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T - | ‘,_xbstract

This thesis documents the development of SISO and MIMO

'predfctf3e control and time delay compensation schemes which

——

1nclude a Kalman filter to prov1de m1n1mum var1ance

*

estlmates of the futur@ outputs of a stochast1c process. The

Kalman Fxlter Predactors (KFP) are first developed for
)

applicat1ons where the protess parameters are known and then

extended td adaptlve vers1ons which include an.extended

least squares est1mator for on l1ne 1dent1f1cat1on of the

> 7

necessary parameters in the state space model of the

process. . o . ‘ I - L

!

A key step is the formulat1on of a state spaqe model

Which,lncludes the current and the undelayed'valuesfof ‘the

o n . .. ; R . P s

-‘process outputeas~stateﬁvariablese~¥he—enly non zerp;-non -

“ N
»

unity elements 1n the state space matrices are the -

parameters of the 1nput 9utput ARMA model of the given

process. Proof of . the observab111ty and stab1llzab111ty of
‘the state space modelkleads to a proof of the stability of

the KFP and the convergence of the t1me vary1ng FP to the

. Steady state KFP. The sparseness and the known structure of

N

the state space matrrces leads to a very eff1c1ent -
~ t A ",a-"'.

1mp1ementat1on of the KFP. ‘ . i J - ,y‘“

‘w

The exten51on ‘of the KFP to the MIMO case !s based on

K]

the 1nteractor factor1zatfon*of wOlov1ch and Falb which

.
»’

factors out the "natural" time delays from the multzvarlable
transfer functxon matr1x and guarantees 1mportant’pr0pert1es

such as, the 1nvert1b111tymof the reS1dual matr1q. is KFP

i ‘\‘\\

L iv e



wh - | ‘ ‘..
"is used as a basis for a'state space formulacion of a . .
'multivariab{e predictive?controller ;ﬂich oives m%pimum
wvariance controiler pe;formance. | | _
' It is shown by using the innovation model approach that
ZEhe'KFP;can be,eipressed ;n ARMAX model form and that it
represents a.natucai extension of the Smith Predictor(S?) to
: muftivsfiable stochastic systems. The ARMAX model form of
the KFP'pfovides'tﬁe basis for a 'self-tuning' KFP, and also
‘provides a link between;tﬁe process and measusement noise
concepts in sfate space representation and _the formu;stion
of the noise term in ARMAX proCess models. “ ‘

- A MIMO adaptive predlctlve control’ system is developed
* using an adaptive KFP, which prov1des‘m1n1mum variance
control performapCe once the pafeﬁetef estimatio; h;s .
converged. TheppﬁeCoﬁpensator approach developed by Singh
andQNarendra isiused to convert triangular interactor
‘matrices.into7diagonal form,"and it is then shown Ehat’a
mult1var1able process with p outputs can be, part1txoned in
to p-1ndependent KFPs ThlS 1eads to an 1mplementat1on which -
is computat1ona117\e£ilgifnt and whlch requ1res only the o
MISO parameters of the MIMO process. The formulat1on of the,
KFP is modified by 1nc1ud1ng the dasturbance»dynamxcs in the
state space ‘formulation to nge-nnbtased’est1mates due to
sustained disturbances, offset or model process m1smatch
The end result is'a pract1cal mult1var1able,(adap 1ve

<

predlctlve control scheme which can be applxed to gtochastic

¢
processes with time delays and non-Zero mean distutbances.

¥
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Notation and uqmonclafhtg
Only the symbols used in ‘019 than one place are listed
here, | ’

-Notation

For Chapter 2

y(t) ~ Process output 
Y |
u(t) Process inp)

. Al@™") | ©  ARMA modefﬁi%;éék‘ 486, equations (2.2.2, 3%
' B(g™") and 4) |
B'(g™")
n o Order of the process A
y,(t) Output of the process without time delays,

equation (2.2.9)

Wt

a, -a Coefficients of A(q™') polynomial, equation.
' (2.2.2) "
b, b, Coefficients of B(qQ™') polynomial, equation
(2.2.3) |
d Time delay of the process w1thoat the delay due

to ZOH, equation (2.2.3) ot
x' State vector of the process~without time

'delays, order n, equation (2.2.10)

P , '~ State transition matrix, Input coefficient

A, _ ' vector and output coefficient vector of the

e, , 'process‘without time delays, equations (2.2.10
‘and 11)

z . Stgte vector due to unit delays, order‘d,

equation (2.2.12)

xx1i
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- x(t)

P(t)

M(t)

State transition matrix,\gnput coefficient
vector and output coeffic%gnt vector of the
state space model of z, eqdﬁtions (2.2.12 and--
13) |

State vector of the process with time delays,
order n+d, eguations (2.2.14 and 15)

State transition matrix, input &oefficient
matrix, output coefficient matrix and
disturbance coefficient matrix of the process
wfth time delays equations (2.2.14 and 15)
Process noise o -

Measurement qoise'

Kalman gaiff&eétor; equation (2.3.4)
Covariance of process noise

Covariance of meaéufement noise

A posteriori estimation of x(p), section
(2.3.11) |

A priori estimation of x(t), sectién?¢2.3.11)

fok

A posteriori estimation error covariance of

xGt), order (n+d)x(n+d), section (2.5.1.1)

A priori estimation error covariance of x(t),
‘ordgr (n+d)x(n+d), section (2.3,1.1) |

= R, N 7 T
CoVariadEeimatrix of process noise order |

(nt?)x(n+d), equation (2.3.8)

_—
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¥ Ste?&? state filter transition matrix equation

i (2.3.11) '

E ~ See eguation (2.3.13) .

M Steady staté"patrix of M(t)

w Observability matrix oflthe state space model

| (2.2.14 and 15), equasion k2.3.1é)

w lnnovation sequence, equatipn (2.4.4)

R,(t,q”) Time varyin(}éolynomial oflirder n¥1, equation
(2.4.8) | .

K,(t,q™") Time Varying polyﬁomial of order d4-2, equation

(2.4.12) | "

c(t;§') = Time varying polynomial of order n%d-I,
equationA(2.4.17) |

G (q") Transfgr functidnvof the process model without
time aelays,-equation (2.4.23) |

G(q'W ' Transfer funétion of the process

G, (g™") . Transfer function of the process model

U G(t,q") Transfer function of the filter in the gFP,

equation (2.4.24) ) '

G.(g™") ~ Transfer function of the controller «

Grgs \ v Steaéy stgte gain ot G.(t), equation (%Lf;33)

y.(t) Error between the process output and the model

o output ~
y*(t) ' rbesired output (set point) .
E(t) Represeqﬁs process noise, measurement noise and
/ .

any type of disturbances to the process

r———n—
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D(q™")
glt)

A
sy*(t)
§(t+d|t)

Statistical expectation of a random variable
Noise Variances, equations (2.5#11 and 15)
See Qquation (2.5.17)

Actual ARMA polynomials of the process,

equation (2.5.33)

See figure (2.7) and equatibn (2.6.4}

See figure (2.7) and equation (2.6.5)

~See figure (2.7) and equations (2.6.6 and 7)

State due to disturbance, equation (2.6.14)

—

Kalman gain of state X,

Polynomial of degree n, equation (2.6.17)

Estimated output, equation (2.4.2)

I Difference operator equation'(Z.G.fﬁ)

See equation (2.6.11)
Prediction of future output at time t+d based

on data at time t

For‘Chapter 3

T(q)
£.(q)
£ '(q)

R,(q)
R(q) 

TFM of the process

Interactor matrix, equation (3.2.9)

Inversevinteractdr,‘gquation (3,2.18)

Residu&f matrices, equations (3.2.11 and 16)

~



he

3

e

TN

j=1,p, time delays in the inverse interactor,

‘equation (3,3.9)

No. of outputs

No._of inputs -

Output vector - order p
Input vector - order m

See equation (3.2.15)

See eguation (3.2.14)

b

Filtered output, eguation (3.3.3) “
See eqﬁation (3.3.4) .
~_ For i=1,p, j=1,m, see equation (3.3.6)

‘See équation (3.3.7) A\ -
See equation (3.3.8)
See equation (3.3.6)
See equation (3.3.11)
See equation (3.3.13)
See equation (3.3.14) ‘
ARMA model for the TFM R(qi, see'eQUgfion

(3.3.16) T,

See equation (3.3.20)

~

ARMA model of T(q), see :auation (3.3.23)

i=1,p order of the i*" MISO system - see

equation (3.4.6) ~
. ‘ >
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X

[N

LT e e ‘ ‘ S e D .ﬁﬂ'
EES TTR S State txansxtxon matrxx, ‘input coefficxent
f%ﬁi .v.’j matr;xr-and output coeffxcxent matr1y ot the

'. G:Jf-§“”vf' *state space’ representatxon of R(q) equatxons
) T AR . . ~
Corin (3 4. 28 and 29) .
@;\ f‘,.",g State transxt1on matrxx 1nput'coef£icieht
\ e et
o matr:x, and output

oef£1c1ent matr1x ‘of the,

.

state space repre‘entatzomeof £‘(q) ‘equatxoms
(3 4.37 and 36) '
' eState‘tranf1t10n matrix,lznput coe££1c1ent %

matrix dlsturbance coeff1c1ent matr1x and

output coeffxcxent ‘matrix of the state space

s

representat:on of the” augmented system

-equatﬁons (3 4 47 and 48)

t?;j‘t‘ _;ij;State,transxt1on matrlx, anut coeffrc1ent
t‘TAy ~ H":'Vimatrrx, dlsturbance coefflcxent matrlx and
Ap;r;yfT¢ ;t:W output coeff1c1ent matrxx otnizg vaMISO\

:-éijit ,f'?iu system equatxons (3 4. 53 and 54) |
:fxxf : ;y’ S State vector of the j” MISO system éyafde:

; N 3+XJ, see equat:on (3 4 60) x :;;*} R
fiu’orrdi ‘,*' Input;yector ot the order m+3-1 eguatithT‘
?;1”t.tf_: (3:4.61) o ‘ ' o
.figgﬂ g.“_‘d:y: Covarlanci~of the process noise wj _in 3“ Mlso-
R ;él systém ]fﬁ'j&; ‘ 8 7 '
R, vibfy;'fr Covarlance of the measurement noise vi in Jth

MISO system




o equat1on (3. 6 6)

.

1.

B[]
F, (c)(q-')

SROICE

. Output predxat1on in j° KFP;~see»equé£idnm

_Exltered des1red output

Ptqcess noise. and measurement noase of the 3"

“10‘
-

MISO system v 
qumhn Gal&s%of the ;1‘h MISO Kalman £11ter

A poster1or1mstate estamatxon Qf the;J KFP

A ' ’ :
j Innovatlon sequence of the J“ KFP, see -

-

(3.6.5)

See equation (3.6.3) S f o
See équetfoh‘f3.6,19)

.Predictionvof.y?, see eduationv(3.6.10)

Prediction of.yﬁifSee equation (3.6.23):

See equaﬁion‘(3.6.24)

See equatidb (3.6.25)

'H.Steady‘stapé»compensator'eQUation (3.7.6)

»

Sbe'equétion (3.7.1) -

Desired output vector order p R

- Represents noise or any dxsturbances to the
" process

~Error between the actual output amd the model

output

- Expectation of any random variable

.jSeemeéuétion (3.6.19) ,gxx/((

Seevequationh(3.6.9)'
. el |
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K3 (t)¢g™)

K,‘(t)‘_(q“')

A ;gﬁ)(q'W

Y

For Chapter'g;

e

additiénalvﬁotation is given below: ‘ o S

6, True process pagameteg vector | :t4 \\\& |
6 Estimé;ed parameterbvector -

¢,  RegréSSiof vector ' e

K   Forgett1ng factorq |

G(t) ‘Ga1n of ggé Ident1f1cat10n scheme
CP(t) Covarxance of the Ident1f1cat1on scheme—4'*’mi“““
e(t) Apriori-or a poster10r1 predlctlon error

“'See equation (3.6,15)

- N [

.

" See equation (3.6.271)

o

Seegéduation (3.6.28)

)

’The symbols used are as same as in'chapter‘z. Only the

-~ T ' -

For Chapter §

~f:=?he—symbols used are as samé'asfin chapter 3. Only the

' add1t1onal notat1on 1s gzven below'

W)
ErelQ)

EC:)

vy (t)

' Precompensator TFM : : o~

D1agonal Interactor of the Precompensated

Process

" See equation (5.6.3)
Precompensated process A
 Regressor vector of the j*" MISO ystem,

equation(5.6.3)
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: eg(t)

ay'(t)

AY°(t)

- Nomenclature

. AMKFP.

'Piramete;-vecto; of the j' nLSQ;system,

AIP

AKFP

ARIMA

ARMA

ARMAX

ASP
DARMA
EKF
ERLS
IMC ¢
Ip

"KFP

LQG

. LQOC

‘MIMO

MISO

MKFP

. ORP

Adapt ive Kalman Filter Predictor

| Adaptive Smith Predictor

‘Ogunnaike and Ray Predictor

rn

equation (5.6.14)

See equation (5.9.1) LT

See equation (5.9.1)

————

See equation (5.9.14) '_
Adaptive inggracto:fpredictor

Adaptive MKFP

Auto Regressive Integrated Moving AQerage

Auto Regressive Moving Average -

Auto Regressive Moving Average with auxliary
input

RO B
Deterministic ARMA

Extended Kalman Filter

Extended Recursive Least Squares

Internal Model Control

Ihﬁi}actor.Predictof

t ..
Kalman Filter Predictor
Linear Quadratic Gaussian

‘

‘Linear Quadratic Optimal Control

,Multi”Input Multi Output

-

| Multixlnput Single Odtéut

Modified Kalman Filter Predictor

[3
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PID or Pl ﬁ;ﬁéo;;iénal, Integral and Derivative contrel

SISO . Single Input Single Output
sp ... smith Predictor L
STKFP ~  Self-tuning KFP L
TFM Transfer Function Matrix |
~ Transfer| used to refer to both time inq@giant.e}g
Function| G,{q”'), and time varying functiqn e.qg. G.(t,q")
" i
.l
- /
A - )
--xxx



1. Introductxon ‘
T1me-delays and no1se are two of the most common problems in
1ndustr1a1 process .control applications. The or1g1na1
obiéctives of thiS'thesis vere thevefote to use a‘Kalmanl
filter approach to develop a- tlme delay compensat1on scheme
which could be applied to stochagtlc procsses. However, as
the work progtessed it_became obvious that the Kalman filter
approach coglo also be used as the basis\fos‘developing
ptedictive controllers and, still later, that these systems
could be made'adaptive by incorporating an on-iine parameter~
estimation algorithm. In its final form then, this ‘thesis
deals. with:
1) .The formulation of state space models for
mu1t1var1ab1e processes with time delays f
l2) Kalman f11ter1ng )
3)-predictive controllets'
" 4) adapt1ve systems.
For convenlence chapters 2 through 5, are presemted as
four relatively independent sectlons in acdo:dance w1th the
paper format" optlon for theses at the Unlver51ty of
A}berta. These chapters represent the approximate
chronologicat order~of the work and- present‘the results in
~ the logical order of | |
1) SISO known' parameter systems
'2)<MIMO known parameter Systems

3) SISO adaptive systems

o}



4)‘MIMO adaptive systems;

-Eéch‘chapter builds on the results of previous chapters
and numerous Cross referéuces have begx,included.,uowever,
-key results from earlier chapters have been summarized in
each chapter to make them relat1ve1y 1ndependent.

Chapters 2 through 5, each contain-their own
introduction, literature survey, theoret1cal developmént[
dlSCUSSlOn, simulated applications and conclusions. Hoquer,
the overall conclus1ons and some suggest1ons for further |
work have been included in chapter 6 to prov1de a more

'global‘perspective'on the contributions of this thesis.



2, Kalmin Filter Predictor 

2.1 Introduction ﬂu
Time delays are often encountéred in chemical
processes, and significéntly degradé the performance. of
conventional control ldops. Theregfre, a large voluﬁe og
literature has been published on aeaditime compensation, O;e

of the most common approaches is baseq on the predictor
- technique, first prdposed by Smith (1953,‘1959).'The Smith
predictor (SP), predicts the future Rrocess output, based on
a priori knowledge of the process dynamics, and uses this
predicted value to improve the performance of the feedback
céﬂtrol system. | ?

Another practical situatioﬁ where the conventional PID

controller tends to fail or requires detuning, is in the

4

presence of process and/or measurement noise. When both
fandomlmeasurement noise and process noise are present in

~ the process dutpuﬁ; only the process noise can be
compensated using a feédback control scheme. Thus- the ideal
thing to do is to filte} §ut the measurement nnise,~ahd‘pass
only the pchess noiée ahd the process in:Lr=sti10if to the
controllér. Altﬁgugh a filter can be des:gned t< recuce the
measurement noiéé\gpere is_always a comp:omxgg between noise
eliminétioq and degfedation of closeq loop «tabi'cy.
Sffonger fi1tering usu?lly requires detuning the controller

and hence results in sfhggish control performance.
; N A Lo



The Smitﬁ perdictor, which was developed for use wit
deterministic (noise fgee) systems, QOes'not take into
accéun; the statistical properties of the.noise.'It simply .
incluée; the noise in the célculated predicted output. This
can be improéed'by introducing a filter as in‘Intthal Model
~ Control (IMC) due to Garéié'and Morari (1982), but the |
improvement depends on the relative amount of process and °
measurement noise present.
| HA predictor scheme, based_pﬁ a steady state Kalman
filter (Kalman, 1960) was proposed by Bialkowski (1978,

1983) . The_Kalman—{ilter; sihce it is an optimal Stéchastic
state estjmatpr; gives minimum Qariance estimates of the
future outputs. An,appropriate state space representation of
the processes is used to predict the future outputs. The
Kalman filter takes into account the apriori knowlédge of
the stétistical properties of the process and measurement
noise, and performs optimal fi}tering. Satisfactory
perform;nce of this Kalman ;ilter‘scheme, in pulp and paper
industry applications is feported by Bialkowski (1978). _ .

In this chapter the pheéretical'aspects of the Kalman
Filter Predictor (KFP) are in;estigéted further. For ﬂ
éxample, the observability of the general state space
formulation of the Kalman filtéf perdictor is proved, which
guarantees the stability and the convergence of tHe KFP,
Then by introdﬁéing the innovation model concept for the

' Kalman filter perdictor, it is shown that the Kalman filter

perdictor. is equivalent to a Smith predictor with a filter,

- . N P



as in internal model control. The innovation model also
leads to a-simplified implementation of the KFP. | .
The predicted future'process output‘values from the KFP
can’be‘used in several different ways,\e.g. feedback control -
systems 5uch as LQG, PID, Predictive etc. PIﬁ and predictivg
control schemes are investigated in this report} It is shown‘
that the predictive controller gives minimum variance
control. |
| .Satisfactdry performance of feedback control schemes
based on KFP, are demonstrated by means of simulations; va
the noise statistics are not known a priori,-fhe ratio of
the process and measurement noise covariénces can be used as
a tuning parametef) tc obtain the minimum variance control.
In the presence of deterministic disturbancesf e.g.

-

steps etc., the KFP gives biased output predictions, due to
inappropriate formulation of the state space model. This
problem is ovefcome by augmenting the state space equations
with an .additional state corresponding to thHe noise, as used
in Balchan et al (1971, 1973) and Bialkowski (1983). The’
additional state in the KF acts as an integrator. Simulatéd
" results show that this modified KFP when used.along with an

" incremental predictive controller gives good disturbance

_rejection,



2.2 State Space Representation |

The basis for the KFP lies in the‘specific state space
formulation it uses to represent the brocess. A lineaf model
for an n“h order discretized process with time delays is
shown, in bloél diagram form, in figure 2.1.

In this formulation, the output of the block

i

reprebentxng the process without t1me delay (except the

-

delay dnn to ZOH), and-the output of each delay block are
cons1dered’to be state variables., If there are d-delay
blocks,.thq last d states of the'state vector are due to
unit delays. There will be an additional n (order.of the
process) staté variables due to the processfitself. The

states corresponding to the unit delays are simply delayed

‘values of the output y,(t) zlythe-process without time

delays (see fiéhre 2.1). Thi® is also demonstrated in
figqure 2.2, using a first order précess with time delays.

Initially the process nbise and the.measurement noise

“present in the system are neglected for convenience. They

are introduced later in.the final formulation. Assume that

__Ehe process of interest cén be adequately mQéelled by a ntP

. order ARMA representation,

cy(t) = A"Y(q " )B(g " )u(t) S (2.2.1)
where

A(Q') = 1+4a,g'+ - - - +ag™ ‘ (2.2.2)

B(g') = q"O[ b+b,g'+ - - - +b g™ ] (2.2.3)

~d - (an integer) is the time delay in.the‘prqcess, excluding

the discretization delay.



‘The ARMA represeﬁtagion for the process without time
'delays is given by, . |
y,(t) = @A (g "B (g )ul(t) | (2.2.4)
where ' _ '
B'(g™) = btba't -+ - - +bg™ - (2.2.5)
Instead of the‘ARMA repreéentation a' state space ‘
formula tion in observable canonical form can be derived via
a su itable linear transformation. Thenobservable canonacal
state space model is important to express y, as a staté.d
Let thé stanéard state space formulation for the
process be, | »
K (£41) = Boxy(£) + Ay u(t-d) | (2.2.6)
y(t) = 8%, (t) o (2.2.7)

The state space formulétion of the procegs without time
delay is given by; |
x) (£+1) = &x! (£) + A, u(t) ~ (2.2.8)
y,(t) = 8.x; (t) » . (2.2.9)
An observable state space formulation, cof;esponding'to
the ARMA model (2.2.4) or,'by.a linear transformation to
(2.2.8, and 9) is given by,
O xN(E+1) = #x'(E) + A, ult) (2.2.10)

y,(t) = 0.x'(¢t) (2.2.11)



%
) 8
vhere, -
[0 - -a, (b, ]
1 Q ' -an-l bn-!
d)‘- A : A‘::
00 10 -a, b,
|00 - 01 -a, b,
- . " Thxn - :xl
e, = [ 00 - L 01 1%,
x = [ x, IS O

Consxderxng y,(t) as the input, the state space

representatxon correspondxng to the delay Xtates is given

by,
z(t+1) = &,z(t) + A, y,(t) (2.2.12)
y(t) = 0,z(t) (2.2.13)
vhere, | ' L -
\ i -
00 -\ - 0 [0
_ 10 0 eI
an 0 1 -0 = le, —
(00 - - 10 4 [ €3-1] axa
1
0
A= |-
_0 ax1
~ el =[00 1 0 1,4
= [ 0 0 ) 0 1 ]Tlxd
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Kssuminé‘that only the states of the system (2.2.10 and

11) are influenced by the process noise, an&yalso -
introducing measurement noise at the output, the above two

systems can be augmented to give the following state space
formulation, which'represeﬁts the brocess with’time delays.

x(t+1) = &x(t) + Au(t) + 'w(t) = ‘ (2.2.14)

Cy(t) = ex(t) + v(t) (2.2.15)

where

4»-\[@, o} A= [A,l o= {r,}
ex ¢2 (n+d)x(n+d) . 0 n*d)x\. 0 (r;*d)xl

9x= [91] r,= I:Y‘ =100 62 ]\x(nOd) |
0 Yn R | |

- w(t) - process noise or state excitation noise

v(t) - measurement or observation noise !

§

w(t) and v(t) ére assumed to be white noise sequences with
zero mean and have covariances defgned by,'
E{w(s) w(s)"} = R, and E{v(s) v(s)T} = R,
‘respectivgly. '
x(t) = [x'(t)T:2(t)T]T where for ctheniénce x is
defined as follows: | | ’ -
x(a) = [x,, %, e Xy X, eee x0T

The stptes X, to x ., , are the future outputs of the

n+d-

vprocésé, and states x to x ., are just the 'delayed versions

n+1
of x , ie y,.
If (2.2.14 and 15) are obtained from the ARMA

representation, the only non-zero, noﬁ-unity elements in the



.mattlces g and A are the ARMA - parameter§
The d1men51on of the state vector depends on the order .

‘“.of the process and on the t1me delay. Thus 1t depends on theg'

tlme used’ for the dlscret1zat1on. It 1s alsotw
d.assumed that the t1me delay 1n the pr0cess 1s an - 1nteger o

A /- S : .
.multlple of the samp11n§ tlme. j" L
) Not1ce that the state tran51t10n matrlx Q 1s a s1ngular
P 7 '*7 . s - : B . N
: matrtx. S o S R R
R ’ L L
| R TR (RS I
2. 3 Kalman F1lter Predxctor | b

The states x (t) to de,(t) ol Lthe state space

4_formulatlon (equat1ons 2 2.14 and 15) are the, future outputs
'y(t+d) to y(t+1) respect¥vely. Thus est1mat1ng the states of
f’the process at t1me t 1s equlvalent to predlct1ng the futureﬁ

joutputs y(t+1) to y(t+d) In pr1nc1ple any state est1mator

- ycan be used to estlmate these states. Howevgr, s1nce 1t is

dgassumed that both process and measurement n01se are ptesent,
"na Kalman f1lter 1s used’ to produce opt1mal pred1ct1ons of
‘the future outputs, i. e.,;-F . T '_ |
AT % (t) . y(t+d|t) nﬂ<t) y(t+d 1|t) <!!;
R | e n+(,,(t) = y(t+1|t)
Thls predlctor scheme, based on the state space

hdformulatxon glven by equatlons (2 2-44 and 15), and the

Kalman f1lter, is called ‘the. Kalman fllter perd1ctor._Aj';

""schemat1c block dlagram of a feedback control scheme

Al

,lemployzng a pred1ctor, e. g. KFP SP, etc., 1s shown 1n

’.f1gure 2.3, The predlcted outputs y(t+1|t) to y(t+d|t) can

N

= . K S e
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be used with apy type of control schemeg Two types of

control schemes are?dlscussed later in section 2, 5.

. The Kalman illter perdictor can be 1mplemented u51ng

’elther a steady state Kalman filter or a’ time varying Kalmanr

f11ter, as dlscussed in the next sectlon.

'2.3.1 Kalman Filter o ’ T

The: Kalman fllter first. presented by Kalman (1960) and

"Kalman and Bucy (1961) can be used as a. n01se filter an

est1mator or a: predlctor, for stochastlc proceSSes. In~this'

"work the Kalman fllter 1s employed as an est1mator. The*

~‘predrct1on property of: the KFP is due to the spec1£1c state:

space formulatlon.

-

If the process 1noise and the measurement noise present

in the system are Gau551an, then the Kalman filter g1ves-the

‘ »m1n1mum variance estlmates of the states, that is”it

estlmates the cond1t10nal mean of x(t) g1ven the data,

9

¥ o= [yle), y(t 1), ]

() el x(t)IY] T (@3
dx(t) is the m nimum ‘variance estlmate of x(t) _thatdis, '
| E[ x(t)-x(t)IY]-Ov‘; T 2u32)

ﬁand Ehe covariance of the estlmatlon error,,

Q

= B{x(t)- x(t)][x(t)-x(t)r?ﬂ sp (2.3.3)
where P, is the error covarlance glven by«any other filter. é;'

There are a number of drfferent,ways that one could

‘express the Kalman‘filter algorithm (Astrom,,1970, Good;y{_’
~and §in, 1984). - P e |

A1
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The Kalman filter algorithm used in the KFP, is a

‘2-step algorithm in which the statesaand the covariances are
.updated, wvhen a measurement is available, and before the —

next measurement is made. However this algorlthm can also be

1mplemented as a 51pgle algor1thm step. Some. of the relevant
theqry'leadlng to\the 2-step algorithm is glven in Appendlx

4 N

. A ]

2;3.1t1 Time varying Kalman Filter Aléorithm .
‘ " The time. varying Kalman f1lter algorlthm ( Franklin
the Powell ,1980), and which is drscussed in Appendlx A, 
"is as follous:
a. Ga@nfCalculation:
‘ L(t) = ﬁ(t)OT[BM(t)9T+R2]" o "‘ (‘2.3.4)' ‘
;wh;.;-e, R, =R, R
:b Measurement Update,iat the time of measurement)
b1, State Update' _ ,
(£) = X(£) + L(E)[y(t)-6R(t)] C (2.3.5)
b2. Covar1ance Update: | | | _
O B(t) =, M(t) - L(t)em(t) =~ (2.3.6)
c. T#&; Update-#between measurements) | ‘ |
el St%te Update-

x(t+1) - ox(t) + Au(t) o (2.3.7)

c2. Covarlance Update'
| M(t+1) = <1>1>(1:)<I>T + R, - L (2.3.8)
wh%fe, .- Ry = PRQFT |

4

; B °
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-where,

&(t) = &(t|t) = E [x(t)]y,]
= estimetion of x(t) using data up to gime t.
CR(E) = E(e]e-1) = B [x(0)]Y,,, |
=estimation of x(t) using data up to time t-1,
P(t) = E [(x(.t.l_).-x(t))(x(t)-x(t))T]
=error covariance of estimate x(t)
M(t) = E [(x(£)-R(t)) (x(£)-R(£))"]
| =error covariance of estimate x(t).
' L(t) = Kalman gain |

1\1

From equations (2;3.4,”6 and,8)\%f[iskclear that

- the Kalman gain and the. covariances P and M are hot

u__—ﬁuac;+ens—o£—the measurements. ‘Hence the gaxns and the

covarlances can be cal ted off 11ne to reduce the

A
computat1on%¢ burden.

2,3.1.2 Steady State Kalman Filter
The algorlthm g1ven ‘above can be used to calculate
the time varying Kalman gains and the error covariances.

In many cases the error covariances M(t) and P(t),‘and

‘hence ‘the. Kalman ga1n L(t) converge to steady state

values as t-->e, | ,“d ’

If M(t) and P(t) converge to M and P the limiting
solut1on of M w111 satlsfy the folloulng Algebralc |
R1ccat1 Equatlon_(ARE), obta;ned»by comb1n1ng equatidns

(2,3;6,and 8L§and substituting_u(t41) = M.

S



The algebraic Riccati equation is given by,

M - ¢M8" + SLOM™ - R, = 0 . (2.3.9)
where ' | | | e

L‘-'sﬁeady étate Kalman filter gain
L = uef[eﬁé*m IR e "'*' - (2,3,10)

-

Also deflne the steady state fllter state tran51t1on

matr1x 3, and e, | , h .

"% = ¢-Lo® o @
6;‘12;‘/2,9 S ' -  “(2. 3.12»)

and faqto:iie R, and R, as, | ' R

| R, = EE™ o ,} (2.3.13)

R,.= RY2R}/? . (2.3.14)

Then the ARE is given by,

M-OME" + $MB™( BMB™+I)"' OM&" - EET = 0 (2.3.15)

There are a number of different methods that can be

used to solve the ARE. Some of these methods are glven

1n‘Potter (1966), Vaughan (1970)- and Kleinman (1968).

Two methods that are computationally efficient, and have

P

less numerical difficulties are giQen in Laub’(1979) and
Pappas et al (1980). |

Since the sté;e'épaée formulation,used in the KFP
'\hasva Singulér state trgnsitionkmatrix, it beiongs‘to a
special class of éys;ems, éithifespect to the |
CalculatiOn:of the steady state solution of the ARE. The
singularity of the state transition matrix causes |
difficulties in using some of the methods to éblve~ARE,'

~because it is necessary'touinyertvthe matrix & (vaughan,



" necessary to invert the, matrix &.

15
1970). HoweQer, the singularity of ¢ .does not create
problems in recursive estimation because it is 'not

When ¢ is 51ngular, the two methods proposed by
Pappas et al (1980) can be used to_solve-ARE. The first
of theSe-th methods is related to Potter's method, and
the’segond method is related to Laub's method which

utilizes generalized Schur vectors.

2.3.2 Stability and convergence of the Kalman Filter

Predictof‘

‘ The stability of the KFP depends on the stability of

the Kalman filter, which in turn depends on the solution of

the ARE (2.3.15). For stability analysis we are interested

~in the solutions of ARE, which are real, symmetric, positive

semi- definite and which give a steady state filter hav1ng

its roots on or 1n51de the unit c1rcle, i.e. eigenvalnes of

$.

o

" A summary of these properties“as diséhssed in Goodwin

and Sin (1984) is given in Appendix"B Further details and

proofs of- the theorems are given in Martensson (1971)

Kucera (1972a, 1972b) and Anderson & Moore (1979).

From Lemma B1 in Appendix B, the properties 25 the

steedy'state solution of the ARE depend on the pairs (6, &)

-;t-l
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-and (&, E). E as given by equation (2.3.13).
Condition 1. (8, ¢) is detectable. |
(e, ®) is detectable if all unobservable modes have

jstrictly inside the unit circle.

ﬁprresponding éigenéalueé
Condition 2. (¢, E) is stabilizable.

(¢, E) is stabilizable if all uncontrollable modes of
(¥, E) have corresﬁbnding eigénvalues strictly inside the
- unit circle. ’ o |

These two conditions lead to the following important

results:

1

a. Stability of thQ;Kalman filfer predictor ;
’ If conditionl1 and 2 are satisfied, froﬁ Leﬁma B.1 in
‘ Appeﬁdix B, there will be a stabilizing solution for the
ARE, ;hich guafanteeé thaé the corresponding filter state
_ transition matrix & has all its eigenvalues inside the unit °
circle. Thus the stability of the Kalman filter predictor is.,

‘gQaranteed.

b. Converggnée of Kalman Filter Predictor .

I1f conditions 1 and 2 éte'satisfied, theorem B.1 in
Appendix B, guarantees the éonvergencerf ﬁhe time varying
| Kalﬁan filter predicté:.fo the steady stéte KFP. Aéﬁordingv
to thebremAB1,'£he érror'covariaqée M(t), Kalman gain L(t)
and E(t);in ghe KFP'convergé'exponehtially‘to their

correspohding steady state values M, L and 9, if M, (initial’

1

covariance) 20.
Condition 1 is proved by,prdving the .observability of
~ the pair (8, #), of the augmented state space formulation

L .



(2.2.14 and 15). | 5 ‘ "
The stabilizability condition for the pair‘(¢, E) can

be,venifieé>b§ testing £6r the controllability of the pair -

- (®, E) and then the eigenvalues corresponding to, the o

uncontrollable modes. Obviously the number of uncontrollable’

" modes depends on the matrix E. Under deterministic

conditions E=0, and this will result in n+d upcontIOiiabl;

modes'in‘pair (¢, E), Hence it is necessary to prove that

all the eigenvalﬁes of the éugmenfed system lie within the

unit circle. | |

Conditions 1 and 2 are proved in foliowing two Lemmas.

Lemma 2.3.1

| 1f tﬁe state space représentation givén by equatiops
: _(2.2.10-and 11) is observable then the augméhtedvstaﬁe space.
'represehtation given by eguation (2}2.14 and 15) is also
obéer&able; o | |
Proof.

Since the state space formulation gi?én’éyw(equétSOnz.
2.2.10 and 11) and (2.2.12 and 13) are observable, the
observabilitf matrices given;by,

w, =[98 0¢ 6% - -6 .17 .  (2.3.16)

and,

%
|

,=[6,0,% 048 - - 0" | o (2.3.17)
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have the ranks n and d respectively.
For the augmented system given by eguations (2.2.14 and

15) with, .
) o
W)

1
1

¢ - _ e = [0 . .'1.]”(““’). i

OO

T
1

©c-oce !’

T .
€4-1| (n+d)x(ned)

The observability matrix is given by,

W=[0©6pos . : @y |

(2.3'18)
To prove the observability, it is necessary.to show

that the rank of W is n+d.

For rs<d,”
o ' 0
- - I
$= 1047 0 (2.3.19)
. I
R 0
o, ' e
0 |
{
_0- é;_u
and, ‘
e?r = [ 0 e:_tl],x(n‘d) ) (2.3.20)
For n+d-12r >d ‘
—Qr ' 0-i —_— -
1 | g -
_——— -
¢=[06,¢"" | ' , A (2.3.21)
e‘¢:-2 ' —0 ' .
. |
eﬂ\ |

and,
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8 = [ 6,47 0 L 0 ' ' (2.3.22)
Substituting (2.3.20 and 22) in (2.3.18),

- . Ie; - ) {
W = 0 i €.,
I \
el |. : (2.3.23)
6 l.
0.¢, lo -
.. I
o

Obviously the rank of W is n+d, thus the augmented

- system is observable.

