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ABSTRACT

This paperstudiesapplicationof independentcomponent
analysistechniquesto automaticcontrol engineering.It is
often desiredin control systemsto separatesignalswhich
aremixedthroughsomeunknown process.Sincethis pro-
cessusuallyhasdynamics,blind sourcedeconvolutionmust
beachievedin thiscase.Underacertainassumption,thepa-
perprovidesa methodto this end,by makinguseof a time
seriesexpansionmotivatedfrom control systemidentifica-
tion. This methodis thenappliedto simultaneousestima-
tion of bothdisturbanceandsystemparameter. Theresultis
illustratedby meansof a numericalsimulationandexperi-
mentwith amechanicalsystem.

1. INTR ODUCTION

Thelastdecadehaswitnessedagreatdealof progressin In-
dependentComponentAnalysis(ICA). Todayit hasa wide
rangeof applicationareassuchasspeech,image,telecom-
munication,andmedicalsignalprocessing;see,[1, 3, 4, 7,
8], just to namea few.

AutomaticcontrolengineeringisanotherareawhereICA
maybeusedasapromisingtool for signalanalysis.In con-
trol systems,for example,we sometimesencountera sit-
uationwhereunknown disturbancesignalsaremixed into
signalsto becontrolledwith unknown mixing mechanism.
It is desirableif we caneliminatethis disturbanceby iden-
tifying it. In fact,PrincipleComponentAnalysis(PCA)has
alreadybeenusedin this context,and is called statistical
processmonitoring[10].

In control systems,however, signalsare usually pro-
cessedthroughdynamicalsystems,so thatwe have to deal
with time historyof thesignals.This is a kind of theBlind
SourceDeconvolution (BSD) problem,which hasbeenex-
tensively studied,andvariousmethodshave beenproposed
to solveit in literature[2, 9, 14].

In thispaper, weproposeyetanotherapproachtoachieve
BSD, andapply it to someof the control systemsanalysis

problems.Wefirst introducetheconceptof polynomialma-
trix fractional representationof linear dynamicalsystems.
Then we expanda seriesof the time signal into a vector
form using polynomialmatrix coefficients,which enables
usto applyastandardICA algorithmto thesystem.

In what follows, we confineourselvesto discrete-time
signalsfor simplicity. Generalizationto thecontinuous-time
caseis straightforward.Thetime � hencetakesintegerval-
ues. With a slight abuseof language,we use � asthe for-
wardtime-shiftoperator, i.e., �������
	���
�����������	 . As usual,�
representsthe identity matrix with anappropriatesize,and���

denotesthetransposeof amatrix
�

.

Theremainderof thepaperis organizedasfollows: Af-
ter problemformulationfor BSD is given in � 2, we study
two specialcasesin � 3 with numericalsimulation. An ex-
perimentwith a mechanicalsetupis explainedin � 4. We
concludethepaperin � 5.

2. PROBLEM FORMULA TION

Let usconsiderthefollowing dynamicalsystem:

� ���
	�
�������	! "���
	
# ��
$��#&%�#(')'*'+# (1)

where �,�-�.	 is a discrete-timetransfermatrix. We assume
that eachcomponent �/0���
	
#*')'*'1#
 023���
	 of an unknown sig-
nal vector  "�4�
	 is statistically independent,and � ���
	 is an
observedsignalvector.

To explaintheproposedmethod,let usintroducea spe-
cial assumptionon �����5	 . To begin with, we assumethat
�,�-��	 is properrational,square,invertible,andstable.The
following notionsarewell known in linear systemtheory
[6, 11,12,13]:

Fact 1. Any rationalmatrix ���-�6	 canbe represented
by meansof thepolynomialmatrix fraction:

�,�-��	7
�89����	
: /<; �-��	 (2)

where 8��-��	 and ; �-��	 are left coprime,and 89����	 is row
proper(Fig. 1).



unknown

)(ts )(th)()(
1

zNzD
-

unknown observed

Fig. 1. Dynamicalsystemunderconsideration.

Definition. 89�-��	 and ; �-��	 are called left coprime
if the following conditionholds: If thereexist polynomial
matrices �89�-��	 , �; �-��	 , and

� �-�.	 suchthat

89�-��	�
 � �-��	 �89�-��	&# and ; �-��	�
 � �-��	 �; ���5	
#
then
� �-��	 mustbeunimodular;i.e., ����� � �-��	 is a constant

number.

