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ABSTRACT

This paperstudiesapplicationof independentomponent
analysistechniguego automaticcontrol engineering.lt is

often desiredin control systemgo separatesignalswhich

aremixedthroughsomeunknavn process.Sincethis pro-

cesausuallyhasdynamicsplind sourcedecomwolutionmust
beachievedin this case.Underacertainassumptionthe pa-

per providesa methodto this end,by makinguseof atime

seriesexpansiormotivatedfrom control systemidentifica-
tion. This methodis thenappliedto simultaneougstima-
tion of bothdisturbancendsystemparameterTheresultis

illustratedby meansof a numericalsimulationand experi-
mentwith amechanicakystem.

1. INTRODUCTION

Thelastdecadéhaswitnessedagreatdealof progressn In-
dependen€omponeniAnalysis(ICA). Todayit hasawide
rangeof applicationareassuchasspeechjmage,telecom-
munication,andmedicalsignalprocessingsee|[1, 3, 4, 7,
8], justto namea few.

Automaticcontrolengineerings anothemareawherel CA
maybe usedasapromisingtool for signalanalysis.In con-
trol systemsfor example,we sometimesencountera sit-
uationwhereunknowvn disturbancesignalsare mixed into

signalsto be controlledwith unknovn mixing mechanism.

It is desirablgf we caneliminatethis disturbanceédy iden-
tifying it. In fact, PrincipleComponenfnalysis(PCA) has
alreadybeenusedin this context,andis called statistical
processnonitoring[10].

In control systems,however, signalsare usually pro-
cessedhroughdynamicalsystemssothatwe hawe to deal
with time history of the signals.This is a kind of the Blind
SourceDecorvolution (BSD) problem,which hasbeenex-
tensiely studied,andvariousmethodshave beenproposed
to solveit in literature[2, 9, 14].

Inthispaperweproposeyetanothempproacho achieve
BSD, andapply it to someof the control systemsanalysis

problems Wefirstintroducethe concepbf polynomialma-
trix fractional representatiorof linear dynamicalsystems.
Thenwe expanda seriesof the time signalinto a vector
form using polynomial matrix coeficients, which enables
usto applyastandardCA algorithmto the system.

In whatfollows, we confineourselvego discrete-time
signalsfor simplicity. Generalizationo thecontinuous-time
caseis straightforward.Thetime ¢ hencetakesintegerval-
ues. With a slight aluseof languagewe usez asthe for-
wardtime-shiftoperatori.e., zu(t) := u(t+1). Asusual,l
representshe identity matrix with anappropriatesize,and
AT denoteghetransposef a matrix A.

Theremaindeof the paperis organizedasfollows: Af-
ter problemformulationfor BSD is givenin §2, we study
two specialcasesn §3 with numericalsimulation. An ex-
perimentwith a mechanicaketupis explainedin §4. We
concludethe paperin §5.

2. PROBLEM FORMULATION

Let usconsiderthefollowing dynamicalsystem:
t:1727"'7 (1)

whereG(z) is a discrete-timetransfermatrix. We assume
thateachcomponents; (t), - - - , s, (t) of anunknown sig-
nal vector s(t) is statisticallyindependentand(t) is an
observedsignalvectot

To explainthe proposednethod let usintroducea spe-
cial assumptioron G(z). To begin with, we assumethat
G(z) is properrational,squarejnvertible,andstable. The
following notionsare well known in linear systemtheory
[6,11,12,13]:

Fact 1. Any rationalmatrix G(z) canbe represented
by meansof thepolynomialmatrix fraction:

G(z) = D(2)"'N(2) )

where D(z) and N (z) areleft coprime,and D(z) is row
proper(Fig. 1).
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Fig. 1. Dynamicalsystemunderconsideration.

Definition.  D(z) and N(z) are calledleft coprime
if the following conditionholds: If thereexist polynomial
matricesD(z), N(z), andU(z) suchthat

D(z) = U(2)D(z), andN(z) = U(2)N(z),

thenU (z) mustbe unimodular;i.e., det U(z) is a constant
number

Definition. A squarepolynomialmatrix D(z) is called
row properif [D(z)] g is nonsingularwhere[D(z)]g is the
constanmmatrix whoserows arethe highestcoeficient vec-
torsof thecorrespondingows of D(z); i.e.,

d10 d1 (Z)
, where D(z) = : )

[D(2)]r := :
dm” dm(2)

di(z) =d%2" +di' 2 4 1 diM, d® £ 0.
Furthermorey; is calledthei-th row degreeof D(z).

