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ABSTRACT

In this paper, we improve on the slow time-varying par-
tial correlation(STV-PARCOR) model recentlysuggested
by us[2] to includeany deterministicinterpolator. We then
suggesta modificationto the on-line filtering algorithmto
accomodatethechanges.It is believedthatthemodification
will improve on the simulationresultsas it takes into ac-
counttheunderlyingtrendof theparameterevolution. The
suggestedalgorithmis testedwith realspeechdataandpre-
liminary resultsareshown andcomparedwith thosegener-
atedusingexistingapproaches.

1. INTRODUCTION

Many realworld dataanalysisproblemsinvolve sequential
estimationof filtering distribution ��� ��� � � � 	 � 
 , where � � is
the unobserved stateof the systemat time � and � � 	 �
�� � � � � � � � � � � areobservationsmadeover sometime inter-
val ��� � � � � � � � ��� . In mostcases,thedatastructurescanbe
verycomplex, typically involvingelementsof non-Gaussianity,
high-dimensionalityand non-linearity, which may not be
solvableanalytically. SequentialMonteCarlomethods,also
known asParticleFilters(PF),havebeenproposedto over-
cometheseproblems.Referto [1] for anup-to-datesurvey
of thefield. Within theparticlefilter framework, thefiltering
distribution is approximatedwith an empiricaldistribution
formedfrom pointmasses,or particles,��� ��� � � � 	 � 
�� �� � � �����

�  �"! � � � #�� � �  � 
 � �� � � �����
�  �%$ � � ��� �  �'&)(

where ! � � 
 is the Dirac deltafunctionand ��� �  � is a weight
attachedto particle � � �  � .

In recentyears,variousapproacheshavebeendeveloped
to apply the sequentialMonte Carlo filtering strategiesfor
the purposeof audio signal enhancement(see,for exam-
ple, [3] and citationstherein). Theseapproachesassume
a Gaussianrandomwalk model for 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 that the filter be-
comeshighly degeneratefor randomwalks with very low
variance. Recently, Fong and Godsill [2] proposea slow
time-varying partial correlation(STV-PARCOR) model to
solvethisproblem.In theirwork, thesystemcoefficientsare
consideredto evolve stochasticallyon a block-to-blockba-
sisandall coefficientsin-betweenarefoundby linearinter-
polator. Basedon the STV-PARCORmodelandunderthe
particlefiltering framework, an algorithmfor on-line joint
estimationof systemparameterssignalis developed.

This work servesasanextensionto thework of [2]. In
this paper, we generalisedthe STV-PARCOR particle fil-
ter, so that any deterministicinterpolatorcanbe used. We
thendescribethe modifiedalgorithmfor the generationof
“delayed”staterealisations.Finally, preliminarysimulation
resultsareshown.

2. STATE-SPACE REPRESENTATION AND AUDIO
MODEL

In this section,we describethemodeladoptedin this paper
— the STV-PARCOR model. A lengthytime seriesis di-
videdinto * non-overlappingblocks.If + is theblocksize,
wedefine ,��- ./��� � ��- 0 ./� � � � � � ��- 0 .�0�� asagroupof unob-
servedstatesof thesystemand ,� - .���� � � - 0 .�� � � � � � � - 0 .�0 �
asobservationsmadeoversomeblocks12� � ( � � � � � * # � � .

AssumingaMarkovianstructurefor themodel,theprob-
lemcanthenbeformulatedin astate-spaceform asfollows,,��- .��4365/� ,��- .�� � ,��- 
 Stateevolutiondensity,� - ./�7398�� ,� - ./� � ,��- .�� 
 Observationdensity

(1)
where 5/� � � � 
 and 8�� � � � 
 arepre-specifiedstateevolution and
observationdensities.It shouldbenotedthatthestate-space
modeladoptedhereis differentfrom the standardone[5],
which relatesthe unobservedstates

� ��� � andobservations� � � � madeover a time interval �:� � � � � � � � ��� . (1), how-
ever, definesthestateevolutionbetweendifferentblocks.



