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Here is thedriving processwith variance , and
_ arethelinear predictioncoefcients. We
[. Intr oduction canformulatethe problemin statespace[3] andcomeup

with arepresentingraphicalmodel.
Speechenhancementhas practicalimportancein various

elds, suchas efcient speech-codingn voice commu- @
nicationsystem,guality improvementof recordedspeech,

andincreasemenf recognitionaccurag in ASR system. @
In mary casespackgroundnoise can be deemedas sta- L
tionary processwhereasspeechis short-timestationary @

which is one assumptiorof this project. Moreover, real-

world noise, for instance,vehicle enginenoise or radio

channelnoisetendto be colored,which yields morechal-

lengeto speechlenhancemerthanthat underthe assump-

tion of white noise.Herewe investigatdénto bothcases.
Essentiallytherearethreekey issuesn the researctof

speechenhancementmodeling of the speechand noise 4)

processgstimationof parametergor the models,andre-

constructionof signal out of noisy speech. Surprisingly The statevectorsare

thesethree issuesperfectly t into three cateyories of _with the

graphicalmodel theories,graph building, parameteres- gefcient matricesandcovariancematrices
timation and inferenceof graphicalmodel [6]. In this

project,we nd outthatthe problemsin speectenhance-
ment can be well interpretedby graphical model, and
henceef ciently solvedby its methods.

e\.

Model for Speech with White Nois

5)
[I. Problem Formulation and Model Creation

As a standardvay, noisy speecltanbeformulatedas (6)

(1) Speechwith colored noise

where denotecleanspeech, the additive white In the colored noise case,both speechand noise can be
noiseand theobsenation. Our goalis to getthebest modeledasAR model.
estimationof in the MMSE sensewhich is statedas
follows.
(7)
2)

The is thedriving procesdor thecolorednoisemodel
and are the linear prediction coef-
cientsfor noise. Combinedwith the speechmodel, the
white Gaussiarwith variance (3) problemcanbesimilarly formulatedasfollows:

Model for speechwith white noise



@
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Model for Speech with Colored Noi

B

(8)

Here the statevectorsare de ned in the sameway as
thosein white noisecase We concatenatéhe noisevector
with signalvector, sothatthe equationcanbetransformed

into standardKalman lter equationg3]. ;

. Thenwe have

(9)

where ; ; ;

Inference

Beforewe comeupwith themostdemandindssue param-
eterestimation,we rst discussthe inferenceof Kalman
Iter model.NotethatKalman lter modelis analogougo
HMM in its graphicalstructure. The differenceis thatthe
nodesin KalmanFilter Model arecontinuous-aluedvec-
torswith linear Gaussiarprobability distribution. We are
interestedn

(10)

(11)

The methodwe usehereis the standardKalman lter
algorithm. The keys to the inferenceare the conditional
independenstatementsissociatedvith the graphandthe
assumptiorof linear Guassiardistribution.

For gurel, usingtheindependenstatements ,

, , and the propertiesof joint
Gaussianye canget

(12)

where

(13)

Here we ignore its mathematicaterivation which can
beaccesseth [?].
Thusfor white noisecasetheeventualestimatiorof sig-
nal sampleis givenby
In colorednoise case, gure2 |nd|catesthat ,
, and . There-
fore, and we can apply
Kalman Iter |nferenceaga|nW|th all the notationsin 4
replacedby thosein 9
The nal estimationx(n) is the pth elementin vector

IV. Parameter Estimation

The Kalman lter inference requires knowledge of
, and ,alongwith theinitial value
and . We canestimate  ( and
in colorednoisecase) from thereferencenoisesegments.
The is the parameter
setwewouldlike to estimate.

Since is hiddenand is obsened,

we canreferto EM algorithm[1] to getthe ML estimation

of in the strict sense.We
nd, however, EM is mathematicallyandcomputationally
complicatedn this case.Thereforewe presenamodi ed
versionof “EM” to achieve suboptimakestimationwith the
similarideaof [4] and[2].

