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I. Intr oduction

Speechenhancementhaspractical importancein various
�elds, suchas ef�cient speech-codingin voice commu-
nicationsystem,quality improvementof recordedspeech,
andincreasementof recognitionaccuracy in ASR system.
In many cases,backgroundnoisecan be deemedas sta-
tionary process,whereasspeechis short-timestationary,
which is oneassumptionof this project. Moreover, real-
world noise, for instance,vehicle enginenoiseor radio
channelnoisetendto becolored,which yieldsmorechal-
lengeto speechenhancementthanthatundertheassump-
tion of whitenoise.Herewe investigateinto bothcases.

Essentially, therearethreekey issuesin theresearchof
speechenhancement,modeling of the speechand noise
process,estimationof parametersfor the models,andre-
constructionof signal out of noisy speech.Surprisingly,
thesethree issuesperfectly �t into three categories of
graphicalmodel theories,graph building, parameteres-
timation and inferenceof graphicalmodel [6]. In this
project,we �nd out that theproblemsin speechenhance-
ment can be well interpretedby graphical model, and
henceef�ciently solvedby its methods.

II. ProblemFormulation and Model Creation

As a standardway, noisyspeechcanbeformulatedas

���������
	���������
������ (1)

where 	������ denotecleanspeech,
������ the additive white
noiseand ������� theobservation.Our goal is to getthebest
estimationof 	������ in theMMSE sense,which is statedas
follows.
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Model for speechwith white noise
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Here 6;����� is thedriving processwith variance8�9

< , and 0

,

��3=�>�?�A@B��C.CDC.��E�� arethe linear predictioncoef�cients. We
canformulatetheproblemin statespace[3] andcomeup
with a representinggraphicalmodel.
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Speechwith colorednoise

In the colorednoisecase,both speechand noisecan be
modeledasAR model.
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The tu����� is thedrivingprocessfor thecolorednoisemodel
and 0

:

,

��3p�v�?�A@B��C.CDC.��E�� are the linear predictioncoef�-
cients for noise. Combinedwith the speechmodel, the
problemcanbesimilarly formulatedasfollows:
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Model for Speech with Colored Noise
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Here the statevectorsare de�ned in the sameway as
thosein white noisecase.We concatenatethenoisevector
with signalvector, sothattheequationcanbetransformed

into standardKalman �lter equations[3]. �
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III. Inference

Beforewecomeupwith themostdemandingissue,param-
eterestimation,we �rst discussthe inferenceof Kalman
�lter model.NotethatKalman�lter modelis analogousto
HMM in its graphicalstructure.Thedifferenceis that the
nodesin KalmanFilter Model arecontinuous-valuedvec-
torswith linear Gaussianprobabilitydistribution. We are
interestedin

�

F

G�
 G

�

�m���

FHG

�

O
��� G

% (10)

�

G�
 G

�

�����

F
G

F

Q

G

�

O
��� G

% (11)

The methodwe usehereis the standardKalman �lter
algorithm. The keys to the inferenceare the conditional
independentstatementsassociatedwith thegraphandthe
assumptionof linearGuassiandistribution.

For �gure1, usingthe independentstatements
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Herewe ignore its mathematicalderivation which can
beaccessedin [?].

Thusfor whitenoisecase,theeventualestimationof sig-
nal sampleis givenby 	'�������^P Q

FHG

.
In colorednoisecase,�gure2 indicatesthat
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IV. Parameter Estimation

The Kalman �lter inference requires knowledge of
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�nd, however, EM is mathematicallyandcomputationally
complicatedin thiscase.Therefore,we presentamodi�ed
versionof “EM” to achievesuboptimalestimationwith the
similar ideaof [4] and[2].
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dowith HMM.
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� in 14 can be given by the Kalman
smoothing[7], whichwewon't cover in this report.
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Take thederivatives
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Theseareequivalentto theYule-Walkerequations[5].
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V. Experiment Resultsand Discussion

Setup

In theexperiments,thetestingsentencesares1ands5, spo-
kenby a femaleandamalerespectively. We manuallyadd
noiseto themfor bothwhite andcolorednoisecases.The
additivenoiseis Gaussianandthesimulatedcolorednoise

is AR(2) process.We alsochangetheSNRover0dB,5dB
and 10dB to seethe degreeof SNR improvementfrom
the input with differentSNR's. In addition,we compare
theenhancementresultsobtainedwith differentnumberof
“EM” iterations.

The tool we useis MATLAB. The performanceevalu-
ation is basedon objective measuresusingSNR,spectro-
gramplotsaswell assubjective listening.

Result
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Figure1:s1in white noise.(a):cleanspeechof s1;(b): noisy
speech;(c):enhancedspeechwith 1 iteration;(d): enhanced

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

speechwith 2 iterations
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Input White Colored
(dB) 1 itr 2 itrs 1 itr 2 itrs

0 4.91 6.31 4.82 3.12
5 6.79 7.28 6.77 4.34
10 9.78 10.44 9.38 7.82

Table1.SNR

Discussion

First, we investigatetheeffect of how many iterationswe
usefor both models. From the listeningtestandspectro-
gramplots(Figure1andFigure2),we cantell themoreit-
erationswe apply, themorenoisewe canremove, until it
reachesacertainthreshold.However, wecanalsohearthe
distortionin theenhancedspeechintroducedby moreiter-
ations.Also iterationsarecomputationallyexpensive, two
iterationsis a empiricallygoodchoicefor thesetradeoffs.

Secondly, we explore the enhancementeffect with re-
gard to the input SNR. From Figure1, we see that we
cannotexpect to make signi�cant improvementif the in-
put SNR is alreadyhigh as10dB. Whereaswith 0dB in-
put, wherethe signalandnoisehave thesamepower, the
Kalman�ltering is quiteeffective. Notethattheresultsre-
ally dependon thewaywe computeSNR.Themethodwe
areusingis
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This methodhaspotentialproblems. It is very sensi-
tive to themagnitudeof theenhancedspeechaswell asits
time-domainshift. Thatexplainswhy theSNR's in thelast
columnof Table1appearto be lower thanthosewith 1 it-
eration,while actuallythespeechis betterenhancedwith
2 iterations.

VI. Conclusionand Future Work

We proposeda graphicalmodelapproachto enhancement
of speechcontaminatedwith stationarynoise.We created
modelsbasedon Kalman�lter modelandderive theinfer-
enceanda modi�ed versionof EM to estimatemodelpa-
rameters.Experimentsshowedthatthisapproachincreases
the quality andintelligibility of speechin both white and
colorednoisecases,with the 2-iterationschemeyielding
thesatisfactoryresults.

Futurework canbe developedin addinganothersetof
hidden nodes,which representthe underlying phoneme
states.

Wt Wt+1 Wt+2

Xt Xt+1 Xt+2

Vt Vt+1 Vt+2

Yt Yt+1 Yt+2

Qt Qt+2Qt+1

AR-HMM

Hidden Filter Model for Speech with White Noise

where
l

G

denotesthe hiddenstate. Parametersassoci-
atedeachphonemestatecanbepriorly trainedto savecom-
putationwhile keepenhancementquality [8].
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