‘ I1f the system given by (2.3.10 and 11) is stable, then

‘the eigenvalues of the augmented system lie within the unit

circle. N
Proof;z ) .
. Since , , .
\ o
- S
¢, , 0
e = -
¢ =|el | (2.3.24)
"
\ 0 _j ,
E ql-¢, 0
[qI-#] = | -eT | | . (2.3.25)
4.»;‘ | . o ql_@z
; :
n 4




———

-

ke
p
L

W .
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Eigenvalues of the augmented system are given by the
roots of the equation,
det[qI-#] = 0 . . _
= det[qI-#,)detlqI-¢,] = 0 (2.3.26)
Since, , '
! 0 "1
¢, = |e]
E’:-l_%xd :
then det([qI-¢,] = g° . (2.3.27)

which means that all the eigenvalues of &, are at g=0. Also,

/,

‘det[qI-O,] = (g-p,)(q-p,) - - (%:pn). (2.3.28)
Since the process without time delays is stable the
eigenvalues p, ' 'p, ere stable. Thus for any value of E the

augmented state space system is (8, E) stabilizable.
,-'/ ‘ '\.

-
s

2.4 Innovation Model Approach for the kalman giltér
' Predictor |
The Kalman filter predictor gives the minimyg variance
estimates of the states i.e. preéicted 6utputs, but its
structure and internal behaviour are not apparent TQ§‘~\
a\by

wing

1nternal operation of the KFP can be better unders

deriving tﬁe transfer function of the Kalman f1lterfm
to the large dimensions of the matrices involved, a'general'
derivation is eumtersoﬁe. Hence the innovation model concept
as given in Appendix C is used to investigete the

configuration of the KFP.
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2.4.1 Innovation Model for KFP
2

The innovation hbdel of the KFP is obtained by applying

equation (C.15 to the statelgﬁgce f;:;ulation given by
equations (2.2.14 and 15). & |
k(t+1) = &x(t) + Au(t) +‘.L(t+1)[ y(t+1)
- e#i(t) - OAu(t) ] 2
with,
)

@ = [ 00 - - 10 ] if @21 —
ol L : . _
A = [ 0 ] |

From equation (C.2) the estimated current outpu% is,
y(t) = g(t|t-1) = 6Px(t-1) + OAu(t-1)

= R t-) O (2.4.2)
Equation (2.4.1) can‘also be written as, |

R(e+1) = 1'%(t) + &% (£) + Ault) + L{trDw(t) (2.4.3)

where, 5 : .
. joo - -0 . [ -a_
I = {10 - 0} - ' =|-a _,
. 1 - )
- . - . —a‘
00-10 (n+d)x(r+d) 0
0
- 0 J (n+d)x?
and, '
w = y(t) - ?(t) : (2.4.4)

where, w(t), the innovation sequence - is a random signal
with zero mean. —

Applying Lemma D.1 to equation (2.4.3) to solve for

x (t), gives
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x (t) = [ 1-A(q”") )x (t) + @ 'B'(q"")u(t)

+ K, (t,gNwlt) | (2.4.5)
where, . | .
. e
A(q'i) - 1+a‘q‘|+ [ anq"n : (2:4-6)
B'(q"') = by+b,g’'+ - - - +b g™’  (2.4.7)

K,(t,g') =1 (t) + L _ (t-1)g" - -+ L (t-n+1)g™"
| T (2.4.8)
Equation ﬂé.4.5) can be re-written as,
x (t) = qg'A""(g7")B' (g ') ult) o
P AUGK(E,gNe(e)  (2.4.9)

Using Lemma D.! in equation (2.4.3) to solve for
X .4 (t),
k.4, (t) = [ 1-A(q”') 1g™*'% (t) ‘
+ @B (g)u(t) + K(t)w(t) (2.4.10)
where, . |
K(t,q™") = K,(t,q") + qg¥'K,(t,q"") - (2.4.11)
with
K,(t,@") = L, ,(t) + L, ,(t-1)g" +
" L+ L, (t-d+2)q*? (2.4.12)

From (2.4.9,10 and 11),

R g q“’B'(i)A"(q“)u(t) T . o
+ AR, (£-d+ 1) (@7 g w(t) +K,(t,g Dwlt)
(2.4413)

Since, : -

y(£) = &, (k=10 + w(t) (2.4.14)
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substituting (2.4.14) in (2.4.13) we get,

- A(g )y (t) = B(gult) + Alg) [1+q 'K, (t-1,q™")
+ @OAT(gTK, (t-d,q7") Jw(t) (2.4.15) "
~where, | )
B(q™") =\q*°”’B'(q”) (2.4.16)

. Kalman filter, and hence the polynomial C(t,q"') will

RNt
'
'

/
Cahe

Defining, ) .
c(t,q') = Al(g)[1+q 'K, (t-1,97")
+ @A (g K, (t=d,q") ]
= l+c,(t)q"+c2kt)q'2 + Gl (t)gTe!

(2.4.179

ation (2.4.1 and 17), '

Al(g Ny(t) = B(qg Dult) + C(t,q")@kt) © (2.4.18)
Equation (2.4.18) shows that the Kalman filter

predictor can_be‘expressed in terms of an input/output

model. The time varying nature of the C polynomial is due to

#

the time varying Kalman gains. As shown in section (2.3.2),

the time varying KFP will converge to the steady state

converge to C(q™').
From equation (2.4.2 and 13) we-get,
F() = a(@)Bl@ ult) [1+q7K,(t=1,q")
T @R (Ed, g Telt) T (2.4.19)

The predicted value of the process without time delays,

f?fé- ¥,(t) = y(t+d)|t) = % (t) is given from equation

B

Ao
12.4.9).

-

* .



y(t+d|t) = q“A ‘(q")n (q“)u(t) + A ‘(q")x (t q")w(t)
B C L (2.2

From équatfons (2,4.185andf20)ii
L tenale) = 453A'7<'Q7‘>ﬁ.*.»<é'-‘ ute)
Y e SR o s
R -J-—-—_—-—-——[ y(t) - g9 IAT (") B! (q ')u(t) ]
C(t,q”) —_— « o
ey (2.4.21)

T

2 4 2 Confxguratxon of the KFP ;
Equatlon (2 4.21) can be used to obi@1n the -~ = =

“_confxgurat1on oﬁ the KFP and to 1nterpret its behav1our.

°

The: follow1ng transfer functlons are deflned for

convenlenCe,‘

q v _‘. .{4

Y.,(q ’) =g ‘“‘”A"(q")B (q“)u(t)

A (q”)B(q«)u(t)

G (q")u(t)

2.l

"A“‘(q")B (q“)u(t) R

B G(q“)u(t) B P _(2.4.23)

f ahd, o
o Rt "‘)

G (t,q") - -'-—-—'——,'-., 2. ~

e - Clt,q") ‘9’ :
ffnm Subst1tut1ng equatlons (2.4.22, 23 and 24)

‘ T = ~1 b-‘ R
o y(t+dlt) G (q )u(t) & . ,

g W) - o (@t 1 (2.,28)
el L B | \ ’ 1 '$\ . ;_.;: _ §§ p

lesalt) = y (£) *#.G.(t,q™) [ y(t) - y,(¢) 1 (2 4. 26)7




)

v_‘A schematic block diagram 5} the~inté‘§;;\;tbucsure‘of
“the KFP$ based on. edﬁ&tion‘(Z 4,26). iS‘ShowA“én fioure;2;4.
ThlS gives a 51mp1e 1nterpretat1on to the KFP This |
structure 1s 51m11ar to the Internal Model E\hk;ol (IMC) due
to Garc1a and Morar1 (1982) and to Sm1th predlctor (SP)

Q (Smlth 1957 1959), as shown in flgure 2 5 and 6
respectlvely. Also see the dlscu551oh in sect1fn 2. 7
In the KFP ‘the error Y. (t), between the actual output y

and the model ogiput yg, 1s“f1ltered by the tlme varying w%
fllter G (t,q Y, before being added to the output of the

model G

By i.e. y,, to obtain the pred1cted output y(t+d|t)

y.(t) %epresents the noise, dlsturbance and/or any
unmodelled dynam1cs present 1n the system F

The time varylng nature of the filter G (t,q’) is due

to the t1me vary1ng Kalman galns. ThlS t1me varylng f1lter

o w1ll asymptotlcally converge to a sgeady state\fllter 1f the

>Kalman gains converge to their steady state value

__—-—-——4-/0

(conuergence of the KF 1s dlscussed in: sectlon 2. 3)

-;?Z' The stab111ty of the KFP, i.e. the“bounded prediction

'§(¢+d|t) dlscussed in sect1on 2.3, ‘cancnow be'interpreted
as the stablllty of f11ter G, (t q”) if the model G is a
stable system. 81nce the polynom1als C and K ‘are ;

- asymptotlcally t1me 1nvar1ant, the t1me 1nvar1ant £flterrf
G (q‘) 1s considered for stab111ty. The stab1l1ty d% thev

, o
steady state filter G (q”) depends on<1pc roots oﬁ;the

LA

polynom1a1 C(q”) I£ the roots of the polynom al C(q‘) are

1ns1de the un1t c1rcle, then G hr‘) is a stable fxlter._
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Consider the equation (2.4.1 and 4),

“Hlee1) = BR(E) F Au(t) + Lit+1)[ y(e+D) P
. ‘-aﬁ(ﬂ'—emutflp | L u.&én»
~ eft) =plt) - BBR(t-1) - @Au(t-1) _ (2.4.28)
. Writing equetioné (‘2.4.25" and 28), ih'tra';sfer 'func,tion’
f6rm and eliminating i(t) ve get, .
‘“*w@t%ﬂ! {1 - 8¢ q1 - & + Le¢ ]'L} y(t
+ { e¢[ qI-— $ + Lee ] 'l A-LBA ] - A }q”u(t)
(2.4.29)
Censider the equétiogh(2‘4‘18), AR
w(t) = E%gﬁ%'y(t) - Ci(—gll)Lu(t) N € 1Y
Comparmg equatmns (2 4.29 and 30) o : ‘
clq) = et [ gl - @+ Lee ] (2ia.31

. Smce ® = ¢ - Le$,  see equatlon (2 3.11), ‘
C(q‘) —det [aq-%1 - (4 32)
It was shown An sechlon (2 3.2) that for the KFP the

steady state f1lter transition matr1x <1> has 1ts elgenvalues .

w
¥

rnmde the un1t c1rcle. Hence 6,(q" ') is a stable f11ter.
- 'I‘he steady state gam of the tlme 1nvar1ant filter

G a ‘) is ngen by,‘ '-

“n
S, W ‘L. L
. - i ‘ f-l 1 _ S R
s G.!‘as = lim Gr(q71) = . : k ‘ | (2'4'33)
it t—>e 2 aes CUN . o
‘ ) . . .;AFI‘I Cl ’ . R
If G,ssﬂ then the KFP‘wxll cause problems in the e

. presence of deterxg‘irx@m (e g. step) dlsturbances. Further

discussion of 'thiéf',‘équb«lem, is given in vsectlon (2.6).
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2.4.3'Input output model for the KFP -
‘The equations Y? 4.4 and 18-20) obtained in the—

.prev1ous sectlon prov1de a means of interpreting the KFP |

scheme from an 1nput output model point of view, If the

) polynomial, is known the coeff1c1ents of K (q”)v
and K, (Q”) polynomlals can be calculated using the
relatlonshlp _given by equatlon (2.4. 17) Thus y(t) ylt+d|t) -
and w(t) can be evaluated from the KFP 1nnovat10n model |
equat}ons (2.4.19, 20 and 24) respect;vely. A

' | | : Sk
2 5 Feedback control usmg the RFP : m ,

The pred1cted future outputs, and 1f necessary the
other estimated states of the KFP, can be employed with any

.n

‘type of controller design. B1a1kowsk1 (1978) used the steady

’ "wstate KFP with PID and LQG controller de51gns. In th1s

-chapter we 1nvestlgate the PID and pred;ct1ve control

-«

schemes u51ng the KFP.

2 5 1 PID Control v ‘

‘The conventional PID control algorlthm can be empl?yed
w1th the KFP as shown in flgure 2.3. The track1ng error. in
th1s case is. calculated not w1th the measured output y(th,‘
but w1th the predlcted output y(t+d|t) The PID. controllér
parameters are tuned for the model without delays G rather‘

N

'Athan for the actual process. o Af,' S 0.

- -



The.tracking error is given by, ‘“;}"
e(t) = y*(t) - y(t+d|t) N - '4(2,5,1)‘ .
yTt) - the desired output (set” p01nt)

and the PI control algor1thm as,
t

we) =kLew) + Tz )] 1 (2.5.2)
where B | o
T - sampling time"
K, - proportionai gain" > 3 Y
Tx,f integral reset time S ‘ 1

i

'-%F' In figure 2.4, f?(t) represents all types of

dxstumbances (process n01se, measurement noise and "
determ1nlst1c d1sturbances expressed as an add1t1ve signal |\
vtthhe output y(t)) The closed loop transfer }unct1on of
tho KFP with- controller Gc, expressed in terms of the

. -';”5' :
transfer functions &

1+GG+GG (t)(G G)

%, Gp’ G, and Gfklﬁ figure 2.4 is given f
by, | o | | /
(t) % -y (t)
Y = " ) Yy
146G +G.G, (t) (G-G,) : —e
6,00, ?('t)“'?e(“t)’ - (2.5.3)
176866, (£) (6-G,) © =" T
The controller output u(t) is given by,
Cu(t) e e - f(t)‘
ST Y1+GCG, +GG (t)(6-G,) -
. . GG ’ ‘v ‘. ' { /J,
a 1(1:'.) o (2.5.4) Lo

- From equation (2;5L3), it is clear that the stability

of the closed loop system depends on the roots'of the |



characteristic equation,
1+6G, +6Gl(G=-6G) G =0 - (2.5.5)
When the KFP s used in an error driven ‘feedback |
control system, stability of filter G i.e. stability of
the KFP, is not essential However a stable KFP ig preferfed
.because it would prOV1de a greater flexibility in selecting

'the controller parameters.
2.5.2 Predictive Control
. The KFP is a model based\predittor scheme and in
" particular it can be derived from thevARMA ﬁodel of the
- process. This khbwledge of the processapatametefs can be
incorporated into a control aigorithm’by using a predictive
control scheme.} ) \ R
The predictive control law to be used with the'KFP'is
derived such. that the mean- square error (or variance)
 between the measured output y(t+d+1) and the de51red output
y‘(t+df1) is minimized. ‘
Define the cost function, v |
J(t+d+1)'= E‘{-( y(t+d+1) - y*(t+d+1) 1%} ."{2;5.6)
Choose.u(t)vto minimize J(t+d+1i; |
J(t+a+1) = E { E { ['y(t+d+1)' .
-yt (t+d+1) I A ' , (2.5.7)
If J’(t+d+1) is the optimal value of J(t+d+1) ‘then,
3*(t+d+1) = E { min B { [ y(t+d+1) |

- yf(t+d+15 Ply, by B a  (2.5.8)
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~e

Consider the ARMAX modéloof the process obtained by .the

innovation model approach, and which is given‘by equation

(2.4.18), | | |
A(g™) y(t) = g 4" B (g7 )ul(t) + clgNwlt) (2.5.9)
whefe}‘{w(t)} is a whigg noise sequenbe satisfyihg,‘ -
E{ w(€)]Y, } = 0 o - (2.5.10)
" E {";'.:(t)z[szt } = o? o ‘ | ('2.5.1»1_),.
) % ¥

From equation (2.5.9),
y(t+d+1) = [ 1 - A(g™") ] y(t+d+1)

+ B'(q7") ult)ge C(@™') w(t¥a+1) (2.5.12)

Using the Kalman filter ;f is possible to obtain the
predictive £erms, _
[ g(t+d|t), 9(t+d—1|vt),---, glt+1]t) ]
| or | ' T |
T [ g(t+a|t), y(t+d—1|£-1),'-'5-, F(t+1/t-a+1) ] (2.5.13)
Since these predictive terms are obtaiﬁed as the
estimated states of the RF, ietfai be the error covariance
given.by,' o |
02 = E { [ y(t+a@+1) - §(t+d+1) ]2|y (2.5.14)’
= E {1 x (t¢+1) - g(t+a-1) + v(t+d+1) 1y,
- The second equatlon in (2.5,14) follow s1nce,
| y(t+d+1) = x (t+1) + v(t+d+1)
Since [ x (t+1) - §(t+d-1) ] and~y(t+dl1) are
independenﬁ}fa o
. @2 =o%+ R o . (2.5.15)
where, o? - the (n,n)@ element of the steady état% error

covariance matrix P(-) that satisfies the Riccati difference



equatlon.
Taking the expectatlon of ‘equation (2.5, 12)

E L y(t+d+1|t) 1 =E { [ 1 - A(q”) ] y(t+d+1]t)
+ B'(gult) ] ///Qz 5.16)

Define _ .
y(t+d+1) = E [ y(bed+1|t) ] | (2.5.17)
Consider .the term' N

E{ [ A(q”) ] y(t+d+1|t) }

E[ - a,y(t+d|t) - azy(t+d-1|t) o= ayylt+d-njt) ]
(2.5.18)
Since the Kalman filter prediction is given by, -
gle+alt) = B [Ty(t+d[t) 1 = §(t+d) o (2.5.19)
it follows.from equation (2,5.16} 17 and. 9) thaﬁ, .
C¥fesden) = [ 1-al@) 1 §lesa+1) + B (g)u(t)  (2.5.20)
"éguét1on (2.5.20) can be 1nterpreted as the predlctor
equation for time t+d+1, based on the predictions made up to
time t+d by the KFP. ” v
T_ From the cost fﬁnction (2.5.8), ' - o

J‘(£+d+1) =E { min E { [ (y(t+d+1) = y(t+d+1))

v ) + (y(t+d+1) - y‘(t+d41)) 21} (2.5.21)

J*(t+d+1) = E { min E { [ y(t+d+1) - y(t+d+1) P
o+ [ y(t+a+1) - y “(t+d+1) 127} ) (2. 5.22)
Subtracting (2.5.20) from‘gg 65.12), . E
y(t+d+1) - y(t+d+1) = [ 1-a(q™") ] { y(t+d+1) -
g(t+d+1) 1 + C(q”) w(t+d+1)

(2 5. 23)“

o)
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Henée,
E { [ y(t+d+1) - g(t+a+1) ]2 }
= E { [ 1-A(q") ] (y(tfa+1) - §(t+d+1¥)2 }
+ (B [ (Clgw(t+d+1))? ] . (2.5.24)

From (2.5.15, 11 and 24),
E { [ y(t+d+1) - y(t+d+1) 1% }

®

n n+d-1 '
- 2 52 2 .2 o; =
= ;42_1aj o+ 4;;_0 c?o® withc, = 1 | (2.5.25)

From eqﬁation (2.5.25 and 22),
J*(t+d+1) = E { min E { [ y(t+d+1) - y'(t+d+1) 1* } }

n n+d- : ‘
+ L ata2 + L c?o? ' (2.5.26)
=13 y 1mi 1 )

- Thus the minimﬁm y*(t+d+1) is obtained when,
yE+a+1) = y*(t+d+1) (2.5.27)
with a minimum variance of,

n+d=~1

; tErciol (2.5.28)
1=i . .

u“:!

J‘(t+d+1) = ago

nThe minimum variance control law using the KEP is
obtained by substituting (2.5.27) in (2.5,20)..
The control law is, - o
u(t) = ——-{ y (t+d+1) - [ A(g) 1 y(t+d+1)
| # Ib-B'(@) 1 u(t) }  (2.5.29)

. with b, # 0
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2.6 Modified Kalman Filter P;edictor,tor deterministic

disturbances

2.6.1 KFP in ;resénce of Determihistic~Disfurb@nces

It was mentioned ‘in section'(2.4.2)'£hat the filter
?G,(QA) in the KFP causes problems in ﬁhe presence of
‘detefminiétid disturbances, because they violates the

 assumption of white noise made in the Kalman filter

: v
o

formulation. A remedy for this non-unity gain problem can be
fi‘achiéved bx a fu;ther expansion of of the KFP. For
| conveniencé\éonsider bnly the steady state Kalman filter.
From the iﬁnovétion model for the KFP in sectidn (2,4) we
have the following equations. From (2.4.19),
y(t) = A7M(q@)B(gq u(t) + [ g 'K,(q7h)
LA @ @K (@) elt) : (2.6.1)
and from (2.4.20),
yle+d|t) = g 'A" (g ")B' (g " )ult)
+ AT (GIR (@ w(t) (2.6.2)
‘Considér'the followiné transfer functions,

from (2.6.1)

ylt) - A(@ K, (@) + g%k, (q")
w(t) 3 alg') . »
, ' o (2.6.3)
h"q-l + hzq-z + e hnogrqq_n-d” . ‘
: ) Alg™") :
G (@) = b, + hyg? 4 - - -+, g (2.6.4) —

= q '(h,+h,g™")+ . . . = g"'[h+h,(1-q"" ]+, . .

and from (2.6.2), ) L K
© K (g) L, + L,g'+ --- +L g - Grz(q-‘)
A(g™) A(qf) - A(q)

- (2.6.5)
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Gn(q ') cap be 1nterpreted as a set of m, parallel
proportional plus derivative(PD) controllers, where,
m, = (n+d-1)/2 (if n+d-1 is even), and | ’
m, = (n+d)/2 (if n+d-1 is ood).
Similarly G.(g™') can be interpreted as a set of m, -

parallel PD controllers, where

m, .= (n-1)/2 (if n-1 is even), and m, = néz (if n-1 is
odd). |
The‘schematic diagram‘of the KFP given in figure 2.4
oan now be expanded using equations (2.6.1 and 2) and the
interpretation for G,, and G,,, as shown in figure 2.7 {(only
the part with solid lines).
| To compensate for the disturbances, the full
information regarding the disturbances should be transmitted
to, and included in the orediction y(t+d|t). That is, w'(t)
in figure 2.7 should be equal to f(t) ;;’;e;;eCt'moaelling
is assumed But the closed loop. conf1gurat1on of Gﬂ with a
set of PD controllers in the feedback loop, as shown gn
flgure 2.7 would lead to the following transfer function:
wit) = - 08  (2.6.6)

- A(g™") + Gy, (@)
If E(t) is a step disturbance with magnitude ¢, then

the steady state value of w(t) is,
1

@, = 3T a , (2.6.7)
rz-lal' + rz..‘l h!’
from (2.6.7), , -,
;8’ = esa only i.f o ’ ‘
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n n+d-1 : . .
La * z, h, =1 ‘ . J"E'G'B)
From figure 2.7, B N
w'(t) = K,(@Nalt) - oo (2.649)
i o
The steady state value of w'(t) is, &
n
'§.1'Lr
w' 38 = 4
n n+d-1
: :z:_‘ar + Z:nhr (2.6.10)
From equétibn (2.6.10) it is clear that the KFP
configuration does not guarantee that w', = £,,. That is it

:does-not guarantee that it would pass all the information of
the deterministic disturbances to'the predicted output
i(t+a[t). This results in a bias in the predic ~Qutput
'9(i+d}t5 and hénce in the control or regulatif’ y(tfvéven
if G, is a PID controller . : .

This bias in-the predictor can be interpreted as

resulting from the PD estimation nature of the KFP.

2.6.21Modified Kalmagﬁ?ilter Predictor

Based upon the interpretation giyen in the ébove
section regardiné the bias pfbblem in the KFP, an intuitive
approach to overcome this problem'is to change the PD
estimation of the KFP to a PID estimation scheme, by
introducing a set of integrators in parallel with the PD
controllers of G,, and G,,, as shown by the dotted lines in-
figure 2.7. Assume foresimplicity ofigiplanation that the
disturbance ¢ is a step of magnitudg_gu.iThen:phé PID

system in the feedback loop will make.the steady state vélQe'

- .
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s ,

of ;(t) go to zero, by making the output of the integrator
go to §{, At steady state w;(t) will a150’re£%h zero. and
since the output of the integrator is added to the predicted

Thxs aé%oc way of modxfy1ng the KFP can be achieved

output y(t+d|t) the b1as is removed.

morevEOtmally by modifying the state space, formulation as
suggested by Balchan et al (1979, 1973) This idea was used
by B1a1kowsk1 (1983) in- h1s steady state KFP. |

As presented in section (2.3.3), when the process neise
is not white noise, the“state space model of the process can
be augmented by the states corresponding to the noise
dynamxcs.

By interpreting the'step disturbanees E(t) as a fandom

signal whzch‘changes at random t?me 1ns€ant33‘by randbm step
‘3\ ;3!

and Tuff et al (1985). asyfqiao

Ee) = wlt)
where,

&
values p, at arb1trary tl?e

4’
x.A...

¢(t) - random stepsﬁ “(=elgh; p .start1nq(at tame i.
R § 1
Thus the augmented ; ;eyspace'equat1on g1ven by »




“ '
100 0 1 >

x(t+1) = |y & 0f x(t) + [Alult) + | 0lwit)

00 &, 0 lo (2.6.12)

y(t) = [ 0:0:0, Ix(t) + v(t) (2.6.13)
whefé | ) »

| x(t) =[x, %0 X5, o, x,, Xpero 0 X ] (2.6.145

Now using the innovation model for the above state

Space.moéel and~aBplying Lemma D.1 (consider the ste§dy

state KF), . | ol
y(t+d|t) = x (t)
= g ATYG B (g )u(t) + ATMQ )AL, (y,q7 e )
—_ 1.g™Mw(t) + A7 (gIK(q ) w(t) (251!)

and . ' ) ‘ %.,a
. - - . . r R ’ : "

y(t) = xm@q(t 1)
ﬁk " B(g ") ul t) + [ K(q")g%i'(q") +
Q'K (q™") Jw(t) + A" ‘(q")A’ L, (y,q' +

.t 7 ™a(t) : 12.6.16)

L, is the Kalman gain corresponding to the noise state

xplt).
Define;
D(g") = va A ya™ ] (2.6.17)
Since, ’ |
F(O) = 3(6) - wlt) (2.6.18)

- from (2.6.16) and (2.6.18),
' " !
A(g)y(t) = B(q )u(t) + cl@qNw(t) + D(q'.‘)q“?i"-‘,ytl

(2.6.19)

fotC(q*)@as defined by equation (2.4.17).
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- ‘l! From equat1ons (2.6.15 ana: 19), E I .
| §lt+dlt) = q"A '(q~')s (q ’)u(t) |

N \(a7) + Dig ) ' Y(t‘)"_\A';‘(q".)B.(q.")-u(_t-)]

Ac(q") + D(q"‘); d .

vy e e P -
o y(t+d|t) 5, (q“‘)u(t) + G (q")[y(t) -6 (q")u(t)] “
R SN | (2.8, 20):"'
. gi}he_re - ,4 ’- g .‘ .1.‘ = - N ‘-/:,. -
.*G‘(é-") *éﬁé(é‘j-w))i3(52-'5)):(;-@1 (2.6.213, " -
and G and G are def1ned by (2.4. 22 and 23). | _;
i Compar1ng equat1cns (2 6 1 and 2) with equat1ons
‘%2 6. 15 and 16) respect1vely, it 1s clear that the “
addltlonal terms A‘D(q’) in (2. 6. 15) and A" ‘“D(q‘) in -
(2 6. 16) contrlbute a set of 1ntegrators Qeﬁhected 1n f_.h‘4  ﬂ'

parallel to the ex1st1ng PD controllers in G, and Grg, 1n .
the same way as 1t 1s shown in f1gure 2. 7 »
‘bl Thus by augment1ng the state space formulat1en of the
.KFP by an addltlonal state, a bank of m, (mzfé n/2 xf nis 7 
even, m2 ? (n+1)/2 if n/&s*odd) 1ntegrators.are cchnected in
parallel to the ex1st1ng PD controllers of the KFP, The L
,5._ 1ntegral galns can be selected by . the ratxo R /R because -
the ga1ns are funct1ons of Lp. The MMFP 1s stable desplte ;
‘ the added poles on the un1t circle (cf theorem 83)
| The same conflguratxon of the KFP. glven in flgure 2 4

'ﬁh be obta1ned for the mod1f1eq{KFP u51ng the equat1on



<3 . . ’ ~ ‘ ‘
(2;6520),‘ e is the def1n1t1on of the ‘

' .

filter G..

2,6.3 Inctemental Predxﬁtlve control £or~the Modlfzed KFP
The predlcted outputs of the modlfled KFP can be. used
in PID control as in sect1on (2 5). Slnce the pred1ct1on

[§

‘~y(t+d|t) 1s unblased the PID control wxll re5ult in zero u

noffset steady state set po1nt tracklng or regulat1on. But to'

use predlctlve control when the dlsturbance is determ1nlst1c
. type, it is necessa%y to modlfy the pted1ct1ve control |
talgorlthm by 1nc1ud1ng the dzsturbance term. in the |
predlctlve COntrpl law or to use the 1ncremental pred1ct1ve
control law, where 1ncremental varlables are used in the

| fcontroller design. | £ - |

| Cons1der the ARIMA model (Tuff et al 1985) fortthe;_

process w1th determ1nlsﬁhc dlsturbances

Al () = g ule) + (g “‘“ﬁ (. 6'"'2'2).-' |

.’f

mean ané C(q”)

Equat1on¢(2 6 22) can also be wrxtten as,

w

A y(t+d+1) + [ a(g™") - 1 Tay(e) i

= B (q")Au(t) 3 w(t+d+1) - L (2. 623)

Taklng ‘the. cond1t1ona1 expectatlon of (2 6.23) yxelds, ' 

} Ay(q3quJtlg#‘aiAﬁ(tfd|t)~--'+ a Ay(tlt) = B' Au(t)

_t- o

* : B : . LT =,¢" ,r'""ff. Lo ‘{".;‘,'.
X A,
The m1n1mummvaflance est1mates for ﬁy(t+d|t)
L AL
A9(t+d 1]t 1):,7" 'Ay(t/t d) can’ be obta1ned from the KFP,.A‘

. 39 L%

w(t) is as def1ned in equat1on (2.6.11), and has a zero.

(2 5 24)"4

[ I
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_— ‘aha; : - . ‘ o
et Ay(t+d|t) =V9(t+drtl - 9(t+d—1|t—1) ‘ “lifstzs)
| ‘ If the control law 1s calculated euch that theA; |
pred1cted output y(t+d|t) will reach the set p01nt in one‘
| sample tlme 1nstant, the 1ncremental control law Au(t) is

' calculated by def1n1ng,_htt' : 'f S ‘_',,' ‘ o

- Ay(t+d+1) =Y *(t+d+1) - y(t+d|t)

1

} &y* (t+d+1) S I; _(2;6.26)
Thus ‘the 1ncremeﬂtal control law 1s given by, ‘
"\\:‘ Au(t) - = po [6y (t+d+1) =L~ A(q”) 1 Ay(t+d|t)
T (2.6. 27)_

8.

- [ b, =B (q") ] Au(t) ]
2.7 Discussion -,v{; ) R v -

2 7 1 Kalman Fxlter Predxctor vs Internal Model Control
| The conflgurat1on of thevInternal Model Control!(IMC)

ot SCheme due to Ga%ﬁwa and Morarl (1982) 'is shown in flgure

52

I
2. 5 They have shown*that the Smlth-pred1ctor (Smlth 1957

: 1959) is a subset of IMC bg_approxlmatl the. 2nd model’

block.of the IMC i. e‘ by remov1ng the t1me delay from 1n LT
| the médel, as shown 1n £1gure 2. 6. - ‘ ' L |
%he sttuctural 51m11ar1ty of KFP and IMC is diearly
shown\by flgure 2.4 and 2. 5
- The 1ntroduct1on of the f1lter 'in the IMC was Justlfled
by show1ng the equ1valent structure for a Llnear Quadratzc
Optlmal Control (LQOC) system, whlch is capable of handllng

. 1
f' stochastlc d1sturbances. Their c1a1m on the super10r1ty of &'
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the'iMC' and the 3ust1f1cat1on for us1ng the leter 1s as -
follows:. - EN |
al. Thé"EQOC scheme cannot handle determ1n15t1c

dlsturbances. PN
N «,.

vaz.J The filter in the LQOC (or as in KFP) conflgurat1on

cannot be eas1ly tuned or designed. o
'a3. The fllter used in IMC is easy to de51gn and robustness o

analy51s is poSS1b1e.

It is 1mportant~to‘note:that as shown by. Balchan‘et al‘
(1970, 1973), and 1n sectlon 2.6, determ1nlst1c dxsturbaqces
can be handled by u51ng a;, state space representat1on that
'takes 1nto account the s;ochast1c model of the disturbance
dynamlcs. As Balchan and others clearly stated 1t is not a
}problem of the LQOC or the KF but the 1nappropr1ate
hformulatlon of the state space representatlon. It appearslk‘
that the authors of IMC were not aware of the work of

. : : .r.f\{ o 2
Balchan and others. ‘ _ : _‘f" ." S

s

The fllter 1n the IMC 1s malnly u5ed’to 1mprove the

‘

robustness of the system. In "IMC the no;se leterxng 1s done S

‘

.. in an adhoc manner, but the Kalman F11ter is des1gned toi

glve m1n1mum var1ance estlmates by tak1ng 1nto account the
. iy

pg@tles of ‘the n01se and the model of the

A\

stat1st1ca;¢”‘

process. . ‘;.5
2. 7 2 Kalman let red1ctor vs Smith Pradlcto; U .

RN ,‘

From flgure 2 4 and f1?ure 2.6, it 1s clear that the

KFP and the SP ‘have the same confzgurat1on. They have
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exactly the same funct1onal blocks except for. the filter G
.in the KFP and it would appear that the KFP reduces to the'.
- SP if G, --v> 1 y . .
,.‘ To compare the behav1our of the KFP and SP, the closed
FQ' loop equat1on and the’pred1ctor equations are der1ved‘for
‘ both of these schemes.
For the SP 111ustrated 1n flgure 2.6 the pred1ctor

ﬁzequat1on 19,' ‘

o y(t+d|t) - Gu(t) T y(t) - gult) 1 T (2.7.1)

and the closed loop eqguation for an error. driven'feedback
o L RTER e~ . " i . :

control system is,
' ‘ S GG,
‘ 1 +GCG.p+GC ( G-.G!I )

A
#

y(t) = ¥
GG

_ 1+GG+G(GG)
,For the KFP,’ the predlctor equatlon ﬁs g1ven by

R -

£(0) + ey (2.7.2)

(2 4.25), | -t 3 |
y<t+d|t) - Gult) + (t)[y(t) SGut)] (2y7.3)
and the closed ‘loop equatlon is. g1ven by (2.5. 3) ‘ |
: N ¢ e :
| Y(t) ' 146,6,+6,(6-6,)G, () ¥ (D\
“’?. : B G (t G.G , '
A ol ) Mt) +. s(t,\ - (2.7.4)

1+G G, +G, (G- G, )G (t)
Remarks

~ ¢
»i. The presence of noise in ‘the feedback path causes
'»uundesirable fluctuations in the control output u(t)
'ﬁsing{a filter'to}remove the no1se41s a solutxon to th1s
. prOblem; éonsidering,the n01se as process no1se and

' ‘measurement noise, ideally ve would like to remove,all
a ’ ' . ’ . T - . a ' . o0
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measurement'noise which cannot be controlled and pass i
the process noise to the controller for compensatlon. ;%
There are a number of different locations’ the noxse*’
filterlng can be performed Common approaches are to’
filter the measurement y(t) or the controller output
‘p(t). But a filter placed at these 1ocat1ons, would also
inlter<the 1mportant process dynamlcs 1nformatlon,'along
with the noise. | | |
The location of the filter in the KFP is the most
suitable locatlon for‘the f1lter, he;ause the 51gna1
"flltered in this case carries only the noise, if thes
model is,perfect |
2.‘ The SP 1$ designed to .work with determ1nzst1c process.
i When the process is corrupted by process and/or»l
| measurement n01se, the SP handles it by simply" add1ng
the error ye(t),,to y,(t) to obtain the prediction ’
. ?(ttd[t). The érror y,(t) represents the noise present
in the process and the unmodelled:dinamics,in the.SP;
This couldresult in very nolsyvfontrol. Theqperformance
~of the SP'can'be improved for applications with
stochast1c noise, by 1ntroduc1ng a f11ter (e g. the
fam111ar exponent1a1 fllter) in the gﬁ%; locat1on as in .
the KFP . Now the structure of the KFP is exactly the

same as the SP but the filter G, in the KFP is an

the opt;mal galns of the KF.:

imum error var1ance ach1eved
N Y -
1§SS than or equal to the error
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b

variance of any other filter. The KFP is thus the
preferred method for applicatioris with noise and is

‘based on a sound theoretical formulation rather than

- heuristic arguments.