In orderto avoid certainredundancyn the representa-
tion (2), left coprimenesandrow propernesarerequired.
However, therestill remainsa non-uniqueness fractional
representatiomsabowe. In orderto guaranteghe unique-
nesswe further needto introducea kind of canonicaform
calledthe polynomialEchelonform [6]. A detailis omitted
in this paperfor notationalsimplicity.

The polynomial matrix fraction given above is closely
relatedto statespacerepresentation:

Fact2. Let(A4,B,C,J) beaminimal realizationof
the transfermatrix G(z) in (1). If (2) is a left coprime
factorizationand D(z) is row proper thentherow degrees
ui,- -, um Of D(2) areequalto the obsenability indices
of (A, C), respectiely.

Now we arereadyto give our fundamentahssumption:

Al) Therow degreesus, - - - , iy, areknown.

A2) Thematrix [D(z)]r is known. Then,with noloss
of generality we furtherassumgD(z)|g = I. Theother
coeficientsof D(z) areunknown.

A3) N(z) = diag (2*,-- - , 2#™) N, for aconstanun-
known matrix Vy. Denoteby n;° thei-th row of N,.

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

D(z)n(t) = N(z)s(t). ®)

Underthe assumption®\1), A2), and A3), we canreduce
(3)to

ni(t) = ns(t) — di'n(t — 1) — - — di*in(t — p;) (4)

fori =1,--,m, andn(t) = (m(t), -~ ,mm(t)*. From
thisequationwe seethattheabowe assumptionsorrespond
to a certainclassof systemsf auto-rgressve (AR) type.

3. MAIN RESULT

In this section we proposea schemdor BSD underthe as-
sumptionin the previoussection.For the sakeof notational
simplicity, two specialcasesareexplained.Furthermoreto
verify theeffectivenes®f theproposedschemeanumerical
examples givenfor eachcase.

3.1. Simultaneousestimation of systemparameter and
disturbance
3.1.1. Main result

If u;’sarenotnecessarilyequaland

D(Z) = dia‘g(dll(z)7 e Jdmm(z))7 (5)
thentheequation(4) becomes
ni(t) = n®s(t) —dig ni(t—1) = - - = dig" n; (¢t — us), (6)

where
dn(z) =zt 4+ diilz“i_l 4o dt.

From(6), let usconsiderthelinearexpansion

m(t—1) m(t—1)
Mt — m) Mt — )
-1 |~ ( o N ) it — 1)
Mot = i) Mot = 1)

n(t) s(t)
()

where © is a coeficient matrix having a block diagonal
structure. Sinceny (t — 1),--- ,9m(t — um) appearboth

in theleft- andright-handsidesit is obseredthatthe coef-

ficient matrix in the equation(7) hasfixed elements.From

this expansionye canestimatenon-fixedelementsandthe

sourcesignalvector s(t) by slightly modifying a standard
ICA algorithms.

Now we proceedo applyingthe above approactto si-
multaneousestimationof disturbanceand systemparame-
ter. Automaticcontrolsystemsareoftenaffectedfrom their
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Fig. 2. Disturbancesstimation.

ernvironment. For example,chemicalprocesss affectedby
the outsidetemperature and mechanicalsystemsare ex-
posedto small vibration from the earth. Suchunexpected
effect is called “disturbance”,and is mixed with the con-
trolled signalwith anunknown coeficients.

Let usconsiderthe next scalarsystem(Fig. 2).

y(t) = g(2)u(t) +v(t) (8)

b(z) b2V A+ by
a(z)  z+a;2" 4+ +ay

9(2) =

wherew(t) is an unknavn disturbanceandthe parameters
ai, -+ ,an;b., -+, b, arealsoassumedo beunknovn. We
assumehat g(z) is stableand of minimal phasethe order
n andthe relative degreer areknown, andhenceb, # 0.
Here,we canregarddisturbanceandsignalsin the system
asstatisticallyindependenthecaus¢heyarecausedy dif-
ferent, irrelevant factors. We can seethat this problemis
includedin (7) by defining

ma= (P 8y )= (1) o

(9)

(11)

Moreover, if thefactthat Ny hasthe speciallower trian-
gularstructureis known in advance,(8) canberepresented
as

y(t) = 6T w(t) + €(t), (12)
wheree(t) := z"a(z)v(t) and
—ay y(t—1)
o=| | e = | WY (13)
by u(t —n)

Thenthis problemcanbereduceds:
(o) =Cor 0) ()

3.1.2. Numerical example

(14)

The simulationis performedusingMATLAB. ForICA al-
gorithm,we adoptedhe methodby [8], andmodifiedit ac-
cordingto theideain [5] sothatwe cantreatthefixed block
structure.