For thechoiceof audiomodel,we suggesta time vary-
ing partial correlation(TV-PARCOR) model. The advan-
tageof adoptingsuchmodel is that approximatestability
caneasilybe enforced,provided that the PARCOR coeffi-
cients ; < = > vary sufficient slowly with time [3]. Theaudio
signalprocess; ?�= > is thenmodelledas?�=�@'A BC D E/F�G = H D ?�= I D�J
K =
where G = is theTVAR coefficient at time L , which is found
by transformingthePARCORcoefficient < = via theLevinson-
Durbin recursion. M�N B is the log-excitationvarianceand O =
is thetime-varyingmodelorder. Referto [3] for a detailed
descriptionof theaudiomodeladoptedhere.

Thefull specificationof thestate-spacemodelis asfol-
lows: at any time L , the statevector P�= is partitionedasQ R = S T = U V with

R =XW Q ?�= I A B Y F S Z Z Z S ?�= U V and T =XW Q < = S M�N B S O = U Vbeingthesignalstateandtheparameterstaterespectively.
In the setupof the particle filter, a proposaldistribu-

tion [1, 3] similar to that of [2] hasbeenadopted,which
takestheform:[/\ ]T ^�_ ]T ^ I F ` @ [/\ < ^ a�_ < b ^ I F c a ` [/\ O�^ a�_ O�b ^ I F c a ` dd [/\ M�N e f�_ M�N g e h i j f ` (2)

As in [2], theblock variationof thelog-excitationvariance
andmodelordertake theform,[�\ M�N e f�_ M�N g e h i j f ` @
k \ M�N g e h i j f S l�mn o ` (3)[�\ O�^ a�_ O b ^ I F c a ` @ Y FCp E I F q p r�s O�^ aut \ O b ^ I F c a J
v ` w (4)

where; M�N B S O = >�@x; M�N e f�S O�^ a�> for LXyz; \ { t}| ` ~ J | S Z Z Z S { ~ > ,
i.e. both M�N B andO = areassumedto befixedwithin a block.

For thePARCORcoefficients,aconstrainedrandomwalk
model[3] is assumedfor theblock variation,[/\ < ^ a�_ < b ^ I F c a ` @ � k \ < b ^ I F c a S l m� � ` if �:� �D ; _ < ^ a H D _ >}�x|�

otherwise

A constrainedrandomwalk model of this form will en-
sureapproximatestability provided that the PARCOR co-
efficientsvary sufficiently slowly. Having sampledthe last
PARCOR coefficient of the block

{
, < ^ a , all the interme-

diatePARCOR coefficientsarefoundby somedeterminis-
tic methodsusingpreviouslysampledPARCORcoefficients; <�b ^ I�� c a�� � @ � S Z Z Z S � J | > ,< =�@"� = \ < b ^ I�� I F c a S Z Z Z S < ^ a ` (5)

where L:y�; \ { t
�2tx| ` ~ J | S Z Z Z S { ~ > . For the interpo-
lator functions,� = , theLegendrepolynomials,Fourierbasis
functionandB-splinesarepopularchoices,all of whichwill

ensurea slow andsmoothevolution of the reflectioncoef-
ficients[4]. In [2], we have implementeda linear interpo-
lator, which shouldbe consideredasa specialcaseof (5).
Webelievethat(5) will giveabetterapproximationthanthe
simplifiedlinearinterpolatorcaseasit takesinto accountthe
betterunderlyingsmoothtrendof thecoefficientevolution.

3. SEQUENTIAL AUDIO SIGNAL AND
PARAMETER ESTIMATION

Basedon theSTV-PARCORmodel,[2] describesaway for
joint estimationof thesignalandparameterstateunderthe
sequentialMonteCarlofilter framework. Thesuggestedal-
gorithmproceedsasfollows:

Randomsamplesareto bedrawn from thejoint filtering
distribution O \ ]R ^ S ]T ^ _ ]� F � ^ ` which can be factorisedas fol-
lows,O \ ]R ^ S ]T ^�_ ]� F � ^ ` @�O \ ]R ^�_ ]T ^ S ]� F � ^ ` O \ ]T ^�_ ]� F � ^ ` (6)@x�xO \ ]R ^ _ ]T F � ^ S ]� F � ^ ` O \ ]T F � ^�_ ]� F � ^ ` � ]T F � ^ I F
Assumethereexistsaparticulateapproximationfor themarginal
parameterfiltering distribution,O \ ]T F � ^�_ ]� F � ^ `X���C D E/F�� b

