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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 iterative
mode. The Iterative wiener filter is found to perform better
when spectral constraints are imposedacrossiterations and time.
We explore the use of quantization techniquesin different LP
parameter domains in imposing constraints. The role of initial-
ization of iterations is illustrated via an initialization technique
which resultsin improved all-pole model estimation and fewer
iterations. Results in terms of enhancementperformance and
corvergence are presented. Through objective measures and
informal listening tests, we show that operating in a robust
parameter domain and suitably initializing the iterations can
significantly improve the performance of the Iterative Wiener
filtering (IWF) technique.

I. INTRODUCTION

HEN spealer and listener are close to each other

in a quiet environment, communicationis generally
easy and accurate.However, at a distanceor in a noisy
backgroundthe ability to understandspeechdecreasesThis
apart,when speechis sentelectronically the corversionand
transmissionmedia introduce distortions yielding a noisy
speechsignal. Such degradationcan lower the quality and
intelligibility of speechThus,enhancemertechniquegplay a
vital role in making voice communicationa viable option. In
addition, the study of enhancementechniquess of interest
in awider context. It is well known thatthat the performance
of these speechcoders, recognition systemsetc. tends to
degradeif they are operatingin ernvironmentsthat they are
not designedor. Speechenhancementechniqueswhenused
as a front-end preprocessorgo these systems,help make
thesesystemsrobust to noise. Several techniquesfor speech
enhancemenhave beenproposedA surwy can be found in

2.

In [1], Lim and Oppenheimproposedthe iterative wiener
filtering (IWF) techniquefor speechenhancementin 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 bandwidthsto decreaseand
formantlocationsto shift. (i) Frameto frame pole frequeny
jitter causedartifical discontinuitiesin the formant contours.
(i) No consistentcorvergencecriterion was defined. These

effects contributed to unnaturalsounding speechand 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 constraintsin the all-pole model
estimationwhich retained speech-lile characteristicsof the

enhancedutterance. They suggestedthe use of the LSP

parameterswhich, owing to their excellent interpolation
properties|end themseleswell to imposingconstraints.

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

In this paper we proposean initialization criterion to
addressheissueof fasterandbettercorvergenceof IWF. Fur
ther, we alsoexplore variousparametedomaincodebooksgor
noiserobustnesandtherefore their effectivenessn imposing
intraframeconstraints.

II. CODEBOOK BASED CONSTRAINTS

The effectivenessof the VQ based method consistsin
successfullyapproximatingthe optimum filter through the
codebookof clean speechvectors. Therefore,the parameter
spaceusedto representhesevectorshasa significantbearing
on these approximations.Line Spectral FrequencieLSF),
Reflection Coefecients (RC) and Log Area Ratios (LAR),
thoughsharea one-to-onemapping,have differentclustering
propertiesdue to the non-linearrelationshipsbetweenthem.
Hence,they have beenusedwith varied successin speech
coding and recognition [5]. In this study we study of the
behaiour 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
representatie of a large number of spealers and acoustic-
phoenticclassesand (i) VQ basedWF whereall-pole model
parametersre estimatedusing the above codebooks.



A. CodebookGeneamtion

Let {a} beasetof LPC vectorsderivedfrom cleanspeech
data.In orderto createcodebooksn differentparametedo-
mains,thevectorais first corvertedto the appropriatedomain.
Perceptuallyrelevant and computationallyaffordabledistance
measurediave to definedfor eachof theseparametespaces.
The LBG algorithm[9] is then usedto createa codebookof
a fixed pre-determinedize. In the presentstudy we usedthe
Itakura Saito distancemeasure4] to clusterLP coeficients
and the EuclideanDistance(ED) to clusterdatain the LAR
and RC space.We have used the above since these have
beenwidely acceptedhseffective distancemeasuresnd have
beenusedin VectorQuantizatiorandSpeecHRecognition For
LSFs,we usedtwo perceptuallymotivatedweightedEucledean
distancegWED) ; the Mel-Frequeng Warping (MFW) based
WED andthe InverseHarmonicMean (IHM) basedWED [6].
The inverse harmonic mean measurebetweenary test LSF
vector Ft andreferencevector ,Fr is given asbelow :

d(fi, fr) = wi * (fo (i) — f2(3))” 1)
wherethe weightsw; are definedas:
2 1 1
Wi s (fz' - fic1 * fiy1 — fz') @

wherewg =0 andwpy1 =7
and f; and f, are the test vector and reference vector
respectiely.

The IHM basedWED is perceptuallyrelevantin the sense
that it weighs each LSF in the inverse proportion of its
closenesdgo its neighboursdue to the better chanceof it
representindormants.