Considetthe function

(14)

in 14 canbe factorizedin the sameway we
dowith HMM.

const
(15)
And in 14 can be given by the Kalman
smoothing 7], whichwe won't coverin thisreport.



Consequentlythe deductionof requiresinte-
gral of matrix of Guassiaraswell asKalmansmoothing,
which are mathematicallysophisticated.Here insteadof
doing expectationof ,wede ne

(16)

argmax (17)
In other words, we are interestedin maximizing
, which is the completelik elihood with the most
likely time seriesof . Herewe computethis  through
Kalman lter inferencewhichis in analogyto the E-step
in EM.
Next, we do M-step

argmax
argmax
argmax
(18)
Take thedervatives
— (19)
— (20)
We get , as[7] where

(21)

Theseareequialentto the Yule-Walker equationg5].

(22)

V. Experiment Resultsand Discussion

Setup

In theexperimentsthetestingsentenceareslands5, spo-
kenby afemaleanda malerespectiely. We manuallyadd
noiseto themfor bothwhite andcolorednoisecases.The
additive noiseis Gaussiarandthe simulatedcolorednoise

is AR(2) processWe alsochangethe SNR over 0dB, 5dB
and 10dB to seethe degree of SNR improvementfrom
the input with different SNR's. In addition,we compare
theenhancemenesultsobtainedwith differentnumberof
“EM” iterations.

The tool we useis MATLAB. The performancesvalu-
ationis basedon objective measuresising SNR, spectro-
gramplotsaswell assubjectie listening.

Result

a. clean speech

Figurel:slin white noise.(a):cleanspeectof s1;(b): noisy
speech;(c):enhancepeectwith 1 iteration;(d): enhanced
speechwith 2 iterations

c. enhanced speech with 2 iterations
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Figure2: s5in colorednoise.(a):cleanspeectof s1;(b): noisy
speech;(c):enhancepeectwith 1 iteration;(d): enhanced
speechwith 2 iterations



Input | White Colored
(dB) | 1litr  2itrs Litr 2itrs
0 491 6.31 4.82 3.12
5 6.79 7.28 6.77 4.34
10 9.78 10.44| 09.38 7.82
Tablel.SNR
Discussion

First, we investigatethe effect of how mary iterationswe
usefor both models. From the listeningtestand spectro-
gramplots (FigurelandFigure2),we cantell the moreit-
erationswe apply, the morenoisewe canremove, until it
reaches certainthreshold However, we canalsohearthe
distortionin theenhancedpeechintroducedby moreiter-
ations.Also iterationsarecomputationallyexpensve, two

iterationsis a empiricallygoodchoicefor thesetradeofs.

Secondly we explore the enhancemengffect with re-
gard to the input SNR. From Figurel, we seethat we
cannotexpectto make signi cant improvementif the in-
put SNR is alreadyhigh as 10dB. Whereaswith 0dB in-
put, wherethe signaland noisehave the samepower, the
Kalman ltering is quite effective. Notethattheresultsre-
ally dependbntheway we computeSNR. The methodwe

areusingis

(23)

This methodhas potential problems. It is very sensi-
tive to themagnitudeof theenhancedpeectaswell asits
time-domairshift. Thatexplainswhy the SNR'sin thelast
columnof Tablelappeato be lower thanthosewith 1 it-
eration,while actuallythe speechs betterenhancedvith

2 iterations.

VI. Conclusionand Futur e Work

We proposed graphicalmodelapproactto enhancement
of speectcontaminatedvith stationarynoise. We created
modelsbasedn Kalman Iter modelandderive theinfer-
enceanda modi ed versionof EM to estimatemodelpa-
rametersExperimentshovedthatthisapproachncreases
the quality andintelligibility of speechn bothwhite and
colorednoisecaseswith the 2-iterationschemeyielding

thesatishctoryresults.

Futurework canbe developedin addinganothersetof
hidden nodes,which representthe underlying phoneme

states.

where

TR
Hidden Filter Model for Speech with White Nois

denoteghe hiddenstate. Parametersssoci-

atedeachphonemestatecanbepriorly trainedto save com-
putationwhile keepenhancemerguality [8].
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