When'there-is no mismatch‘betweenvthedprccess and the
nodel, and the system is free of measurement and prdceSng‘
noise then G, = G and E(t) = 0. |

For both SP and KFP

glera|t) = Gp(q")u(t) . (2.7.8)
and - o . - T .

(c) L Lo C (2.7.6)

¥ 1+ GG, - IR :

Under perfect modellang and noise £ree/cond1t10ns

thewSP and KFP give the same output pred1c€1on and

output control assuming that, they bbth use}the same”
controller whzch is tuned to G When the KFP is o
1mp1emented using the KF algor1thm G is not expllcltly
present in the‘bcheme. The tunipg of G, to control G in |
the KFP can be done by selecting R‘/R o, which would
make G, = 0, which is approprlate for the noise free
3caseﬁ | |

In the presence of process and measurement noise (E(t) *

0) but under perfect modelllng the pred1ct10n and the
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B .~ GG, GG,
. c A - c '
y(t} " Tv6.0, y (t} ]:§;32:>E(§) + z(t) (?.7.8)
For the KFP from (2.7. 3 and 4)
(t+d|t) = Gu(t) + Gy [y(t) - G,u(t) ] -(2.7.9)
gy . GG | GGG
= e ¢ b
o y(t) ,‘7:635: y*(t) ?-Ef%—'i(t) + E(t)
(2.7.10)

Itvis clear from equations (2.7.8 and 10) that the

Qlosed loop characteristic equations-for set point

 *track1ng, are the same for both SP and KFP. But for

. of the filter G, does not effect the stability of the

_ closed loop system..

noise £(t), the closed loop characteristic equation of

the KFP contains the poles of the filter G, as its

v
roots. Since G, is proved to be stable, the introductio

When there are unmodelled dynamics i}eh.G,é;Gm; the
closed loop characteristic eqqations‘are‘given by,
for SP | )
1+66, + G(GG) =0 (2.7

and for KFP | . ) _
1+ GG, +GG(GG) L (2.7.12)
In th1s case the closed loop characterlstlc B

equations for set point tracking and noise reduction are

the same. However the interesting point is that now the

i:_ poles of G, are not the roots of the characteristic.

: equation..Hence closediioopAstability does not demand

‘ the;stébility of the filter, G,.
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E
The unmodelled dynamlcs can be taken into account

in the KFP by proper selection of R J/R, The Kalman

filter processes the unmodelled dynam1cs like a

idisturbance component. Changlng R /R, would change the

roots of the closed loop characterlstlc equatlon. This
would prov1de a means of obta1n1ng a more robust control
scheme in the presence of unmodelled'dynamlcs. However,
the manipulation of the poles of G,, using R, /R, is not
straidhtforward. This is one'of.the'shortCOmings of the
Kalman filter. |

It is difficult to deneralize the influence of

unmodelled dynamics on the stability of the control

scheme. However if the 51gnal due to unmodelled dynamies

is bounded then one can -expect that the closed loop
system remains stable.

It is 1nterest1ng to 1nvest1gate the conditions under =
which the KFP will reduce to the SP.' I€$£(t)#0, KFP will
reduce to'a SP when G,=1. i gﬁﬁ . o

Lo

.Consider the fxlter G, for the KFP and the modified

KFP,.
For the normal KFP, :froﬁ eqﬁation (2.4.24)
. _ q‘ ) "

- AK (q") v‘%ﬁ(q") .

| Ac(q"@ ‘D(g Mg
From these. equa%}o s it is difficult to see whether

(2.7.13)

G, (t,q") =

4G will be equal to @mlty

But at steady state,

for KFP, T e e
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I
s

Fgs
n+d-1

it Eo G
and for the modified KFP, G, = 1
Th@? the modified KFP reduces to a SP under steady
state'operetibn. This result alsé confirms the ability
of the modified KFP to handle deterministic disturbanceé
as shown iﬁ:section 2.6. : ’ .o
g ;
2.7. 3 Implementatién of the KFP
The d1mens1on of the specific state space formulatlon
used in the” KFP increases with the number of time delays. If
the time varying KF algorithm given in section (2.3.11) is

used for the implementation of the KFP, there will be a

‘large number of matrix operations, especially

muitiplicatidns, which implies a heavy computational effort.

As the time delay increases, the problem would become

severe.

The sparse nature of the matrix &, due to the observer

form used in the state space formulation of the KFP can be

used to obtain a simplified algorithm as shown in Appendix

E, which has significanfly fewer multiplications to perform.

If n=1, d=3, the direct 1mp1ementat1on of the KFP using the

state space matrix calculation needs 208 mu1t1p11cat1ons,

,whereas the sxmplzf1ed 1mplementatxon needs only 12 Thxs

telat1ve1y small computational effort Just1f1es the

employment of the KFP.
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'However, instead of implementing the KFP in state space
form, it can be implemented in transfer funcﬁf‘p form, using
the\cOnfiguEition obtained via the innovation model
illustrated in figure 2.4. ¥his can be implemented as an
ext;nsion to the SP, by introducing‘g.fiiter G, given by
. equation (2.7.13), whose parameters ére calculated using
only the equations E1, E3 ahd‘ES. This déés'not reduce the
éoﬁputation effort cbmparéd to the simblified implementation“;
in Appendix E, but gives a conceptualiy éimple :

implementation of the KFP.

2.7.4 Predic;ive Control with SP and KFP
Th® ﬁ;edittive contrdl'law"énd incremenfal pf;dictive
'cpntrol law derived for the KFP and médifiedVKFP iﬁ'section
(2.5 and 6) respectively, are‘élso apélicable to the SP: The
only differenée is that the predictién 9(t+é|t) of the SP is
not the hinimum-variance estimate, as. in the KFP. |
From (2.5.29) (without (q’') in each pblynom{al), 
y*(t+d+1) = (1-A)q §(t+d) + B'u(t) L |
y(t+d) = (1-A) §(t+d) + q"'B'ult) © (2.5.30)
From (2.4.21), | ‘ ~ |
y(t+d) = g 'A7'B'u(t) + C'K, '[y(t) - A7'Bu(t) .] ‘(,2_.".5.’31)
From (2.5.30) and (2.5.31), » . -
.'y‘(t+d) =4q”A”B*u(t5 - (1#A)C’WgAfBu(£y
’ + C'R,(1-A)y(t) T (2.5.32)

If the true ARMA represéntation of the process is given

| by‘v‘
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y(t) = A" Bulr) + £(t) ’ - (2.5.33)
then the closed loop eduation of the predictive control
scheme is given by (from (2.5.32 and 33)), o ‘IX

Cy() = ET:E:TTY (£+0) + 21‘3—-—)—)— E(t) (25,3
where, , ' \
N,(q")‘ = [ AA'B;' B'q"' - (1-A)C'K,(A A"'B;’ n-1>\.]
| | . (2.5.35)
N,(q™") ;ARB;’ , [ a7'B7'q' - (1-A) CT'KA"'B ] |
o ‘ (2.5.36)

The closed loop eqﬁetion for the KFP under perfect modelliﬁg
.can be obtained from equatioh‘(2y5.34) as, _
y(£) = y*(t) + [1 - (1-a)C'K,qJE(E) - (2.7.15)
fhe corresponding equation for the SP can be obtained
by substituting C'K,=1, hence, |
y(t) = y'(t) + [1 - (1- A)q*]f(t) o (2.7.18)
1. 'ﬁi%h £E(t) = 0 apd perfect modelling y(t? = y*(t) for B
both SP and KFP, i.e. the output tracks the,setpdint
perfectly. ' B _
2. With £(t)# 0 and peffec; medeliidg’the noise in the KFP
is filtered by the filter G,. The stability of the
predictive cdntroller for the KFP depends on the rootéji
of the polynom1a1 c, which are proven to be stable.‘ |
3., With unmodelled dynam1cs the analysis becomes |
| ‘compllcated. y ‘gﬁg - SN
When there ig'ﬁo noise present in the eystem thex
steady state gain of the model should. be equal to the

steady state gain of’ the process, to provxde perfect

\ .
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-~ steady state tracking. That is,

lim (' B} = lim f‘A P} 35:

q",_._> 1 q—1__>1

in both KFP gnd SP for perfect setpoint tracking.

2.7.5 Variable time-delay processes

The formtlation of both KFP and SP is based on éhe
aesumption that the time delay of the proce®s is aceurately
known. But in a praqiiéal situation this time delay can vary
with time. This variation in time delay may deterioriate éhe
peffo:mance of the KFP. In such a situatiop‘it is desirable
| to estimate the bariation'in the time delay, ahd the KFP |
algorlthm should be modlf1ed to accommodate this variation.

If the variation in the time delay of the process is

3
known as a function of u, y and time, then one could employ

a simple compotationdorma 'table lookup' scheme»to estimate
the time delay exactly. An on-line dead time estimation.
scheme based on the cross correlation method can be employed
to estimate the time varying dead time.(Box amd Jenkins;,
1976). But this may demand a heavy computat10na1 effort.
~Instead of the full cross correlatzon method a 51mp1er
method is to input’ a‘sequence of small pulses to the process
input and o;pés co:relaterthe‘input and output, only near
the'reéion of the delay, to ob;ain the delay present'dn fhe
process; Butfwhen the process is noisy this!may not be a
‘dsuccessful method. Another method one could employ 1s to use.

" a recursive dead t1me estimation scheme as glven in Wang and
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En (1985) .

o Once the dead time variation is known, it can be easxly
1ncorporated 1nto the Kalman fllter algorxthm. The variitxon
in,dead time will cHange the dzmens1on of the state space
‘£ormulation, but it wouldy not affect the parameters,

Difficulties may arise when adding gr removing the states in

~the KF, especiallY’when the initial est imates—of—the—erteor

covariances are 1ntroduced into the algor1thm. This might

- .cause all ‘the other Kalman gains to fluctuate. However, " the

%

Lo

. i‘,‘
LR

iy ¥

Y

&

i+ can be employed to implement an optinal predictor or a-
- v;y‘ ° - A . :

‘minimum variapce controller”(Astrom, 1970) In this case, ¢,

asymptotic convergence of the KF to its steady‘!tate KF is

'still guaranteed,

2,7.6;Input‘Output_model‘ys State Space Model

hhen théﬁprocess'is a deterministic system} the SP can

<

be der1ved by u51ng an ARMA ;\Hel for the process. Tﬁere is
ne' real need of a KF'ﬁn this case. When the progﬁls is

stocbastlc, the input- output model glven by the ARMAX

\

representat1on,

'3
Ay = Bu + Ci

.

S v

which is a random uncorrelated noise sequence, accounts

‘both process and measurement noise, and they are not

: d1st1ngulshab1e. G e o a@

The advantage of using the state space approach is to
1ncorporate the knowledge of process and measurement noise

separately. ;J

G
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Thls aLso prev1des a means to tune the KFP using. the
: rhtzo R,ﬂ! to satlsfy a certaln performance crlterlon,r
. \ .,f. . i ‘7-4‘&‘ o

, e g. m1n1mum varlance 1n output error.

But when @ie order of the process is h1gh 1t may be

1

d1fficu1t ‘to do proper tunnang of R,/R . In ‘such a s1tuatlon

the KFP~can be‘)ﬁmlemented u51ng the 1nput output model

Lot g

y-equatlon (2 4 18) It 1s qmportant to note ‘the fact

s
P '/‘

’ "that an 1nput output model for a process can be obtalned v1a
o "'.P
,the ;nnovatlon model of the KFP but the:converse is - not

&

itrue. By 1dent1fy1ng the polynom1als 1n the ARMAX model .ff-hhﬁf
"fglven by equatlon (2 4 18) the KFP ‘can. be 1mp1emented ;

'fw1thout hav1ng to know the nozse covarlances R and R, . i'

»;1s 1mportant to:note that-the degree of the polynomlal

»WC(q‘) 1s greater than that of the polynom1als A and B, and

5v§1t depends on the t1me delay. A detalled dlscu551on and

N

1mp1ementat10n of thlS scheme 1s glven 1n chapter 4 sect1on

P

: \ ‘ oy ‘ .
Another 1nterest1ng result 1s the 1nput output model
i’;obtalned for the mod1£1ed KFP u51ng the innovatlon model
'?fwhlch 1s glven by equatlon (2 6 19) 1 zf __‘r“;ﬂ;Y
v 4{. Y P
A(q")y(t) 5 B(q")u(t) +. D(q“)q %—1 SRR
B | + C(q”)m(t) -'f" ”ff uf*_ (2 7 17)

e . oy o
I Although 1t stlll needs further 1nvest1gatlon,v1t is "f;'

b Y

””j’easy to 1nterpret (2 7 17) as a comb1nat1on of the'

‘.ixnputéoutput model glven by equatlon (2 4 18) and the Q_ﬁ‘i S

‘f't?,xnput-output model ngen by equat:on (2 6 22) The 2°° term o

=1{on the right hand sgﬂe of (2 7 17) represents the i;y"ﬁ‘“

A
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determ1n1st1c dlsturbances and/or the noise present in. the

system and can be 1nterpreted as 1ntegrated wh1te n01se i.e.
”Brownlan type no1se. The 3rd term on, the rlght hand 51de,
‘lrepresents statlonary noise.. '

Thus equatlon (2. 7¢17)appears to show that KF' theory i

can be used to derlve an 1nput dbtput;ldeJ foé’a stochastzc

_ i PR RO
vprocess\y1th statlonary and non-sfat1d§grh;d1lturbanoem:73

8

b terms. o B _‘-f . AR SRNRER

3 . - Loty .
P v . .

N “2 8 Sxmulat1on Results and-stcussxono

. 3
‘

The s1mulat1ons were carrmed out for 1“ order and 2nd

7."‘

order processes hav1ng the follow1ng dlfference equatlons.

o 1" order process,. ;5'1;:'” R .i‘“ ,'v_’ ,( E
- o ¥ Uil 09521 | xter) = 0ATWalEs)  (2.8.0)
&,}[ﬁ" X & £ < b o "i*‘ P ‘ R o .
g rocess, | , ‘ - ‘
;58*__1 y(t) 1. 8954 y(t 1) & o 8981 y(t z) o 7975 u(t 4)
X '-,—o77sau(t5):'.'_-- S (28?)

7 The prOCesses were s;mulated u51ng the state space?s;
E;formulatlon glven 1n Sectlon 2 2. A.wh1te no1se sequences‘:f
waere added to each state to generate the process no1se and
vfto the output to/generate measurement n01se The n01se.*

.1QVels usjd for.the abové/two processes are glven 1n ?ﬂflevr‘
2 1. f' ’ - ,‘:q?, " ,”v': \ | : '_ 1:-"? S ‘ g |

: éﬁ,gsﬁd ﬁon both»sp

o 2
:and KFP The controller parameters forvtﬂb@ﬁ“ ordqr ocess

R

:fwere obtalned from Meyer (1977),;’j1 are g1Ven bélbw-,’

;-1  Proport1onal ga1n R =.-1 36 . '_~, - Vnﬁff riégu_-"ﬁ
& TR T e e SR



'. Integral tlme constant T, = 574
‘ The 1mproved vérsxon of the Smlth predlctor for
stochast1c processes was 1mplemented by 1ntroduc1ng an
“exponentxal.fllter as d1scussed in sect1on (2.7. 2) The;
' exponentlal f11ter is g1ven by, ; |
L y,(t) = yp(t=1) + aly(t) - y,(t )]
'where,;ic e \i RS '
y,ih) - fiitereddmalne"
y(t) - fllter 1nput_ EE
1. Determ1nlst1c Process . :; { s o /:;;;*
BN U8 I 21 Contﬁ@l d‘_" Tl »-,;‘fﬁ |
"“————When there is no n°1§hhil e. E(t) 0, and under
.ﬁperfect modelllng: the PI contro% schemes us1ng the KFP and
VSP perform exactly the same way, as shown in flgure 2.8a and
b ThlS confirms the theoretlcal results obtalned 1n sectlon
;2 7. 2 Under these 1deal cond1t1ons the KFP and the SP are
vfunctlonally the same and behave as' open ‘loop predlctors.mv
L 1 2 Ered1ct1ve Control R "v _
w Fzgures 2 9a a”d\b show the performance of the o
hA'jlpredlctlge,control scheme u51ng the KFP and the SP, under
tperfect modellfhg and no1se free cond1t1ons and as subwn in

""itheory 1n sectlon 2.7, 2,'show exactly the same performance.‘_

(%
v'm';-.

'e pred1ct1ve control scheme tracks the set pount
"kg“perfectly and shows betterpperformance than the PI conhrol

‘htHowever, thls super1or performance 1s obtazned at the
f, P N
,expense of h:éh cont forcE'(see f1gure‘2 9b) It is also
% Q
1mportant t% note that the mxnxmum ggfﬁance control scheme
Y o . ; . .-



due to Astrom (1970) would give the same performance under
these condltxons.»

2. Stochastxc Process o

\

2.1 PI Control

.Figures 2. 10a and b show the performance of the PI

4

controp scheme. usxng KFP and SP _1n the presence of both ;_

| process and measurement n01se and under perfect modelllng

The gr1ter1on for éomparlng the performance was :he m1n1mum

e
wv "

var1ance of che output error. -{3#

'A1n th» SP were tuned to obta1n the mlnlmum var1ance

". mance. (Note that a=1 1mpl1e5'zero f1kter1ng.)-

g

‘ %.-utput error of the SP 1ncreases w1th&decrea51ng a, i. e.

’

. ® o
. more’ f11ter1ng For the KFP 1t 1s~lower~than the SP and does;

not’ show much Var1at1on w1th respect to R J/R, .p
As ‘seen - from~¢lgure 2 10a there. is" no obu1ous
dxfference 1h the performance of the KFP and the SP. |
However, the better performance of the KFP - 1s demonstrated
’ by flgure 2.10c. o -“vl |
2 2 Pred1ct1ve Control
: Figures 2.11a and b show the performance o§ the

4

’ipredlctlve control schemes usxng the KrP and SP 1n the

v

‘presence of process and measurement no1se, and under perfect

‘modellrng. it is clear that the performaJLe of the SP
- w1thout a fllter (a=1), is- extnemely nofsy Its performance

'-1s vorse . than the PI control scheme 1n f1gure 2 10a. The

g .

I,'

ratlo R /R 1n the KFP and the fllte{ coeff1c1ent a

It is clear from f1gure 2.10c, that the var1ance of the

' o R . v ' . .V.V :
FOlop
R b




predictire control schemes are\quitevsensitiée to noise
| present in, the feedback. loop. | o
w The smith predlctor performance is 1mproved by u51ng
nthe exponentxal £11ter. The f1gures do,not show ‘much "’
d;fference 1n the performance of the KFP Jnd the 1mproved o
SP: However fzgure 2. e shows'that the m1h1mum var1ancm in

: “ : m
M) output error can‘ ach1eved by the KFP. Thls confirms the
« e

'm1n1mumn Varzance propenty of the predrctwe ,c.o.trol law

**’based ¢p the KFP as proved 1n sectmn 2.5.2 . a
, - & .

‘m*';' o Although a 51gn1f1cant 1mprovew\t 13 the, SP is ,

*‘"“ob&ned by 1ntroduc1ng the fllter, 1t0cannot glve better

'S

perfotmance ,tha*n &iy m1n1mum var1ance pred1ctor, S1@ce the
| .‘actual rat1o q‘ R /R =1 0 that the m1n1mum varxance shou*ld :

occur’ at that ratlo, but the qummuﬁ‘occurg at &/R ‘&s

' 'Ph1s may be due to non ideal no;se charactenstlcs fmlte o

' 1ength of the no;s.e_sequences_and the fatct that %nly ‘one run |
. - By

"_"»‘;‘.*'was done for each pomt in £1gure 2. 11c. S @‘,
L Comparmg “hgures 2.10c and 2.11c. it 1s clear ‘that the

v‘vmmlmum varxance~ach1evable by the KFP in the pred1ct1ve
. 'control scheme 1,s less than the PI. control scheme. '
‘rhe/ performance of the pred1c;t1ve control scheme for
*vthe 2"" order process is shown %n f1gu’e 2 12a, b and c._The‘

mmmum vanance performance of - the KFP is demonstrated m
@ flgute 2 12c.; ‘ i S . q v vl' 0
. L oy

3. Process w1th determmxstlc d1sturbances

etk

'rhe behavmur of the KFP, SP Pnd MKEP 1n the presenc v
Ry

~:—~~—e£—-de-term1mst1c dxsturbances was mvestxgated, by

3 e
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"S\d L oo o
v' ‘ . W ) . . ;", i s : N . A N - : . .
s1mulat1ng proce ses‘w1th the follow1ng dif rence

equations,’ / ' : {J,

18t ordezi _ | A
y#t) - 0.9321 y(t 1) = -0. 1717 u(t 4) + o 9329s(t) H
Y | | o : (283)

(2 8. 4) ,'

L ‘”’and 01 for the 1t and 2'"’ order processe's‘ | .'(

"_rt 1s important to note the steady state  °

‘ValueS'offf‘ese d1sturbances.
.Eorfthe-1" order‘process,

£, =549, Py

| ”.for the 2"" order *@ss : RS e '

\and 1t 1s c!lar that they are ‘xtremely large dlsturbances.

Pt

:{1PICtrol__ . .
'; ) Frbm f1gu;§ 2.13a 1t 15 clear that the KFP gives biased //

5
=

output control under determ1n1st1c d1sturbances.)There 1s an

| approxlmately 100% error 1n the controlled output Asa ‘_ e
eﬁplalned 1n sectlpn 2 6 thls is due to the PD estzmat1on. SRR
nature of the KFP whlch results in 1a$ed.bred1ct1ons. |

~ The same f1gure shows the‘pgrformance gf the SP and 'i"”;%éw

A
ay

MKFP The mod4f1ed KFPAshows better performance than the SP,
| The transxent behav1our of the dxsturbance rejectlon 1n the

MKFP can be tuned by RV/R 1nstead»ofﬂretunxng the PI f"kh;_

‘\ﬂ
Lo L



. R - e ) . .

Co

controller. Tun1ng R /R, change lthe’integral gain L, of the .

™

PID estimation. f
s 3.2 Pred1ct1ve Control , “ :Rn«f .“ SR
. , {Q ‘ . - .
Flgures 2.14 and 2.15 show the performange of . bhe f”n&,"

*’f“‘“
,_na MKFP

,Jw-‘ «

of the MKFP is 51gn1f1cantly better than the -SP. fb*A=U‘n

Predxct1vev'oqtrol using the SP or the KFP show’better

pégfbrmance‘tha rﬁ% PI control scheme, but still at the 1

expense of high "ptrol force.“ ] //i ‘ // _.;
- _The superxor1ty@of the MKFP under 1nc;e<i;tal -
pred1ct1ve con@fol can be expla1ned by ﬁhe caoab111ty of the

: KFP to predmt the drsturbaﬂ‘ once it has detected the
occurrence of .a dlsturbance Although a thorough | jﬁ .
'1nvest1gat1on of the d1sturbance pred1ct1on mechaniﬁm in. ‘the
MKFP is st1ll needed thls is ddﬁonstrated in f1gure 2 16,

"whxch shows the open loop dlstu‘gance pred1ct1on in bot Et‘“}

SP and MKFP. It \3& clear that the MKFP predlcts the

d1sturbang® thre _fme steps ahead .Whlch is the t1me delag“‘
in the. proce%s, vhereas: the .SP ig only capable 35 senply
followrng the current>§1sturbance.~ - s [‘;fv.‘ . ‘f;.kgj

S1nce the MKFP is capable of predlct1Q§ the _

dlsturbance, when th1s is employed in 1ncremental predxct1ve

control the control actlgg 1s taken in such a way that the,
el
‘dlsturbance 1s reJectedaas soon as. 1t occurs. o

P A
v.,\.'-' ‘ ) L
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o
§ o » K

4, Pr0cess-model mi tchvr A QI

e ¢ .
sy
riph

Fxgures 2.17a and 2?%9& Show the performance of the

QKFP MKFP and SP under an error in the steady state ga1n of
the)model The steady state, galn of the model is 20% less

than the‘;ctual process ga1n All the schemes’are sens1t1ve
to model error under dynamlc control KFP also- nges a small
bxas or an offset in the steady State. The steady state '
error can be reduced*by 1ncn¢351ng the ratio R,/R, but this.
‘would result in. h:gh<Kalman ga1ﬁ¥ and Eﬁhﬁeqﬁeﬁ%ﬁy wouf8‘3~mw

. deterlorat%'the trans1ant6characterlst1cs. g .

The MKFP el1m1nates the offset ‘and cam be tuned to g1ve

“”fetter performance than the SP Since, the Kalman filter .
treats unmodelled dynamics as noise orvd1sturbances it can

, be'tuned to take into account the process-model mismatch.

@

However these results show that a suff1c1ent formulatlon of

the state space representat1on is necessary, to take 1nto

LR 2
’

- account the unmodelled dynam1cs. In this s1mulnt1on the

: mlsmatch in the steady state ga1h can be 1nterpreted as a_

determ1n1st1c dlsturbance and hence it ‘is necessary ‘to use

. -

. the modrfxed KFP.,.

“
¥ 24



2.9

1.

l "’7;“By using the innovation model, it is shown that

Conclusions

The Kalman filter predictor scheme) based on

state space’ formulat1on and the Kalman f1lter i
.
devéloped for processes with time delays plus process

and measurement no1se,'The KFP gives the opt1ma1 or

o

Kalmanﬁfilter predictor'has the same'¢onfigurdtion é@
that oﬁtthe Smith pred1ctor, except for an add1t1onal
£11ter , which performs the minimum varlance flltéﬁang

Under noise free cond1t1ons and perfect modell1ng the

”\KFP and SP are fuﬂcﬁionally the same.

The'SP“can-be improved, for use with stochastic

processes by introducing a filter in the same location’

"~ as imn the KFP R : ' ’ ‘ -

The stab1l1ty of the KFP, and the convergence of the'

© time. vary1ng KFP to 2 stable iteﬁﬂy state KFP’are

™

estab11shed._ .-', .',‘ . : AR , ;“/,

A predzctzve cOntrol scheme based on the KFP and the

Xy
SP are pr;!%nted. The predlctive control scheme based on.

‘the RFP results in m1n1mum variance cont:ol performance.

. »

The Kalman f11ter predlctor is. mod1f1ed by augment1ng

. the state space &ormulatlon w1th an. add1txonal state ~

. 3.
4,
'.t.
-
AR
- :5.
e .
' ¢,
‘ 6.
. ) ‘. ’.
) 4‘ 7.
S
8.

\

',correspond1ng to n01sevto give'. unb;ased pred1ct1ons for

processes.with determ1n1st1c d1sturbances. ~ s

-,

~+ An incremental predactxve control scheme based ‘on the'

4

!pecial‘ "

minimum varlance pred1ct1ons of the future process g
outputs. ¢ o
. » L 1/\‘/-\ “”.";r_::";:

A
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modified Kalman filter predictor.or SP is proposed for

The md@ified

< .

7Vproces$es with deterministic disturbances.

~ .f,KFvahows significantly better disturbance rejection. -

9. o computationally efficient implementation of the

 q . -~
Klaman filter predictor 1§'presented.
" ' .

' S ]



B3

]

] A,; ‘}. i‘* -? “ ’ I
Table 2.1.Proc6£¥'énd Measun@ment Ngise Variances used in
Simulations
. y ] i
Process Process Measurement
FYO . : .
 noise w(t) noise v(t)-
1%t order | [0,0.001] [0gp.1]
| 2n order - (0,0.1]
: ) W

A

vi,o. 1'] N
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Figure 2.10c Variance of Output Error for PI Control of
1*t Order Stochastic Process using KFP and SP.
vit) = [ 0,0.1 1, w(t) = [ 0,0.1°1, K, = -1.36,

T, = 574.
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Figure 2.12a Predxctxve control of a 2™ order Stochastlc
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3. Multivariable Kalman Fiiter Predigtor

[

»
-—

L

3.1 Introduction

Time delafsbare oftgn encountered ip chemical
processes, and significantly degrade thé\performance gf
cohvgntional control loops. For single inbut single outputh\
(S1580) systemé with time delays, the effects of pimé delays
are easy to understand éqd hence there are a large number of
dead time compensation échemes availéble in. literature, e.q.
Smith predictor (Smlih 1957, 1959), Kalman filter predictor
(B1a1kowsk1, 1978, ﬁ@83 ). However for Multi Input Multi
Output (MIMO) systems wlth time delays, the mult1var1able
controller design techn1ques, e.g. Multivariable Frequency
Domain design techniques, become very diffiéult.

‘Moore et al. (1970), and Alevisakis and Seborg (1973,
_1974), extended the SISO Smith prédicto; to.g;yo systems
» havfng a single delay. Ogunnaike and Ray (19%9), presented a
multivariaﬁle controller design that could hahdle multiple ‘
t%me delays. A similar scheme has also been.presented'by\ 1
Ibrahim and Fisher (1979). This multivariable predictor w;s

obtained by remdv1ng all the time delays from the system
Transfer Functio Matrlx (TFM) . Although this fac111t$ted =
thé controller design, it did not give a physical mg?deng'to
the predﬂté&r output. Also, because of the interactioﬁéi
removing all the time deléys did not always produce the ‘best

\\
control performance.

‘89
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‘o Sripada et al. (1985)“pr0pqsed a dead time compensation
_scheme for MIMO sysfems with multiple time delays, based on
the interactor factorization due to Wolovich and Falb

(1976). The predictor in this scheme is based on the
residual TFM obtained by removing the 'natural delay
'deflned by the 1nterdEtor, from the gystem TFM. It is shown
that removing only the time delays of the in;eractor yields
an optimal dead time compensation scheme. The simulation
results show better closed loop performance of fhis scheme
over the dead time compensation scheme due tq’Ogunnaike and
Ray.

The multivariable dead time compensation schemes
disebssed above are designed to work with detefministic~
processes. When process noise and measurement noise are
present invthe system the performance of these schemes
deteriorates due to the noise present in the feedback loop.

In. this chapter we present a multivariable stochastic
predictor control scheme for processes with time delays.
This is a multivariable.extension of the Kalman filter
predictor preéented in chapter 2. This multivariable KFP
uses a specific state space formulation to represent Ehe
MIMO process with time delay. The MIMO system is represented
by p (number of outputs) Multi Input Slngle Output (M1S0)
state space fq@mulat1ons, wh1ch are serially connected. This
state'épace formulation is based on the interactor

— factérization due to Wolovich_and—Palb-(1976), and the

observable state space formulation due to Kalman (1963). The



91
y

states of this state épace‘representation are estimated
~using p serially conﬁected Kalman filters, thus giving
serially conneétéd Misd KFPs.

Because of the similarity of each of these MISO KFPs to
the SISO KF? presented in Chapter 2, the results obtaiged
for the observability of the state space.repteéentation, and
' the stability, and the convergence of the SISO KFP are
directly’appliéable to each of MISO KFPs. .

Using the innovétion model concept it is shown that the
configuration of thé mulEiQariable KFP is equivalent to the
Interactor Predictof (IP) due to Sribada et al. (1985),
except for a fflter which does optﬁmal filtering of noise in
. the KFP. The IP can be improved té work under a stochastic
environment by introducing an adhOC‘(e.g. exgonential) |
‘f1lter TFM in the same location as 1n the KFP.

The KFP can be used in con]unct1on with any type of

' controllervde51gn. In thxs chapter we use PID and predictive
c&ntrol algorithms, It is shown that thé KFP plus the
prgdictive controller leadsbto a minimum variance control
system. | |

The simulation resultg\show the satisfactory
performance of MBth the.PID\and predictive contrél scheme

based on the KFP.
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3.2 MIMO systems with Multiple Time Delays

3.2.1 Igtroduction k

The optimal predictor (Kalman Filter Predictdr (KFP)), (’
discussed in this chapter is based on a specific formulation
of the state spéce répfesentation for the MIMo-process with
timg deléys. The fofhulation is relatively straight forward
for the(SISO systeh as shown in chapter 2, because the time
‘delay term in the process transfer function can be easily
factored out. However; extension f this Kalman filter
predictor to a MIMO system with giitiple time delays-~in the
transfer function matrix T(qg), requires consideratign of thi%
following factors. -
a. What is the best ﬁechanism to factor out the time delay
in a MIMO system having multiple time delays in the transfer
function polynomial T{q), as

T(q) = D_(q)R,(q) o - (3.2.1) &
D(g) - represents the timé delay factor |
R(q) - residual after fact?rizatidn.
b. .What_is a suitable state space realization for R(q) and
D(q) that would satisfy the following conditions.

b1. Individual state space moéels for D(q) and R(qg), and

the augmented modei are obser;;ble.
w b2. The predicted future outputs defined by the *
factorization in (3.2,;), are‘gxpressed directly as a state,

or a 'linear combination of states.

b3. The elements of the state space matrices which are

L]

»
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e )v.'
['hon,zerd~aha'non unity are'eXplicitly3in the?transfer'

correspond1ng ARMA model as

.‘ﬂ‘ funct1on matrlx T(q) or*t'_
parameters As dlscussed ‘:.er in chapter 5 thlS structure
‘1s necessary to extend thrs scheme to an adapt1ve system.x
_;;;:ﬁ' A su1table factorlzat1on method and a state—space 3 .

formulat1on that satisfles the above requlrements are

P

presented in the followlng sectlons.t'

3 2.2 IntereCtor Factorrzatxon’,v"ﬁds
~The»concept of '1nteractorbfactorlzatlon"lwhlch
4'prov1des a means to factor out the natural' delay .
_'{assoc1ated wlth a MIMO system was f1rst proposed by wOlov1ch
~ and Falb (1976) The factored matrix tgat represents the;’
| .t1me delays is’ called the 1nteractor matr1x Thelr work -
‘has prov1ded a,strong mathemat1ca1 tool for deverplng MIMO

control systems; espec1ally 1n extendlng the exlstlng SISO

‘control system '

,»to MIMO systems wlth t1me delays. o

The theory of 1nteractor factorlzatlon and the .

; factorlzat1on procedure are glven also 1n Wolov1ch and
N e

rEll1ott (1983) and Goodwzn and S1n (1984) The 1nteractor

: matrix has been used to represent the t1me delays for MIMO

ysystems, when developlng adaptrve control algorlthms f&l,“'

_lprocesses w1th time delays,ﬂq§JE&11ott and W010V1Ch (1984)

lDugard Goodw1n and X1anya (l984) Goodwin and Dugard L |
(1983), and Goodwln and Sln (1984) ‘A mult1var1able dead

= tlme compensatlon scheme based on the 1nteractor

factorlzatlonpwasvproposed;by;Sr;padaet»al. (1985).