Definition. A squarepolynomialmatrix 8 �-�.	 is called
row properif � 8 �-�.		��
 is nonsingular, where � 89�-�.	��

 is the
constantmatrix whoserowsarethehighestcoefficient vec-
torsof thecorrespondingrowsof 8 �-�.	 ; i.e.,

� 8��-��	��

 � 
 ��� � /��...� 2 �
���� # where 89�-��	�


��� � / ���.	...� 2 �-�.	
���� #��� �-�.	�
 ��� �*�����+� ��� / ����� : / ��'*')' � ��� � � # ��� ���
 �"!

Furthermore,# � is calledthe $ -th row degreeof 89����	 .
In orderto avoid certainredundancyin the representa-

tion (2), left coprimenessandrow propernessarerequired.
However, therestill remainsa non-uniquenessin fractional
representationasabove. In orderto guaranteethe unique-
ness,we furtherneedto introducea kind of canonicalform
calledthepolynomialEchelonform [6]. A detailis omitted
in this paperfor notationalsimplicity.

The polynomialmatrix fraction given above is closely
relatedto statespacerepresentation:

Fact 2. Let � � #&% #(' #�) 	 be a minimal realizationof
the transfermatrix �,�-��	 in (1). If (2) is a left coprime
factorizationand 8��-��	 is row proper, thentherow degrees# / #)')'*'1#*# 2 of 89�-��	 areequalto the observability indices
of � � #(' 	 , respectively.

Now we arereadyto giveour fundamentalassumption:

A1) Therow degrees# / #*')'*'+#+# 2 areknown.

A2) Thematrix � 89���.	�� 
 is known. Then,with no loss
of generality, we further assume� 8 �-�.		� 
 
 � . The other
coefficientsof 8 �-�.	 areunknown.

A3) ; ����	7
 ��,
-/. �-� ��0 #*')')'+# � ��1 	 ; � for a constantun-
known matrix ; � . Denoteby 2 � � the $ -th row of ; � .

Let usrewrite thei/o relation(1) by (2):

89�-��	 � ���
	�
 ; �-��	! ����
	(! (3)

Under the assumptionsA1), A2), andA3), we canreduce
(3) to

� � ���
	�
32 � �  "���
	54 � � / � ���64 ��	74 ')'*'/4 � � ��� � ���748# � 	 (4)

for $�
 ��#*')'*'1#*9 , and � �4�
	�
 � � / ���
	&#)'*')' # � 2 ���
	 	 � . From
thisequation,weseethattheaboveassumptionscorrespond
to a certainclassof systemsof auto-regressive (AR) type.

3. MAIN RESULT

In this section,we proposea schemefor BSD undertheas-
sumptionin theprevioussection.For thesakeof notational
simplicity, two specialcasesareexplained.Furthermore,to
verify theeffectivenessof theproposedscheme,anumerical
exampleis givenfor eachcase.

3.1. Simultaneousestimation of systemparameter and
disturbance

3.1.1. Main result

If # � ’sarenot necessarilyequaland

8 �-�.	�
:��,
-�. � � /
/0�-��	
#*')')'+# � 2 23�-�.	 	&# (5)

thentheequation(4) becomes

� � ���
	�
32 � �  "���
	;4 � �<� / � � ���=4 ��	�4 '*')'+4 � �
� � � � � �4��4�# � 	&# (6)

where � �<� �-��	�
�� � � � � �<� / � � � : / ��')'*'�� � �<� ��� !
From(6), let usconsiderthelinearexpansion���������������
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...� 23�4�>4 ��	
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(7)

where
A

is a coefficient matrix having a block diagonal
structure. Since � / ���D4 ��	&#)'*')'1# � 2 �4�E4 # 2 	 appearboth
in theleft- andright-handsides,it is observedthatthecoef-
ficient matrix in theequation(7) hasfixed elements.From
this expansion,we canestimatenon-fixedelementsandthe
sourcesignalvector  "���
	 by slightly modifying a standard
ICA algorithms.