Let usconsiderthefirst-ordersystem:

1

92)= 03

(15)

We usedthe M-sequenceas an input signalu(t), and
a sequencef normalrandomnumbersasthe disturbance
signalv(t). Thenumberof sampledor thesignalsis 512.

We first generatecnoutputsignalfrom the giveninput
signal. Fig. 3 shavs the input andthe outputsignals.Then
we estimatedsourcesignal(disturbancepnly by this output
signalby meansof ICA algorithm. Fig. 4 shavs the result
of estimation.Upperplotrepresenttheoriginaldisturbance
andlower plot representshe estimateddisturbance.From
thisfigure,we canseethatour schemeseparatemixedsig-
nalssuccessfully

Input Signal (M-sequence)
T T

-1 I I I I I I I I I
0 50 100 150 200 250 300 350 400 450 500

Observed Signal
T T

-3 ! ! ! ! ! ! ! ! ! !
0 50 100 150 200 250 300 350 400 450 500

Fig. 3. Inputandobservedsignals.

Next, we estimatedsystemparameters.The matrix to
beestimateds below.

1.0 0.0 00
0.0 1.0 0.0 (16)
—0.8 1.0 1.0
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Disturbance
1 T T

-1 I I I I I I I I I I
0 50 100 150 200 250 300 350 400 450 500

Estimated disturbance
1 T T T

-1 ! ! ! ! ! ! ! ! ! !
0 50 100 150 200 250 300 350 400 450 500

Fig. 4. Reconstructiorf disturbance.

The result of the parameterestimationis belon. The
truevalue—0.8 is estimatedas—0.8022. Sincetherelative
errorof estimatedsystemparameteis 0.28%, the resultis
satishctoryenough.

0.9981 0.0011 -—0.0000
0.0017  0.9981  0.0000 a7)
—0.8022 0.9939  1.000

3.2. Separationof signalswhich are mixed by a dynam-
ical system

3.2.1. Main result

If pgy = -+ = pm(=: p), thenwe have
D(z) =Iz*+ Dzt +... 4+ D,
and(4) becomes
n(t) = Nos(t) — Din(t —1) —--- — Dyun(t — p).

In this casewe obtainthelinearexpansion

n(t—1) n(t—1)
: I 0 :
: - : . (18)
n(t —p) ( © No ) n(t — p)
n(t) s(t)
where
©:=( -D; -D, ). (19)

Fromthis expansionwe canseparat@bsenred signals
by theexisting ICA algorithmagain(Fig. 5).

delay

—p amm

s0 |G [ @4
unknown observed ﬂ ﬂ P ﬂ

delay

recovered

Fig. 5. Proposedschemdor Reconstruction.

3.2.2. Numerical example

In this subsection FastICA algorithmis usedto separate
themixedsignals.TheMATLAB codefor the FastiICAwas
downloadedrom thehome-pag@rovidedby theauthorsof
[4] and[5].

Source signal : s1

1 | | | | | | | | | Il
0 50 100 150 200 250 300 350 400 450 500

Source signal : s2
1 T T T

0.5 b

-05F i

-1 ! ! ! ! ! ! !
100 150 200 250 300 350 400 450 500

o
o
=]

Fig. 6. SourceSignals.

As sourcesignals wetakerectangula(s; ) andsine(ss)
waves, both of which have unit amplitude(Fig. 6). These
signalsareprocessetly thesecond-ordedlynamicalkystem

(Fig. 7):

0 03

002 0 1 02
D2_( 0 0.03)’ NO_(0.2 1 ) (20)

D(Z):IZZ+D12+D2, D1 = ( 0.1 0 ),

1008



S, — > 1 >
1 Nee 102 1+03z "' +0.022° i
]
— 02 1|ls N
S, [v04- 40032212

Fig. 7. Mixing modelin § 3.2.