D c^ r \ ]T F � ^�t ]T b D cF � ^ ` (7)

as it is assumedthat the proposaldistribution for the pa-
rameterstatebeingtheprior (2), theimportanceweightwill
simply take theform,

� b
D c^�� ^ a�= E b ^ I F c a Y F O \ � = _ T b

D cF � = S � F � = I F ` (8)

with ; T b D c= � \ { t��/tu| ` ~ J | S Z Z Z S { ~ > areparameterstatesre-
centlyupdatedusingthedeterministicinterpolator(5). The
joint filtering distribution (6) canthenbeapproximatedbyO \ ]R ^ S ]T ^�_ ]� F � ^ `�� ��O \ ]R ^�_ ]T F � ^ S ]� F � ^ ` dd��C D E/F�� b

D c^ r \ ]T b D cF � ^ t ]T F � ^ ` � ]T F � ^ I F���C D E�F O \ ]R ^ _ ]T b
D cF � ^ S ]� F � ^ ` � b

D c^ r \ ]T b D c^ t ]T ^ `
Hence,given T b D cF � ^ , signalrealisationscanbedrawn from]R b D c^�� O \ ]R ^�_ ]T b D cF � ^ S ]� F � ^ `

For instance,if weassumeaconditionalGaussianstate-
spacemodel, thenall the computationscanbe doneunder



the framework of the Kalmanfilter andsmoother[3]. e.g.
for ���z� �  :¡)¢ £ ¤2¥)¢ ¦ § § § ¦   ¤/¨ , ©�� ª « ¬ ­ ® ¯ °± ² « ¦ ª ± ² « ³ ± £ from (8)
canbefoundby thepredictionerrordecomposition[5] and
themarginalsignalfiltering distributioncanberewrittenas:©�� ´µ ¶ ¬ ´­ ® ¯ °± ² ¶ ¦ ´ª ± ² ¶ £X· ¶ ¸¹« º ® ¶ ³ ± ° ¸ » ± ©�� µ « ¬ µ ® ¶ ³ ± ° ¸ » ± ² « ³ ± ¦ ­ ® ¯ °± ² « ¦ ª ± ² ¶ ¸ £· ¶ ¸¹« º ® ¶ ³ ± ° ¸ » ± ¼ � µ « ½ ¾ ® ¯ °« ¿ ¶ ¸ ¦ À ® ¯ °« ¿ ¶ ¸ £ (9)

with ¾ ® ¯ °« ¿ ¶ ¸ÂÁ)Ã � µ « ¬ ª ± ² ¶ ¸ ¦ ­ ® ¯ °± ² « £ andÀ ® ¯ °« ¿ ¶ ¸ÂÁ"Ä Å Æ � µ « ¡Ç¾ ® ¯ °« ¿ ¶ ¸ ¦ µ « ¡¾ ® ¯ °« ¿ ¶ ¸ ¬ ª ± ² ¶ ¸ ¦ ­ ® ¯ °± ² « £ aresufficientstatisticsfoundby theKalman
smoother.

4. IMPLEMENTATION

Wemodify theSTV-PARCORparticlefilter suggestedin [2]
to facilitatethegeneralisedSTV-PARCORmodel.Let   È}· Â¡�É:¡"¢ , assumingthat theparameterrealisations� ­ ® ¯ °¶ Ê ¸ ¦§ § § ¦ ­ ® ¯ °® ¶ ³ ± ° ¸ ¨ and the signal sufficient statistics( ¾ ® ¯ °¶ Ê ¸ ¿ ¶ Ê ¸
and Àu® ¯ °¶ Ê ¸ ¿ ¶ Ê ¸ ) are available for � ËÂ·�¢ ¦ § § § ¦ Ìz¨ from the
previousiterationof thefilter, staterandomsamplescanbe
drawn from thefiltering distributionasfollows:
For Ë�·�¢ ¦ § § § ¦ Ì ,Í Generaterandomsamplefrom ©�® ¯ °¶ ¸:Î"Ï � © ¶ ¸ ¬ ©�® ¯ °® ¶ ³ ± ° ¸ £

and Ð�® ¯ °Ñ Ò Ó ÎÔÏ � Ð Ñ Ò Ó ¬ Ð�® ¯ °Ñ Õ Ò Ö × Ø Ó £ . For each©�® ¯ °¶ ¸ , sampleÙ ® ¯ °¶ ¸ from Ï � Ù ¶ ¸ ¬ ÚÙ ® ¯ °® ¶ ³ ± ° ¸ £ , where

