringwas performedusing the LBG algorithm for the
variousparameterspaceswith the above mentioneddistance
measures.Codebooksof size 128 were usedsincethey were
found to be adequatein earlier investigationsof CCIWF.[4].
For enhancementthroughIWF, non-overlappingframesof 20
msecdurationwereused.

Theestimationof theall-poleparametersof thecleanspeech
from degradedspeechplays a key role in enhancement.The
performance,thereforecan be evaluatedin terms of signal
enhancementaswell asrobustparameterestimation.We used
the averagesegmentalSNR [4] and Log Likelihood ratio as
the objective measuresof enhancementin our experiments.

V. RESULTS

A. AlternateparameterspaceVQ results

Table I and II summarizethe performanceof the various
parametersets for 2 different input SNRs. The segmental
SNR measuresin Table II show that LAR yields the best
performancefor both 0 dB and 5 dB input SNR. This result
is consistentwith the higher correlation that LAR based
Eucledeandistance has with the Diagnostic Acceptability
Measure(DAM) in comparisonwith other LP measures[8].
Moreover, LLR measuresshown in TableI areleastfor LARs
and are thereforeconsistentcorrespondinghighestsegmental
SNR valuesin Table II.

The theoritical limit for performancevia MAP estimation
obtainedwhenoriginal undistortedco-efficientswereusedin
parameterestimationis shown in Table I and II. It can be
be seenthat the performanceof LAR basedVQ approaches
the theoritical limit. Further, even the ’worst’ performing
parameter set is found to be superior to the spectral
subtractionBol79 technique, both in terms of objective
measuresand artifacts like musical noise, which, unlike in

TABLE I

LOG LIKELIHOOD MEASURES(LLR ) FOR VQ BASED IWF FOR
DIFFERENTLP PARAMETER SETS

INPUT SNR : 0 dB AND 5 dB

ParameterSet LLR LLR
(0 dB SNR) (5 dB SNR)

Noisy Speech .5568 .4321
LPC (IS) .3295 .2781

LSF (IHM) .3418 .2840
LSF (MFW) .3271 .2831
LAR (ED) .3205 .2669
RC (ED) .3241 .2824
True LPC .1072 .0886

spectralsubtraction,are not found in enhancementthrough
VQ basedconstraints[7].

In terms of convergence,the IHM basedWED converges
in remarkablyleast numberof iterationsas shown in Table
III. However, in termsof LLR andsegmentalSNR measures,
it is not as effective as the LAR space.It might thereforebe
inferred that althoughconverging faster, IHM basedWED is
unableto find theclosestmatch.Thismightbeattributedto the
fact that in presenceof noise,the weighting of the degraded
LSFs is not effective.

TABLE II

AVERAGE SEGMENTAL SNR VALUES FOR VQ BASED IWF FOR
DIFFERENTLP PARAMETER SETS

INPUT SNR : 0 dB AND 5 dB

ParameterSet Avg. Seg.SNR Avg.Seg.SNR
(0 dB SNR) (5 dB SNR)

Noisy Speech 3.862 6.979
LPC (IS) 9.614 12.184

LSF (IHM) 8.565 11.283
LSF (MFW) 8.627 11.328

RC (ED) 9.203 11.735
SpectralSubtraction 7.185 9.916

True LPC 11.011 12.994

TABLE III

PERFORMANCEOF VQ BASED CONSTRAINTSIN TERMS OF
NUMBER OF ITERATIONS AT 0 dB SNR

TOTAL FRAMES : 326

Iterations LPC LAR RC LSF (IHM) LSF (MFW)

2 20 30 60 176 26
3 74 100 110 54 20
4 122 88 84 48 48
5 72 32 38 32 90fhg 38 76 34 16 142

B. SSIperformance

The purposeof spectralsubtractionbasedinitialization is
to direct the courseof iterationstowardsbetterconvergence.
Table IV contraststhe performancesof SSI and unity filter
initialization. Interestingly, on comparingtheresultsat theend
of thefirst iterationto thoseat convergence,it is observedthat
SSI nearlyobviatesthe needfor iterations.