Now we proceedto applyingtheabove approachto si-
multaneousestimationof disturbanceandsystemparame-
ter. Automaticcontrolsystemsareoftenaffectedfrom their
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Fig. 2. Disturbanceestimation.

environment.For example,chemicalprocessis affectedby
the outsidetemperature,and mechanicalsystemsare ex-
posedto small vibration from the earth. Suchunexpected
effect is called “disturbance”,and is mixed with the con-
trolledsignalwith anunknown coefficients.

Let usconsiderthenext scalarsystem(Fig. 2).

� ���
	7
�� ���5	-�����
	 ��� �4�
	 (8)

� �-�.	7

� �-��	� �-��	 


��� �
	 :
�
��'*'('�� �

	� 	 � � / � 	 : / ��')')'�� � 	
(9)

where � ���
	 is an unknown disturbance,andtheparameters� / #('*')'1# � 	 �
� � #*'('*'+# � 	 arealsoassumedtobeunknown. We

assumethat � ���5	 is stableandof minimal phase,theorder2 andthe relative degree � areknown, andhence
�
� �
 � .

Here,we canregarddisturbanceandsignalsin the system
asstatisticallyindependent,becausetheyarecausedby dif-
ferent, irrelevant factors. We canseethat this problemis
includedin (7) by defining

8����5	�
 ? � ���5	�� � � �� � �-��	 B # ; ���.	7
@? ��� � � �
� � B # (10)

and

 "�4�
	7
 ? � ���.	 �����
	� �-�.	�� ���
	 B ! (11)

Moreover, if thefact that ; � hasthespeciallowertrian-
gularstructureis known in advance,(8) canberepresented
as � ���
	�
�� ��� �4�
	 ���*���
	&# (12)

where�0���
	���
�� : 	 � �-��	�� ���
	 and
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Thenthis problemcanbereducedas:? � ���
	� �4�
	 B 
@? � �
� � � B ? � ���
	

�*���
	 B (14)

3.1.2. Numerical example

The simulationis performedusingMATLAB. For ICA al-
gorithm,we adoptedthemethodby [8], andmodifiedit ac-
cordingto theideain [5] sothatwecantreatthefixedblock
structure.

Let usconsiderthefirst-ordersystem:

� �-�.	�
 �
��� ��! � (15)

We usedthe M-sequenceas an input signal �����
	 , and
a sequenceof normal randomnumbersas the disturbance
signal � ���
	 . Thenumberof samplesfor thesignalsis 512.

Wefirst generatedanoutputsignalfrom thegiveninput
signal.Fig. 3 shows theinput andtheoutputsignals.Then
weestimatedsourcesignal(disturbance)only by thisoutput
signalby meansof ICA algorithm. Fig. 4 shows the result
of estimation.Upperplot representstheoriginaldisturbance
andlower plot representsthe estimateddisturbance.From
thisfigure,wecanseethatourschemeseparatesmixedsig-
nalssuccessfully.
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Fig. 3. Input andobservedsignals.

Next, we estimatedsystemparameters.The matrix to
beestimatedis below.�� �;! � �"! � ��! ��"! � �;! � ��! �4 �"! � �;! � �;! � �� (16)
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Fig. 4. Reconstructionof disturbance.

The result of the parameterestimationis below. The
truevalue 4 �"! � is estimatedas 4D�"! �;�"%�% . Sincetherelative
errorof estimatedsystemparameteris �"! % � � , the resultis
satisfactoryenough.�� �"! ��� �5� �"! �;�5��� 4D�"! �;�;�;��"! �/�5��� �"! ��� �5� �"! �;�;�;�4 �"! �;��%�% ��! ������� �/! �;�;� �� (17)

3.2. Separationof signalswhich aremixed by a dynam-
ical system

3.2.1. Main result

If # / 
$'*')'.
3# 23�!
 �/# 	 , thenwe have

8 ���.	7
��6� � � 8 /<� �.: / ��'*'('�� 8 � #
and(4) becomes

� ���
	�
 ; �  "���
	64 8 / � �4�>4 ��	74 ')'*'/4 8 � � �4�>4C# 	(!
In this case,we obtainthelinearexpansion����� � ���74 ��	

...� �4�74C# 	� �4�
	

� ���� 
 ? � �A ; � B
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where A ��
	� 4 8 / '*')' 4 8 ��
 ! (19)

Fromthis expansion,we canseparateobservedsignals
by theexisting ICA algorithmagain(Fig. 5).
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Fig. 5. ProposedSchemefor Reconstruction.