ÚÙ ® ¯ °® ¶ ³ ± ° ¸ ·ÜÛÝÝÝÞ ÝÝÝß
à Ù ® ¯ °® ¶ ³ ± ° ¸áãâ if © ® ¯ °¶ ¸2ä © ® ¯ °® ¶ ³ ± ° ¸å Ù ® ¯ °® ¶ ³ ± ° ¸ æ ± ç ç ç è Õ é ØÒ Ó ê ë otherwiseÍ Make eachof � Ù ® ¯ °¶ Ê ¸ ¦ § § § ¦ Ù ® ¯ °¶ ¸ ¨ the samesizeby ap-

pending0 to thevectorif necessary. Usingthesefixed
grids, � Ù ® ¯ °« ½   È ¤�ì
�Xì
  ¤X¦ ��í·)î�¤�¨ for î beinginte-
gerarefoundby deterministicinterpolator(5). In our
simulations,we have implementedthe cubic spline
with É:·"ï , i.e. for ðu·�¢ ¦ § § § ¦ © ® ¯ °¶ ¸ ,Ù ® ¯ °« æ ñ · ¶òó º ¶ Ê�ô ® ¯ °ó æ ñ õ�ö � ��¡z÷ ¤/£
where ô ó æ ñ is the splinecoefficient to be determined
and õ ö � � £ is the ï ø ù orderB-splinebasisfunction.Í Giventhesufficient statistics( ¾ ® ¯ °¶ Ê ¸ ¿ ¶ Ê ¸ and À}® ¯ °¶ Ê ¸ ¿ ¶ Ê ¸ )
and � Ù ® ¯ °« ½   È ¤�ì��uúÔ  ¤�¨ , we run a forwardsweep

of theKalmanfilter over blocks  Â¡zÉ to   . We then
evaluatetheimportanceweight û ® ¯ °¶ accordingto (8).

Having generatedthe parameterset � ´­ ® ¯ °¶ ½ ËÂ·�¢ ¦ § § § ¦ Ìz¨ ,
we thenresample(see[1] for details)it Ì timeswith re-
placementaccordingto û ® ¯ °¶ . For the resampledparame-
ter set � ´­ ® ¯ °¶ ½ Ëu·ü¢ ¦ § § § ¦ Ìz¨ , we run a backward sweepof

theKalmansmootherandgenerate� ¾ ® ¯ °« ¿ ¶ ¸ ¦ À}® ¯ °« ¿ ¶ ¸ ½ �X·)  È ¤}¥¢ ¦ § § § ¦   ¤�¨ .
Theoretically, signalrealisations� µ ® ¯ °« ½ Ë�·�¢ ¦ § § § ¦ Ì2¦ ��·  È ¤2¥"¢ ¦ § § § ¦   ¤/¨ canbegeneratedaccordingto (9). How-

ever, as � Ù ® ¯ °« ½ �   ÈÂ¥ý¢ £ ¤�ì��"ì%  ¤X¦ �Ôí·%î�¤/¨ are go-
ing to changein the next iteration, only � µ « ½ �þ�ÿ�   È ¤�¥¢ ¦ § § § ¦ �   ÈÇ¥x¢ £ ¤�¨ will bedrawn. Hence,thesuggestedal-
gorithmwill only give “delayed”staterealisations.

In addition,continuitycanbeensuredby takinginto ac-
count µ ® ¯ °« ³ ± in thesamplingof µ ® ¯ °« , asthereis only onefree

variableowing to overlappingbetweemµ ® ¯ °« ³ ± and µ ® ¯ °« .