The MFW basedweightsare definedas:

2 _. ax 8inw;
w; = (1+ —tan Ll B
Wi

®3)

It is an auditory motivated measureand has beensuccess-
fully usedin speechrecognition[6].

1 — acosw;

B. VQ basedIterative Wener Filtering

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

P (w)
Bl + Pa@)) )

where P,;(w) and P;(w) arethe speechandnoisepsdrespec-
tively. However, sincethe actualpsdis not available, we use
the psd estimatesP;(w) and P;(w) in place of P;(w) and
Py(w) respecteiely.

The Wiener filter definedabove is an estimatorthat mini-
mizesthe Mean SquareError betweenthe actual signal and
the estimatedsignal. The input to the wienerfilter is the noisy
speechframe. For eachframe, the LPC parametersbtained
through Levinson-Durbin recursion. These LPC parameters
are corvertedinto the approriateparameterdomain and the
closestmatch from the correspondingcodebookis obtained
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Fig. 1. VQ basedConstraintsin lteratve Wiener Filtering ; i : Iteration
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throughminimizing the associatedlistancemeasurebetween
the estimatedvector and clean speechcodebookvector The
codebookvector is then corverted back to LP coeficient
representationo be denotedasa,.

The speechpsd estimateto be usedin (1) is obtainedby :

G2

~

Py(w) = — 5
) (11— ZpZhac(k) * e(—j xw x k)|)? ©

The parametelG is obtainedas below:
G* = R, — X}=Pa (k) * R(k) (6)

where R(K) is the k" autocorrelationlag of the noisy
speech. R

The parameterP,(w) is obtainedby averagingthe noise
only portionsof the speech.

I11. 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 a,, basedon which the speechvector
s1 is estimated through MAP. The current estimate s
is in turn usedto calculatethe next estimateof a. This
procedureis continued until corvergenceis achieved. In
the presentformulation, H(w) is startedas unity which is
highly suboptimum. This gives rise to two possibilities.
Firstly, the iterationsmight corverge suchthat the resulting
filter is not perceptuallythe best. Secondly even if they
do corverge to an optimum filter, the number of iterations



will be large. Therefore,an initialization criteria which can
direct the course of iterations towards better and quicker
corvergenceis required. We proposea spectralsubtraction
basednitialization (SSI) methodto addressethe above issue.

ParameterSet LLR LLR
] . (0 dB SNR) | (5 dB SNR)

For eachframe, power spectralsubtraction7] is performed Noisy Speech | 5568 2301
to obtainthe enhancedspeechestimate Following LPC anal- LPC(IS) 3295 2781
ysis, the above estimategives a, which determinesH, (w) . LSF (IHM) -3418 2840
Clearly, this H,(w) is betterthanstartingwith a unity WF and LSF (MPW) 3271 2831
¥ oW gwith . Yy AR (ED) 3205 2660
therefore Jleadsto bettercorvergencepropertiesof VQ based RC (ED) 3241 894
IWF. True LPC 1072 .0886

IV. EXPERIMENTS

The speechdata comprised ten sentencesby 6 male
and 4 female spealers for a total of 170 secondssampled
at 8 khz. We resered 4 sentenceof 28 secondsspolen
by 2 male and 2 female spealers for testing and the rest
for training. Degraded speech with different SNRs was
generatedby digitally adding noise to clean speech.For
codebook generation,a 10t* order LPC model was used
to extract featuresby quasi-stationaryanalysis with 75%
overlap between consecutte frames of length 20msec.
Clusteringwas performedusing the LBG algorithm for the
various parameterspaceswith the above mentioneddistance
measuresCodebook=f size 128 were usedsincethey were
found to be adequaten earlier investigationsof CCIWFE[4].
For enhancementhroughIWF, non-overlappingframesof 20
msecdurationwere used.

TABLE |

LOG LIKELIHOOD MEASURES(LLR ) FORVQ BASED IWF FOR
DIFFERENTLP PARAMETER SETS
INPUT SNR: 0 dB AND 5 dB

spectralsubtraction,are not found in enhancementhrough
VQ basedconstraintq7].

In termsof corvergence,the IHM basedWED corverges
in remarkablyleast number of iterationsas shavn in Table
lll. However, in termsof LLR and segmentalSNR measures,
it is not as effective asthe LAR space.lt might thereforebe
inferred that althoughcorverging faster IHM basedWED is
unableto find the closestmatch.This might be attributedto the
factthatin presenceof noise,the weighting of the degraded
LSFsis not effective.

