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ABSTRACT

In this paper we improve on the slow time-varying par
tial correlation(STV-PARCOR) modelrecentlysuggested
by us[2] to includeary deterministidnterpolator We then
suggest modificationto the on-line filtering algorithmto
accomodat¢he changesilt is believedthatthe modification
will improve on the simulationresultsasit takesinto ac-
countthe underlyingtrendof the parameteevolution. The
suggestedlgorithmis testedwith realspeectdataandpre-
liminary resultsareshovn andcomparedvith thosegener
atedusingexisting approaches.

1. INTRODUCTION

Many realworld dataanalysisproblemsinvolve sequential
estimationof filtering distribution p(z:|y1.t), wherez; is
the unobsered stateof the systemat time ¢t and ¢, =
{y1,...,y:} areobsenationsmadeover sometime inter-
valt € {1,...,T}. In mostcasesthedatastructuresanbe

verycomple, typically involving element®f non-Gaussianity

high-dimensionalityand non-linearity which may not be
solvableanalytically SequentiaMonteCarlomethodsalso
known asParticle Filters (PF), have beenproposedo over-
cometheseproblems.Referto [1] for anup-to-datesurey
of thefield. Within theparticlefilter frameawork, thefiltering
distribution is approximatedvith an empiricaldistribution
formedfrom point massesor particles,
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whered(.) is the Dirac deltafunction andwt(’) is aweight
attachedo particlez.”.

In recentyears yariousapproachebhave beendeveloped
to apply the sequentiaMonte Carlofiltering strateiesfor
the purposeof audio signal enhancemenfsee,for exam-
ple, [3] and citationstherein). Theseapproachegassume
a Gaussiarrandomwalk modelfor the systemparameter

evolution at every time step, which may not give a suf-
ficiently slow or smoothvariationwith time. This makes
the standardPF inefficient asit is known thatthefilter be-
comeshighly degeneratefor randomwalks with very low
variance. Recently Fong and Godsill [2] proposea slow
time-varying partial correlation(STV-PARCOR) modelto
solvethisproblem.In theirwork, thesystencoeficientsare
consideredo evolve stochasticallyon a block-to-blockba-
sisandall coeficientsin-betweerarefoundby linearinter-
polator Basedon the STV-PARCOR modelandunderthe
particlefiltering framework, an algorithmfor on-line joint
estimationof systemparametersignalis developed.

This work senesasan extensionto thework of [2]. In
this paper we generalisedhe STV-PARCOR patrticle fil-
ter, sothatany deterministicinterpolatorcanbe used. We
thendescribethe modified algorithmfor the generatiorof
“delayed”staterealisationsFinally, preliminarysimulation
resultsareshawn.

2. STATE-SPACE REPRESENTATION AND AUDIO
MODEL

In this section,we describethe modeladoptedn this paper
— the STV-PARCOR model. A lengthytime seriesis di-
videdinto R non-overlappingblocks. If 5 is theblocksize,
wedefinez, 11 £ {T+541,- - -, Trg+s } @SAgroupof unob-
senedstateof thesystemandf, 11 = {yrp41,- - - »Yra+6}
asobsenationsmadeoversomeblocksr € {0,...,R—1}.
AssumingaMarkovianstructurefor themodel,theprob-
lem canthenbeformulatedin astate-spacéorm asfollows,
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wheref(.|.) andg(.|.) arepre-specifiecstateevolution and
obsenationdensitieslt shouldbe notedthatthestate-space
modeladoptedhereis differentfrom the standardone [5],
which relatesthe unobsered states{z:} andobsenations
{y:} madeoveratimeinternval ¢ € {1,...,T}. (1), how-
ever, definesthe stateevolution betweerdifferentblocks.



For the choiceof audiomodel,we suggest time vary-
ing partial correlation(TV-PARCOR) model. The advan-
tage of adoptingsuchmodelis that approximatestability
caneasilybe enforced,provided that the PARCOR coefi-
cients{p:} vary sufficient slowly with time [3]. Theaudio
signalprocesgu;} is thenmodelledas
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wherea; is the TVAR coeficient at time ¢, which is found
by transforminghe PARCOR coeficientp; viatheLevinson-
Durbin recursion.¢,, is thelog-excitationvarianceandp;
is thetime-varyingmodelorder Referto [3] for a detailed
descriptionof theaudiomodeladoptechere.

Thefull specificatiorof the state-spacenodelis asfol-
lows: at ary time ¢, the statevector z; is partitionedas
[zta gt]l with 2t £ [ut—Pt-i-la e 7ut]l andgt £ [pta ¢et 7pt]l
beingthe signalstateandthe parametestaterespectiely.