' Tp e
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" For @ SISO sYstem w1th an. ARMA model QIVéé by. RN

| A(q ) Y(t) = B(q") u(t) o R (3 2 2)

| ‘ & ‘ - ’l ,
A(q"f‘ Pragte o taEn o | o (3.2.3)
a(q"‘ oy c‘*w(wbzq +b, gt ”> 3.2

the time gelay (ayy) (actual poocess delay plus

‘thscretlz'atl on delay) can be’ formally expressed bY def1n1ng

a Scaier funCtIOn E(q) d‘” SUCh that e \l
lim K E(q)A ‘( -1)B(q") | el (3.2.5)
'q——'7 N :

¢ . -

_ Where K is @ non Zero scaler.-

The SISO transfer funCtIOﬂ T(q‘) glven by,

r(q") ~ (q")B(q ) o ‘ | S (3.2.8) |

can be 'writte“ as, IR S
@) T ENgRe) e | | (3.2.7)
orass Sl e | L
o Theorgn . (3.2.8)

The same 1dea has been extended to MIMO systems by

Wolov1ch and Falp (1976) who showed that for every pxm

proper,
"un1que

'called

~wher® 9 ig ;5 jnteger.

rat1 "al transfer functlon matrix T(q), ‘there is an

. 3
mo 1n9u1ar pxp lower left- tr1dhgyz§} matrlx 3 (q)

the i teractor of T(q) such that

de,t-'ET(q') . o (3.2,9)



2. _1im ElQ)T(Q) = K o (3.2.10)
SN I rh e , ] | °

-
EN
N -~

'.where K is a-noh- 51aguLar matrlx of full rank (=" mln[p m])

<

S1nge £.(q) 1s a'non- s1ngular matrlx; there ex1sts a
v;stable operator matr1x called the 1nversef1nteractor matrlx
N "£“(q), which represents a left lelsor of TTq}x\Phy51cally
‘E;"representha‘measure of the;natu:alvdelay assoc:ated |
,ﬁith a déscretized MIMQfsystem. The T(%) can be‘factofeq out
as follows: ;‘.‘ v‘ R o C L |

p(g) = z ’ (q) RT(q) SRR T @ezany
Where, . ; = o . B “ ,‘ -. | |

g - is a. pxp maﬁix | | |

Ry -is a pxp‘mstrik called the residual. : o .
Nofelthat‘as in the case of SISO System, z;‘(q).faetqrs'out
sfhe'deiay‘due to discretization alsb.. g

| When the system transfer functlon T(q) 1s “causal
vlnvertlble then the degree of the determ1nantaof the E‘
represents the number of 1nf1n1te zeros the. system RT(q) is

s

bicausal, ip . does not have poles or zeros at 1nf1n1ty. For
a—azscrete tlme SISO system a zero at 1nf1n1ty 1mp11es a
delay of.one sample-perlod. Thus £q£,d1screte time MIMO
systemS‘the inverse interactor i;ﬁ(q) factors out the zerosb
’iat infinity and‘provides a measure of ehe natural delsy‘

"associated with T(q).
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In general a discretized plant T(qQ) can, be obtained

Qsingfstep or puisé)response datarahd‘put into the following

form:; o
- [é-d“t,,(Q)m qfdut‘z(q) Co -  q'°"%,.(q)
T(q) = qfd2|t2‘ (q) .q"dzztzz(q) e q-dZnth(q)
Q‘»i; . L.q-‘-’?‘tpl(.q) 'C_J.""?ztpz(q) o q"dp'\tw(q) ‘
T | . | ©(3.2.12)

wvhere, t.. is a proper rational function in the operator q,
i) - P. q

and d,; is,thefdélay be'.tween_ith output and the j** input.
| Sihce discfete sysﬁems possess an inherent unit delay
‘due to the ie;o order héld; their transfer function matrices
~ are alﬁays S;rigtlf‘proper'and the intetactdr ET(q).ﬁilL
have the structure, e |
gl = H@D(@) » (3.2.13)
where, H,(q) is a ldwe;‘trianguiaf, dnihodular_matrix, “ithv

unity values on the diagonal. ‘ .
. . % : | : o

- ' : -
1 0 - - - -0
@) h,,{q) 1 ‘
H,(g) = ‘ : ,
! - (3.2.10)
© | hp (@) h(q) - -1
D,(g) = Diag (gM, g2, - - -, g (3.2.15)

and A, >1and i s P. _
~ Often Hy(qg) = I and £,(q) = diag (ghi), n which case A
can be interpreted as the miniﬁdm delay between any of the

inputs and i** output. It also represents the minimum"
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relative degree of any of the transfer functions in the it®

row of T(q). v

‘The ex1stence and the unlqueness oq’the interactor
matrix ((t), satlsfy1ng the above mentloned condltlons are
proVea’bvaolovich and,Falb (1976), through a oonstruct;ve
procedure, for continuous time systems. The same procedure
vas used by Goodwin and Sin (1984) for discrete time
systems,ﬁThe factorization.procedure along with some
numerical examples are}given'in Appendix‘F.= |

Slnce £ extracts the deley‘due to-éiscretization from
some elements (at least one e =ment of each row) of T(q),
the correspondlng elements in the TFM RT(q) w111 not be
' strlctly proper. This would cause‘problems in the state
space realization piven in section (3.4). To retain the

delay due to ZOH, in the residual define the factorization

" _is defined as follows: . o

) = £ R@ T L (3.2.18)
where o | | | ,' |

h(q) = q"' Ry(q) : ~ (3.2.17)

£ (q) = q &' (q) ) o ' (3.2.&1‘8) "

Now the residual R(q) is strictly proper, but this m1ght
remove the str1ct1y proper property of the inverse
1nteractor £'(q). owever, this will not’ cause any problems

in the design of the KFP,
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Example:
If;;
o 0
- E;{(q) =
A o L0 q-z-*’
~then
[ 0 ]
£ (q) = |
N LY

In this example {.' (q) is strictly'proper but ¢ '(q) is’

not e’

3.3 Predictors for MIMO systems with Time delays

3.3;1 Intréduction

A number of séhémes-to predict .the undelayed output of
a SISO prpéess wiih time delays are;gvailable in liﬁérature,
e}g. thémeith’predictor.,The formulation of the predictor
is easydfor the SISO case, because for a lihear'sys;em:the
. time delay can be factored from the rest of the dynamics.
The undelayed outputibf‘thevprocéss islciearly defined for a
SISO system as ihe_ouiput of thé procgss when the time
delays are not present.

The mainvproblem‘in extending thi§‘predi¢tqr concept to
the'multivariable-case is to define an "uhdélaYed" bﬁtput

vector of,the'proceés, which can béiprédictedx
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Moore et al (1970), Alevisakis and Seborg (1973 1974)
extended the SISO Smith pred1ctor (1957 1959) to MIMO
system hav1ng a 51ngle delay. Ogunna1ke and Ray (1979)
presented a multivariable controller design that could
| handle multiple delays. A similar scheme was alse presented
by Ibrahim and Fisher (1979). In thlS scheme the predlctor
was obtalned by removing all the delays from the system
transferifunctlon matrix. Note that this cannot be
;epresented by a féEEorization as in equabiom (3.2.1),
except for the special case when each element'of a row in
the t;ansfer fuhetion matrlx has the same delay as shown in
Appendlx‘G.:Removinq”all tﬁe time delayS‘fromJthe system :
-TFQ, facilitates the eontpqllerrdesign. Any conventional
controller deslgn technique for processes yithout time
delays , e.g. mfftivariable frequency domainfcontfoller‘
design, can. be employed. But the maim drawback in this
scheme is that it does not g1ve much phys1cal meaning to the

'undelayed' output. Also the relationship of the output of

the real plant to the ‘output of the delay free model is not.
a simple set of‘time delays. Tmus "obtimal" tuning of the
'feedbackbcontroller based on the model output may not be
optimal for the real plant. |

Sripada et al. (1985) pfdposed_a‘predictor.for MIMO
systems with time delays, based on ‘the interactor'
"factorxzat1on due to Wolovich and Fal (1976l:hThis
_predictor vas based on the residual ﬁlcg) which vas

obtazned after remov1ng the natural delay defined by. the

v
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interactor, from théysystem T?M s; demonstrated in Appendix
H. It wsé also shown that using the interactor matrix to
represent the time delay, is optimal under certain
conditions; | ' | o

The Interactor Predictor (1P) due to Sr;pada,\Fisher
and Shah (1985). is designed for deﬁprministic system. Tﬁe
MIMO Kalman Filter Predictor (KFP)\pnesented in this chapter
is based on the interactor factorization approach, and

designed to handle a stochastic system.

3. 3 2 Predictor Concept for MIMO systems
For a single lnput single output system deflned by the J
: ARMA model (3.2.2), o . ,
Al@h) y(8) = g B(g) ule) | (3.3.1)
_the future value of the'output at time t+d+1 is given by
Cy(t+d+t) . L - | . ,
But for a MIMO system the concept of future output
values is not 50 stralghtforward
Cons1der, .
y(6) = &' (@) Ry(g) ult)  (3.3.2)
and define a filtered output: _
where ¥(t) = £,(q) y(t) = q &(@) y(u ©(3.3.3)
y(t) is def1ned as the pred1ctlon in a MIMO system. o
A schematlc block diagram of the MIMO system, based on
the interactor factorization is given in flgure 3.1. The
first block in figure 3.1 represents t?eiﬂIMO system’

dyhamies after appropriate time delays have been factored as
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in equation (3.2.16). The veétéf yo(t) of,dimensién b, which
ié thg~odtput of the firs£ block is given by,
y°(t) = q' R (q) u(t) = R(q) u(t)
= q' y(t) .(3.3.4)
Also from figure 3.1, the output of the second block ©
is,
| y(t) = q &' (q) y°(1)
= EQ) Y | (3.3.5)
The quantity we ;;é interested in for the design of a.
predictor is y(t). Since the discretization delay is‘
included in R(q), the‘quantity we are interested is y(t-1).
Froﬁ equation (3.3.4) it is clear that the output of the |
first block y°(t) giVes the predictidn_}(t-1).
The Interactor pred1ctor due to Sripada et al (1985) is
a deterministic predictor that prov1des the estimates of N
°(t), based on equation (3.3.4).
The objective of ‘this present work is-to estimate thls
oqtput y°(t), in a stochastic environment. Since we are
interested in using a Kalman filter to eétimate the vector

y°(t), it is necessary to obtain a suitable state space

formulation for the sjstém given by equations (3.3.4 and 5).

3.3.3 Relatzonshxp between ARMA and TFM models for the MIMO
system thh Interactor Factorlzatxon 1
Let the (i,j)t* element of the transfer function fatrix R(g)

be expressed as, o - \

——
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bi;
R, (q) = 22a) (a1

l a‘(q) (303.6)
where

al(g) = q" + aj g"'+ - - - + al (3.3.7)

b‘J(q) = bi'j qni + e .+ bnzg‘ q + b,‘,? .

- - . R ] (3'308)
d; ié the time delay, with at least one, djy =0, and, j =
1,- -,m for each i = 1, - -,p. '

Now consider,

2 K .

=y
g?'(q) q M. . . 0 : :
£ (q) = |- T ! - (3.3.9)
L g?'(q) - - gPP(q) q P | f
wﬁere, 5
gi‘j qki-1 + g;j q)\i-2—+- © o+ gy
g'Hq) =. . i (3.3.10)
- - : | . qkl
1<1is<op, j S i1
or,
gii(q") = giiqt + - - -+ gy a M (3.3.11) _
. . 1 .

It is important to note that the degree of the
polynomial g'i(q™') is‘limited‘;s follows for simplicity:
o minimum degree of gii(q™') 2 1 )

maximum degree of g'i(q™') s A,

That is, if is assumed in the-followiné development
that the maximum delay term in the.i®® row of ¢ '(q”') is M
given by the delay in the diagonal element of that row. This

-
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is not proved for the general cése. However thev formulation
“ is not restricted to these conditions.
The TFM R(q) can be interpreted as consisting B“{"”p“ﬁféo
“systems. Based on the equation (3.3.6) the ARMA model for

.‘ .
the jh MISO system can be written as,

,axj(q"‘.)yg (t) = q'B{q"") ult) | ©(3.3.12)
vhere

‘e (@) =1 +al g - +a) g™  (3.3.13)

B (g"7) - u(t) = [B'(g™") B7%(q™") - - - B™ (q™") ] u(t)

=B B B.; q™" (3.3.14)
%3dth |
B* (q') = q'-d}gl(b?x.., bj* q' + - = +b3§ g™d)
(3.3.15)

and

n, = n, + max [djk] for k = j,m.‘

Note that coefficients of a, and B* are same as that of
al(g) and b¥*(g) respectively.

The ARMA model for the TFM R(q) can'be written as,

A(g™") y°(t)‘ = q' B(g™") u(t): R (3.3.16)
where | A |
a(g™") ﬁy°(t) '='[a‘(q") a?(q') - - aP(q ') 1y°(t) ~
= (I + A,q" + A,q7? + R Anq'")-y°(t) ' @
(3‘.3.1‘7)
with |
A -vdliag laj a} - - a?] . (3.3.18)

and n-max[nj] for j=1,p.
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Bn(q-l) ... Blp(q-l)
B(gu(t) = | u(t) ’
P (q™") - - - g(gT") (3.3.19)

T B‘ + qu“.’. Y Bn.q-n‘

where n'=mpex [n;]
As shown in appendix I, B, is non-singular.

The inverse interactor given by equation (3.3.9) can be

rewritten as,

£7'(q) = p(q) + G,(q) , . (3.3.20)
" where '
D(q) = Diag (qk1, q\z, ey qkb) y (3.3.20)
r‘ : - ——
. |g*'(q) O 0
G,(q) = [ o
- : (3.3.22)
gf'(q) - - - gPPT(q) 0
' -

The ARMA model for the process given by the TFM T(q)
is, | 4 | .
y(t) = A2 (g™B,(g™") ult) | C (3.3.23)
Since T(q) = ¢ '(q)R(q),

A B.(q") = £2'AT(g)B(G™) | (3.3.24)



K . 10
\ >

3.4 State Space Formulation

-

L .

3.4.1 Observable State Space Realizarion for Discrete Time‘

.ﬁIMO Systems

There are a number of observable state space
realizations for discrete MIMO systems available in
li;er;ture. Most of ;hgm are csncerned with obtaining an.
observable state space formulation\lrom the TFM. Wolovich
énd Elliott (1983) present an observable state space |
realization for discrete systems, which is based on the
state space realization for continuous systems by Wolovich |
(1974). A review of MIMO observable state space realizations
for cont%qpous systems which can also be used for discrete

syétems is'éiven in Kailath (1980). The difficulty in using
those schemes is that the respecti§e ARMA parameters of the
TFM do not appear explicitly in‘the state gpaée m&del. They
are obtained by a linéar transférmatibn on the existing
state space realizations, e.g. Guiaorzi (1978), El-Sherief'
(1981), Sinha.ahd‘xwong (1979), and El-Sherief and Sinha
(1979). | | ’

The state space formulation used in this work is based
on the observable canonical form due~to Kalman (1963), which
was devéloped for continuous syétems. We have deve;oped the
discrete version of the Kalman's cénonical form, whichzyas

developed from the equivalent continuous time system givén

in Mayne (1968).
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.\ Let T(q) be the transfer function matrix for which wve

are interested in obtaining a state space representation.-

-

-

t,,(q) t,(q) - - t, (q)
t, (@) tla) - - ot (q)

T(q) =

| (3.4.1)
:t,p,(g) to(@) - - ot (q)

This 1s a pxm proper, rational transfer function matrix
in q. For physical realization T(q) should be causal.

A discrete, linear system dﬁgcribed by a rational |
‘transfer function matrix is causal if and only if T(q) is
proper, ‘i.e, ‘ | ' '

lim T(q) = K
q-—>w
whefe K is'a finite pxm matrix,

T(q) is strictly prbper if K=0.

if each element ﬁﬁ(q) of T(qg) is obtained through

discretization using a ZOH then,

‘m-Qhﬁoa .

and thus T(q) is strictly proper.

- In the system equatidn,
y(t) = T(q) u(t) : | _' (3.4.3)
whgre _ ’
y(t) - px1 output vector

u(t) - mx1 input vector

¢



?‘islthe 1‘" output Y, (t) is ngen by,-

51q7h
(t) = t“(q)u (t) + tizuz(t) ""*, ttﬁ(é),um(,f‘) _(3'.4';4)”
or 1_.f Cel | SERBRIES

e e
-th)éq:Uan)'PJU fgdg Q)

L7 B

'1Where a‘(q) is the Least common multlpller of the s

(t‘)‘ .

(3.4.5)

denomxnator of the elements of the 1th row of T(q),rand

B -hglven by, | Jg _
-a’ (q)" qm + a Q"" +‘7ff;‘:* azq B a‘,’he . (3.4.8)
bi](q) g b‘g qni 1. + o b‘J q. * b‘] (3 4. 7)

| “and d is the txme delay assoc1ated with each transfer .
'jfunctlon elemtnt, excludzng the ‘ZOH delay.;‘_t>
Now consxderlng that the system g1ven by the equatlon

,‘(3 4 3), con515ts of p Mult1 rnput Slngle Output (MISO)

systems g1ven by equatlon (3 4 5), the observable canonlcal '
’ s

Lrepresentat1on for the system g1ven by equatlon (3 4. 5) is
aS‘follows. ‘ : o » A. | :
(m) = &x(t) + A u(t- a) . (3.4.8)
. v ‘ 3 R . . a J"'_.' ) . ) {
cule-g) = [ u,(t-d;,), u,(t-d;,) - -u(t=d;) 17
x (t) - nix1’stete vector. - ., 1
[0 0 .0 -al
10 -0 -aj
¢ = ‘0»1 -0 '-a% S
. N "' ¢ * . . i »» (3.4.10)
00 . 01 Tan 'nixnif ‘




or

¢ =

¢ [ e, e

the unit vector e, of dimension n; given

T =
ei. =

(o

>

10 -

. 0]

_ : ' . i :
-has the it" element equal to unity, and, .’
B . . ) ) " " a . B ‘

és = ['ai‘.A.
A = LB B

‘with
and, ‘
8, = e =_[0

. al. 1 

. oni

. ‘; th ‘];i;m

BT

e

0 1])T

txni

 Since the'sysiems.given b§ equations. (3.4.8
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(;3.4.“)(
(3.4.12)

. ~(3.4.13)
-(3/4.13)
(3.4.14)

(3.4.15)

(3.4.16)

- 16) érg

S : ; Y 3 . : R S
observable, the observability matrix W, is given by,

ei
) X
: 0.®
W, = .
i
. ‘ S, Lfifpgx 1

and has a rank of n .

i

.

. i~

e (3.4.17)

~
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A simiiar seEIOf"state spacé repreSentations which are
in observable form-can be written for each of the p outputs.
By augmentang the states of all these p reallzat1ons into

one_state space reallzat1on, the followvng equat1ons are

obtained: » ’ i
x(t+1) = &x(t) + Au(t-d) - | (3.4.18)
y(t) = ex(t) o - (3.4.19)
' where 4 | o
& = diag [¢, ¢, - - ], | (3.4.20)
P A o 3 -
N = n. o (3.4.21)
4 1=l 1 o . )
J ® é',di__éq (6,8, - - e‘p]nnm) - ;. (3.4.22)
or | - |
| . y _
ey, T,
€ln1en2) (3.4.23)
e = N
@ g(ﬁ“&’i -+ npY
ke - | \
A= diag (A A 0 A Guimen © (3.8.24)
and SRS ) o T : o~

B w(t) = [ u(t-d)7, u(t-g,)7, - -, cult-d )t
- For._the system gzven by equatxons (3.4.18 -and 19), the L

'obggfvab1l1ty matrix*is ngen by, .

P at
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— [e 7
P
W = | 89?
: | | | (3.4.25)
. e‘bn-l »
L - \/—\
diag.[6, 6, - - 6] S o
diag [6,®, 6,8, e 8.2 ] | ] (3.4.26)
W= '
| 'L_diag: [6, 8% o, & Qp@;w ]_j
yrearrahging the rows 1o".4.26) .
S s R R S (3.4.27)
W = o ) ) . . .
¥y . )
From equatioﬁ (3.4,27) it is obvibusytha; W has a rank

P . S . . o
of Nxﬁ‘ni; Hence, the state space representation of the MIMO.

. sx;tem‘given by equation (3.4.18 and 19)hi§'655érv§ble,
3.4.2‘Staté.8§ace férmulation £o; thg Kalman Filtef
Predictor - H |
_The observable state spéce;realization given by the
equations (3.4.18‘and 19) can be used to obtain the state
Space fotmulatiqns for the systems.giéen by equations {(3.3.4

and 5).



by,

'and

x'(t+1) = Qgﬂ(ﬁ) + A, u(t-d)
yo(t) = 8,x'(t)
.. where o v
©ult-d) = [u(t-a)7, u(t-4,)7,-
-with i '
u(t-d,)T = [u,(t-4,,), u,(t-4;,)
x'(t) = [x!, x} -
¢, = diag [ ¢, ¢, -
wi_th; : )
R
Nl = F.]nl
and — -
S 00 - - - -all
S 10 - - - -a¥?
¢, = (01 - . -a¥
00 : ¢ 1 -aj'"jJ
A, = diag [A, A, - 1p]uix(nxp)
with \
Ay = A AR - - AR CL

A = [bY - . BY T

111

~For'equaticns-(3.3.4) the state sphce equation_is given

(3.4.28)
 (3.4,.>29)

-, ul ttdl;)T]T"

<, u,(t-a,,) 1"

]

(3.4.30)

(3.4.31)

(3.4.32)

“ (3.4.33)

(3.4.34)

(3.4.35)
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r 1

e, ‘
‘e'{nl’n‘#) ‘ | o LT
. 61 = |
' (3.4.36)
_.e(ﬁionz *np)|  (pxun)
Consider equation (3.3.5), -~ I _ S
yo) = '@y - | (3.3.5)

‘Using the TFM zﬂ(q) as'deéctibéd,by equations-(3.3,9,~

“10 and 11), the observable state space fo:mulationtfor the

system given by equation (3.3.5) is, - .
| z(t+1) = ®,2(t) + Ayy(t) | (3.4.37)
y(t) = 8,Z(t). | . ' (3.4.38)
where . . L SR o
¢, = diag (¢, ¢,, = - - sz] N2xN2
with |
' P
N2 : %.1x1 7
-and S o o
(00 - - - 0] ' 0.
&, = |10 0 = et (3.4.39)
01 - 0 . e | I
00 10 T
L. J l].]{)\j L—qj 1‘ ’
Ay = (A Ay - - - AT, | (3.4.40)
with '

AZ)’ = [Ag' | Agz . e . Ag.j‘1 ,e‘vo- U O]ijp (3.4.41)

A = [gi;j'vg’{;_f- gt I | (3.4.42)
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z(t) = ‘[”z,;'zz, sz, ) o . (3.4‘.43).
From équaéibhs‘(§K4J28 and‘37), _. '

Czes1) = 82(8) + A@X'(E) (3.4.48)
Now formulate an'auémented;stéte vector,

x(t) = [X'(£):iz(e))T (3.4.45)
and rename-the.étQteé"of vector- x(t) as follows for |
condenignce.»v |

() =[xy Xyt K Kerr ©  Kgag)  (302.46)
The corréspbnding.state space eguation for the

‘augmented system is given by,

x(t+1) = &x(t) + Au(t-d,) + Tw(t)  (3.4.47)
y(t) = ex(t) + v(t) 7 (3.4.48)
where | ;’ | °
| 3, o] - . :
$ = : ‘ ) N (3.4.49)
Aze1 » (bz (N1+N2)x(N1+N2) ‘ :
g 4
, ' A, \ '
A= o ‘ (3.4.50)
0 (NJ*#N2) x (mxp) : .
re=. rl | r, = Y ' LERT)
0 (R1+N2)x1v ' . 7:;1,-1‘ Y,
8 = [0 : 8,1, w2 (3.4.51)

[==

Also noté‘that the process no}Se w(t) and measurement
hoise v(t) are inclhded in the state space model.
w(t) - .process disturbance, vector of dimension 1, and it

is assumed to be zero mean uncorrelated noise with a
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covariance matrix R, = Lﬁ(t) w(f)T] haQing a dimension of

1x1,. It ié also important to note that the process

_:disturbances are considered to a>¥éct:onlythe states x, to

Xy ogy;pe‘states co;responding to the residual R(q),?.j.*f'.,.‘_..__‘___~

,hb noise is added to the delayed states since they are |

interpfeted as 'pure'.éelays.

vit) - .measurement noise vector of dimension p, and is | :

assumed to be zero‘mean-uncdfrelatqd QOise with'a covariance \

ma;rix'Rv,=;[v(t)v(t)T] with a‘dimensiéh of pxp..
The pfedictor equation to estimate y°(t) is given by,
y(t) = [, : 0] x(t) | (3.4.52)
Any state estimator can be used to estimate the sﬁatés

of the augﬁented éystem given by equations (3.4.47 and 48).

Thus the vector y°(t) can be p{edicted. Hoﬁéver-béfore'

proceeding‘further with the estimator, it is important fo‘

:consider the following factors. :' -

1. The séétekfransition matrix ® of equation €3'4'47) ﬁill
have a large dimension if the'time-delays present in
the system are farge. This would caugé a heavy burden
on the computer, because the state estimation algorithm
has a lﬁ;ge number of matrix operatiohsl<;t is also
clear that & is highly éparse, This means a large
number of unnecessary mhltiplicationé by zero in the
standard matrix operations.

2.. The observability of the augnmented state space model is
important when an estimator .is used for state

: S C
estimation., Especially.when the Kalman f11tg§.1s used,
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it is important for the stability and the convergehce
of the KF. The observébility.of the aﬁgmented SYStem
when the ihtéractor is ‘diagonal, g;n be easil¥
established. But, because of the complexity inv°1ved,
and because it is not required for the impleMm®Ntatiop
discussed.later, the observability(of the audMenteq
. system for the triangular interactor is not.Pr°V9d.
Taking these two factors into account, a different @PProach
is used for the KFP, Instead of using the single state Space
formulatioﬁ with a single state estimator, the syStem is
decomposed into p subsystems.
The decomposition of“the total system, in'schematié .

block diagram form is clearly shown 1in figﬁre 3.2. The

transfer function matrices R(qg) and 5”(Q).ére decoMposeqg

E separately into .p MISO subsystqﬁs‘in each. InterconNNectiong

of these MISO systems for a general triangylar int&factor

are shown in figure~3.2. The particular nature of the inputs

[

to ibe subsystems in £'(q) is due to the triangul2f Natuyre

of the interactor. An observable state space formulation

" given by (3.4.18 and 19) can be written for each subsystep

T —

in‘R(q) and t"'(g) by treating each of them as a MISO

system. Finally, subsystem j of the total gystem is Obtained -

by augmenting the j* éubsYstem in R(q) with the 3"
subsystem in £'(q). In this;augmentation the j* élement‘of
yo(t) is 6onsidered as a state, while all the otheT J-1 |
elements are treated as inputs to tﬁe it subsystem.°f |

t'(q). This is the key feature of this formulatio?r and it

/
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was possiblg only becauée of the triangular natd*e ofithé
interactor. The important point is that the p subsystems be
the total system are not in general indépendent, but are
sérially connected as shown in figure 3.2,

Consider the j* subsystem of the total system. The .
" input to the j“_subﬁysteh'in R is vector u. Input to the jtr
subsystein in ¢! are Yy (k < j=-1) of vector Yo(t).

Tfeating the j*° subestem as an augmeﬁtatibn of two
MISO systems, the state space formulation of the j*

subsystem can be written uSing'equations‘(3.4.47 and 48) as

follows: .
xI(t+1) = &0(t) + Auwi(t) + Mw(t)
- . (3.4.&3)
y5(t) = @x,(£) + v.(t) . (3.4.54)
and the predictor equation is given by, ) s
LYY () = Lellpa 3 (8) - - (3.4.55)
= x3,(t)
whére
[ J )
q’) = q’tj 1 0 ' :
e - — — ) _
ers 1 . S | (3.4.56)
]
0 o ‘ij
v ‘
I
1 |
!
L0 ] (imixtaiag)
, 1A, o -
Ay = (3.4.57)
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. with

Ay = [A;' AP A ] ' (3.4.58)
and —
AP = [g¥ gy - - g T . (3.4.59)
] ]
 J

'isthe state vector

W R R xhe a7 |
(3.4.60) and the input vector
wi(t) = [u(e-a3)7 = [y?, - -, ¥3,17)7 (3.4.61)
: -

e, = [ef,,wxj] | : (3.4.62)
¢, ¢,, and A5 are as defined by equations (3.4.§%£\33 and
S A

fo=0v a0 - 01" () U (3.4.63)

and yi'and v? are the-process noise and measurement noise of
the j** subsystem, ;nd are zero mean uncorrelated random
noise with covariances given by,

R, = [ij§’] and R, = [vjvgl
respectively.

As far as the state transition métrix $, and the output
equation (3.4.54) are'concérned, the state space formulation

of the subs}stem is the same as the SISO case given in



/ .
chapter 2, the observabxdlty of which has already been
proven. Thus the system glven by the TFM T(qg) has been
decomposed into.p observable MISO subsystems.

'

3.5 Multivariable Kalman Filter Predictor

d'_The single state space formulation;given by equation
(3.4.47 and 48), to‘représent a MIMO system with multiple
‘timé delays can be used to obtain an estimate of y°(t).l
Since we are concerned here with a stochaétic system, a
~suitable state estimagot to estimatevthe states of the above
formulation, thus to predict y%(t), is the.Kalman‘filter. A
" single multivariable Kalman filter could be employed to

A
obtain the minimum variance estimates of y°(t). The

schematic diagram of the multivariable KFP is given in

figure 3.4. BN

cause problems with respect to the computatiocnal effort, <
vbecause of the.large dimension (NxN of equation 3.4.47), of
- the state space formulation. In addition to the number of
matrix mult1p11cat1ons present in the Kalman filter
algorithm, there is a matrix 1nver51dh in the MIMO Kalman
filter, which would not only increase the computational
load, but also might cause numerical problems.‘A

An alternative approach to the design‘of the
multivariable KFP, which is more convenient to implement and

more convenient to analyze theoretically, is to use the

decgnposed state space formulation as'giGén by equations
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(3.4.53 and"'54). This formulation consists of p MISO
subsystems as shown in figure 3.2. To estimate™the vector
y°(t), which is now given by the predictions y¢ (t), yJ (t)

yg(t), of each subsystem, p MISO Kalman filters can be
used as. shown in figure 3.4. Although the number of states
estimated }s the same as before, the_comﬁttational effbrt is
drasticaily reduced. In both figures 3.2 and 3.4 the
subsystems are structurally paréllel but must be executed
sequengially. Another important_feature in implementing a
MISO KF instead of a MIMO KF is that the former does not
require a matrix inversion. | 4

A further reduction in computationai_time can be
achieved by taking advantage of the sparse nature cf»éj, AJ
and ©,. More specifically, the KF aigorithm given in .
Appendix A can be significantly reduced by using the}
algoriﬁhm given in Appendix E, which is defived for the KFP
in particular. This also justifies the use of the observable

canoriical form given in section (3.4.1).

4

3.5.1 Stabilit;§Snd convergenée'of the Multivatiable Kalman
Filter Predictor ' ‘ ;
The stability of the multiVariabLe KFP which consists
of p MISO KFP, depends on the stability of the individual .
KFP. ﬁecause of lhe serial natufé of these KFPs, instability '
in any one of the KFP would intgbdﬁce an unbohded input
signal to the succeeding KFPs, fhus causing instability in

‘the succeeding-predictions. - o

S
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e

The - stability of the each KFP depénds:bn.the stability
of the Kalmaqvfilter, with respect to-fhe soiution of the
ARE given in\Appendix B. |

Since each of the KFP is a MISO system the étability
and'convergence analysis presented in Chapter 2 can still be
used because théy are concerned”only Qith the pairs (¢,E)

and (Qe#). The only difference between the SISO and MISO

the matrix Aj. Thus the results obtained in a
éhaév;?‘ ?for the SISO case is directly appiicable to each
MISO Kalman filter predictor.

‘The final results are presented here for convenience,ﬁ
Result 1: The state space representation given by equatibn
(3.4.53 aﬁd 54) is observable, i.e. the pair (6,%) is
observable (see Lemma 2.3.1 in Chapter 2).

Result 2: The eigehvalues of the system given by (3.4.53
‘and 54) lie within the unit circle, if the origihal system
is stable, i.e. the pair (®,E) is stabilizable (see.Lemma
2.3.2 in Chapter 2). Results 1 and. 2 satisfy the conditions
for the steady state transition matrix ¢ of the KF (see

Appendix ﬁ) to be stable. oo

Thus, each KFP in the multivariable KFP gives a stable
steady state KFP, i.e. Ej - the steady state transition
matrix of the KFP is stable.

Results 1 énd 2 also satisfy the conditions for theorem
B1, which guarantees the time varying KFvwill-converge to

the steady state Kalman filter. According to theokem B1 the

error covariance M(t), Kalman gains L(t) and &(t) in the

&



‘ ::Kalman f1lter predlctor.

Kalman fllter pred1ctor converge exponentlally fast to their.

correspondlng steady state values M L and @ 1f M (1n1t1al

e

covarxance) > 6

v
1)

3 6 Innovat1on Model approach for the Mult:var1ab1e Kalman

Fxlter Pred1ctor€v-' .
By using the innovation modek approach for a SISO KFP,
‘1ts conﬁlguratlon and certain propertles were more easily .
1nvestlgated (see chapter 2 sectlon 2. 4) The same-approach__

’~can be used for the multlvarlable KFP, to getra bettef‘

s a

' 1ns1ght 1nto its conf1gurat10n and behav1our.
( g ’

The 1nnovatLon model concept glven 1nrAppend1x c is f

v

’ applxed to each Kalman* f11ter predlctor of the Mﬂltlvar1abl,ﬂ

a . S
- b

'( 5

The 1nnovat1on model for the jquF9f1s g1ven by, -

xﬂ<_t+n B3 (£+1) + Auit) ¥ LJ(t+1)w (t+1’?y

Y

(3.6.1)

i where S ‘?ﬁ o
v ‘ RN :.' o » - . . . ‘ly
fe']@j = {00 - 10) L6.2)
6, = [0 - -0, g' g - N
: ; - (376.3)
Equations 1for A 21 ‘*'- p%f :
1 . . R s: ,"«‘f i " /

'"From (C 2) the estlmated current output ¥, (t) ‘is given by,
,j,(t+1)_= yj(t/t-_l) 6<1>x3(t 1) + SiA uJ(t 1) (3.6 4) ¢
,Hence, -

-, (t) =Rt MUe (3.6.5)



. w(t) = yj(».t? - §,(t)

B
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The innovation sequence w,(t) is given by,.

o (3.6.8)

-

Rewrite the equation (3.6.1) as,

CORI(E+1) = ITRN(E) 4 @R

Bl
where
e 8
2

ui(t) =

s {E) + AuI(E) +

Lt Do (e+1) :  (3.6.7)

-0 O

o - -1 O_J

d, _ ,,r @.
‘ , , |
. -a,;
$'y = Tanj-l
.Y
0. |
o (njAi)x(nj+rg) C(nj+rjdx1
ARl 0
Sl Rdriate ity -
o A A A}

Lo, (e-d;) 0w, (e=dy,), - g U'..(t*.si‘,-;.i-?’}* [

Ao AO ¥
Y, YZ '

, o

.o g0 v T ’ oo Te B B
T ' e N \, )

AN

R
wat
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- bsing‘Lemma-D.1 to equation (3.677) to solve for &J,(t) we
get,

o
Lk}

3.(t) = [1 - o )%, (t) + g"'u(e) + KI (£)o(t)

(3.6.8)

‘where a, and B’ are given by equations (3.3.13 and 14)
‘ LA , R

Y

. respectively, and

K? (t)(q-}) = ng(t)"‘* Lfgj!“1t-1)q-"+ . . Lgﬂ(t;nl)q-njﬂ

Since the:predicged'Value of yg(t),is givehfby,v

5’2 = in](i) "/» \ - E h _ i v (3,}; %

_ the predictor equation (3.6.8) for the j*" KFP can now be

writtén as, ,
s, a

§9(t) = q'g" Bjule) + o' K] (tluy(t).