TABLE 1l

AVERAGE SEGMENTAL SNR VALUES FORVQ BASED IWF FOR
DIFFERENTLP PARAMETER SETS
INPUT SNR: 0 dB AND 5 dB

. . ParameterSet Avg. Sgg.SNR | Avg.Se@.SNR
Theestimationof theall-pole parametersf the cleanspeech (0dBSNR) | (5dBSNR)
from degradedspeechplays a key role in enhancementThe Noisy Speech 3.862 6.979
performance therefore can be evaluatedin terms of signal LLSF":%E'?A)) g-gég ﬁ-;gg
enhancemeraswell asrobustparametees_hmatlon.We _used [SF(MFW) 5607 11378
the averagesggmental SNR [4] and Log Likelihood ratio as RC (ED) 9.203 11.735
the objective measure®f enhancemenin our experiments. SpectralSubtraction 7.185 9.916
True LPC 11.011 12.994
V. RESULTS
TABLE 1lI

A. AlternateparameterspaceVQ results

Table | and Il summarizethe performanceof the various
parametersets for 2 different input SNRs. The seggmental
SNR measuresn Table Il shov that LAR vyields the best
performanceor both 0 dB and5 dB input SNR. This result

is consistentwith the higher correlation that LAR based § 52 fé’o 16100 15746 28
Eucledeandistance has with the Diagnostic Acceptability 4 122 88 | 84 48 48
Measure(DAM) in comparisonwith other LP measureg8]. 5 72 | 32 | 38 32 90
Moreover, LLR measureshowvn in Tablel areleastfor LARS =6 38 76 | 34 16 142

and are thereforeconsistentcorrespondinghighestsegmental
SNR valuesin Tablell.

The theoritical limit for performancevia MAP estimation
obtainedwhen original undistortedco-eficients were usedin

PERFORMANCEOF VQ BASED CONSTRAINTSIN TERMS OF
NUMBER OF ITERATIONS AT 0 dB SNR
TOTAL FRAMES: 326

[ Tterations | LPC | LAR | RC | LSF (IHM) | LSF (MFW) ]

B. SSlperformance

The purposeof spectralsubtractionbasedinitialization is
to direct the courseof iterationstowards better corvergence.

parameterestimationis shovn in Table| andIl. It canbe Table IV contraststhe performancesof SSI and unity filter
be seenthat the performanceof LAR basedVQ approaches initialization. Interestingly on comparingthe resultsat the end
the theoritical limit. Further even the 'worst’ performing of thefirst iterationto thoseat corvergenceijt is obseredthat
parameter set is found to be superior to the spectral SSInearlyobviatesthe needfor iterations.

subtractionBol79 technique, both in terms of objectve It wasfoundthat over 70 % framescornvergedto vectorsin
measuresand artifacts like musical noise, which, unlike in  the codebookthat provided a bettermatchthanthat resulting



from unity initialization. From Fig 2, it is clearthatin over 90
% of the casesSSI 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%thusindicatingthat the
courseof iterationshave beenpositively influencedafter SSI.

TABLE IV

COMPARISON BETWEEN SSIAND UNITY FILTER INITIALIZA TION
INPUT SNR: 0 dB

80

T
Mean Seg.SNR

60r 21948 T

SpeechType Avg.Se.SNR Avg. LLR
Unity SSI Unity SSI
Degradedspeech | 3.862 | 3.862 | .5568 | .5568
Post-Iterationl 7.822 | 9.682 | .3371 | .3134
Post-Comergence | 9.614 | 9.97 | .3295 | .3100

60r

Mean Seg.SNR
6.374 0B

Fig 3 shows the seggmental SNR 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 enhancemenhas resultedthrough
VQ basedIWF. Further Fig 3(c) is peakierin the sensethat
morenumberof framesarenow in higherrangesof segmental
SNRcomparedo Fig 3(b). Thisresultis particularlyimportant
becauseas more and more frames have higher sggmental
SNRs, the quality and intellegibility improves significantly
Thus, SSlI clearly aids betterand quicker corvergence.

SNR (dB)

Seg.

L L L L L L L
o 10 20 30 40 50 60 70 80

Fig. 2. Input and Ouput Sggmental SNRvaluesfor SSland Unity filter
Initialization; - o - Input S@.SNR, - - Output S@. SNRfor VQ basedIWF
with Unity filter Initialization , — VQ basedIWF after SSI

VI. CONCLUSION

This studyinvestigateshe effectivenessof the differentLP
parametersetswith respectto intraframe constraintsin VQ
basedIWF. Better initialization of the iterationsis shavn to
resultin betterperformanceandfastercorvergence The scope
for future work lies in incorporationof interframeconstraints
into the presentframework.
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