3.2.2. Numerical example

In this subsection,FastICA algorithm is usedto separate
themixedsignals.TheMATLAB codefor theFastICAwas
downloadedfrom thehome-pageprovidedby theauthorsof
[4] and[5].
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Fig. 6. SourceSignals.

As sourcesignals,wetakerectangular(  �/ ) andsine(  
� )
waves,both of which have unit amplitude(Fig. 6). These
signalsareprocessedby thesecond-orderdynamicalsystem
(Fig. 7):

8 �-�.	7
��"� � � 8 / ��� 8 � # 8 / 
 ? ��! � �� �"! � B #
8 � 
 ? �"! �"% �� �"! ��� B # ; � 
 ? � �"! %�"! % � B ! (20)
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Fig. 7. Mixing modelin � 3.2.

Thentheoutputsignal � ��� 	 ��
$� � / # � ��	 � is observedas
shown in Fig. 8. Note that in this case,# 
 % in (18). We
thereforeapplythesix signals� / ���
	&# � � ���
	&# � / ���=4���	&# � � ���=4
��	&# � /0�4�>4 %6	&# � �����>4 %6	 to theFastICAprogram.
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Fig. 8. Mixed signals

TheFastICAprogramhasreturnedsix signalsasaresult
(Fig. 9), but the sourcesignalsto be extractedarejust two
signals(  / and  � ). We find that they are the uppertwo
plotsof thefigure,andthatour schemeseparatesobserved
signalssuccessfully.

In orderto evaluatethisseparationin moredetail,let us
examinethematrix ; � . After applyingsomenormalization,
weobtaintheestimatedvaluesas:

; � 
 ? �;! �;�"%�� �"! %/��� ��"! %�� �"% �;! �;����% B
Thesevaluescoincidewith thetruevaluesin (20)quitewell,
andthemeanrelativeerroris calculatedas1.97% .

4. EXPERIMENT

In this section,we introduceanexperimentalsetupin order
to checkeffectivenessof the proposedschemein the real
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Fig. 9. Signalsestimatedby FastICA

world. Our ideais illustratedin Fig. 10.

We detectoscillation of this device by measuringthe
displacementof the two markers.Two sourcesignals(vi-
brationanddisturbance)go throughthe dynamicalsystem
(springbalance)andaremixedonthepole. In orderto meet
theassumptionin � 3.2,weassumethatthepositionof those
markersis unknown,andthatthephysicalparameterof both
springbalancesis alsounknown.

As a preliminaryexperiment,we have appliedFastICA
to the casewithout the springs, namelythe staticmixture
casewith thecoefficientsdeterminedby thepositionsof the
markers. Two sine waves of different periodshave been
usedassourcesignals.

Therecoveredsignalsbyourschemeareshown in Fig.11.
Below, thenormalizedseparationmatrix is givenin theleft
handside,while the right handsideis the true valuefrom
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Fig. 11. Estimatedsignalsof preliminaryexperiment

physicalmeasurement.? �"! � � �.� 4 �"! � � � �4 �"! ��� � � �"! � ����� B # ? �"! � ��%�� 4 �"! � ��� �4D��! ���5� � ��! � � � � B !
Therelativeerroris calculatedas �/! � � � .

5. CONCLUSION

In this paper, we have proposedan ICA schemefor sepa-
rating signalsmixed by a classof dynamicalsystems,and
studiedits applicationto controlengineering.

Under the assumptionthat the dynamicalsystembe-
longsto a certainclassof AR type,we have reducedBSD
probleminto BSSproblemby usingpolynomialmatrices.
Somenumericalexampleshaveshown effectivenessof this
scheme.We belive that it is importantto solvesuchBSD

problems,sincethisis usefulfor controlengineeringaswell
asotherapplicationssuchasspeechwith echo.

Wealsointroducedanexperimentalsetupin thelastsec-
tion. This experimentsetupcanbe consideredasa simple
modelof variousreal worlds’ phenomenasuchasoscilla-
tionsof a floor causedby constructionsor earthquake.
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