[V

© (3.6.10)

/RN UsinéﬁLemma,D;1 in équatién“(3.6,7), to solve for
e Fhgegere L |
Aaga () = D=1 &30 + g™MBjule) + g) §0(¢)
, e S Ret) L
‘ﬁ’r_. | : (3.6.11)
" % Yhere
95 (@) 2 Laf(aT'hghla™ v gj . (@), 0 o 0],
with N - ‘ R
.,g;k(q-l) = ggk _q—1 +J;ggk "’q-z + . -+ ?'i*'j,q-kj+1' . | |
B E e (3.6.13) -

8
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R (@) = K () (@) + g NtTRY (6) ()

(3.6.14)

K} (£)(@7") = Lojueng-1(t) *+ Lpjapg-a(tha™ + -

+ Lpjeq(E-A3+2)g A3*2 | (3.6.15)

~ Since, . o S

=:‘,’T‘r%‘7j+}\‘j-.1(t"1) + N (t-1) + (_.J‘j(t.)

yi(t) = g.(t) + w(t)
3 (3.6.16)
Substituting‘(3.6;16)_inA(3.6.11), we get s

ai(q”)yj(t) =‘q-(kj+1)gjh;”)u(t) 5
¢ a,[14qRY (£-1) + g MATKI (e-2g) Tu (8)
Dok agg (@ ies) N (3.6.17)

‘where .
S g.(g™) = [gi'(q") g’%(g™") : - g»3"q™"), O -~»9]
(3:6.18)

with g¥*(q™") as defined by equﬁtion (3.3.11).
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Defihe, '
- F(q')(t) = a,[1+q K] (t=1) + qikpa;' Ki (t=2j)]

P _ i Aj-nj+1
1+£3 (t)q f u*+ £ j+k}-l(t)q e
(3.6.19)
‘ »,’i-"»“ - . ) "’
The equatien (3.6.17) can now be written as,

. ' , ~ \
¢ a,y,(t) = q’()J+1)Bﬂ“t) + F(t)w (L) + qﬁhyo(t)

| S : ' - - © (3.6.20)
L . : ,
. | L .

‘3‘

u..,

The equation (3 6. 11). can bﬂ?wr1tten by subst1tut1ng
for k}j4rj-1 from (3.6.16) as,

§,(t) =.q”MI*Das gu(e) + g g 3] + KI(t)w,(t)

(3:.6.21) °

a

~

From equations (3.6.10) and (3.6.20),

y] (t) = q"&;f.(q)ﬁj(q“)

K3 (t)

F(ty (el - g M Vel gue) + g3°(e)]

o+

(3.6.22)°
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Writing ddrfeéponding equations (3.6.22), for all the KFPs,

and augmenting‘them,‘the fgllowing equation is obtained:
I °

§(t) = g7a"Bult) + G,ly(t) - DA 'Bult) + G,§°(t)]
(3.6.23)

' where A, B, D and G, are as‘defined by equations (3.3.17,

19, 21 and 22), angd,

Gr(d") = diaglgg,(@™"), g,(a") - - g (a™")]
| |  (3.6.24)
with : l
- Ki (t)(q")
-1 = .
9¢,(q™") F(e)(a ) (3.6.25)
o(t) = [w,(t), w,lt), - -, w(t)]”

The configuration of the'multivariqble‘KFP»based on
equation (3.6.23) is s;own in figure 3.5.
~ The block §.' defined by,
£ = lim £'(q)
: q——?1
is the steadfvsféte_compensater'as eXplain%d in section

(3.8.1).

>

'It is clear from‘figure‘3.5 énd~{igure H.2, that the
multivariable KFP and the multivariable interactor predictor
have 'a similar configuration.'These_two schemes are
.ﬁ’discﬁssed in the next section.

From equation (3.6.10), the composife equation for the
total sysﬁem‘can‘berwritéen as, | B - :',?ﬁ

yo(t) = q’;‘A“‘B\i(t) + A"‘K,(,t)w(t) ) (3’.6.226)
: : ' ;

vhara
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K, (t) = diag['K} (t), K2 (?t'),. : -,-KF; (t)] (3.6.27)
_Simila;ly for equatian (376.20)vwe can write, -
y“(‘f) ? Dg 'A'Bu(t) + AT'F(t)w(t) + GH§'°(t)
| | (3.6.28)
where | ‘ : 1 . _ A |
F(t) = diag[F,(t), F,(t), - -, F (t)]

>

From equat1ons (3.6. 26 and 28)'“~
*y(t) = Dg'A"'Bul(t) *[A“'F(t) + GA 'K, (t)] w(t) e
+ Gé;‘A”Bu(t)‘ T (3.6.29)
From eguatiohs (3.3.20 and S), .
£ (q) = ' (D+G,) | o . (3.6.30)
From equations (3.6.29 and 30), we get, |
y(t) = £ ABu(t) + [A'F(t) + GATK,(t)]w(t)
| | | (3.6.31)
Eéuation (3.6.31) éives an input output model for the
MIMO process obtained via the innovatic ‘n'médel’"'
ngsxder the time 1nvar1ant Kalman f11ter where
F(t) (q"‘l;-->F(q“)_,,K,(t)(q“)--->‘K,(q“) .and
K,(t) (g ")--->K,(g"") as t--->o, |
From equation (3.6.31),3§e get,
At y(t) = B ult) +C wlt) (.63
where J | |
C(g™") = A ¢ [AF + G A 'K, ] |
= £, [I+q7'K, + ETA7'K, 1 | '{D ~ (3.6.33)
The transfer- function matrix £.(q) can’ be expressed in

the polynomial matrix form as,

A R IR FYC UL (3.6.34).
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| ——

where n\ is the maximum degree of the elemj;yé.bf the TFM
£.(q). |

', *ﬁi‘l

Then, _ : ,
N ' v ‘ : v [ ‘

clg) = ¢, g™ + ¢, 1+ .+ g g "M (3.6.35)

where = . \
N =nX+n" + A

and - o
n' = max"[nj, j=1,p7T -

‘and |
A = maxm[kj, j=1,p]

)’i r’;"_x_ . " ' : -

7. .Comparison of MIMO KFP with MIMO Interactor Predictor

37
The resuits 6btained in the ﬁrevious sectioq suggest a

simil arity between the interactor prediétor due to Sripéda
et al (1985) and the KFP. (The key steps in the formulation .
o{lthe interactor predictor are summerized in Appendix H) A
comparative study of the:behaviour of Eﬁgse two séhemes is
presenfed below: -
‘a) The difference between the KFP and the IP. as seen from
their confiqurations in figure 3.5 and‘figuré H.2, are,

1. 'The Ralman filtedredictor has a filter G,, which is
based on the Kalman gains of .each KF ip the system,

2.J The steady state compensation that is needed;in PID
control as ;xplained in section (3.7.1) is performed at
different iécations.for these two schemes.

3. In the KFP thé signal G,§°(t) is dependent on the

process measurement, because y°(t) for the j*! KF comes
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from the”ppevious j—1ipredictions, whereas in the IP
,y,(t)‘depends only on the proﬁess input, u(t).
b) In the IP y,(t), the difference between the model output
.y, and the measured output y(t), which gives a signal
corresponding to any noise, disturbénce ér model mishatchés
is directly added to the prg§icted‘output, Qhereas-in the
KFP it is filtered by the filter G,. | '
This aisqlsudgests a poSsible improvement to the IP for
‘noisy systems by int?ﬁducing an exponential filter aS%shown
by the dotted lines in figure H.2. This filter Gg is given
by the.tfanéfer function matrix as, | te .
G6,(g"') = diaglG! (g"") - - -#6F'(g7)] , (3.7.1)
where G, can be any filter, e.g. an exponential filtef.
Héwever the interesting point to note is that- the
filter G, baééd on the Kalman gains, i.e. baéed.on the
knowledge of the process and the noise stétiétics, gives the
minimqm variance filter fﬁat can .be used to filter the error
vector y.(t). | ‘ |
c) When- the interactor isldiagona; G,(@')=0 and £;f =f. This
‘makes the IP and KFP exactly séme, in configuration, ahd
functional blocks except for the filter G, in the KFP. In
this case KFP, has p..independent MISO KFPs,
d) When there is no noise present in the syst%m, and under
perfegf modelling, thé prediction for-both IP and KFP are
given by,v |

L]

P(t) = &' q'A"Bu(t) | 3(“3.7.2)
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thation (3.7.2) is the open loop predﬁctor equation,
_Thus under ideal conditibns'both the KFP ahdythe IP behave
like an open loop predictor.
e) The stability of the KFP depends on the stability of the
filter G.. The diagonal filfét‘transfer function matrix
conéists-of individual- filters for each MISO Ralman filter.

" The stability of each filter g, (q™') dépends on the

1

i

roots of the polynomial Fj(q”)- It is shown on chapter 2
that the roots of F,(q’') are the same as that of the steady
state filter transition matrif@j of the KF, which is stable

if the conditions given in section,(%;s.l) are satisfied.

3.8 Feedback Control System using the kalman Filter .
Predictor ' !

The predicted vector y°(t) can be used in.any cont}ol
systems design in place of the actual measured output y(t).
In the Interactor predictor due to Sripada et al (1985), the
predicted output was used for dead time compensation. In .
thi§ section, a multiva}iaSIe dead time cohpensation scheme
based on the multivariable KFP is preseh£;d. A predictive
Qcootrol straEegy baséd on the prediction§ from the
Interactor“predictéf and KFP are also presented. “
3.8.1 PID dead time éohpénsator -

It was shown by Sripada et al (1985) that in some cases

the PID dead time compensator based on the predictor of

gokt) perfo}med~bettér than the predictor due to Ogunnaike
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'and Ray (1979), in which all the time delays ére removed in

&

 the predictof. .

The PID dead time compensator based on the interactor
predictor for deterministic systems can be extended to
stochastic systems by ‘using the KFP, &

The PID dead time compensator based on the KFP is
schematically shown in figure 3.5. The reéson to include the
sﬁeady state compensator £! as shown in figure 3.5 is
explained below. ) | |

In an ideal situation when there is no noise and under‘
perfect modelling the prediction §°(t) is given by,

#°(t) = R(g™) ul(t) = g'a"'B u(t) |
= q'E(q) y(t) o (3.8.1)

The process output y(t) is given by, f

y(t) = £ ATBue) (3.8.2)

Consider the steady state gains,

G, = lim AT'B B (3.8.3)
q-—>1 .

G,, = lim £ AT'B o . (3.8.4)
q—>1 '

' If‘the-steady state value of y(t) is yé and the steady
state value of. y°(t) is §%, the prediction §° =y _ only if
G,,=G,,. This condition is satisfied only if £(q) is
diagonal. ' 4

‘ ..Ih the géneral case, |
G,, = £,'° G,, : . (3.8.5)

where ¢ = lim  £'(g7) (3.8.6)
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If the PID controller is desxgne? for thg open loop
predlctor G, given in figure H.1, thek;;he éradictmon yo(t)
will track the desired output at steady state, but it does:
not guarantee that the actual output will track the desired -
output or set point, because of the steady stafe}error
between the predi@tion yo, and outhtVy“. fhis will require -
retunning of the PID controller. This is overcome by
introducing a steady state compensator £, as shown. This is
necessary for any error driven contrbller. The controller is

now designed to control the sfeady state ¢ nsated

prediction y_.

3.8.2 P;edictive Control
Both the Intetaétor predictor and the Kalman filter
predlctor are based on apriori knowledge of the process
model. If the process model is known, it is conven1ent to
use a_predlctxvs,controller based on the known parameters,
rather than tune a PID controller. In this section a
stochastic predictive controller design for the KFP is
presented. -
The predictive control law for the SISO KFP is obtained
by minimizing the csst functionbgiven by, »
J(t+d+1) = E { [y(t+d+1) fa;:(udn) 12} (3.8.7)
For the multivariable KFP the corresponding cost
fupctibn is obtained by defining new vériasles instead of

the actual. outputs and the desired set point.
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Define following two variables’

the filtered output y(t) — _
-?t) = . (q) y(t) : ‘ : (3.8.8)
and the filtered desired set point y*(t)
PO = g@ ) o (3.8.9)

The predictive control law for the KFP is calculated
’suph that the cost function, .

J(t) = E { [¥(t) - y*'(t)] [§(t5 -y ()17} (3.8.10)
is minimized. J(t) is a pxp matrix. - |

Equation (3.8.10) can also be written as,

J(t) = E { E { [y(t) -y (t)] [y(t) -y (t)]T/Y }
‘ ' . } (3 8.

f‘}

El olt )/Y 1. ={; ' Lk ﬁ. e ? (3 8 ,14) | ;
Bl wlt) “(t)ra ,gfébglif 7‘?f':  o 'i“ :j» (3.8.15)

From equat1on ¢:L

z y(t) = [I- 4 "(t) + 3 u(ﬁ) + c(q) w(t) “(3.8.16)f

,{ [IwA] £ y(t)/Y } + B u(t)

s
. 3

L s 7 i
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Since,

CyO(t) = £ y(t) = q £, y(t) (3.8.18),

the‘term ' . v

E { [1-a)¢, y(t)/Y, } = -AE {y°(t)/y} -
CORElY(e-1 /Y ) s - ALELY*(Eenten) /Y ) (3.8.19)
. The Kﬁ}man filter‘predictor‘givés the minimgm Qéripnce
estimabgs of the vector y°(t), i.e. |
95(t/t) = E {3°(t)/Y} (3.8.20)

with an '‘error covariance given by, -
¥ ~‘fv’

02 = E { [¥(t) - §°(t)] [¥(t) - §°(0)17/¥, )

= E { [y (t) ~ §°(t) £ 3]
& ggly,(6) - ¥OE) + T 1T/ | (3.8.22)
wvhere, '
av(t) = £ v(t)

Since vector [y,(t) - ¥°(t)] and v(t) are independent,
02 = B Lyg(t) - go(6)] Iyelt) = ()07 ] .
+ E[ vit) v(t)" ] © (3.8.23)

Let uc define the prediction,
E fg, y(£)/%,) = B {(3(£)/T, = ¥(t/t)
- | (3.8.24)

then the predictor equation for y(t), based on the
'g .
predictions y,(t) from the KFP is given by,
yit/t) = [I-A) §°(t/t) + B u(t) . (3.8.25)

A

§!i&%.8.21)
=

T wm
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-

"From the cost functlon (3.8, 12), _
“ 1 .
, J (t) E {min{ [(y(t) -*y(t/t)) + (y(t/t)'- ¥ (t))]

[(y(t) -~y(t/;?),+ (y’<t>)17 bl |
= (318, 26)-_;

- - - ,t

J‘(t) = E {mln E{ [y(t) - y(t/t)] [y(t) - Jt/t) 1* P
[y(t/t) - y(t)] [y(t/t) - y(t)]'r} } o
o (3 8. 27)

Cons;der the quantlty,
RO = Fese), .
.( from (3.8. 25) and (3 8 16) we get, o . | ,__
FC) < Fle/t) = [1-a) [y(t) - y°(t)] + C(q)w(t) |
o S 5 (3.8 zei"
‘From (3. 8. 25), (3.8. 22) and’ (3\L,As) P

‘E { [y(t) - y(t/t)] [y(t) - y(t/t)]T } = |
E i [(1 A) (y(t) - yo(t))] [(I A) (y(t) - yo 'c))]'r } o+
" E { [F w(t)] [F w(t)]"' } o= 02 T (3 8 29)

a\é can be evaluated usmg (3.8, 15 and 22) - and 1t~a,s

- €

~an independer;t_ quar}xﬁl,tyﬁas far as the mlnl\mzatlon of the

¥

cost functvibh is cBncerned | . -
Hence equatxon (3. 8 27) can ‘be wrltten as,‘~ |
(e = Einin B( [y(t/t) - y(8)] (7). - ()17}
v R R o A‘;f.ks.e;3o)
Clearly the m1n1muﬂ,‘{ Js(t) is obtamed when, o |
y(t/t) —'y (t) =0 T A (3 .8.31)

Thus the mmmt)m varlance control law usmg the RFP 1s

\ ——

obtamed by subsututmg (3 8.3) 1nto (3 8. 25) \
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The pred1ct1ve control law 1s g1ven by, \
Cule) = B {y' (t)'- [1 A] °(t) - [B- B ] u(t) |
o | P »_(_3.8,3‘2_)
thhere,'B, 1s non s1ngular as shown in Appendxx I | :
From the def1n1t10n of the cost function 1t should be
noted that the one'step ahead control law (3. 8 32)'does not'
'now lead to)perfect dynam1c track1ng of the des1gned output
oy (t) Instead the flltered output y(t) tracks the filtered
"Vdesqred output yr(t). ‘ﬁ ) |
| From equatlons (3 8. 32) and (3 8. M ) |
y(t) - y(t)vA [1 -Al [y°(t)-y”(t) ] + C(q)w(t) ,,“;‘
" C (3.8, 33)
when there 1s no noise present .and under perfect modelllng
l_the eQUatlon (3.8.33) becomes, ; ‘{A\‘%' “
yt) -y (t):— 0 | = o
tkm ¥l - 7 (t) = lim K [y(t) - y*(£)] =
t—>= t—> | B

]

e If E has all” 1ts roots at the or1gln then,

11m [y(t) - y (t)] ’ DR
"*'t-*-c.» \ o

OThus y(t) converges to y (t) aftef the traneition

‘?prodUCed by the dynamlcs of the 1nteractor E(q) have'

L decayed 'ﬁf{ﬁ‘ R

* 'b‘

Py

I
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3 9 stcussxon

1) 4n a predlctor des1gn for a mu1t1var1able process w1th

mult1ple txme delays it is 1mportant ‘to def1ne a su1tab1e

factorlzatlon method to factor out ‘the time’ delays ftom the

l

rest of the dynamlcs of the process TFM model. R _t

In the Ogunnalke and Ray Pred1ctor (ORP) 1nstead of .

factorlng out the time delay to obtaln the predlctor G, all-"

the t1me delays in the process TFM model are, removed The

ma1n dlsadvantages of th1s predlctor are as follow5°

1.

" not’ have any dlrect relat10nsh1p to the actual

-”Remov1ng all ‘the time delays cannot be represented as a

mathematlcal operatlon or a matrix factorization.. Thls’ﬂ
11m1ts the theoretical 1nvestagat10n of the ORP. SRR

Remov1ng all the time delays from the TEM 1% not always

the bes@#§h1hg to do. in ‘certain cases this might cause’

. an. adverse effeét on ‘the dypamlc control performance.llhfvi

~ The pred1ct1onry°(t) in’ the ORP (see flgure G.1) does

varlables of the process.

:In the Kalman fllter predlctor and the 1nteractor'

pred1ctor the t1me delay is represented by the 1nversev

[

1nteractor matr1x I . .

Interactor.'

: 1;‘;;"

f;prOcess.

It 1s 1mportant to note the fOIIOW1ng propertles of the

[

Interactor féctors out only the ndtural delay of the
- ) - S

i

ﬂIn a %eneral case when the 1nteractor 1s trzangular 1t

may also remove .some dynamlcs of the precess along w1th
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‘the txme delays.

3. Under.certaln condltlons, i.e. diagonal interactor, the

- .

1nteractor removes tHe minimal t1me delays assoc1a€ed
4, For a part1cular TFM of the process model there is a

'un1que 1nteractor.

5. The factorigation can be mathematicaily'represented and

“

‘prowides a powerfulftool for theoretical
'1nvest1gat1ons.‘

2) The 1nteractor predictor provxdes good- pred1ct1ons of
14

¥o(t) when the process is determlnlstlc. When the process is

é
dléturbed by process noise-. and measurement noise the Kalman

;fllter predictor prov1des the minimum varxance estlmates of

°(t) baSed on the process model and tha~n01se stat1st1cs.”

,when the n01sewstatist1cs are not known :the - rat1o of the

process noise covar1ance +to measuremene"n01se covarlance,
15

‘i.e. R, /R-, can be'used as a tunnxng,parameter of- the KFP,

3) The state space formulatlon of a MIMO system 1is usually -

‘of hlgh hfﬁeqﬁlon and th1s demands hlgh computat1onal effort

vary1ng KF is to be employed for state est1mat1on.
R A 5 .
'Therefore, in the mu1t1var1ab1e KFP, 1nstead of a

single MIMO stfte space representatlon and a S1ngle MIMO KF

"p MISO state gﬁ e representat1ons are used w1th p MISO

” Kalman fllters.

This reduces the computat1on effort drastlcally. A

_further reductlon in computat1on effort 1s ach1eved by usxng

the KFP algor1thm g1ven in Append1x E&ehnother advantege of

3 e.i
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us1ng the MISO KF 1nstead of the MIMO KF is, that_ 1t av01ds
a matrix 1nver51on, whlch would not only demand heavy

'computat1onal effort but also may cause numerlcal-problems.

4) ance ‘the time varying. KF converges exponentlally to

the steady state KF, if the 'tonditions g1ven 1n Appendix B
are sat1sf1ed, one could use a steady state- KF 1nstead of
the time varyxng KF . The opt1ma1 steady state gains of the
KF can be evaluated off- line, using the algorlthm due to
Laub (1979) and Pappas et al (1980), or the recursrve\
algor1thm presented in Append1x A or E. Us1ng \Qf_j}é{dy

vstate KF would reduce the computation effort further/
4 /
5) It is shown in sectlon 3.7 that the KFP and the{IP have

3%"‘
arfm

milar conflguratlons. When the 1gt§ractor is d1ag nal the
'KFP and the IP have the same funct1ona1 blocks ‘except for
| the f1lter in the KFP. |
It is 1mportant to present here a’result obta1ned by
. Sripada et‘al (1985), regard1ng the opt1ma11ty of the 1P
under deadbeat control. This is shown for the case when the
interactor is d1agona1 and the system 1s free of noise. The

.

'same results holds true for the KFP under these condltlons.

When there is no noise preSeht 1n the system (y,=0),
n

—— ,x!

and under perfect modelllng (G =G),

s__/,

for ORP we have,

y(t) Ge;' y (t) .. A (3.941)

{\
rand for both the KFP and the- IP havysg a dlagonal interactor.
we have, , ' i
~y(t) = ¢! yp(t) o . ' o (3.9.2)

ST - i

R
y A
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If the controller G_ is an output deadbeat, i.e. the n
set point is reached in one sample period;'then}
y (t+1) = y*(t) ' ‘ : - (3.9.3)

and this is the best p0551b1e for ‘discrete systems.
From eguations (3 9.1, 2 .and 3) it~ ‘follows that for ORP
Cy(t) = 66 yt(t-1) S (3.9.4)

and for IP and KFP,
y(e) = ¢ y‘(t-}g)\;

or | , A e

g (Eax +1) =y (£) | . (3.9.5)
It is elear frem equation (3.9.4) that the ORP does not
guarantee that the output will track the set p01nt subject
only to a delay as in the IP scheme. Thus the ORP does not -
‘guarantee the same optimal pérformance Eor deadbeat control
as the interactor predictor. It is 1mportant tor. note that
when the 1nteractor is dlagonal 1t represents the m1n1mal
time delay associated with an output. .
| However, when the interactor is triangular a general
tesult'fegarding the optimality is difficulb't0~establish.

]

- 6) The pred1ct1ve control algorlthm ﬁiﬁgthe Interactor-t;“m

,predlctor 1s glven in Appendlx J. It is clear from equat1onsn_"

- (J.10) aud (3 7. 32) that the Ip and the KFP use the same

pred1ct1%;$cggtr-
schemes 1%gj§at t:j'

. m1n1mum.var1ance predxct1on under stochastlc condltlons and

h onfy dlfference 1n these tyio

ion y°(t) in the KFP - 1s the

th1s guarantees'a m1n1mum var1ance contfbl QbV1ously, 1f
. & .
-the IP 1s used in a: stochast1c 51tuatxon, the mxnlmum

.‘u»
By o , . ‘;'.J\ e
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variancé‘of the prediction §°(t) is not guaranteed.
When there is'no noise present in the.syétem‘(ynso) and

. under perfect modelling, the closed loop equatidn for the IP
. N

[

and the KFP is given by, _ | ' .
Cy(t) = y(t), ‘ - | (3.9.6)

PRY

" When the interactor is"diagonal,
o geaagn) =y (eaage)  (3.9.10)
‘Thus the IP and the KF give perféct set point tracking'
vhen £hé interactor is diagonal. o | |
ﬂWhen the interactor is tfianguiar,;ﬁe Héée‘the
ffollowing‘set of equaiioﬁs: V
Y, (t+n,41) = yi (£+A,+1) .
h,,(g™") y,(t) + y,(t+), +1) = hz,(q") Yy (t) + y2 (t+k +1)

h,,(q™") y,(t) + h,(@h) y,(t) - - 4 Y;;(tﬂp”.)’
= b, (@) ¥ (t) h(a! vy (e) - -+ (£an+1)

From the set of above equatlons ve get,

y,(t) = y,(:7“~‘i;“:\

s A‘n;.

“ﬁor the tr gngular xnteractor.
‘1¢*ft 18 also 1ﬂg§%tant to note that in. the formulatzon of

v N . s ° : o N v N N . e
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steady state compensator E“ not present.

7) The steady state ga1n of the filtér G, in the KFP is

gxyen 'by,
e . - -
‘Gru = dlag .[ grlu g!‘Zu ) ' grpu ]
where |
L oy
, -ng‘ » . X
el A S | .~
| Eo £} . . o
" o T
1f, .
nj j*nj-1

B f S

then the KFP will cause problems if there are deterministic
1
d1sturbances present in the process. The pred1ct1on (t)

'would_not give the correct 1nformat1on to the contrv ler and '

‘

consequently cause bias in the output control.

2

This‘ﬁroblem can be overcome by augmentigg the state
space formulation Gith‘aniqional states correspon&ihg'té
the stochastic model of the deterministic disturbances ae
suggested by Balcan et al‘(3970, 1973). Further discussion
-Silthis approech is giveh'in chapter 5. '

o s |
3.10_Simulatiqn‘nesultsgand Discussion

:Two MI&Q processes, one with a diagonal interactor and

the other with a triangular interactor were used for

.simulations.
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Case 1. Diagonal Interactor - o

] ‘The discretized version‘of the continuous. time model of
the blnary d1st111t1on column obta1ned by Wood and
Berry(1973), and used by Ogunnaike and Ray (1979) and
Sripada et al (1985), 1s used for simulation and is given by

I

the follow1ng discrete transfer function matrix.

— . . . ‘ _1
: 0.8975q* -0.8719q* T
T(q) = = =
1-0.9419q"' 1-0.9535q
0.5786q°% -1.301q"
' d -« d = (3.10.1)
1-0.912g"' ~ 1-0.933q™".
N i
with @& |

y(t) = T'(‘cj)u(t)

iwhe;eq
Yy, = top compoéitﬁon
Y, = boﬁtom,composition ‘i é@hm s
u, = reflux flow rate - ‘?“ '
'u-2 = steam flow rate | \

The interactor factorization of T(g) is given by,

e = o o @3 -

b q
“ ﬁw%’
R(a) 0.8975q;" . ~0.8719q" | | |
d 1-0.94)8q"' 1-0.9535q ' | S
| o _ |

; : .
005786q-5 —1.301q-l ‘
1.".0.912q-‘ 1-0'933q-; ;'. M&g:

S ’ J
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The 'state space formulation for the MISO systems of the
above process are given:by (from equations 3.3.6 ,3.4.53 and

MISO system 1.

x'(t+1) =[0 -0.8981 0] x'(t) '
C 1 1.8954 O ~ &
i 11 0.

. ‘ > _
+ [-0.8558 0.8212 [WTET T, fv,. ] w.(t)
0.8975 -0.8719 | Lu,(t-1) vy
0 - 0 ‘

y,(t) = [0 0 11x'(t) + v,(t)

‘MISO System 2

x*(t+1) = |0 -0.8509 0 0 of xt)
1 1.845 000
_ 0 1 000

0 0 100

0 0 010

L o,

« r, -:’., . — . . - 1 )
+ -0.5398 1.1865 [u,(t-4)] + v, | W (t)

0.5786 -.301 |- |u,(t) Y22
0 .0 0
0 0 0

e ) L .

y,(t) = [0 00 0 1]x3(t) + v,(¢t)
~L'I‘he process is simulated using the above state space
formulation, and.the noise added to theAprbcess is shown in
Table 3.1. .
The controller parameters for thé PI controller, to be

used with the ORP and IP are obtained from Sripada et al
/ ' ) '

-
P
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- (1985). The PI parameters for the KFP are same as that used
 Qfor IP._' *

‘ The PI controller is 1mplemented using following

&

equatlon.

1, + 1 q”
G ! = ,.o

Ag™) T
The controller parameters wefe tuned to obtain the best

per formance of the predlctor output yp.The 1, and 1,
parameters for the different predictor schemes are giVén .

Table 3.2.

Both the IP and the ORP were modified to héndle noise
‘by‘introdﬁcing eprnengiél;filter TFM in :heq;ameviocation
as in the KFP. ‘ ' |

The exponential f1lter ‘has the following form:

yelt) = y (ty1) + a[y(t) - yp(t-1)]

The predictive control laws for u, and u2 are glven by,

u, () = [y? (£+2) - 1.8954 §° (t) + 0;898j.y?(t~1)‘

+ 0.8558 u,(t-1) + 0.8719 u,(t-2)" .
- 0.8212 u®(t-3)]1/0.8975
u,(€) = [y} (£%4) - 1.845 §0 (£) + 0.8509 §9 (£-1)
| - 1.1865 u,(t-1) - 10,5786 u,(t-4)
+ 0.5398 u,(£-5)1/(+1.301) '
It isclear from the state spacé'ééﬁations and the
¢oﬁtrol law equations, that the two MISO KFPs and the

predictive controllers are independent.
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PI Control C . - {
Deterministic Case

When there Eg no noise present, and ‘under perkect
modelling, as shown in figure 3.6a and b,\the'KFP and |
IP perform exactly the same. The set points for the top
and bottom composition of the distillation column ‘are
changed at the 10 and 100%" time ;nstants '
respect1vely. 1f the controllers are tuned to- control
the output yp»of the‘mogel Gﬁ; then the KFP apd 1p show‘
better performance than the ORP: The controiiers used
with the ORP could be retuned to improve the
performancé, but then the whole purpose of tuning to y,
would be lost. Figures 3.6c and d.show the manipulated
varlables of each of these pred1ctor schemes.

S1nce a decoupling technique has not been used to
remove the interacticns, a change 1; set p01q; for one
Qutput influences the other.

.Stoqﬁastic Cése |

Figures 3.7a and b show the performance of the 3
predictbrAschémeQ_under noiSy conditions. As showﬁlin
figure 3.7e introduciﬁé an"exponential'filter“in the IP
and ORP glveéplgﬁéf tfack1ng error var1ance. The
results show9~1n figures 3,7@ and b,,for 1P aqd ORP are
without filterihg; The -lowest tracking error'variance
is achieved by using the KFP. o

The manipuléted varigbles Q,_and u, of the KFP.in

: Lo
figures 3.7c and d show higher fluctuations than in the

",q.
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ORP or IP. Tﬁis is the result of the minimum variance
~estimation of the KFP. |
b. Predicéive control
1. Detgrministié-Case - .
o Figure 3.8a and b show the top and bo;@om
-composition of the distillationqcolumn'undéf’the
preaictive.éontrol using'IP and KFP. The setpoints for
the topland bottom compositions were changed dt the
- ‘10“ and 100t fime insténts respectively. Both IP and
| KFP show exactly the same perfbrmahce under_ideal ) A:f"
| conditions, and this confirms the results in section
3.7. .

It is also important to note that the outputs are
not affeited by interactions as in the case of PI
control, i.e. Y, is not affected'by the sét point
change in y, and Qﬁsa versa. This is a property of the

.prediciive cbht}oller_based'on th;‘interactor matrix. |
It provides the natural decoupling ofAthe“procéss;'
However, as shown in figures 3;8q:and 4, the maximum

deviations in‘tﬁe manipuléted variable from the
p#edictive?contfol schemes aré hiéher than in the PI -
control scheme. ' _
" since all~tﬁe'MISO KFPs are indgpendent'in fhié
case the prediction y°(t) is a'futufe valdeﬁéf y(t).

It is also:assumed iﬁ'predicﬁivg‘épptrol'thét the

 future values of the set pbihtS'afé?kﬁpwn bt lgast~up: B

% ,to the number of time instanwts“givén'gby thedelaysm

e
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the diagonal elements of the inverse interactor £
p | ’ M
Stochastic Case T e ‘

Figureﬁvﬁ.Qa“and‘b show the performaqce of the KFP

and IP in.the gresence of both process and measurement

noise. In the presence of noisé the performance of the

, interactot'predict6r is very noisy. The Kalman filter

" N
shows satisfactory performance under this condition.

The ratio of the covariances R,/R,, in the KFP is tuned -

. - -
to obtain the minimum varﬁance control performance.

The IP was improved by introducing exponential

filters, As shown in figure 3.9a and b, the IP plus

exponential filter shows improved performénce
ifilé%ring); Eigpre‘B.Se shows the variance of~trackiﬂg
=érror_for‘b6£h the outputs, with respect to g£e,ratio
R:;Rv an”cdl‘ifth\e filter cdeffipient a. The}t& e:;hibits,
“the minimum variénge. For the top compdsition, the
minimum variance, achieved by the IP is very ciose to

“that of the KFP.

*

Case¢2.‘Tniangulaf:interactort o " .

process, that has a triangular interactor is given qﬂb

The discrete transfer function matrix of the MIMO

5

[ 0.2658q™* - 0.061g™  0.012g + 0.00443-; |
1-1.6q"' + 0.63g%  1-1.6q"' + 0.63@7*""

.VT(,q)"-

0.083g + 0.03g™®  0.1063q™° - 0.0244q”"
1-1.6q™"' + 0.63q"2 1-1.6q' + 0.63q™?

-
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1-1.6q7" + 0.63gs* . 1 1: 6q" + 0. 5‘3q'2 '

ey

B S . 0.0495¢" . . 0. 1025q" o, ozsaq'* |
-;j:_lf‘ 1—1.‘6q"\j+r.”0'.,63g,"2 - 1‘,."6q". +{ .63q‘2 Lo

PPN , - ‘ } ‘
The state space formulatlon for each MISO system is

Ny ETEE L e T

gy ,x-"(,tfﬂ =[0 -0.63 Cx'(t)

- 0000
ooooo

v {-0.061  0.0048|[u'(e) ]+ R

0
55 N T NN [

. I L i

L onmetot TR evw s

"‘?,_’ e . s ¥ o : ' . : : e
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{

x(t+1) =[0 -0.63 0000 0] x2(t) -
71116 00000} 0 - o :
0.1 ~00,0 070 N *
0 0 10000 ST
- 100 0 a;o 0.0 | I ‘.
g 100 0010 0o w i N\ o oo .
S o0 oo do|¥ A 5 AT :
o - e b TR SR T
L L I SR o ‘.v RS A
"5 “+ 0.0~ =0.0258 0.0 “1 S (e )+ y,ﬂ w,(t)
| 0.0495 0.1025 0.0 | Yo | .
0.0 0.0 . "0.3198| |u,(t) .|0v0
0.0 - 0.0 0.0 | |7 0.0
10.0 ~ 0.0 - 0.0 1y9(t) [0.0 '
o ]0.0- - 0.0 - 0.0 ST L 0.0 |
- 10z0 0.0 . ° 0.0 | 0.0
' ,Lo;05~ 0.0 - 0.0 0.0

yz(t) = (000, 0070 1] xz(t) + v, (t)

The pred1ct1ve control law for the MISO systems A\'re
R o

. ‘l"

g1v 3’§§ .éfﬁ,~i°'{ ",:f‘ﬁf ‘ qfv
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g bu (t) [Y (t+4) - 1 6 ¥¢ (t) '+ 0. 63 y? (t 1) . R

~ 4+ 0. 061u (t 1) - 0. 012u2(t~1)
T o 0044 uz(t 2)]/0 2658
£ 0.3197 y,(t+s)

.“'

_’uz(ti = [ 0. 0495 u Ae) -

s +y,(t+6)—16yg(t)+063y2(t1)
if'pf- ~/  + 0. 0258 u,(t 1)}/0 10246 ‘fJ“ |

A It is 1mportant'yo note that the control lav uz(t) is

calcu

; yr(t) ‘and 1t also depends on . the cprqggggpan1pulated

"varxable u, (t). ;n Case 1 when~tb¢ : 7
"1‘thzs pred1ct1ve control SYStem 1s co

iy MIso schemes. But' in Case 2 thgy are Serlallyp%oupled.. ‘i:-'
. . . - ?)&l ‘- a'»‘;‘ ‘

-sedfofqﬁndependent

dtred’ not:only for. the set gpznt y?(t) but alap for -

'~;or MS% d1agonal,-i‘



eva,_ PrediotiVe Control
1. Determlnlstlc Case »
' As in the d1agona1 1nteractor case both KFP and IP
show the same performance under 1dea1 condltlons and
'”are shoWn 1n f1gures 3.10a and b. In the d1agona1 £‘
«case the pred1ct1on y°(t) 1s a future value of the

" actudl output y(t). But for the trlangular E‘, only y0

is.a fgﬁure value of yi(t). As shown in f1gure 3. 10b,
(the. top plot) dh\\predzctlon y0 is not = future value‘
of the output, but 1s ﬂﬁiated to the future output
through a certgln T.F. F1gures 3. 10c and d show ‘the”
manlpulated varlable u and uz. As in the dlagonal E‘
case the 1nterabt10ns are decoupled

é, Q_Stochastlc Case~: KRl

Flgures 3. 11a and b show the perfo;mance of the
KFP" and I;—under r01sy cond1t1ons The IP is qu1te noisy
1f no fllter is used The KFP shows better performance
| thanrkhe 1P. Flgure 3 i1e . shows the Var1ano; of the |
output tracklng errdr of y, and Yoo for the KFP and thet

IP plus f1lter. As proved theoretvcally the KFP shows»

m1n1mum var1ance5pontrol performance Fxguresr3‘11c and
.4 show the manlpulated var1able u, and uz.
The. ﬁ1mulat§€n results confxrm fﬁeftheoretlcal reswuilts

,obta1ned in the ev1ous sectﬁon§ﬁgand can’be summar1zed as;

Sy Under n01se free cond1t1on and* érfect modell1ng the

!