In the setupof the particle filter, a proposaldistribu-
tion [1, 3] similar to that of [2] hasbeenadopted,which
takestheform:
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As in [2], theblock variationof the log-excitationvariance
andmodelordertake theform,

f(¢efﬁ |¢e(7_1)ﬁ) = N(¢e(7_1)gaaie) 3)
+1
Fralper-1y8) = D Pud (prs — (0r-1ys + K)) (4)
k=-1
where{¢,,p:} = {¢e,5,prp} fort € {(r-1)8+1,...,78},

i.e. both¢,, andp; areassumedo befixedwithin ablock.
Forthe PARCORCcoeficients,aconstrainedandomwalk
model[3] is assumedor the block variation,

N(pz-1)8,05T)  if max{|prgil} <1
0 otherwise

f(Pr/B|P(r—1)/3) = {

A constrainedrandomwalk model of this form will en-
sureapproximatestability provided that the PARCOR co-
efficientsvary sufficiently slonly. Having sampledhe last
PARCOR coeficient of the block 7, p-z, all the interme-
diate PARCOR coeficientsarefound by somedeterminis-
tic methodsusingpreviously sampledPARCOR coeficients

{p(‘r—m)ﬂ; m=0,...,n+ 1}1
(5)

wheret € {(r —n —1)8+1,...,78}. For theinterpo-
lator functions,h;, the Legendrepolynomials Fourierbasis
functionandB-splinesarepopularchoicesall of whichwill

Pt = ht(p(‘r—n—l)ﬂa s 7,07',3)

ensurea slow and smoothevolution of the reflectioncoef-
ficients[4]. In [2], we have implementeda linear interpo-
lator, which shouldbe consideredas a specialcaseof (5).
We believethat(5) will give abetterapproximatiorthanthe
simplifiedlinearinterpolatorcaseasit takesinto accounthe
betterunderlyingsmoothtrendof the coeficient evolution.

3. SEQUENTIAL AUDIO SIGNAL AND
PARAMETER ESTIMATION

Basedonthe STV-PARCORmodel,[2] describesway for
joint estimationof the signalandparametestateunderthe
sequentiaMonte Carlofilter framework. The suggestedl-
gorithmproceedssfollows:

Randonsamplesareto bedravn from thejoint filtering
distribution p(z,,o |#1:-) which can be factorisedas fol-
lows,

-

p(Zr,0-|71.7) = p(Zr |0y, 71:r) DG 1) (6)
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Assumethereexistsaparticulateapproximatiorfor themaiginal

parametefiltering distribution,

E:wmd

asit is assumedhat the proposaldistribution for the pa-
rameterstatebeingtheprior (2), theimportanceveightwill
simply take the form,
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with {Qt(i); (r—n-1)8+1,...,78} areparametestatege-

cently updatedusingthe deterministianterpolator(5). The
joint filtering distribution (6) canthenbe approximatedy
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Hence,giveney)r, signalrealisationganbedravn from

20 ~ p(216\2, Gir)

For instancejf we assume conditionalGaussiarstate-
spacemodel,thenall the computationsanbe doneunder



the framework of the Kalmanfilter andsmoothef[3]. e.g.

forte {(r-1)8+1,...,78}, p(yt|9§f)t,y1:t_1) from (8)
canbefoundby the predictionerrordecompositiof5] and
themarginal signalfiltering distribution canberewrittenas:
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with ¢ 5 £ E(ztlyr.rs,013) andPy); £ covla—((l 5, z—

t|T
(|2/3 |Y1:785 0§ %) aresufiicientstatisticfoundby theKalman

smoother

4. IMPLEMENTATION

We modify theSTV-PARCORpatrticlefilter suggesteth [2]
to facilitatethegeneralise®TV-PARCORmodel.Let r,; =

T —n — 1, assuminghatthe parameterealisations{e(i) ,

9(1) 1)} andthe signal suficient stat|st|cs(g(’ﬂ|T 5

andP(’)ﬁ| ,5) areavailable for {i = 1,...,N} from the
pranousneratlonof thefilter, staterandomsample$anbe
drawn from thefiltering distribution asfollows:
Fori=1,...,N,

° Generateandomsample‘romp(’) ~ f(pfﬂ|p§?_1)ﬂ)
and¢§?ﬁ ~ f(¢e,ﬁ|¢e(, s )- Foreachpf/)a, sample

P from f(prslfl_,,4), where
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[p(r_1)/3,1...p5’g] otherwise

e Make eachof {p( )ﬂ, ,p(i)} the samesize by ap-
pending0 to thevectorif necessaryUsmgthese‘lxed
grids, {p{”; ™8 < t < 78,t # nB} for n beinginte-
gerarefoundby deterministianterpolator(5). In our
simulations,we have implementedthe cubic spline

withn =3,i.e. forj=1,.. ,p%,

A= 3 B~ k)

k=T1y

wherecy, ; is the spline coeficient to be determined
andB3(t) is the3™¢ orderB-splinebasisfunction.

o leenthesu1f|C|entstatlsncs(g(’)ﬁ| 5 andP Blr5)
and{p(’) ™0 < t < 78}, werun aforward sweep

of the Kalmanfilter overblockst — 7 to 7. We then
e/aluatetheimportanceNeighth) accordingo (8).

Having generatedhe parametelset{é'(’),z =1,...,N},

we thenresample(see[1] for details)it N tlmeSWIth re-

placementaccordingto wﬁ’. For the resampledparame-

ter set{é'(f),i = 1,..., N}, we run a backward sweepof

the Kalmansmootherandgenerate{{tlrﬁ, t(|r)/3’ t=m08+
1,...,78}.