Thentheoutputsignaln(t) := (1, 72)T is obseredas
shavn in Fig. 8. Notethatin thiscaseu = 2 in (18). We
thereforeapplythesix signalsy; (t),n2(t), 71 (t — 1), g2 (t —
1),m(t — 2),n2(t — 2) tothe FastiICAprogram.

Observed Signals
15 T T T

_15 1 1 1 1 1 1 1 1 1 1
0 50 100 150 200 250 300 350 400 450 500

1 1 1 1 1
0 50 100 150 200 250 300 350 400 450 500

Fig. 8. Mixed signals

TheFastICAprogramhasreturnedsix signalsasaresult
(Fig. 9), but the sourcesignalsto be extractedarejust two
signals(s; andsz). We find that they are the uppertwo
plots of thefigure,andthat our schemeseparatesbserved
signalssuccessfully

In orderto evaluatethis separationn moredetail,let us
examinethematrix No. After applyingsomenormalization,
we obtainthe estimatedraluesas:

n _ ( 10026 02010
°~\ 0.2132 1.0052

Thesevaluescoincidewith thetruevaluesn (20) quitewell,
andthe meanrelative erroris calculatedas1.97% .

4. EXPERIMENT

In this section,we introducean experimentaketupin order
to checkeffectivenessof the proposedschemein the real

) Estimated Signals
T T T

_2 | | | | | | | | | |

20 59 190 1530 290 2?0 390 3?0 490 4?0 590

20 59 190 1%30 290 2?0 390 3?0 490 4?0 590

0 ]

50 59 190 1?0 290 2?0 390 3?0 490 4?0 590

0f

_ | | | | | | | | | |
50 59 190 1?0 290 2?0 390 3?0 490 4?0 590
0 I

_5 | | | | | | | | | |
50 59 190 1?0 290 2?0 390 3?0 490 4?0 590
ot A A A AR AAAAY

5 ! ! ! ! ! ! ! ! ! !
0 50 100 150 200 250 300 350 400 450 500

Fig. 9. Signalsestimatedy FastICA

world. Ourideais illustratedin Fig. 10.

We detectoscillation of this device by measuringthe
displacemenbf the two markers. Two sourcesignals(vi-
brationanddisturbancepo throughthe dynamicalsystem
(springbalancelandaremixedonthepole. In orderto meet
theassumptiorin §3.2,we assumehatthepositionof those
markerds unknavn, andthatthe physicalparameteof both
springbalancess alsounknown.

As apreliminaryexperiment,we hawe appliedFastICA
to the casewithout the springs, namelythe static mixture
casewith the coeficientsdeterminecy the positionsof the
markers. Two sine waves of different periodshave been
usedassourcesignals.

Therecoveredsignalsby ourschemeareshovnin Fig. 11.
Below, the normalizedseparatiommatrix is givenin theleft
handside, while the right handsideis the true valuefrom
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Fig. 10. Experimentabketup

Estimated Signal 1
T

-2 Il Il Il Il Il
0 200 400 600 800 1000 1200

Estimated Signal 2
T

Il
0 200 400 600 800 1000 1200

Fig. 11. Estimatedsignalsof preliminaryexperiment

physicalmeasurement.
—0.4654 0.8721
0.8444 ’ —0.5316

Therelative erroris calculatecas1.87%.

( 0.8851

—0.4894
—0.5357

0.8470

5. CONCLUSION

In this paper we hawe proposedan ICA schemefor sepa-
rating signalsmixed by a classof dynamicalsystemsand
studiedits applicationto controlengineering.

Under the assumptionthat the dynamical systembe-
longsto a certainclassof AR type,we have reducedBSD
probleminto BSS problemby using polynomial matrices.
Somenumericalexampledawe shavn effectivenesf this
scheme.We belive thatit is importantto solve suchBSD

1010

problemssincethisis usefulfor controlengineeringswell
asotherapplicationssuchasspeechwith echo.

We alsointroducedanexperimentasetupin thelastsec-
tion. This experimentsetupcanbe consideredasa simple
model of variousreal worlds’ phenomenauchas oscilla-
tionsof afloor causedy construction®r earthquake.
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