. KPP is the Same as the IP.,_..;_‘,”'Q,,,.;V R




2.

' Under noisy conditions the Kalman filter predictor
gives minimum variance predictions.

The’predictive control law with,KFPngVes_minimum »

. o oy -
var1ance control performance. R, “@‘&

/  4‘ o ! .

"Although the IP can be 1mproved to handle noise by

-~

1ntroduc1ng (exponentlal) ﬁllters, it does not
f‘

T

'guarantee‘m&nlmum variance controljperformance.

v
-

[

r. ’ ' v ’ ’ Ca

152
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.3, 11 Conclusxons - : \ ' "ﬂ - .-

e 3
ey

I 2

5.

L6,

'ﬁacomputat1ona1 effort 1s reduced further by

r them in an adhoc manner. B

*The multxvar1able Kalman f1lter pred1ctor based on the
o

‘W1nteractor factorlzatlon g1vas a m1n1mum var}ance
p{edlctor for MIMO prpcesses w1th tgge delay:i in the
';presen -of stochastxc n01se.¢ "‘

. The mult1var1able KFP and the Intera:tor predlctor have

.54m11ar'structures (cf. figures 3 5 and H.2).

. Under ideal- condltlons, rﬁg nolse free and perfect

W~ ¥
modell;*g %he KFP and the IP are functlohally the ~
8 ) ‘

A

A - W 7 . . 4, L e
samg e RN ) - A A .l : - .o
J i “1\ ‘ { " _‘ ‘ W

The. predlctzve conQ;ol sqafme ba@ed on th';

mult1var1able KFP and the 1nteractor ?%ctortbat1on aEE -
glves m1n1mum varxance controi perfgr%fnce, and B
naturally decouples the 1nteract10ns 6 ':‘_" ’ cfl%v
A practzcal multlvarzable KFP is obtaln@d by e
1mplement1ng p MI SO KFPs,'1nstead of a“single- KFP. The

. L
llncorporatlng the s1mpl1f1ed KFP algorlthm._
v The state space formulat1on of each MISQ KFP guaranteesi.
_the'stabllltx of each MISO !%P and the convergence of
vthe time’ varyxng KFP to the steady stateﬂxﬁP.,‘l B

;Thezrat1o of the no1se covar1apces for each MISO KFP

E _Can»be used as a tun1ng parameter :or the KFPs.

fThe 1nteractor pred1ctoﬁ'can be extended %o handle B

n01se by 1ntroduc1ng exponent1a1 f11ters, and tunlng

s . n.“
o o F
-

-
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Table 3.1 Process’

N
.Simiﬂatiqn

’

L
s

Do i .

[~ h S
[ L
iy

I' Miso

System

£O . Bt
fo,q;o.oos]

et

Measurement

Noise
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4. An Adaptive Kalman Filter Predictor

,4.1 Introduction and Overview —

The difficulties encountered in. controll1ng processes
with time delays have been documented extensivelw, and a
large nudber of different schemes are available in the’
literature. Almost all of these schemes use some predictor
technxque as the key component, wh1ch in turn demands a |
priori knowledge of the parameters of the model. ‘To overcome
this difficulty, the parameters of the process model kan be
| estxmated on-line, using a su1table 1dent1f1catxon method
and the predictor is updated w1th the latest estlmates of
the parameters..

Most of the available dead time cohpensation schemes
such as'the Smith predictor (Smith, 1957, 1959) can be
easily extended to adaptive versions if the order of the
process and the time. delays are accurately known. Other
adaptlve ‘schemes which handle time delays are the
self- tun1ng regulator of Astrom et al (1973) and the
self- tun1ng controller of Clarke & Gawthrop (1975, 1979)

A dead time compensat1on scheme based on, a spec1f1c,,‘
discrete state space formulation to represent a process w1tt
time delays, and a Kalman f11ter (Kalman, 1960) was
developed in Chapter 2. In th1s scheme the future outputs
are treated as states of the process, »and are.estimated
using the Kalman filter. The Kalman Filter Pred’ctor (KFP),

\
‘like all the other pred:ctor schemes, requ1res a process

- . , .- 188
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model, which in turn demands a priori knowledge of the
process parameters.

An adaptive extension of the above KFP, based on a
~ ﬁecursive Least Sqoares (RLS) idEntification scheme for
parameter estimation and a Kalman filter for state
estimation is given in Walgama,Shah and Pisher(1985). The
state space model of thetxalman filter is\updated at every
sampling instant, with the cursent parameter estimates. A
dead time compensation scheme, using the Adaptive Kalnan
Filter Predictor (AKFP) and a PID controller, for processes
with uncorrelated output noise is presented in Walgama Shah

&

and Fisher(1985). This AKFP is extended towdeal with the
.process noise 7pdfmeasurement noise. An Extended Least g
Squares (ELS) identification is used in the Adaptive Kalman
Filter (AKF) to obtain the converged unbkased parameters of
the process. The minimum variance predictXNe control scheme
based on the Kalman FiltergPredictor (KPP) ‘as given in
Chapter 2 is extended to an adaptive minimum variance
predictive control scheme.

Using the 1nnovation model the adaptive Kalman filter N
predictor is 1nterpreted as an adaptive Smith predictor with'
an additional time varying filter that filters the error
between the process output and: the model output. To
implement the AKFP ic is necessary to know the noise
statistics a priori or to tune the Kalman filter using the

ratio of the noise covariances as a tuning parameter. An

approach that does not need the noise statistics or tuning
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1s deveioped us1ng the 1nnovA:'on model The 1nnovat10n B

':, model leads to- an ARMAX representat1on of the Kalman f11ter
predlctor. ‘By estxmatlng the parameters of the ARMAx model
n the Kalman ga1ns are" evaluated 1nd1rectly.:These ga1ns are

then used to 1mplement the t1me varylng adaptlve f1lter.

kfo'ch 1eads tora elf tunlng Kalman f1lter SE

_ for stochast;oc'processes w1th tlme delays.;f : ‘f§‘

'”Tﬂe\Kalman £11ter predlctor assumes that the process .

| '-:no1se anﬁ the measurement nolse preSent 1n the system are-v

d-Q'Luncorrelated It is: shown 1n Chapter 2 that the KFP may glve ;

: bxased estlmates of ‘the prédlcted outputs in presence o£ S
determ1nlst1c dlsturbances. Thls problem can be: o;ercome by

v:f? 1ntroduc1ng an 1ntegrator 1nto the already exlstlng “

E Proport1onal and Der1vat1ve (PD) est1mat1o .g nf1gurat10n;d'
’As suggested by Balchan et al (1970, 1973) and Blalkowskl
(1983) 1ntegral actlon 1s 1ncorporated in the state space

nffffmodel by augmentlng the state vector W1th an *additional 7

fi;fstate that correspgnds‘to n01se wlth 1ntegrator dynamlcs A

“‘hfdeta11ed analysxs of th1s scheme is glven 1n chapter 2 The
t\{-above modlfled KFP is extended to an adapt1ve vers1on by

y‘

ffzncorpor§E1ng an 1ncreme“ta1 RLS 1dent1f1catxon scheme,«
i A

:qvbased on an ARIMA representatlonsof the process, (e, g. Tuff

‘et al 1985) The 1ncremental adaptlve KFP can be used w1th‘v
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a2 Adaptwe xalman" mlter Predxctor (AKFP)

R _' ‘ s - o 5 & S =‘«"°z ’ =
2 s s ~"@~% ' B e
4.2 1 State Space Formulat1on - : '

The adapt1ve Kalmig £11ter pred1ctor is devekoped

\

”4assum1ng 2 lxnear d1screte model for the process,wzth txme'

~delays, as shown in f1gure 4. 1; ‘and ass1gn1ng a state to
PN )

1 each output of: _the unit delay blocks. ‘A deta11ed dlscus51on‘lJ
' on the state space formulat1on 1s glven,;n Chapter 2 Only

the £1nal state space formulatlon is prepnnted here.

Let the n** order SISO process with tlme delays be -
4.descr1bed by the ARMA representatxon.“ . Coo
Cogels AtE BE@ we (a.2.1)
a(g™) -1 +ag’+ ag? o ‘t'.;nQ'“ o o.2.2)

FHVB(qf'Tr='§°(”éann +bgt* - - bg™ | ‘

(412.3);1f?
‘ d~_1s the t1me delay 1n the process exclud1ng the | ;
. dlscretlzatlon delay. | | SR
o The state space representat1on obtalned by augmentlng ~.
"the two observabﬂe state Space representat1ons,°;.e..for the <

f,process w1thout t1me delays and for the time delays, is.

g1ven by,k_ , . , E 3 -
Cx(e+1) = Qx(t) PAuD) 4T ) R 0 R
y(t) = ex(t) + v(t) A SR S (4.2.5)

A SN bex‘ o QZ (Md)x(n*'d)k L 0‘ J 1x(ned) Lo s
. eg [ 0 ~, e ]1,(n‘d) ) : 5 . : ' . ' :' -

RN

with



e,=[00 . T
-1t 0 -a, .,
01 "8n-2 "’
0 - 10 -a, ‘
._O ’ 01 -at_jnxn
- ¢, =100 - -0 A=
2 110 - - of I
~ {0 .- -0 o o
B R PP
6= 0, o =1[0 1IN
0
x(t) =‘[x,, 2t v Koo Xpeqo ' xn‘*d]'r

.....

v{t) - measurement no1se ‘ | |

w(t) and v(t) are assumeq to be white noise sequences wlth
- zero mean and covarxances deflned by E[w(s): w(s)’] = R, and
E[v(s) v(s)*] = R respectlvely., |

“The states x to xma are’ the delayed ver51ons of X,

ne1
' wh1ch is the output of ‘the process w1thout t1me delays."
The dxmens1on of the state vector depends on the order ‘
~f-o£'the process,-and on the time~ delays, and hence-on the
f samplxng txme used for the dxscretzzat1on Notzce that the
'fstate tran51t1on matrxx 1s a 51ngular matrzx.
¢.2. 2 Adapt:ve Kalnan Fxlter P:edxctor
o The states x,(t) to xwm_(t) of the state space
K ,formulatxon (equatxons 4.2.4 and 5) are the future outputs

y(t+d)'to y(t+1) ;espectzvely. Thus by estxmat1ng the states
x . . R . . x'\"
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- of the‘formulation'(equations‘4.2.4 and 5), using any type
;of state est1mator, the future outputs up to- t1me t+d can be
pred1cted at time t. However consxder1ng the stochastlc'
d:d1sturbances present in the process, ‘a stochast1c est1matxon‘
scheme such as th“”Kalman filter should be employed to ‘
Ce obta1n optxmal est1mates of the states,3i.e; opt1mal

, y _
-fpred1ct1ons of the future outputs.‘

. 1f the process parameters of the state space model are
known the. 1mpf§mentat1on of the above KFP is stra1ght
forward. A deta11 dxscuss1on on'the KFP is glven 1n chapter
,2; When the process parameters are\hqt known apriori, except
for an upper ‘bound on the order and the t1me delay of the
process, then an 1dent1f1cat1on scheme\has to be employed to
estimate the process parameters on- llne.\Thgs it 1s »

‘' necessary to use an AKF. scheme that does both\\arameter and:

N\
state estimation. '

A commonly used AKF is the Extended Kalman Fllter(EKF) ‘K“
In thlS scheme the" state vector is augmented with the
“hunknown parameter@pgctor. This leads to a non-linear. Kalman
filtering problem due to the occurrence of products’ between
"parameters and states.r t has beén observed from 81mulat10ns
‘and practlcal appl1cat10ns that the EKF algor1thm may give
bblased est1mates, and may sometlmes dlverge. The convergence
‘.properties of the EKF has been 1nvestxgated by Ljung (1979)
who has demonstrated that the convergence d1ff1cu1t1es may

ar1se due to a comb1natlon of factor% such as 1ncorrect

spec1£1cat1on of noise covarxances and the dependence of - the

o



Kalman gains on the parameter est1mates. An 1mproved"EKF
'algorlthm that would g1ve converged parameters ﬁhs proposed
by Ljung (1979) | |
Another approach to the AKF is to use sequent1a1

j‘pred1ctlon error parameter est1mat1on and the Kalman f11ter A’
.as g1ven in Goodw1n & Sin. (1984) Th1s parameuég estlmator
‘uses the, est1mated output from the Kalman filter inits
regressor vector. Estzmated parameters ‘are used 1n the KF .

for state est1mat10n. dlsadvantage of thlS approach is,

"'that it does not guarantee good estimates of the complete{

_ state vector. The ‘best one can expect is that the estlmated
output of the KF w111 approach the true system output
.‘asymptotlcally. Good est1mates of the states can be
obtained »only if the est1mated parameters are a good
.3-est1mates of the true parameters.;’ - |

The adaptxve Kalman fllter used in this report. consists
& %

of an xndependent 1dent1£1cat1on scheme and a Kalman filter
scheme that uses the updated parameters from: the !
1dent1f1catlon scheme.’ The schemat1c block d1agram of the
AKFP based on the above AKF is shown in f1gure 4, 2 The .
parameter»a\ent;f1cat1on scheme uses only the process 1nput
and Output”d;ta\to estimate the parameters. The state space
- model used in the Kalman fxlter is updated'us1ng the current.
| 4est1mates of the parameters at each samplinghinstant.
An adapt1ve Kalman fxlter as suggested above can be

used to estlmate the states, thus the futwre output of the

- process,'l e. y(t+d|t), L y(t+1|t) It is 1mportant to,
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note that the parameters of the ARMA model g1ven by the
equatlon (4 2.1) are expl1c1tly present in state space model
given by_equat1on (4.2.4 and 5),_and that they are the only
non:unity, non zero elements of the matrices & and A of the
state space model. Thls facilitates the development of a
d1rect AKF, w1thout havxng to do any 1ntermed1ate
calculatxons or 11near transformat1ons.

The t1me varylng Kalman f1lter can be 1mp1emented
e1ther by u51ng the algorlthm given in Appendlx A or E.
However the algorithm given in Appendlx E, for- the KFP, is

more computat1onally efflcxent, and hence is more su1tab1e

, for the adapt1ve ‘Kalman f11ter predlctor appllcat1ons.

-

4,2, 3 Parameter Estlmatxon

-To obtain good estlmates of the states, i.e, future
outputs, it is 1mportant to obtain converged true estlmates
of the process parameters. For determ1n15t1c processes and
for a class of stochastlc processes a Recur51ve Least
Squares (RLS) 1dent1f1catlon can be used to obtain the —
converged true: parameters of the process i.e.
| determ1n1st1c ‘discrete processes represented by the

o

DARMA model,

4

o P
A y(t) = B'u(t) o Lo (4.2.6)

ormstochastic d1screte represented by the ARMAX model

Ay(t) = Bult) + £(t) | (8.2.7)

 where £(t) is a white noise sequence and A and B polYnomials

as_defined in equation (43292 and 3). -
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'However}-in'the'genefal eas when there is p?gcess
noise and/or measuremeht noise ,ri{e..khen the c(q™') of the
ARMAX representation, o | : . |

A(g") y(t) = B(g™) ul(t) + C(q“)E(t)L © (4.2.8)
is not unity, 1t is necessary to use a stochast1c parameter

A]

est1mat1on algor1thm, to obta1n the true parameters of the

process. One such stochastic parameter estimation scheme is

the sequent1a1 predlctor error algorlthm, ‘which is commonly ~

known 1n 11terature as the recurs1ve maximum 11kel1hood
version 2 (RML2), (Goodw1n and Sin, 1984). One of the

problems with this method 1s that the input/output data is

- passed through a- txme varying fllter having its \denominator

polynom1al depend on the parameter estimation. If the roots
of this polfnomial'are not assured to be within the unit
4c1rc1e dlvergence problems can occur. An addltlonal test,
such as Jury's test (see Kuo, 1980) has to be used to keep
: the roots of" the polynom1a1 1n51de the unit ¢1rcle.

: The 1dent1f1cat1on method used in thls work is the
kcommonly known Recursive Extended Least Square (RELS)
. algorithm presented by'Pehuska (1968,.1969) and Young
(1968). This.is also called RML1 (deerstrom, Ljung and
Gustavsson, 1978), and extended matrix method (Talman and
‘ vander Boom, 1973). A theoret1cal ana1y51s of RELS method
along with other recursive 1dent1f1catlon methods is given
in Soderstrom, Ljung and Gustavsson (1978), and a
cqnvergence analysis is ngen in Ljung (1978) The extended
least‘squares»methed is hot as robust as RLS. As shown by -

P
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LJung (1978), -a theOretical sﬂbrt com1ng of the ERLS is that
it cannot be proved that the estimate of the C polynomial in .
(4.2.8) will converge for all cases. '

e

Extended Least Squares alﬂotlthm.

> Consider the ARMAX model g1ven by equation (4.2.8),
A(q”) y(t) = B(g™") ult) + clg')e(t) - (4.2.8)
wheré - | » . , ,
A(Q") = 1 + a,q + - A +aq™" A i ' (4.2.9)
B(q™' = q'(“d)[b +bg '+ bl C(4.2.10)
C_fq“) =1+cqg'+ - ¥ c,q! | g ' " (4.2.11)

A(qg™') and C(q”) are monic by definition, and have
their .zeros inside the unit_cifcle. The polynomials A and B
or A and C do hot'have any commoh factors. A theoretical

analysis would also need a persistently exciting input

ignal for the convergence of the parameters.

. The regressor vector is,

+

(£-1)7 = [y(t-1), y(t-2), - ., y(t-n), a(t-a-1),
| u(t-n-d), e(t-1) - - e(t-1)] ,
- (4.2.12)
, R
The parameter vector is,
6 = la,, - "1 a3y b, - s by cy o C] (4.2.13)
and hence ' "
. E
g(t) = ¥T(t-1)6 + e(t) . ($.2.14)

If g(t|t-1) is the a priori predictec cutSut ang 8(t)

a.

is the estimated parameter vector, then,

glelt-1) = ¢7(t=1) B(e-1) | (4.2.15)
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Gain Calculation, .
: CP(t-2)y¢(t-1) ‘ '
Glt) = e P (E-2)W(E- 1) (4.2.16)

Parameter estlmat1on

g(t) = eu:—m + G(t) [y(t) - y(tlt ) ' (4.72.17)

Covarlance Update
P(t-1) = 1[I - G(E)¥"(t-1)] P(£-2)  (4.2.18)

The prediction error e(t) can be calculated in two ways:
the a priori pfedicton error, ‘ -

“a. g(f) =1y(t) - y(t{t-1) | '

- gt) - ey Be-n) (4.2.19)
or the a posteriori preaiction error.
b. eft) = y(t) - §(e|t) = y(t) - ¢(t-1)T6(t)
. . - (8.2.20)
This was first proposed by Yeung (1974)..Tﬁe idea is to
use the mosﬁ recent estimates of the parameters.

" An important fact” that “has to be rgcognized is, that a
guarantee of cdnveggence of the process parameters for a
stochastic procéss is obtained at the expense of estimating

~additional noisé parameters. These estimated noise
parameters are not uéea anywhere else in the scheme.

4. 3 !nnovat1on Model Approach for the Adapt1ve Kalman Filter
Predictor
The configuration of the KFP and some anzlytical
results were investigated using ‘the 1nnovatlon model

approach, in Chapter 2. In this sect1on the innqvation model

ideas are applied to the~adapt1ve.vgr51on of the KFP.

“



The results obtained in Chapter 2 can directly be
applied to the AKFP. The only different is the parametetsi
a,, ' °, a, and b, - - b of & ‘and A are now the estimated
values from the parameter identification scheme. Thus, ¢ and K
"A are now time varying. However for convenience, the same
ftime.invariant notations as used in Chapter 2 are'used here,
: Fromjchapter:z, equatién (2.4.1) the innovatioﬁ model
for the AKFP is given by, |
R(£+1) = @K(E) + Au(t) + Léts1) [y(es])
- epk(t) - BAU(t)] | (4.3.1)
+ where | | |

et = [00 - - 10]

6A (0] tf dz1
From (C 2) the predlcted current output is,
jle) y(tlt-1) obi(t-1) + OAu(E-1) |
_ = R, (E51) , _y f (4.3.2)
And the &nﬁbvation sequence w(t) is defined as,
w(t) = y(t) - y(t) | v . (4.3.3)
The predlcted value of the output of. the process W
without time delays, i.e. ¥,(t) = git+d|t) ; x (t), is given

'
s

by equation (2.4.21).

jltrd[t) = g AT (g)B (g ult)
K‘(t,q-‘) -(a+1)p - 1yl -
—_ - B
+C(t,q”)‘ [y(t) - q AT (g ")B' (g u(t)]
(4.3.4)
whéte 4
K,(t,g7') = L (t) + L, (t=1)g’ + - -+

L‘(t-n+1)q-n‘1 . (4.3.5)
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K,(t,g™') = L, (t) + L, .- (t-1)q" +

+ L,,,(t-d+2)q™*"? | (4.3.6)
Ffog ;qdat;onl(2.2.13), |
A(:;") y(t) = B(g ult) + clit,q ")w(t) ' (4.3.7)
“ where

c(t,q") = A(g ") [1+g7 'R, (t-1,q +q A (g K, (t-d q“)]
= 1+c,(t)g '+c,(t)q@™%+ + - + Cpiy J(t)gen!
(4.3.8)
No;%define the fdﬁlowingﬁtransfer functions,
6,(t,q") = g A" (@B (@)
e (.39

' N '

G;(tr'q-"”_)‘-" q'l A'1(q"1) B‘(ql‘)

(4.3.10)
‘and
CK(t,q™") '
. -1 = L ' P (4-3n11)
o) =
The transfer functions G, and G, are time varying
because the A and B polyndmials are time varying. "

Substituting-('4 3.9, +10 and 11) in (4.3.4) we get,
Fleedle) = G (t,q M ule) | |
| + 6, (t,a")Ty(t) - G,(t, gHu(e)]  (4.3.12)
If we defihg the var1ab1es,
y (t) = G, (t,g7") ult) ‘ - (4.3, 13)
y,(t) = G (t,a”") ult) .  (a.3.10)
Equation (4. 3. 12) can be rewritten as, |
| jlred|t) = y (£) + G (t,g™) [y(t) - y,(t)]  (4.3.15)
Equations (4.3.13, 14 and 15) can be used to obta1n an

internal configuration for the AKFP. A schematic block
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diagram of the AKFP is shown in figure 4.3.

Since Gm(t,q*)«is the model of the process, and
Gp(t,q”) is the process model without time delays, it is
clear from figure 4.3 that the internal structure of the
AKFP has the same configuration as the Adaptive Smith
predictor; (ASP) , as shown in figure 4.4.However the AKFP
has an additional time varying filter G,(t,q" M, whxch
filters the error between‘the process output and the model
output. \

The process ?odel G. and predictor mogel 6' are time
vary1ng, because the parameters of these two models are
‘updated at every sampl1ng instant by the 1dent1f1catlon
algorlthm. The filter GF is time varying due to the -
parameter identification and the time varying Kalman filter
gains. The filter G, can be interﬁreted as an'adaptive'

filter based on the Kalman filter.

4.3.1 Comments on the stability and the canvergence of the

| Adaptive Kalman Filter Predictor

At present we are interested'in the' convergence and
'stabiiity of the AKFP, but not of the closed loop system

thar uses this predictor.

Convergence

Slnce the AKFP is implemented by comb1n1ng an
1ndependent identification scheme with a Kalman filter, the
convergence of the AKF depends mainly on the convergence of

the'identification scheme, especially the convergence of the

t
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polynomials A(g™') and B(g™') to their true values.

The convergence properties of the extended least
squares identification method has been investigated by Ljung
(1977), Solo (1975), and also a good account of-their
analysis is given in Gocdwin and Sin (1984).

The parameters estimated by the extended least squares
algorithm will converge to'their true values, i.e,
tim 8(t) -'9;, if the following conditions are satisfied:
?T—;:ability assumption

Both A(g™') and C(g™') are stable polynomials.

2. Persistent Excitation Condition '

{

N ,
lim % z\,\b(t-n\h(t-nf = R - (4.3.16)
N—>o t= . ‘ ‘

exists and is poSitive definite, where,
3 cowe=1)T = [~y(t-1), - -, -y(t-n), u(t-d-1)
7 u(t-d-n), e(t-1)[”? ~e(t-1)]
3. Passivity Cﬁ\d{tion

1
[

67537__ % ] is very strictly passive, 1i.e.

ARe( - %] >0; -x S w < 7} | (4.3.17)

| Cc(el)
If the RELS gives converged true parameters, it is
possible to guarantee that the KF algdrithm will converge to
the steady state Kalmén'filter. Since the parameter
identification is independent of the state estimafion in the

KF, irrespective of the behavionryqf the KF, the RELS will

give converged true parameters, if the conditions for

—
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convergence are satisfied. Referring to figure 4.3,
-" - :
lim 6(t) = 8,
t—>w .

will guarantee that,

*

lim G (t,q") = G, (q") 3
.t'—.'>c?\

Y

lim Gp(t,q”) = G (q™") ' -

t_~>¢ P

lim  G,(t,q") = G.(q™")

t—>m>

Stability

Stab111ty of the AKFP is qU1te 1mportant because of the
possibility that it could go unstable, simply as a
predictor, not to mention closed loop stab111ty. From fiéure.

4.3, it is clear that the stability of the AKFP, i;e.

i
[}

boundedness of the predicted output,- depends on the transfer
functions G,, G, and G The t1me varying adaptive filter G,

is important for the stabillty analys1s. 1f the C(q" ) !
(equation 4.3.8) polynomial,. evaluated by the parameter
estimation and the Kalman filter algorithm has its r00t§
outside the un1t circle, then G is a unstable system. The
asymptotic .convergence of G, to its steady state filter is
guaranteed., if the parameter 1dent1£1cat1on converges to its
‘true values and the stablllzab111ty and detectability,
conditiond as given in Chapter 2 _are. satzsfxed Th1s would

also guarantee a stable filter G,. But until the parameters

have converged yet, 'the stability of the filter G, and hence
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 :of,the'AKFE;"is notﬂéuaranteed;

& 4 A Sggggzt;zng Kalman F:lter Predxctor
- ‘" The AKFP d1scussed 1n ‘the prev1ous sect1on reqdlres a
?‘prlor1 knowledge ot the no1se stat1st1cs 1n order to tune
. the ratlo ot %he noise covarzances R IR ‘to satlsfy a

..‘_‘Z'..

_certaln perférmance cr1ter10n A 'self tunxng KEP cah be
Lj

"deVeloped by u51ng the 1nnovatlon model approach
. Cons1der the equatlon (4 3. .8), whlch was der1ved u51ng
the 1nnovat10n model e o _
! A(q")y(t) B(q-')u(t) - C(q")w(t) e
'."here : ’ ““F_"b : : | i | '. |
(g - 1+c,q-‘+ cm;‘q-n-au" B (TP
‘ ;A(q") % 1+a,q +o +a Q" Rl __ ‘ i’_ 1‘1 o (4.4.35i
B - é""*”[b*-bq R R R I
;and the. coef£1c1ents of C are glven by,‘ T;, f*\,
Lelg) = A(q"')+q"A(q")K (¢- 1,q“‘)+q (- -a.q” ) |
o o ;.,"%";c & ' (4 4 srf
© Prom equation. (4.4.5) ve get:
ot ey
 for 1Sd 1 _‘ e ' ;> ;  V'f‘1 fngﬁlfgggd;‘ "i;iw |

- with-éos1“aﬁd me;i' 

. for nzizda-1 e e

e, (t)‘= ; [IQ,w,(t 1)a,4] ,"di(t 1)'jJT’”V‘:}'_i»‘ (4y4-7)
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for n+d 121>n -
-1 ' -
: C,i(t.) = =l[nr. .a- 1(t l)a, L ,,d(t i) (4.4.8)
1Qgese,2.'"n=d:1/, ' " - . - o
7y S o = o ‘ ‘ . o 'Af:f; " o :
‘ Lo i . e :
e (k) o= §0Lmdl(t -1)a,. . e T T (4.4,9)
) - S
~for n+d-1 21 > d-1 o
Fi
c; (t) = Z [Ln+d1(t 1)a, R AR ,,d(t 1)
, | | (4.4.10)
> : o :
. - B .
Case 3. n<(d—1) - 5
for i < n‘ : N |
Joey (t) = Folnean (€7 1)a e | (4.4.11)
for -1 2i2n . -
"ci'.(t) = ZOLMdl(t l)a : TR T (_‘4_4.‘.1‘2)‘
Cfor i2d o -
. ; .
cl(it) = I:ﬂ_dn (L, .o 1(t: l)a1 1] I/ 1+d(t 1) o
| | (4.4.13)

_,g»«

j If the coeff1c1ents c, -te c*d1 are known the Kalman
ga1ns L, to L can be calculated sequentlally u51ng

quatlons (4. 4, 6 13) Thus 1t suggests a method of Y |

calculatlng the Kalman ‘gains 1nd1rect1y by est1mat1ng the}p*/e;

' polynom1al.

» .
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~ Since equation (4. 4.1) is in ARMAX form, a recursive

extended least squares algor1thm can be used to, estlmate the

T parameters of the A, B and C. The estlmated parameters are

E Pred1ctor (STKFP)

used 1n equatlon (4 4. 6 13) to solve foé‘%he Kalman’ gaxns.r
hus, 1nstead of using the Kalman filter algor1thm, which
.‘requ1res knowledge of the noxs;%statlst1cs, the Kalman ga1ns
are calculated d1rectly from. th;a;;rameter 1dent1f1catlon
'_method The evaluated Kalman—galns are used to 1mplement the
adaptive: fllter Gy of the KFP, as given in flgure 4 3. Th1s‘

‘wzll glve the predicted output y(t+d|t) But 1£ it 1s

hnecessary to predlct all the future outputs up to y(t+d) anB
‘f;other states,vthen the Kalman galns can be d1rect1y used in
’the 1nnovat10n model glven by equat1on (4.3. 1) |

x(t+1) Qx(t) + Au(t) + L(t+1)[y(t) |
- e@i?t)-- eAu(t)] :’ ‘(4‘3v1) ,

ThlS method leads to a "Self- Tunlng Kalman F1lter

&

4.4 1 Comments on uhe "Self—Tunlng Kalman Filter Predlcfor
1. Th rder gf the c polynomxal in equatlon (4 4, |) is
n+d 1y and is greater than the order of the A and B
| polynomlals. The order of c polynom1al depends on the
“ﬁtime delay d For very large dead tlmes thzs method mayq
not be’ su1table because of the large number of
-pglameters that must be est1mated However, it is
1mportant ‘to noteathat compared to other 1mp11c1t

| optxmal predlctor@%ethods (Goodw1n and Sln, 1984), L.

L



' prediction.

S 1

1

which use the Dlophantxne 1dent1ty to obtaxn the

“optimal pred1ctor equat1on, th1s method Stlll has less

parameters to 1dent1fy

 .The t1me varylng Kalman gains depend on the process
bxnput and output measurements, and on the convergence ;

vpropert1es, espec1a11y the convergence rate of the

1dent1f1catlon method -In the AKFP scheme deSCrlbed in

o sectlon 4.3, once the parameters of the A and B
~upolynom1als have converged the KF converges
‘exponent1ally fast to the steady state'KF, but in the

"STKFP scheme the KF wlll converge only after the €

polynom1al has converged The convergence rate of C

polynomlal 1s usually ler for a. 1dent1£1catlon

method l?ﬁé RELS, which uses a pseudo linear ‘regressor

, o
vector' w(t) W%lch depends on- the parameter estlmat1on

v6(t) 1f the parameter est1mat1on converges to the true

&

values then the STKFP will give minimum variance
Thevstabfiity of the STKFP depends mainly on the
stabilit;'of"the time varying adaptive filter G,. The

denomlnator polynom1a1 of G, is the polynomaal C(q ),

and the stab111ty of G, thus depends on the roots of

C(q”) Un11ke in the AKFP, 1n the STKFP ‘the C

"polynomlal is- obtalned from’ the parameter

. constralnts on the parameter estlmatﬂon of the C

polynom1al such that C is always stable.

~ . -

e

°

‘1dent1f1cat1on aigorlthm. It may be necessary to impose -
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3

A condition that is‘necessary in parameter

‘ldentification,is'that C is a stable polynomial. It is

 shown in Chapter 2, that C(q™') is a‘staéle polynomial
if the stabllxzabllxty and detectab111ty is guaranteed
Although thls assures that the STKFP is, asymptotlcally’w
stable, it does not guarantee the stab111ty before the

”_convergence. ‘This m1ght cause d1vergence in-the
predlcted output. A way\to get around thlS problem 1s
to obtain the C polynomlal coeff1c1ents off-line and
use them as initial conditions. ‘

4‘5 Feedback Contrbllusing the Adaptivegxalman Filter»

Predxctor -

The pred1cted future outputs, other est1mated states
and the ‘estimated parameters from the AKFP or STKFP can bF
used -in any type of controller de51gn. The AKFP prov1des an
 explicit 1dent1f1cat1on of the process parameters. Therefore
any controller des1gn can be. done aSSumlng that the true
parameters, states and the future ou*puts are known, and use 3
the estxmated values in the actual calculations. In the next

two sectxons the PID and adaptlve predlctlve feedback

o

,control schemes are d1scussed.

- 4.5.1 PID Control
X PID feedback controller can be ea51ly implemented for
.ythe non-adapt1ve version of the KFP as given in Chapter 2.

However it poses a number of questlons when:used in-
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conjunctxon with the AKFP scheme. 1f the model parameters
are totally unknohn or t1me varylng, it may be d1£f1cult to
.obtain an initial set of controller parameters . I1f a
reasonable model of ‘the process is avallable the initial
controller parameters can be calculated for that model.

— A schematlc block diagram of the feedback control using

AKFP is shown in f1gure 4.2,

The tracking error is glven by,

e(t) = y'(t) - glt+d|t) - (4.s.1)
and PI control algorithm is-given by,
. T t ' .
u(t) = K le(t) + —1Z e, (t)] ' - (4.5.2)
N T! 1=0

where . .
T - Sampl1ng t1me |
1% - Proportional gain-

-7~ Integral reset time.

4.5.2 Adaptlve Predxctlve Control
The ada§t1ve Kalman fllter pred1ctor is a model based
pred1ctor, whzch uses a- model that is be1ng 1dent1f1ed
.on l1ne. The knowledge of the process model parameters can
_be employed to design a controller. This leads to an
adaptlve control scheme. ‘
It.-is shown in Chapter 2, that the control law that
,.m1n1m1zes the variance of the. track1ng error,” er that
minimizes the cost function: ,
J(t+d+1) = E{[y(t+d+1)—y‘(t+d+1)]2}
- ‘ ? | (4.5.3)

<
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where
y'(t+d+1) - desired output,

leads to a predictive control law giren by the following

:'equat1ons. ". . . g
u(t) = -—{y (t+d+1) - [1-A(g™") 19(t+d+1)
- [B(q”)- b,Ju(t)} ‘ : (4.5.4)

where ?(t+d+1) is the predicted output of the KEP.