It wasfound thatover 70 % framesconvergedto vectorsin
the codebookthat provided a bettermatchthan that resulting
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from unity initialization. FromFig 2, it is clearthat in over 90
% of the cases,SSI doesbetterthanunity filter initialization.
As expected,in our experimentswe found that the relative
improvementof SSI over unity initialization increaseswith
increasingnoise levels. We also found that the number of
iterationsdecreasedby about15-20%thus indicating that the
courseof iterationshave beenpositively influencedafter SSI.

TABLE IV

COMPARISON BETWEEN SSI AND UNITY FILTER INITIALIZA TION
INPUT SNR : 0 dB

SpeechType Avg.Seg.SNR Avg. LLR
Unity SSI Unity SSI

Degradedspeech 3.862 3.862 .5568 .5568
Post-Iteration1 7.822 9.682 .3371 .3134

Post-Convergence 9.614 9.97 .3295 .3100

Fig 3 shows the segmentalSNR histogramsof the noisy
speechand the enhancedutteranceswith and without SSI.
Firstly, comparingFig 3(a) and Fig 3(b) and 3(c), one can
notice that the significant enhancementhas resultedthrough
VQ basedIWF. Further, Fig 3(c) is peakierin the sensethat
morenumberof framesarenow in higherrangesof segmental
SNRcomparedto Fig 3(b).This resultis particularlyimportant
becauseas more and more frames have higher segmental
SNRs, the quality and intellegibility improves significantly.
Thus,SSI clearly aidsbetterandquicker convergence.
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Fig. 2. Input and Ouput Segmental SNRvalues for SSI and Unity filter
Initialization; - o - Input Seg.SNR, - - Output Seg. SNRfor VQ basedIWF
with Unity filter Initialization , — VQ basedIWF after SSI

VI. CONCLUSION

This studyinvestigatesthe effectivenessof the differentLP
parametersetswith respectto intraframeconstraintsin VQ
basedIWF. Better initialization of the iterationsis shown to
resultin betterperformanceandfasterconvergence.Thescope
for future work lies in incorporationof interframeconstraints
into the presentframework.
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REFERENCES

[1] J.S.Lim andAlan Oppenheim,”All-pole Modelingof DegradedSpeech”,
IEEE Transactionson Acoustics,Speech and Signal Processing, vol
ASSP-6,no 3,pp.197-220,June1978.

[2] Y. Ephrahim,”Statistical model-basedspeech enhancementsystems,”
Proc. IEEE, vol. 80, pp. 1526-1555,1992

[3] J.H.L HansenandM.A.Clements,”ConstrainedIterative SpeechEnhance-
ment with applicaiton to SpeechRecognition.”,IEEE Transactionson
Acoustics,Speech and SignalProcessing,vol 39, no. 4, pp 795-805,Apr
1991.

[4] T.V. Sreenivas and PradeepKirnapure,”Codebook ConstrainedWiener
Filtering for SpeechEnhancement”,IEEE Transactionson Acoustics,
Speech and SignalProcessing,vol.4, no.5,pp 383-389,Sep.1996

[5] K.K.Paliwal and P.V.S.Rao,”Evaluationof variousPredictionparametric
representationsin vowel recognition”, Signal Processing,Vol 4. , no.4,
July 1982

[6] SeungHo Choi, HongKook Kim andHwangSooLee,”SpeechRecogni-
tion usingquantizedLSF parametersandtheir transformationsin digital
communications”,Speech Communication, pp 223-233,1999

[7] S. F. Boll,”Supressionof acousticnoisein speechusingspectralsubtrac-
tion”, IEEE Transactionson Acoustics,Speech and Signal Processing,
Vol. ASSP-27,pp. 113-120,April 1979.

[8] S. R. Quackenbush, T. P. Barnwell and M.A. Clements, ”Objective
Measuresof Speech Quality ”, EnglewoodCliffs, NJ:Prentice-Hall,1988.

[9] Y.Linde,A.BuzoandR.Gray, ”An Algorithm for vectorquantizerdesign”,
IEEE Tran.Commun.vol. COM-28, no. 1, pp 84-94,Jan1980