TheoreticalIysignalrealisation{zt(i);i =1,...,N,t=
B +1,...,78} canbegeneratedccordingto (9). How-
ever, as {pﬁ’), (p + 1)B < t < 18,t # nB} arego-
ing to changein the next iteration,only {z:;¢ € {8 +
1,...,(m + 1)8} will bedrawn. Hence the suggesteal-
gorithmwill only give “delayed”staterealisations.

In addition,continuity canbeensuredy takinginto ac-
countzt(i)1 in the samplingof z(i) asthereis only onefree

variableowing to overlappmgbetweemz(’) andzt(i) .

5. EXPERIMENTAL RESULTS

Experimentsare conductedo investigatethe effectiveness
of thesuggestedlgorithm(STV-PARCOR PF)for the pur-
poseof audionoisereduction.In particular we would like
to verify our suggestiorthatthegeneralise 6 TV-PARCOR
model is a better model for slow time-varying processes
(e.g. speech)thenthe TVAR model. Preliminary simula-
tion resultsare shavn and comparedwith thosegenerated
using the standardextendedKalman smoother(eKS) [5].
Thecleanspeecttlips usedin this experimentare:

S1. Goodserviceshouldberewardedby big tips

S2: Draw everyouterline first, thenfill in theinterior

Theexperimentsetupis asfollows,thecleanspeectsig-
nal is assumedo be submegedin white Gaussiamoise
(WGN) with knownvariancer?, i.e. g(y:|zt) = N (ye; ut, 02).
TheoutputSNRfrom differentalgorithmsarerecordedand
compared. Owing to the stochasticnature of the Monte
Carlo algorithm, simulationresultsfor the STV-PARCOR
PFarefound by averagingthe SNR improvementover five
independenapplicationof thealgorithm.

In our simulationswe have choseravalueof N = 50,
the block size 8 is fixedto 100 for the STV-PARCOR PE
The hyperparameterér?, o and{Py;k = —1,0,+1})
adoptednhereareassumedo be known andfixed. In con-
siderationof the computationatost,it is assumedhatthe
modelorderp; € {1,...,Pmax} With pymax beinglimited
to 20. We notethat N = 50 is extremelysmall for Monte
Carlosimulationbut the preliminarysimulationresultssug-
gestthatthealgorithmworksprettywell in sucha case.As
in otherapplicationof the ParticleFilter, simulationresults
improveasN increases.



For the eKS, a Gaussiarrandomwalk is assumedi-
rectly on the AR coeficientsandthe modelorderis fixed
to 10. This modelis employedasthe TV-PARCOR model
andtime-varyingmodelorderis not straightforwardto im-
plementwith the extendedKalmansmootherThe hyperpa-
rameteradoptedareadjustedsothatthe systemparameters
will coverthesamerangeasthegeneraliseTV-PARCOR
modelin 8 time steps. We note that this may not be the
optimum setupfor the eKS, however, this will give a fair
comparisorfor bothalgorithms.

Figure1 and Figure 2 shaw the 3D histogramplots of
thefirst reflectioncoeficients(p; ;) atdifferentinput SNRs
(SNR;,) for theword“reward”in S1usingtheSTV-PARCOR
PFE The plots are generatedy groupingall PARCOR co-
efficients particlesfrom five independensimulations. As
shawvn in the plots, the suggestedlgorithmgivesconsistent
resultsat differentnoiselevels.

We thencomparethe performanceof the suggestedl-
gorithmwith thethe eKS. The SNR improvementdor dif-
ferentclips at differentnoiselevelsaresummarisedelow:

Clip SNR;, STV-PARCORPF eKS

S1 0dB 3.8a0B 1.92B
S1 10dB 2.540B 0.99dB
S1 20dB 1.0&dB 0.87B
S2 0dB 4.31dB 2.21dB
S2 10dB 2.80dB 1.57dB
S2 20dB 1.35dB 1.09dB

Audio outputscanbe found at http://www-sigpoc.eng
cam.ac.ukiwnwi2/Eusipco2008tml. ComparingheSNR
improvementsthesuggeste® TV-PARCORPFconsistently
outperformsthe eKS, which justifies using it in practice,
even it inducesa much heavier computationaload when
comparewith theeks.

6. CONCLUSION

We proposea generalisatiorto the STV-PARCOR model
recentlysuggestedby usto includeary deterministicnter
polator functions, h;. We then describean adaptationto
the algorithmfor joint estimationfor signalandparameter
Thealgorithmis testedonrealspeectsignalsandcompared
with otherstandardapproaches=ncouragingesultsareob-
tained.Furthersimulationswill be conductedo investigate
the effectsof differentinterpolatorfunctionsand different
lags,n. Theresultswill bepublishedn duecourse.
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Figure 1: 3D histogramplot of p;; for the word “reward”
usingthe STV-PARCOR particlefilter for SNR;,,=0dB

Figure2: 3D histogramplot of p; 1 for the word “reward”
usingthe STV-PARCOR particlefilter for SNR;,,=20dB