Apply1ng the certalnlty equ1valence concept to this
controller, the pred1ct1ve control law given by equati®n
(4.5. 4) can be extended to its adaptive vers1on by*replacing
the parameters of A ‘and B by the estimated parameters A(g™")
and '8(q7"). Thus the adapt1ve predictive control lav based
ron the adaptlve Kalman filter pred1ctor is given by,

u(t) = —-—{y (t+d+1) - [1 A(g))] g(t+d+1) o
- [8(g™") - B,1}u(t) | (4.5.5)

This control law can be, used with both AKFP and STKFP.;I
It 15 zmportaht to note that 1n;both cases ‘the C polynom1al
estlmated in the identification is not used for the control
‘law calculerlons.
- R : N |
| 4;5.3 Comments on‘the.Adqotive Kalmgn‘Filter PredictiVe
o Control (AKFPC) scheme
1. The number of parameters that has to be estimated in
> .. -this scheme is less than in the, implicit adaptive |
mlnlmum variance controller, that uses the Dlophanrlne
1dent1ty to obtain the_predlctor. This can be a

significant advantage when there are large time delays

+



present in the system.
2. In chapter 2 it is shown that the closed loop equat1on‘

for the system using the Kalman filter pred1ct1ve

control system is given,-

(t) = ey (ted) +Nz(q_1 ‘t(t)

¥t 2§y YUY e T
(4.5.6)

where :
N,(q”") = [A,A'B}' B‘q";-‘(1-A)C‘W<,

(a,A"'B;' B'-1)] E (4.5.7)

N,(g") .= AB;' [A7'B'q"'-(1- -A)C'K, A”B]

: \ ,

, \ s (4.5.8)

A and B, are the true ARMA polynomials of the process
and £(t) represents all the disturbances and noise present
in the system. .

The closed loop equation for the AKF pred1ct1ve cqntrol
is same as equation (4.5. 6), but now the polynomials A, B',
ol and K are obtained from the estimated parameters.

If the est1mated parameters converge to their true
values then, |

A-->A, |

q-(d+1)B1-_>'Bx

The closed lood equation (4.5.6) is~ndw given.by,‘

g*(t) = ylt) + [O-A)CA R=11E(E)

3 (4.5.7)

If it is assumed the noise t(t) is bounded then}from'
equation (4.5.7) it 1s clear that the asymptotic stability

of the AKF predictive control system depends on the roots of

h'.'
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»

A aﬁé C.‘Since,A is a stable polynomial and the stability of
C is guaranteed, by.the KFP scheme for ghe AKFP and by the
ERLS for the STKFP, the predictive controller given by

equation (4.5.5) is asympéorical;y stable. However ii does )

not guarantee the stability beforé”the‘parameters are L~

converged.

4.6 An Adaptive Kalman Filter P}edictof for Determinisfic
Disturbances |
"IE the AKFP or "STKFP discus§gd in the previous sections
are tgvbe.used iﬁ processes where deterministic disturbances
or a biaé (offset) is present, a number of difficulties will
be encountered. They are: .
1. As discussed in Chapter 2,'due to the PD nature of the
eétimétioq ;cheme the output prediction will be biased.
2. The normal ARMAx'model cannot be*used‘fot parameter
ideétificatiqn under“determinisfic aisFurbances.
3. Even if unbiased pre@ictions are made by the KFP the R
in section (8.5.2).
In the following sections each of these difficulties is
discussed in detail, and a modified control scheme is

L

-debeléped.

4.6.1 Modified Kalman Filter Predictdr.
It was shown in Chapter 2 that due to the "PD

estimation™, especially the PD functional block in the
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feedback path of the state estimation scheme, the P edicted ,
output could be-biased, since it does not pass the full '
information about the dfsturbances. The intuitive
modification is to introduce integrator(s), thus obtaﬁping a
'PID' estimation scheme which in turn will give an unbiased
disturbance prediction. The introduction of ;he integrato;s
was achieyed‘by augmenting the state space formu;gtion giveh
.by (4.2.4 and 5) with an additional state corresponding to .
noise. This was first proposed by Balchan et al (1970, 1973)
and Bialkowski (1983). .

Wwhen the process noise is not white noise, the state

‘. space representation of the process can be augmented by the
states corresponding to the n01se dynamics. If the step

_ dxsturbances are 1nterpreted as a random signal which
introduces the steps at random time instants, by random step
s1zes, the dynam1cs of the step distu rbances can ‘be
represented by 1ntegrated random no1Le ( Balchan et al,
‘41970 1973 and Tuff et al. 1985) ,° .

sm—ﬂ—tl o . el
‘\where o | A |
A = 1-q”', differencing operator;

w(t) = random signal, generally zerQ but may ettain values

\ e L :
p;'at arbitrary time instants 1;

t(t) = series of steps of height h, starting at time i.



ﬁhe augmented state qpace formulatxon of the KFP is
. .

/"_//
given by, Pd
B n - . : s~ . -
oo 0 1] /// S
x(t+1) = |r & 0[x(e) +]|AluCe) « |ofult) [
| i
.6.2
LI ¢2J 0] 0 | (4.6.2)
(t) = [0:0:8,1x(t) + v(E) | \\ (4.6.3)
where A
x(t) = [Xp, X%y X o X0y Xou) ' \

Y
A detailed discussion and an interptetation'ﬁ?\g?e
modi fied KFPis given in Chapter 2

~

~
\\
~

. \
4.6 2»Nodx£ied‘hdaptive Kalman Filter Predictor '

The modified KFP given in the abdve section can_ﬁe
extended to its adaptive version by defiﬁing a sultaple \
model and an identification scheme té handle the step j

"disturbancqs. Obviously if the ARMAX model is defxnedtas,
Alg ' )y(t) = B(q”)u(tlj+ c(g')w(t) (4.6.4) \\

it would not model the disturbances correctly, and the

identification would not guarantee converged true
 ‘parameters.

——

— -
Consider the ARIMAImoael (Tuff et-al, 1985) for the -

proceég.with deterministic disturbances, R 44??5
A(q")y(t; “erupry(e) + ML) (44 &s)
Mg ay(t) = gIB (L) + w(t) J4.6.6)
1f we define the regressor vector y(t- 1) ‘as,
v(t-1) = [ay(t-1), Ay(t-2), - -, Ay(t n),

Au(t-d-1),

-, Au(t-d-n)J7 »N\_J)(4.6,75

3
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and the parametér»vector as,

8(t) = [a,,a, L a,.b,,b,, . b1 '

| - (4.6.8)
then from (4.6.6) ) .

y(t) = w(m)é(tw + §(t) /

S1nce £(t) is an uncorredated noise s1gpa1 and it is
also uncorrelated w1th W(t—1) we could use.'a RLS algorithm
to-estimate the converged true parameters of 6(t), i.e. the
A(q”) ‘and B(g™") polynomlals. This is the RLS identification
‘scheme gsang 1ncremental varxables. The 1dent1£1ed
_ parameters can .be used in the KF and in -any assocxated

controller. N

4.6.3 Incremental Adaptive Predfctive Conttoléfof the
mod1£1ed Adaptive Kalman Filter Predxctor .

If the pred1ct1ve control law given by equatlon (4 5 4)
is used, when; there are. determ1n1st1c distucrbances ‘the
outputvcontrol w111 be bxased This can be corrected by
introducing a bias term into the pred1ct1ve control law. ’
This bias term could be identified ‘'on=line by introducing an
additional parameter to the 6(t) in a normal RLS esﬁimation
‘ scheﬁe, or we can use the incremental predict{Qe control as
given below:

Consider the ARIMA model (4.6.5)

Algy(t) = g @B u(e) + HE . e (4.6.5)
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from (4.6.5)
Ay(t+d+1) + [A(g')-1]ay(t)

= B'Au(t) + E(t+arl) _ (4.6.9)
Taking the conditional expeétation of (4.6.9) we get,
Ay (t+d+1|t) + a,A?(t*«'dlt), + -« + aAy(t|t) |
= B'Au(t) | (4.6.10)
The minimuvaariance estimates for Ay(t+d|t),
Aj(t+d-1]t), - -, Aj(t|t) can be obtained from the KFP:
_A?(t+d|t) =.&(t+d|t) - 9(t+d;1|t) o (4.6.11)

If the control iaw is calculated such that the
ptedlcted output y(t+d|t) will reach the desiref set point
in one Sample time instant, the 1ncremental control law
Au(t) is calculated by def1n1ng-

By (t+d+1) =y ‘(t+d+1) - y(t+d|t)

= Ay'(t+d+1) | (4.6.12)

The incremental cbn;rol law is given by,

Au(t) = ;—‘{Ay‘(t+d+1) - [1-A(¢“)]A§(tfd|t)

- | - [ B'(¢7)-b,Jau(e)" (4.6.13)

The adaptive control—of (4.6.13) is obtained simply by

using the estimated parameters of A and B..

4.7 Simulation Results and Discussion
The simulations were carrftd oﬁt for the 2" order
,précéss given byvt§f difference equation:
y(t) - 1.895¢ p&~1) +.0.8987 y(t-2) = |
0.7975 u(t-4) - 0.7758 u(t-5) | (4.7.1)
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The process was simulated using the state space
formulation given in Sectioﬁ 4.2. White noise sequences were‘
added, to each process state to generate th§ process noise,
and to the output to generate measurement noise.

Process noise w(t) = (0,0.1]

ﬁeasuremggt.noise v(t) = [0,0.1] ‘ : /

1. Adaptive Predictive Contfol with AKFP:

la. Determinjstic Process .

A periodic set point, ‘ N
y'(t)'= 1 0st s50
=0 50<t <100
is used il the 100t" time instant té obtain converged

‘parameter igures 4.6a and b show the performance of the

L]

AKFP a As shown in theory both AKFP and ASP functions

exactly t same under noise free conditions and if the
parameters have converged to the true pérameters. In the
‘deterministic case the converged true pafameters are "‘
- obtained very fast. | .
1b. Stbchastic Case ;.
Figure 4.7a shows the output control using AKFP and
ASP. As in the fixed parameter case, éhe AKFP can be tuned
to obtainiminimum variance performance. The ASP is quite
hoisy; It can be improved by intrbduqing an exponential
filter. However as shown in figure 4.7c theﬂminimum value of
the output error variance achieved by AKFP is less than that

of the ASP plus exponential filter. Thus the AKFP per forms

e ad adantive minimum variance controller.



. The parameter est1matlon 1n both AKFP and ASP are -

: almost the same..thure 4 7d shows the parameter est1mat10n

’{‘11n the AKFP Two C coeff1c1ents are est1mated to obtaln the

=

m converged trueﬂparameters of"_

'h 1n table 4 1

and B polynom1als. Converged ;,

values of the parameters after 800 samp‘e 1nstants are glVen '

2. Adaptlve Predlctlve Control with STKFP

.

R The Kalman galns L to L vere caﬂculated u51ng ‘the “f._f‘
* -

algorlthm g1ven in. sect1on 4 4. " Four C. coefflcxents are

; estlmated 1n order to calculate the Kalman ga1ns. The

v case 1s not the m1n1mum varlance ach1eved 1n AKFP

’{; convergence of A and B 1n AKFP may be due to thé fact that

Tit shows satlsfactory performance the error varlance 1n thlS

performance of the STKFP 1s shown 1n f1gure 4 8a. Although

1t shows less var1ance than in the ASP. See f1gure 4, 8b¥

&

The convergence of the ‘AL and B'parameters 1s faster‘r,.'*

than 1n the AKFP. But the convergence of the four c

'coeff1c1ents 15 qu1te slow. Parameter est1mat10n of thei

) +-‘v.

un A and B almost equal the true. values.,The d1f erenge

-in

a: .
the convergence in AKFP ai?@STKFP 1s due to the number-OE%C'

L

coeff1c1ents that are’ estlmated The reason for the slog

K

two c coeff1c1ents are not suff1c1ent to represent the n01se;

present in the system. Another reason could be that theSe-Q,‘

——

was very r1ch exc1tatlon at the beginnlng of the response '
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due te Ehe large fluctuations in the Kalman galns etc.
Flgure 4.8d shows the values]of the Kalman galns. The
galns fluctuates w11dly at the beg1nn1ng,_and consequently
poor performance is shown 1n thlS 1nterval Slnce the Kalman
.galns are calculated from C coeff1c1ents,,wh1ch are slow in
convergence, the Kalman galns ‘are also slow in convergence.

L e

o Compared to AKFP there: are more parameters to be

'”estlmated in the STKFP, and the number will 1ncrease w1th

!the t1me‘delay, because the number of ¢ coef£1c1ents in the -

-~ C polgnomlal depends on the t1me delay (equatlon 4.4.2).

However it 1s still 1mportant to note that the number

;parameters estlmated in the STKFP is 1ess than-in the-

R 1mp11c1t self tunlng controllers (Clarke and Gawthrop,

the same un1t§~as y is £u—37 037.

; 1979), ‘or in 1mp11c1t adaptlve m1n1mum variance control

_system (Goodwln ahd S1n,,1984) =

_3. Adaptxve Incremental Predlctlve Control with Mod1f1ed

Adaptlvetkalman Fllter Predlctor'

~ The performance of the mod1f1ed AKFP and ASP, In the,
p;esence of determlnlstlc dlsturbances is 1nvest1gated by

51mulat1ng a process w1th the follow1ng dlfference equat1on.hﬂ

y(t) - 1 8954 y(t 1) + 0:8981. y(t 2) =

0. 7975 u(t -4) - 0.7758 u(;—s) * () 1ff;.,(4}7;2$i'

E(t)'is a per1od;c 51gnal glven,by,v A f
(1) =0 0stsa0 . RIS y
e A

The steady state value of the dlsturbance expressed in
. ir/

e

R



¥ ' " ' '
F1gure 4 %9a shows the AMKFP and ASP under determ1nxst1c

' dlsﬁurbances. .Clearly the AMKFP ‘shows 51gn1f1cantly better
. disturbance rejectlon. ThlS is due to the. dlsturbance
pred1ct10n property of the MKFP. |
The parameter estimation - in the 1ncrementa1 RLS
1dent1£1oatlon 1s ‘shown- in f1gure 4, 9c. The system is
| perturbed by a perlod1c‘dlsturbance ;o<obta1n converged B

- parameters. . ‘ DR L .

.

e 220
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4.8 Conc1u51ons ' ‘
The adaptlve Kalman fllter pred1ctor based on the
spec1f;c state ‘space formulatlon, Kalman filter and : 1&_

-

A N
e fJ 1 ‘
‘;proc&sses with Yime delays, and in the presence of

»

frecurs1ve extended least squares Ldentiflcat1on g1ves

#gy minimum var1ance control performance for.

“‘1(,

process and measurement‘noise. -_—
The adaptlve Kalman fllter predlctor and the adapt1ve ;

Smlth pfedlctor have the same conf1gurat10n except for

‘. an additional filter in the AKFP, wh1chwperforms

- . N . . ‘ ‘Z" o
adaptive minimum ‘varia’nce fi'ltering “

~ Under noise free condltlons, once the parameters have

converged to the1r true values, the AKFP and the ASP )

 are functlonally thefsame.

A self tun1ng' Kalman fllter predlctor that has the KF
1mp1emented 1nd1rectly 1n the 1dent1f1cat10n schéme 1s
presented Thls av01ds the need of a pr10r1 knowledge.

of the n01se covarlances or the tuning- of the AﬁFP by

- the ratids of the covarlances._ AN

,The number of parameters estlmated in AKFP and STKFP

are: less than in the 1mp11c1t self- tun1ng contfbl/

systems or in adapt1ve m1n1mum variance control
Il ”

systems.

'u)’

nfo employ1ng a computat1onally eff1c1ent Kalman fxlter

algor1thm, the heavy computat1on involved in ' ‘ﬁ
0,
1mplement1ng the AKFP is removed and thus a pract1cal

A

AKEP:ls obta;ned.



-re)ect1on. .

L . L v ) ,"‘“/
. N R v

An adaptive modified Kalman filtefngreaictdr basgd\on |

the inc:ementai identification‘andvémhéﬂified state
space fogpulation is presentedwfbr deterministic
disturbances. The incremental adaptivé predictive
contr&l law based on the adapt1ve mod1f1ed Kalman e

f1lter predictor shows s1gn1f1cantly better d1sturbance

i
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‘Table 4.1 Parameter Estimation in the AKFP after 800
sampling instants (Stoéhastig Process)

Table 4.2 Parameter Estimation in the STKFP after 800

sampling‘instahts (Stqchastic‘Process)

I3
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- Figure 4.1 Schematic Block D1agram of the State Space
Representation for a process w1th time delays.
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Figure 4.5 The Schematic Block ‘diagram of the Adaptive'
Predictive Control system based on the AKFP.



228

29 . ' : SETPOINT
o~ 1 OUTPUT
Iy r
.>~' l":
~ ]
- )
FUR 4{* )
> < ‘ -
-1 Adaptive Kalman Filter Predictor
.27 SETPOINT
—~ OUTPUT
s ) 4 ——————
N ]
B 0-
>~ ]
1 |
-1 g v g T T v g T Y T Lamenn 2 T Y T 14 Y \l 1
700 725_ 750 ) 778 800
ptive Smith Predictor .
Adaptive Sl ICLOT - DISCRETE TIME (t)

Figure 4.6a Adaptive predictive Control using AKFP and ASP
(Deterministic Process). :

-



‘ 229
‘\\ | ‘

3 \
‘ 4
] I
ﬁ;,gj
. 0.94 |
u -
S ;
J &
~0.1- Adaptive Kalman Filter Predictor : ’
|
X
—~ 0.9- ’
&
ot f
2 \

3

0.1+ .!‘ Y—v 1 T A )
700 725 750 775 800
Adaptive Smith Predictor DI'SCRETE TIME (t)

g -

1 ' —

T v

Figure 4.6b Adaptive predictive Control usi‘ng‘AKFP and ASP
(Deterministic Process).



230

2 { - ’ SETPOINT

eseccnenes

y(t) / y*(¢)
(=]

§

Adaptive.Smith Predictor a=1.0

INT

1 - '
J ‘ . QUTPUT
L N B

y(t) / y*(t)

"17  Adaptive Kalman Filter Predictor R,/R,=0.005

- SEIFQINT

N
.
R
. f
Sk
vis &
o
§
R

—

y(t) / y*(t)
o
T U LN U S Vi U S G U .

-1

2

¥.
¥
L

b S5 B o
gve antrol u51ng¢AKFP, and ASP

_4 ‘ "with an Bxponent1a} gt(Stochastic Prqcess)



o

231

27 SETPOINT
]
—_ .1 %
) 1... PY®as) EEL ASURLULCLIEA AR ARLRRAREEEE | & § ARARA
]
~N o4
™
>
! Adaptive Smith Predictor a=1.0
=
"o
~
: 7,
> 43 bt
- Adaptive Kalman Filter Predictor R /R,=0.005."" "
29 ) SETPOINT &"
"
ks
~
: -y
.M 1 7 8
"1 Y ?' v 1 Y Y T A\ T T 2 .4 v T vy v A |
700 . 725 750 775 ’ 800
Adapti Sm h P ¢
aptive Smith Predictor * pygepprTE TIME (t)

Figure 4.7a Adaptive Pred
with an Exponential

a=0.4
¢

ictive Control using AKFP, and ASP
Filter(Stochastic Process).

) -

R



232

‘?l‘ S e

| -’0 : 0 1'.." f.o.z 0.3 0.4 0.5 0.6 07 0808 -1
BT TREY ; [ 1 ) n L el A___l .‘

'F;gure 4. 7c Varlance .of the Output Trackmg Error for AKFP, :
and ASP \nth an\Exponentlal Fllter



LG

I

. “ :

=2- ‘I l "'Al ;ﬁvv ‘i ﬁ I ' | RS S | e
0 100- 200 300 . 400 S00 600 © 700 - 800 900 .

 DISCRETE TIME (t)  ©

U RS [ . . - ) S ‘e

“Figure 4.7d Parametet. Estimation’ in AKFP (using Extended |
. .7 Least Squares rdentification). 7 I E o R SR

hd p Lo

. . B ¥



234

e ~
I
@ 9 irﬂr i
L e o

-

A

*® .

>

L )

o

~

> i

"0 S B | . T : ~ s ; -
,700 725 750 - 775 e 890
" DISCRETE TIME (t)

. -

Fxgure 4.8a Adapt1ve Predxctzve Control w1th STKFP
(Stochastxc Process).‘. : v

? - s

B

PR /o

£ s



¢

oy

r S ’A &
0031 A 4 LA N BRI LA ! *—.‘ 1‘:"_' "“'

FS T vy e

S TRt R/Rv e
_F1gure 4, Qb Varxance of the . Output 'rrack:.ng Brror for AKFP, :
“."5'1'!(1’-‘?'w &d ASP wu:h an Exponentnal leter_. -

",

-t
*
{

0001 " - . 0.001 L s 001 o 0.1. .



W PSR P A ShLo BRI SRR L e : R L TS i gt
e | S ,; 236

T T \ am T  pu T\T “ AR |

e , 1000 200 300 400 - SOO 600 700 800 900

R ',Discnswa.TIME7(t)f

&

Flgure 4. 8c Parameter Estmatlon in S‘I‘KFP usmg Extended
Least Squares’ Identxfzcatxon. :

\.



‘\l
4 .
B '&o‘v““
? L3 .‘,_-:. -($'
—m O U AT
. g Vo
| :‘;’ ‘
A
- ! ‘3‘ -
- - -’ ® .
A}. .
.
2
, : ' L, L, L,
f\.~
1 Ty _.-\
’ W&,
S
-4
-
3 0
-~
L‘
L

T T T T

‘Figure 4.edmkalman'Gains in the STKFP,

—

0 100 200 300 400 500 600

v

-
700

S

—
800 |

v

)
900

DISCRETE TIME (t)

. -
- ,ﬁ" :

, Y.



238

SETPOINT
3_1 -obl.-....-}.o )

(t)

 J
A

ylt) /vy

Adaptive Modified Kalman Filter Predictor:
A v : ‘ ' : . . '

y(8) 7 ¥ (e

. . . " B
-ly vy 'Y‘vri‘]"‘ri‘l"'I_l'TvI“YT"’YIT""II""‘YYI"l'Y"I',"I"T]

‘0 25 SO 75 100 125 1S0° 17S 200 225 250 275 300
Adaptive Smith Predictor : - .
| | DISCRETE TIME (t)

2 LA

, : S SR o
Figure 4.9a Incremental Adaptive Predictive Control using
., AMKFP and ASP in presence.of deterministic :
Li%&?i“dxsturbancgs.- e T

e

M




239

'\:!‘(t)w-~

~
R

1#3.5 4 l —
asd L W -
VQ.S Adaptive Modified Kalman Filter Predictor

~

ﬁ(t)

-3.5_‘ : ,

.'4.5 II'I"fY"l'vvl't‘Ylﬂi'IIY""'VIr"f"r'Irl"'Il"'q 'II"

0 -25 SO 75 100 125 150 175 200 225 250 27§ 300

* Adaptive Smith Predi .
 Roaptive Smith Predicto™  prSCRETE TIME (t)

¥ .

Figure 4;9b.1héréméntal Adaptive Predictive antrol using
'AMKFP and ASP in presence of deterministic

- disturbances.

B L SN



240

2 a,
| (

"'2 AN S -y T v Y Y 1T v 1 —rrTT

0 25 S0 7S xoo 125 150 %s*zoozzszsovs 300
' : BiSCRETE TIME (t)

Figure 4 9c Parameter Estmq‘tzon in the Incremental RLS
Idennfxcatxon Scheme@

@}
i
F

%

=



+

Bibliography .

ASTROM,]K. J. and WITTENMARK, B. (1973) "on self-tuning
‘ requlation", Automatica, Vol. 9, pp. 185-199,

BALCHAN, J; G., FJELD, M. and OLSEN, T. O. (1971)
"Multivariable ContrQl with Approximate State
Estimation of a Chemical Tubular Reactor", Paper 5.1%,
Preprints of the 2" IFAC Sympogium on Multivariable
Technical Control systems, Dusseldorf.

BALCHAN, J..G., ENDRESSEN, T., FJELD, M. and OLSEN, T. O.
- '(1973) "Multivariable PID Estimation and Control in
Systems with Bias%d_Disturbances", Vol, 9, pp. 295-307.

[l

 BIALKOWSKI,'W. L. (1978) “Applicé;fbh of Steaéy'State Kalman
Filter-Theory with Field Results", JACC 1978, vol. 1,
pp. 361-374. - o ‘

BIALKOWSKI, W, %..(1983) "Application of Kalman Filter to
: the Regulation of Dead Time Processes", IEEE Trans.
wE A.C.' VOl. 28' no. . . ! :

CLARKE, D. W. and GAWTHROP, P. J. (1979) "Self-tuning.
Controller™, Proc. IEE, Vol. 12, no. 9, pp. 924-934.

 CLARKE, D. W. and GAWTHROP, P. J.(1979) "Self-tuning
| control™, proc. 1EE, Vol. 126, No. 6, pp. 633-640.

KALMAN, R. E. (1960). "A New Approach to Linear Filtering'and
“Prediction Problems”, J. Basic Eng. Trans. ASME, Ser.
D,-Vol. 82, No. 1, pp 35-45. .

LJUNG, L. (1977) "Analysis of Recursive Stochastic
Algorithms", IEEE Trans. A.C., Vol. AC-21, No. &, pp..
551-575. ' ’ ' : -

LJUNG, L. (1978). "Convergence Analysis of Parametric .-

{ Identification Method", IEEE Trans. A.C., vol. AC-23,
.No. 5, pp. 770-783. ‘ |

LJUNG, L. (1973) "Asymptotic Behaviour of the Extended
Kalman Filter as-Parameter Estimator for Linear
Systems", IEEE Trans. A.C., Vol. AC-24, No. 1, pp.
36-51, . ; : ) _

GOQDWIN, G. C. and SIN, K. S. (1984) Adaptive Filterin

. prediction and Control, Prentice Hall, Englewood ’

' Cliffs; N.J.. : C '

* KUO, -B. C. (1980) Digital Control Systems, Holt, Rinechart
and Winston, New York. g - : '

241

p



P
2&2

PANUSKA, V. (19685 "A Stochastic Approximation Method for
' Identification of Linear Systems using Adaptive
Filtering", JACC, University of Michigan.

PANUSKA, V. (1969) "An Adaptive Recursive Least Squares
Identification Algorithm", Proc. IEEE symp. Adapt.
~. Process, De¢is, Control. ' *

SMITH, O. J. M.(1957) "A Clpser Control of Loop with Dead
Time", Chem. Eng. Progr. 53, No. 5, pp. 217-219,
»

'SMITH, O. J. M. (1959) "A Controller to Overcome Dead Time",
I1SA Journal 6, No. 2, pp. 28—?3. :

SOLO, V. (1979) "The Convergence of AML", IEEE Trans. A.C.,
Volo AC_24' NO. 6, pp. 958-9620 : R .

 SODERSTROM, T., LJUNG, L, and GUSTAVSSON, I. (1978) "A
: Theoretical Analysis of Recursive Identification’
Methods™, Automatica, Vol, 14, No. 3. A

TALMAN, J. L. and@ VANDER BOOM, A. J. W. (1973) "On the
' Estimation of Transfer Function Parameters of Process
and Noise Dynamics using a Single Stage Estimator",
. IFAC symp. Identify, The Hague. '

TUFF, P. S. and CLARKE, D. W. (1985) ngelf-tuning Control of
Offset: a Unified Approach”, IEE Proc. vol. 132, Pt.D.,
No. 3, pp 100-110. ~ . © -

J

" .~ of an Adaptive Kalman Filtering Scheme for Dead Time
" Compensation", Preprints, 35th Canadian Chemical
Engineering Conference, Calgary, pp. 207-212.

WALGAMA, K.S., SHAH S.L. and FISHER D.G. (1985) "Evaluation.

YOUNG, P. C. (1974) "Recursive Approaches to Time Series
Analysis", Bull. Inst. Math. Appl., Vol. 10, No. 516,
pp.  209-224. ’ '



P

5. Multivariable Adaptive Kalman Filter Predictor
: '

5.1 Introduction and Overview

The dead time compensation schemes for Single‘Input
Slngle Output (SISO) processes with time delays, i. ‘o, $he
smith Predictor (SP), and the Kalman Filter Pred1cto¥ (KFP)
(Chapter 2), can be extended to Multi-Input-Multi-Output
systems.'The.extentioﬁ\tovMIMolsyStems uses the Intereétor
matrix‘(Wolovich and Falb, 1976) to represent-theitime
delays of ‘the process, as 1llustrated by the Interactor
Predictor (IP) (Sripada et al 1985), and the mu1t1var1able
KFP dlscussed in Chapter 3. Both IP and KFP are developed

assuming apriori knowledge of the process Transfer: Function

Matrix (TFM), which implieS'apriori,knowledge‘oﬁ;the

interactor. If the process model is not known apriori, it
can be obtained by employing a suitable identification
scheme to estimate the process parameters, and this leads to

the Adaptive Kalman Filter Predictor (AKFP) and the Adapt1ve

Interactor Predlctor, (AIP). ﬁ .

For the class of MIMO processes where the 1nteractor is

~ diagonal, formulation of AKFP and AIP is quite straxght

forward because the 1nteractor conta1ns only the t1me

delays. However in the general tr1angu1ar 1nteractor case it

15 necessary to 1dent1fy the parameters of the dynamic terms

e e —_—S=

in the interactor matrix and this causes difficulties in the

.adaptive extensions. of IP and KFP.

2 - : .
aéf,_ ) P
Y .
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Other adaptxve control 8chemﬁ§ wh;e%.

\ . ‘5
i?eractor matrix approacb are the MIMO eﬁten§1ons'35 the a-

Tx T

 Minimum variance controllers. These are present in Goodwa
and Sin (1984) and Goodwln and’ Dugard (1284) NI tQESem bl
schemes the interactor matrix is 1den£§j1ed oe%g1ne.

The approach used in this chapter to formulate the AKFP
and AIP for processes with -triangular 1pteractor is to
intrbduee a suitable precompensator as suggested by Singh
and Nafendraf(1984), to diagonalize the’ineeractor. Once ﬁheﬁ
interactor 4s diagonal, it is necessary only to eetime;e.the
' parameters %f the p MISO subsystems“4qhere;p=numbe?iofi’
outputs) of the Miﬁo process TFM. Separate recu;sive.'
extended least squares estimators are used to estimate the.
paremeters of the p MISO subsystems which are then used
directly iﬁ p independent MISO KFPs. Since the
.-diegohalizatiOn of the interactor leads to p independent
'MISO adaptive Kalman‘fi}ter pgedictors,'the results Obtained
for the:SISO AKFP in chapter 4 are directly applied to éach:
MISO AKEP, . o : .

The minimum varidnce pred1ct1ve control scheme based on:
the KFP as glven in Chapter 3 is extended to an adaptlve |
minimum var1ance pred1ct1ve control scheme.- _

Using the innovation model, the adaptlve Kalman fllter'
predictor is interpreted as an adapt1ve 1nteractor pred1ctor
with an additional time varying filter TFM that fllters ;he;

error between process output ‘and the model output.
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,5 2 Inéeracto; Factorxzatxon

‘of T(q) such thatj,,) , ‘ : .

N % 245
To implement the AKF"&it'ig'necesseTy.té know the
nq;se statistics apr1or1, or to tune the KF using the ratio
ofﬁeme noise eov‘kxances as a tuning parameter. An approach
for SISO systems that does not need noise statistics or
tuﬁdmp.was presented in Cmaptettl. This 'self-tuning' KFP
can be exterided to the multivariable case by implement%gg o)

MISO 'self-tuning’, KFPs. = pE

- A

It was shown in Chapter 2 that tHe SISO KFP g1ves

biased predxct1ons in the presence of determ1n1st1c

dlsturbances or offset. A mod1£1ed Kalman fxlter predictor®

was formulated to overcome this problem by augment1ng the
state‘space model»with(a state correspond1ng to the
disturbance , as proposed by Balchan et al (1970, 1973). A
multlvarlable 1n?temental predictive control scheme based on
the multivariable modified Kalman filter predictor is

proposed in this chapter. ' &

b

|‘ . : ‘
L4
The concept of interactor factorlzat1on whgch prov1des

a means to factor out the 'natural' delay asso}nﬁted with a
Mkuo system, was first proposed by WOIOVlCh and Falb (1976)

They showed ‘that for every pxm proper, rational transfer

.functxon mitrrx/ln\q, T(q), there is a unlque non- szngular

»

, pxp ‘lower left tr1angular matrix £.(q) called the interactol

<

1. det £ (q) ;\q’\\ . ' *qg.z;1
where g is an 1ntegen&\ ‘

—

5 .
/ ’ ’ @
. “
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i 11m ET(q)T(q) B (5.2.2)
R q-——>w u IR - '*-’Al"‘v
"{gwhere K 1s a non szngular matr1x of full rank (= m1n [p,m])"

SR R S1nce g (q) ;s a non 51ngular matrlx; there exlsts a ’f’"m

¥

1stﬂble operator matrlx called the 1nverse 1nteractor matrlx

l

1»}{’ (q) wh1ch represents a 1eft d1V1sor of T(q) Phys1¢ally’

:.(q) represents a measure of the natural delay aesoc1ated .

'wath a d1scret1zed MIMO system.pe' ~;Ti “f'/ ‘fgvhfflﬁ,fffﬁﬁ

Thus T(q) can be factored out. as follows._.

, 'r(q)~= ET' (q) RT(q) B R - P
"where" _ Ll T Lo o :
;f;’- is a pxp matr1x )

b ?337 —,1s a- pxm matrlx called the res1dual i
. Note that as 1n the*case of a SISO system ET‘(q)
:affactors out the delay due to ZOH also. Thzs w111 remove all B

“ ttthe delays from at least one element of each row of T(q)

.3

| ﬂvéand hence in the corresponc1ng elements of the Rwhq) Thxs

33 gfwould result 1n a TFM RT(q) that 1s not strlctly proper, and
”vould cause dt£f1cult1es 1n the state space formﬂlatxon

e

f,clgzven in. sect1on 5 3 To reta1n the delay due to ZOH 1n f:g :

('Y

'L;p;R,(q), a mod1f1ed factor1zat1on 15 deflned as follows.

s T(q) = s (q)R(q) R A (5.2.4)
_ {'xl wl%?re o ,:;,.,, L 3:;”‘{} 'Ve!§f>i‘t;",’;:- t\ "1:ft ;;ii‘-“?f ‘};f‘.‘?
R(q) = R.,(q) T 828

"(q) - ‘3 Iy (q)v'}_”;;.f.:'.?;f‘ : (5 2.6)

i B

lziff{'1 Now the res;dual R(q) 1s strxctly proper, but th1s S
| nght remove the strxctly proper property of the 1nverse§
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‘uﬁhls the output of block 1. 1s given by, Te}‘-;i'fi f \[;'
" yo(t) = RT(q) u(t) . R(q) u(t) L e i
- ‘ ‘. _q o e T e (5.3.3)
: .From f1gure 5.1, the second block . Jl_%“; ‘,T_ }
(t) = q z‘ (q)/yo(tg a“'-

}‘y(t) 1s deflned as the pred1ct1on in a MIMO system.