5. EXPERIMENTAL RESULTS

Experimentsareconductedto investigatethe effectiveness
of thesuggestedalgorithm(STV-PARCORPF)for thepur-
poseof audionoisereduction.In particular, we would like
to verify oursuggestionthatthegeneralisedSTV-PARCOR
model is a better model for slow time-varying processes
(e.g. speech)then the TVAR model. Preliminarysimula-
tion resultsareshown andcomparedwith thosegenerated
using the standardextendedKalman smoother(eKS) [5].
Thecleanspeechclipsusedin thisexperimentare:

S1: Goodserviceshouldberewardedby big tips
S2: Draw everyouterline first, thenfill in theinterior

Theexperimentsetupis asfollows,thecleanspeechsig-
nal is assumedto be submerged in white Gaussiannoise
(WGN) with knownvariance� �� , i.e. ��� ª « ¬ � « £X· ¼ � ª « ½ ��« ¦ � �� £ .TheoutputSNRfrom differentalgorithmsarerecordedand
compared. Owing to the stochasticnatureof the Monte
Carlo algorithm,simulationresultsfor the STV-PARCOR
PFarefoundby averagingtheSNRimprovementover five
independentapplicationsof thealgorithm.

In our simulations,we have chosena valueof Ì ·�� á ,
the block size ¤ is fixed to 100 for the STV-PARCOR PF.
The hyperparameters( � �� , � �	 
 and � À ó ½ ÷x·�¡}¢ ¦ á ¦ ¥}¢ ¨ )
adoptedhereareassumedto be known andfixed. In con-
siderationof the computationalcost,it is assumedthat the
modelorder © «Â�Ô� ¢ ¦ § § § ¦ © �
� � ¨ with © �
� � being limited
to 20. We notethat Ì�·�� á is extremelysmall for Monte
Carlosimulationbut thepreliminarysimulationresultssug-
gestthatthealgorithmworksprettywell in sucha case.As
in otherapplicationsof theParticleFilter, simulationresults
improveas Ì increases.



For the eKS, a Gaussianrandomwalk is assumeddi-
rectly on the AR coefficientsandthe modelorder is fixed
to 10. This modelis employedastheTV-PARCORmodel
andtime-varyingmodelorderis not straightforwardto im-
plementwith theextendedKalmansmoother. Thehyperpa-
rametersadoptedareadjustedsothatthesystemparameters
will coverthesamerangeasthegeneralisedSTV-PARCOR
model in � time steps. We note that this may not be the
optimumsetupfor the eKS, however, this will give a fair
comparisonfor bothalgorithms.

Figure1 andFigure2 show the 3D histogramplots of
thefirst reflectioncoefficients( � � � � ) atdifferentinputSNRs
(SNR� � ) for theword“‘reward” in S1usingtheSTV-PARCOR
PF. The plots aregeneratedby groupingall PARCOR co-
efficientsparticlesfrom five independentsimulations. As
shown in theplots,thesuggestedalgorithmgivesconsistent
resultsatdifferentnoiselevels.

We thencomparethe performanceof the suggestedal-
gorithmwith the theeKS.TheSNRimprovementsfor dif-
ferentclips at differentnoiselevelsaresummarisedbelow:

Clip SNR� � STV-PARCORPF eKS
S1 0dB 3.86dB 1.92dB
S1 10dB 2.54dB 0.99dB
S1 20dB 1.08dB 0.87dB
S2 0dB 4.31dB 2.21dB
S2 10dB 2.80dB 1.57dB
S2 20dB 1.35dB 1.09dB

Audio outputscanbe foundat http://www-sigproc.eng.
cam.ac.uk/� wnwf2/Eusipco2002.html. ComparingtheSNR
improvements,thesuggestedSTV-PARCORPFconsistently
outperformsthe eKS, which justifies using it in practice,
even it inducesa much heavier computationalload when
comparewith theeKS.

6. CONCLUSION

We proposea generalisationto the STV-PARCOR model
recentlysuggestedby usto includeany deterministicinter-
polator functions, � � . We then describean adaptationto
thealgorithmfor joint estimationfor signalandparameter.
Thealgorithmis testedonrealspeechsignalsandcompared
with otherstandardapproaches.Encouragingresultsareob-
tained.Furthersimulationswill beconductedto investigate
the effectsof different interpolatorfunctionsanddifferent
lags,� . Theresultswill bepublishedin duecourse.
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Figure1: 3D histogramplot of � � � � for the word “reward”
usingtheSTV-PARCORparticlefilter for SNR� � =0dB
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Figure2: 3D histogramplot of � � � � for the word “reward”
usingtheSTV-PARCORparticlefilter for SNR� � =20dB