“d1scret1zat10n déiay 15 1ncluded«1

The predzctor concept f:f MIMO systemsxtased on the A

;nteractor matrxx was presen%gg 1hij§CF§Qm,3.3w2§§yh‘

CQpSlder the model of. the MI

~'def1ne a ﬁlltered output-effv;/' T',.'r R ', S

y(t) = s,,(q) y(t,)._ qE(t)y(t) e S (5.3.2)

A schematlc block dmagram of the MIMO system, Based on _."“

2

';'the theractor factor1zatlon 1s'91ven 1n f1gure 5 1 The
: S LY

‘“tck 1n £1gqr§;5 1 representswthe ﬁﬁMO system '

gdynaﬂlcs after necessarx,tlme delays have been factored as

. In equatlon (5 2. 4) The vector y°Ft) of dzmenslon D, whzch

q

n&xﬁﬂ¥(t)* Slnce ‘the

The quantlty we are 1nteresteﬂt

1Tthat the. output of the f1rst blick y°(t) would glve the

v

"_‘des1réd R‘Fd1ct1on yit 1) The Interattor predmCtoéSdue to»

Srlpada et al (1985) 1s a detetm1nzst1c predlctor that _e

[

e g o e
4 e o . S
v ’ ‘,“);‘-‘.
interactor ¢ '(g) (see Chapter 3). : .
“5 3 Ptedlctor Concept for MIMO. Systems N N

Y0 =g @R we) A 1

g h#ﬁbé 9" t1ty we‘fl

¢

Jare lnterested ls y(t 1) From equatx_n*(s 3. 3; 1t 1s clear‘ff"

§



' prov1des the estlmates of y°(t), b(sed on equat1on (5 3. 3)

‘"ﬁThe(KFP formulated in Chapter 3 1s based on’ the same
-,equatzon,vbut produces the opt1ma1 pred1ct\9n of y°(t) in a

3

_~stochast1c env1ronment.~

l'}5.4 AﬁMA model for a MIMO system usxng 1nteractor'
faqtor;zat;on ‘

Let the (1 J)th element of the transfer functlon matr1x

R(q) be expressed as o -
' b‘J(q) Giaay o e
oo e s s
a'(q) R R :

R”(q)

_'*wherev,:
o ' o R

a (q) - g+ s et ey | |

e o )

BECURS CICURSEIRIDRS - E e R

| | PO _/‘_,(543)

Giy

_ 1s ' the tlme delay, and at least one, dh-o, where J 1, m
'f{ifor each i=1, p. ' :Tv' ‘f df i L S \: |

4

The TEM R(q) can be con51dered as p MISO systems. From e
vr,equation (5.4, 1) the ARMA model for the j“ MISO 5ystem can 'VZ

\V E . : X

“,[be wr;tten as,_:\, — .‘. o ;“’ R 4
X o

a’(q ‘)yg (t) =. q"BJ(q")u(t)

“(5.4.4)

e T S P SRR oy st RS g

Cawhere o D T CONL

o j .‘—"‘\ 3 j .. -1 .'.%‘o ‘..‘" -n,.\, : ’q e .a'»..:.‘: ’ . N . .
ad(q!) = 1+aj q7'+-7-+alyq "3 cAE ”. v o E

' 2 " % . " é vu"- i r) ‘ » ol (5 4 5)

"')u(t) . [B"(q") pﬁ(qgﬂ j“(q’")]u(t) ey
(2 (B? +B;q +p jq'”f&b(t) (5 4 6) '

Doy . . ” ‘p.%. .

vm~’



" with

ny.

@

‘ﬁJu(q-‘) = q*djk(b?k +b3k q'fl +ka q-nJ) l

and v

A

n. = n

5 ; ¥ max [djk] for k=1, m.

B

‘Note that coef£1c1ents of @l and p* are same as that of

aJ(q) and b"‘(q) respectwely. | ‘
mm wlo) sgln@h e

::qhere - : o S ‘ e : -
Y A(q 1y Yo ét) 2 [a (q ') az(q IR a"(g ')]Yo(t’
' e (I+A'q ‘+A2q +AnQ'“)yo(t) |

.

_ with

., By = diag faj a5 - af 1 b
: ' ' '\"n" ‘ B . B
and o '

'n.= max [nJ] for =1, p

_ IR R
n(q”zu(ti =l,ﬁ”<q”) o BM@) ] ()

i

« ™

B

' B"‘(q“) - N Bé(qT*‘)-

‘= B + qu-1 '+ BBq-zf '  "o.av.“‘ + Bn'q‘fn/'O,

where’ " . S e S '

"\'}n'*a max . [n ]

A .. 7‘%’?:)‘-'
The ARMA model for the {TFM R(q) can be wr1t‘ten as, e

(548)

A

(5.4.9)

>

o [
B . R
. ' ile
. PR
5 A :
v [ TR
i R

(5.4.10)

As shown in Appendnc I 8,., i;s ;-r'i:o'ri'-s‘in-gular.

e

v (slaa1n)
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‘?, The inverse 1nteractor £ (q) can be wntten as, |
'Wq)-nm)+c(m Co . & (54 12)°
wh’ere e - - | / o i |
RV D(q?i»aiag.[qu1.q’k2 e q:kp] ) ‘A, ' (5fL.13)
and - - ‘\ . . e R o
SRS
Py g LR R
‘ oL WML (5.8.18)
- o ‘ 'ﬂ"‘-”" ' . " ) . : N
;\’ s V S r‘ g S . . . !
i o L’gp‘(q) oo gPP'(g) O . : &
& . . 'x,. . _J o E . \ .
%’tlt'h' ‘;' - . ‘ ﬂ -‘ » ’ O o ’ . }
Fo% e o N e
i(q') wpgii g o+ -+ gy i : . e e
7 g’ (}q.,) '*;91 qre 9xiq L Tl .
' . 3 ~‘ » » ‘ o o "'\A .,‘,'.‘ - . ‘. 15 4 15)

AL T -
R i

. The ARMA model f\or &b 'I‘FMQ]'(@ is glven b% W,

y(t) = M (q) B (q) u(t) LT . (5 4 16)
where A.r and B, are. obtamed m the’ Qame way&as m (5 4, 1)
5mce ™q) = E (q) R(q) o “’” - ," . ‘“

A -'_(q)vB.,(q) = £ “(q“) B(q ) _
| o %»'”, M‘ f'X L W(&4J7L
| .v If. the 1nteractor 1s dlagonal then‘ the real | ‘
. coef,hcunts m A and B are the same as A, and B -
respectwely..aut when the 1nterar’tor is trlangular the
coethcxents are differentjq'l‘hls is a cruczal pomt m ‘  &
1inplementmg the adaptzve versmn of the Kalman Exlter ».

N predwtor, and is d:.scussed later “ine sect:oﬁ" (5 6)

V.“_,'lﬂ‘.A’ . .
L8 Sy



v.5 5 State Space Formui n o a - B
, e

S S x

. ! . : '
i ' . ‘ by
. * . . - N »
. N R & . L .

- .

S 1]

SN

" “The mult1var1abl. P depends on the’ spec1£1c state

'space formulat1on for the transfer Eunctlom matr1x T(q)

dxscussed in deta11 in Chapter 3 Instead ‘of a~s1ngle state

e, .
qp1:£ enables the est1mat1on of the vector y°(t)* as a state'
11near éomb1natlon of - states: Thxs formulat1on is .

or

formulatxon for T(q) ‘e £ormulat10ns are developed
fof each of the p MIgSRMMYIUnS. Each:subsystem is t
¢ 95te1nedJ§y eugmentt _ ‘> t;-qf%em,oE*R(q)‘with the ok
corf ’  ng subsystem~of £ (q) | ’ L ﬁ;'
'i«:‘| lé;;ate space formulat1on ot the 3" subsystem of «+
qu)f "Qen,by, ' ‘ . »‘" |
BlEeh = o) T awe) s ) B
w,y)(t) = Gld(t) + vy (t) | . . . ‘A;'(Sas;ﬁ)

‘and’ the predlctor equatlon is given by,

—r——’—*'_‘_b‘\

v (t) Mnpage(e) - “ g S
- “‘fu R 2224 I

¢ vhere. - PR -
S - L - N
» d)) = 05 0 .
q .. '-']‘- r" - i
> L] / "nyje | sz - -
. g S .
N i )
@* ; . SO N | e ‘ .
ER R TR RSN G € P20 W PY 6.7 90 R o
Jw With - .\A - B . . . 1" . " "
[ R T o t .- *;*1"1.%’



ol T

‘s
8

S

b‘» Q'j ™ Folo . q' ; i @21 =
o | . 1 0 - .N“ag)'- .:._m"
oo 01 - 'I oAl N
. 0) 0 ¥ 4 -al e_j njens \;(
25 (nj+Aj)x(m+j-1) ™
3 '.”;‘Q; Aﬁz ’ A I ]nj:l\ ’ . o .
. big ]Ian ) ' ‘ : N
- N
P A . . . i . . . . ,.('. -
S - VT WS I gt 3’ | SR
.7 . u.A ' ' . . .
nj#? ’ njw)\ ]T ) "
uJ(tL = [u (t- d ) w—dﬂ?, v un(t-'dj,,), Y9, y2 ,
| . 'YJ o
e Note "tnat one or more of d,=0, k=1,m and * o .
It is mportant to note.vthat the process’ noise wjm _—
- and measurement noi se v, (t) are mcluded in the state sf:ace
formulap%tzon. It is assumea that only the states %3 to‘*.\,w.
Sy 5 : ‘ . 'l‘ v '; ; W ‘:
i.e. states of R(q) are effec«ted by wﬂ(t) Y 5 T
) ‘ S s y'-‘j' 5 ~:~‘ ‘A. . .

M- (7' v} ) Tay 0 o 0N (nnxk)

I :
j and v are sequence of uncorrelated Wdom ncuse w1th
mean zero and covanances gzven by R = {w w"'} and R = ‘

1 Each subsystem is seriany-g_ connected when the

{v v“ } respect:vely. ‘@

Propertxes of fhe state space formulatxon- ot
RN
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- .
Pty . ]

;;ﬁ,“\Jlnteractor 1s triangular. For a d1agona1 1nteractor all
' the P subsystgmf become 1ndependent. |

1 [p\ £}

2. In the tr1angul€r hntbractor case, the parameters of A,

e

B and ' appear dxrectly in the state space
‘formulatlons, but they are not the _same as A and B
When the 1nteractor is dlagonal theﬂparameters of’ A

- ,D: and B, and A, and B are idéentical and appear d1rectly
| k 1n the state Space formulat1ons._ {' /
3. The State tfans1$£ matrlx 0 of eaéh subsystem is
"alngular. : a ‘?' ffﬂyf%’ ““#&w“ f

| L a'Q Fa

Tzfiil Ti‘ state space éormulatlon for each subsystem is

« ‘observable, and is. stabilizable 1f the system T(q) is’
astable. These propertles are, proved and d1scussed in .

deta11 ‘in Chapter. 2 and Chapter 3

5 6 Adapt;ve Ralman Fxlter Pred1ctor

When the parameters of the MIMO process given by thet

transfer funct1on T(q) are known, any sta@e est1mator can be

’
employed to obta1n a estimates of y°(t) u51ng the state

. space formulat1on g1ven 1n sectlon (5. 5) S1nce the process
‘we are concerned wlth is stochasE1c', a stéchast1c state

festlmator such as the Kalman filter can be employed to

'mum variance est1mates of y°(t), and other

t

* obtain

states,_ ‘ , . | n. v “ '_ R o . .

£

The state space formulatlon g1ven 1n the prev1ous
sect1on COhSlStS of d subsystems which. are connected in a

ser1al manner. “Thus a separate\Kalman f11ter is used to

— »
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: 'est1mate the’ states of each of the p subsystems. These
.Kalman filters are also connected serially. The non adapt1ve
v;:s1on of the KFP is discussed in details in Chapter 3.

When the parameters of the TFM T(q) are not own, the
above KFP can be extenﬂed to its adapt1ve verS1on by using a
su1table adapt1ve Kalmﬁn fllter Scheme, that 1ncludes

- s1mu1taneous est1mat1on of the. parameters plus and the ;
: S
states as in the SIS0 case in. Cha!ker 4. B ““ﬁé",¢

o

| The SISO AKF employed in Chapter 4 consists of aa,t
1ndependent parameter estimation scheme and a Kalmaﬂg;1lter*
| wh1ch uses a state space equatlon whose parameters are
deatedtby the 1dent1f1cat10n scheme, at every samg}lng
\\4hstant , - ’

Before proceedang with further discussion of the

v

: multlvar1able AKF it is important to note the d1ff1cu1t1es
encountered in the 1dent1f1cat1on. ‘
The ARMA parameters of the process model T(q) gaven by,
N ¥ = A B ult) o . (5.6.1)

X

’can be est1mated u51ng the 1dent@£1cat10n scheme presented

Al

“in sect1on (5 6 2) In the state space formulat1on of the ]
subsystem given in sect1on (5. 5) the matr1ces & and”/’ have
as. the1r i'bments,‘the parameters df A, B and E‘. To

1mplement the adaptlve 5a1man fllter it 1s necessary to .

» .

' est:mate the parameters of A and B/ plus the real i
coefflczents 1n é"[ ' S - .
Y ' . . . L

When £” is diagonal the parameters of A and B are the

same as that.of.h,eand By, and there are no~5ea1 parameters ,

. . ‘ .
o . . e TR i " . - . Lo e
» 1. \ R ' -
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# "‘
to be estimated in £¢7'. In thls case the 1mplementat1on of
the adapt1ve Kalman f11ter pred1ctor becomes straight

forward, because identification ‘of the parameters A ~and B,

will glve all the elements of the matr1ces ¢ and A for?

"j=1,p For the dlagonal interactor case all the p subsystems

?afe 1ndependent and p 1ndgpeﬂdent Kalman fllters can_be
employed to estlmate the states. Flgure 5.2 deplcts this
multlvarlable Kalman filter predlctor conflgurat1on. However
when the ¢! is triangular, the 1dent1flcat1gn of A”', B and
¢~' becomes dlfflcult. 1f the 1nteractor is knoWn then the
parameters of A and B can be 1dent1f1ed But the apr1or1
knowledge of the complete 1nteractor is almost’ equ1vhlent to
the knowledge of the complete system transfer funct1on To
'ozercome the d1ff1cu1t1es of havxng to know the 1nter;ftor

matrix, Johanson (1982) prpposed a method to esttﬁgte thw

real varlables of the 1ntewactor, know1ng only the t1me

delays associated w1th 1t. Further 1nvestlgat10n .of this

‘i‘scheme is presented in Dugard Goodwin and de Soyza (1983),

Goodwln and ‘Sin (1984), ‘and Goodwin and Dugard (1984).

.However,tthxs fdrmulatxon is not su1tab1e for the

" L2
implementation of the Kalman filter predlctor. An

,alternatlve method suggested by Slngh & Narendra (1984) is
‘to introduce a suitably. chosen precompensator to the system
which would transform the interactor to a-d1ag%a’} matr1x.

This’ techn1que works for a Lnrge class of multivariable

‘systems, excev f-or\ ceg.tam speczal cases.

. i -A ' ; ’
’ v C he o 8 , ‘ 2 .
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5.6.1 Precompensator Des1gn ‘
When t@} igteractor ¢ 'ds d:agonalv t\he identification
and Kalman f11ter estimation become relatlvely straxght
forward The precompensator proposed by Slngh and ‘Narendra
(1984) can be used to convert a trlangular 1nteractor into.

an eguzvalent diagonal form.” The formal proof of the

precompensator theory and the design 1s g1ven in S1ngh and

' Narendra (1984). The design procedug} is demonstrated using

an example, in Append1x K.

A d1agona1 precompensator W(qY is sald to exist such

that T(q) W(g) has a d1agona1 1nteractor hv(q) for almost -

- all T(q), uader the followlng condxt1ons.

1. The relative e of each element of f?q) is known.
2. _The hlgh freq ain matrix K- defined by -

1 .

¥

Bk B(T(q)) ~ . Coe T (562)
vhere ’ ’ ‘;w“m\hm. ""d""\""?‘""ﬁ. ’\%"”b} (Kw:}
E(T(q)) = lim diaglg®' g2 - - q'PIT(q)
) qg—> ' L
, (5.6.3)

and T, is the m}himum‘delay in the j* row of T(q),.
which satisfies er(q) + KI (q)e' = Q > 0 for same e=e’ >
0 (also referred to as the sigﬁgdefinitepesscok'

condition). R .
: ‘ »

" 3. . An upper bound v'on'the obsereébilfty index of T(q) is

~ known, " o o -
4.  The zeros -of T(q) are located inside the ungt disc.

O

- To obfazn the- precompensator 1t is. not necessary to.
kpow . the plant pasameters. The only required apriori
. A g e . - - N .

‘
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t P

‘information }s the time deldy associated with each element

’

of the transfer function matrix T(q). Hdww@gr it is
important to nqte an ‘assumption made i this design, That is
if E(T(q)) results in ; matrix in whlczlhif the diagonal
elements can be made non zero by permutationsﬁff | Li,.,
rows/columns, then such a matrix i's not s1ngu1ar. Such a
matrix is 51ngular only on an algebra;c hypersurface in the ]
parameter space of the elements of the matr1x. :pn
snngularlty of such a matrix 1s a gener1c property.
The type of interactor, i.e. dlagonal or. trlangular,
can be determined by testlng E(ng)) The 1nteractor is
diagonal if and/géz;f1f E(T(q)), is. non smgularf When it is

T
51ngular the interactor is tr1angular.' o

B "y . L )" "
‘“Propertles of the p ecompensatgr. . A N )
4 | .

1, It .is a dynamlc precompensator which adds t1me delaysfg

. to the orlglnal system T(q).

2.  Stable. o
' . "
3. biagonal. ’ ‘ o

v

4. Non 51ngu1ar. * - - (f"
e Let ‘the precompensated process be glven by T (q)

Tp(q) = T(q) W(q) S . (5.6, 4)
using the ‘interactor factorization, Co- o L

T(@) = &' Rylg) = £R(@ Y S (75’.6’.5)
where E"',and E”'are'dfaéenal new;, L o

kz K . i . ‘q)-k’ L

RN

The pred1ctor equat1on is,

yolat) - #gyu(e) - aA7B u(t)%'

£” = diag [q

\:-~
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y(t) - yo(t) - .9“?“;7 ".,\1r' (5.6.8)
. .In the state space formulat1on given by (8.5. ) to
(5.5.2), o fah | ‘:W;Qwvigﬁfi{ 7Qg‘f;;

wi(t) = u(t) = [u, u, - -yl \ .
. ) . » i ‘:‘ “l‘i‘ p |
and ‘ ’ Aj ’f_ Alj a; ":’K‘i’ . ’
0 (
Thus the MIMO system is brokenl # to p independent

Pl
MISO eystems. !

5.6.2vPe>x@etet Identification
. . N N \\. ! R

5.6.2.1 Multivariable Identification Methods
. ’ * .
The multivariable system -identification methods
available in litérature can be cetegorized according to

the type of model, (e.gajtransfer function matrix;

1mpulsq respons ,» input outpdt‘differeqce'equatioh and

‘.,

state_space formulation)’and the type of ideptificetiod

method, (e.q. generahzed and Geaxtended least squares,

< correlatlon, stochastic approx1mat10n, max1mum

11ke11hood equat1on error and Lnstrumental variables).

4

A good survey of the mult1var1ab1e system

. 1dent1f1catlon algorlthms is given in El- Sher1ef
Gsea). . N ] | '_2

“« *
T There are a(humber of schemes to 1dent1fy a state

space model, e. g. El Sherlef and sinha (1979a, 1979b)
énydorz1 (19#5); Slnhr“and,KMong_(1979)u ﬁ}so see .

‘qu* i S't

'féh . Sher14f (1984) for other relevant lxterature.

However th1s method cannot be employed in the KFP,{/}_

. b . S SN
ok oL = .



becsuse‘it'is necessary t6 have a certain canonical
s .
torg for the 1dent1£1cat1on.

' ) . -

W

1f precompensqtor is used for the KFP design
the parad!ters of the state space formq}at1on are the
same as the ARMA parameters of I(q) or the transfer
.funct1on coeff1c1ents of the MISO formulatxon of, T(q).’
Thus. a methad is required for 1dent1f1cat1;n of the
\;gransfer funct1on matrix parameters. The state space
,formulat1on is based on p MISO- sub systemf wh1ch are
'obta1ned by con51der1ng the least common denomlnator of
the each row of the transfer function.’ This model was ;
considered for off 13ne 1dent1f1cat1qi by Mital anﬂ |
Chen (1974). Some basic results on the’ 1dent1f1car1on
of this model and other types of models are g1ven in
'El-Sherief (1974). Lennard and Bla1r, (1981) have
\ proposed an 1nstrumenta1 var1ab1e algor1thm to est1mab
" the parametevs of the transfer funct1on of MISO
kg systems. El-Sherief and Sinha (1979¢) proposed an’
algorithmkyhich‘identifies the transfer function from

“

1)

noisy data. | . -

- .

5 6.2.2 Parameter Identxflcat1on for KFP
Vf“ ®

P

x The 1dent1f1cat10n method uge

'

the KFP is’ base

-

'.on the methbd proﬁssed by El—sneriéf sn Sinha (1979)
mAFlrst the ' system is decompose&’1nto p su systems, eact
'-%,’ of whxch correSponds to one, row ¢ the TFM and can be
};cons1dered as a MISO system. An extended least squaret

'algor1thm suggested by Penuska (1968 and 1969), and’

x
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Young (1968) is used for the parameter 1dent1f1¢atxon

N

S~
of each subsystem. '\ _ | v
| Let the ARMAX. model for the J“ subsystem of T(q)

»
\or T (q) be wr1tten 1nclud1ng the noxse model of the

“»subsystem as follows- - CL . v i
- (a7, (t) - q“* *”ﬁJ(q")u(t) + CJ(q")w )
o ‘ (5 69y

. a‘:{(‘qj‘),; A+al gl +anq
BICs ‘)u(t) - [ﬂa'(q-f) B - G )
o = (33 + BJ + ,': + ﬁ J)u(t) .
¥ «m SR S EREE s (5 6. 11).
| ~with . Bj*(’qf;') = q“’?"(bé‘f S+ bjt g+ - 5Jk ‘-na)
and Co ceal L r,"t‘f B ,
. jn'if='n5 +.nan7[d ] for k=1 /m - >‘
_ijg)b'#'-_‘Jt-rc{'q'v“ + o o+ CJ]g 11 - <i e
R N (5.6. 13)
J

zeros 1n51de the unlt c1rcle. They also do not have any

common factors.

The theoretzcal analy31s of ERLS, shows that a

‘per51stent1y exc1t;ng 1nput s1gnal 1s also necessary to

'zguarantee convergence of the parameters.”

B

' (5.6.10)

S

s and (op) are mon1c by def1n1t10n and have thexr N

1
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The regressor vector is,
w tt- 1)“ = ly, (t DR A S P
h u, (t- dJ‘-\, 0 L u(t d,, x-n-n |

. . . . - e
o Sor e -, B

_um(t~dj..|-‘7\j-“1;)' SRR (t d, —7\‘ n, -1)
O E=1) e wy (t- 1, )]T' B (5. 6. 14)

'VThe parameter 'vector is,

_._.,-—-»/ Lo d . ’ tA
T. E 0 . : .-

o' s Bl b,

| SR> RS I coeldt 2t (s.6.15) |
y (t) = w (t-1)Te +'w‘(t) o '3'(5 6. 165,
: (t/t 1). 1s the a pr1or1 predicted output and
G(t) is the est1mated parameter vector, : e |
. (t/t-1) = w(t 1)7 9 (t=1) ‘ (5.6;17)
) Gam Calculau(lon') ( ) .
t-2 t-1 :
‘G°(t)‘= ﬂ‘+wTét 1)P¢(t 2)w(t 1) (sfs‘is)’
.Parameter e t1mat10n | -
,9 (t) = 9 (t 1) + 6,(t) 187 (t) - (t/t-1)] ,
. (.. 19)
: Covanance update- - R u | : Pse
. (t- 1) = ﬁ— [1 G (t)w(t 1)T1p (t- —2) |
- L (56200

The, estimation error e  can be calculated in two

~v.e(t)=y(t)-y(t/t1) y(t)—w(tnwunf—m{

(5 6 21)

©
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known~as ‘he a priori predzct1on error.

..‘ej(t) ¥y (t‘)"- yj(t/t)-= y;(t) - ¥y (t 1)T 9 (t)

(5.6, ,22) -

[N

.known as the L poster1or1 pred1ct10n error, wh1¢h was
‘ tflrst proposed by Young (1974). The idea is toluse 'the
- most ;pcent estlmates of the parameters. -
| Aq.1mportant fact_that has to be recognxzed in
1'u51ng the'above 1dent1f1catlon for'the,AKFPp1s; that
the cohverged true parameters of the process are
estlmated at the expenSe of est1mat1ng addit1onal noise ‘

vparameters. However these estlmated n01se parameters
are not used any where else 1n‘the scheme.” *
5.6.3 Kalman Filter?

Since the precompehsated'process has a .diagonal
1nteractor, the state space formulatlon has p 1ndependent

oy

" MISO subsystems. An 1ndepenéent f1lter c,

2

‘estxmate the states of the each subsystem. S1nce Ehe
aparameters of each state space formulatlon are glven by tH
_rdeqt;flcatlon of'each-subsystem u51ng a RELS,'the
configbration of'the MIMO adaptive,Kalman.firter can be
'ohematically shown as in figure'S 3. Each independent‘
‘adapt1ve Kalman f11tev oozslsts of an 1ndependent parameter

1dent1f1cat10n scheme and a- t1me varying Kalman f11ter\\
v'y, @ - , A
hich ‘uses a state space formulat1on that depends on the

stzmated parameters. The t1me varylng Kalman £11ter

ﬁlgorlthm used 1n thlS scheme is g1ven in sectlon (2 3.1. 1)

WSS

oo
]

SOTE
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5 97 A "SeIf—Tunzng Multxvarxable Kalman4F11ter Pred:ctor
"An 1nnovatnon model for the SISO Kalman fxlter »
",pred1ctor was dlscussed in Chapter 2 and 4 A self tunxng
Kalman f1lter pred1ctor £6r SISO systems based on the
1nnovat1on model vas proposed in Chapter 4 The 1nnovat1on

model approach for the multlvarxable KFP when the interactor

"»15 tr1angu1ar is g1ven in Chapter 3. Because of the dlagonalx‘-

G

| 'nature of the.lnteractor used 1n the AKFP for MIMO systems,
‘the 1nnovat1on model becomes s1mpler. ' h
| From the 1nnovat1on‘model approach presehted'in Chapter"
’3, and cons1der1ng a dlagonal 1nteractor the ARMAX model for
the- J“ MIMO system can be wrlttgh from equat:on (3. § 17) asi”
follows. g
. (d”)yk(t) g Oy 8, (q“) a(e) +'Fy(e)(q) ()
: _ 5. 7 1)
,where a;(q") and B (q;') are as given in equat1on (5.6. 9)
3 F (q“‘) = 1+f) (t)q'+ f oo f +k _1(t)q A " 1
;;1Eg_j PR e A< . { N ;‘/[,} (5 7. 2).
' ‘\;/ '
and the coeff1c1ents of F are given. by, .-
F, (q")(t) = a, (q ") + qla, (q")KJ (t= 1)+q"an (t-2,)
(5 7.3) .
vhere S o L .. ”
LK () (@) = L3 (t)gT + LY ft-1)g% B
o + L3 (t-ng+1)g™l> . (5. 7.4)
K (t)(g) = Lo ep,-1(E)g+: - Fuge (60,4200 (1)
(5 7.5)
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From equatmn (5 7.2) the coeff1c1ents of F, can be
expréssed—as follows' ' |
Case 1. n > (A-1) .
for is A
E)(t) = ELh ex~1(t-1)al, | - (5.7.6)
with aj =1 and Ly 43 =1 | |
S A B
for n; 2 i > A~
. )‘j-1 i ' ' '
'fij(t)?fo [ L .,.)\ -1(t- l)aJ ] +LJ+)\_1(t 1)
| o (5.7.7)
¢
4
- for nj+>\j—1 21 2 n,
£3( N | | (
C£I(t) = [ L) +a-1(t-D)aj ;] + LI 45 —q(t- 1)
P 1=ien, ny*Aml ongtAgml «
‘ ‘ (5 7. 8)
Case 2. ny = Aj-1 ’
for i < Xj-1
;:_ Lh - S (e-1) al - | (5.7.9)

forn+7\—1 2 1'>)\—1

£1 (t) =,F.o[L‘J"jf)‘j’l(t-l)'ag';l + Lg,j+>‘j-_1(;t—1) R
Case 3. n; < (‘>\'J.—1)~

 for i.< ny

.
o'y
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,,,,,,,, theexalman#gaenS-L to L{ can be' calculated sequent1ally,

.

us1ng equatlons K5 7.6 - 13). »

for i 2d

2 (t) = F Lﬁ - 1(F 1) aglv kf p | , 7(5;7;111.. )
forJ\-1>_12“n.j.-v o ‘

S o
) = BT (D)

‘ n, i A L L g ’;:T—‘ N
£ (t) = 2 (LY 4y —q(t-1)ad] + L. Lf(t-l)
o o # (5.7,13)

1f the coeff1c1ents of £ to fﬁ #X i are- known then

+

. As d1scussed 1n;deta11 1n sect1on (4 4) for SISO

f;lter pred1ctor.,S1nce the mult;var1ab1ef'Selfftubing' KFP
consists of independent’ MiSd"éeif-tuning; KFPS,Aall the

b results obta1ned in sect1on 4 4 “for SISO STKFP are

;Ppplxcable to the MIMO case. N 'r,g

@

5.8 AdaptiVe‘PredictiVe ContrbI’System usinﬁ’bk??

v

A m1n1mum var1ance predlctlve control:scheme based on.

the model of the process—and ‘the . predacb;&nszfrom the KFP

. was presented in Chapter 2 for the SIS0 case aqd in Chapter

;3 for the MIMO case.‘ '», L '="1>7/ .

fthe parameter 1dent1f1cat1on scheme, The results obtained in -

SYA

In the AKFP the model of . the pr0cess is obtaxned from

vChapter 3 are dxrectly appl1cable to the AKFP and are

Y

T o, 2es

(5.7.12) .

systems, this leads to a multlvarlable 'self- tunlpg Kalman .

e
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summatized here for‘convenience.
_The adapt1ve pred1ct1ve control law that minimizes the

qcovarlance of the tracking error, i.e. that m1n1m1zes the

- cost functmrl55 P
J(t) . E {[y(t) - y ‘tt) ] [y(t) - y‘(t)]T}
- (5.8.1)
is g1ven by, , , ) , R d
u(t) = B G‘(t) = [I'~A]§°_(t) - [B—B,]u_(_ti}“‘; |
- (5.8.2)

twhere B, is non- 51ngular as shown 1n Appendlx f. 1t is

1mportant to note that, the pred1ct1ve control law does not

o

always g1ve P 1ndependent MISO controllers, ‘even though’ the
MISO AKFPs are 1ndependent Independent pred1ct1ve
controllens can be obtalned only if B, is diagonal. A
<schemat1c block d1agram of the mult1var1ab1e adapt1ve,
predtct1ve control scheme based on the AKFP is shown in.

flgure 5 4 A deta11 d1scussxon on - the f;xed version of ‘the

pred1ct1ve control scheme was given in ChaﬁterESQ“ -

- <

A

59 Multivatiable Modified Adaptive Kalman Filter Ptedictor.e
'--4_‘Thef5ehaviodr of the-SISQ-KFﬁjin the ptesence of

deterministic disturbances, e.g. steps, was disclussed in

detail in Chapter 2. Due to the nature of the KFP, the

pred1ct1ons are biased, i.e. do not-carry the fyll

N

: 1nformat1on about “the dlsturbances. "To overcome th1s problem~~

the state space £ormulatlon of the KFP.1s aug nted with an i’

' T , o , S | . ' o -
additionael state-corresponding to the stochastic model of
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. N

I ' | -
- the noﬁse. Thxs was proposed by Balcan et al (1970 1973)
J_and Bialkowskx (1983). Tnxs mod1f1catxon 1n effect results

. fﬂ which. g1ves unb1ased prediction.

AThis modified ";3*-5 extended* tive version

’

by 1ncorporat1ng an incremental. 1dent1f1catxon scheme, as

discussed in Chapter 4. L T

The adaptzve Modified Kalﬁqn filter predictor presented
in Chapter 4 can eaSilyibe-exfended'to\multivariabie
systems.lSince the multivariable AKFP consists of p
1ndependent MISO AKFPs, the results obtained in Chapter 4
are feproduaed here for each MISO subsystem.
5.9.1 State Space Formulation

The stochastic model for the deterministic disturbances
_is'given by gpee Balcan et.,al (1970, 1973), Tuff et‘al, 1985
| and Chapter 2), | . | ”

| wi(t) e o |

fj( t) -‘-JZ——f. o . v(5.9.1)v

where A = 1-q7' - differencing'operator.
w,(t) - random signal, generally zero but may atta1ﬁ
values pi at arbltrary tlme 1nstants i. )
'e (t) - series of steps of hezght pi starting at time'i.

The augmented state space formulat1on of the ]“ KFB~es

g1ven by, o
X (t+1) = [1 0 0 1] w(t)
Ir; &0 |0
lo o 2, 0

(5.9.2)
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y(t) = [0 F0 : 6 lxile) + v (¢)
| (5.9.3)

4

* where

_ xli‘(t) = [x'%, x3, xg , '\' - xgj' 323_1' o '.x[j'\)ﬂ-kj]
5.9.2;Mgdi£ied Adaptiv;‘xélman Filter Prpdict?r\
Consider the ARIMA model (Tuff et al, 1985) for the 3!
MISO system with deterministic disturbances. ’
(@ Ny (t) = g O*N)IB (") ule) + Yiiil- T (5.9.4)
a,(q)y,(t) = g (1*A)B(q™) Ault) + w,(t) ”
'1f we define the regressor vector Wj(ﬁ’1) as,

¥y(e-1)7 = LAy (e=1), - -, Ay (t-n)

Bu,(t=d, =M =1), + -, Bu(t=d; A ;mn-1) )
Ay, (t-d -\ -1), - -, Au)m(t-djm;)\j-n)f-1)]'r
| (5.9.5)
‘and the parameter vector as, ‘ ” |
ej(t) .=‘ [a? ’ ag"" ’ .’Nar);jl b?l A | “5?,; ’
| bi» , - -, blr 1" ~ (5.9.10)
From (5.9.4), " _
y5(€) = o (e=1)8.86)T + wi(t) (5.9.11)

Since& w,(t) is an uncorrelated noise signal and it is
also uncorrelated with wﬁ(t-1); a RLS identification scheme
is used to estimate the parameters in (5.9.10). This is a |
RLS algorithm usiﬁg.incremental variables. The identified

parameters can be used in the AKFP and in the control system
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design. AT ~ ‘ " .

5.9. 3 lncromentul hdaptive Predictive Control Scheme

1f the unbiased ‘prediction y°(t) is used directly in
. the predxct1ve control law given by equat1on (5,8.2) the
output coqtrpf will be biased in the preébncé‘of
determinist’i¢ disturbances. This can be co:reéted by
including a bias term in the predictive control law. This
bias term could be identified on-line by introduciné an
additional parameter into the parameter vector 8(t)and using
a normal RLS'estimation scheme. Alte}natively.it is bossible
to use the 1ncrementa1 predictive coﬁtroller d1scussed in
Chapters 2 and 4 for SIS0 syStems. - |

The incremental control law is given by,

_Au(t) = B)' {8y'(t) - [I-AlA§(t) - [B B,Ju(t)} (5.9.12)

vhere B, is non- sxngular and, ,

5P (E) = FH(E) - §0Ce) | (5.9.13)

AF°(E) = §(t) - §(t-1) | < (5.9.14)

t

5.10 Simulation Results and Discusiicn
| Two processes were used for simulation studies. The
distillation column model used in Seqtion 3.10 for the fixed
KFP, has-a diagonal'interactOt; Hence it is not necessary to
use a precompensator. ig? B
To demonstrate the use of a éreﬁbmpensator the 20¢

model used in sgction 3.10"§as considered. -
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The discrete transfer function of the process modql is '

given by, ~ «

rq) o 2:2658974-0.061g" o.mzq"#o.oouq-*
V11727, 6q '+0.63g" 1-1.6q'+0.63q"?
-5 -6 . /\ -6' -7
0.083g7°+0.03q"¢ 0.1063q7°~0.0244q
1-1.6q7"%0, 63q" T 1-1.6Q7'+0.63q7
The innfrse interactor for th;s process is tr;angular,
’ L
s-i(q) - .q-J 0 ¢

0.3198gq* q°*
Using the ptécompénsatof’design procedure given in Appendix

S

K, the precompensator for this process is

Ww(g) =[q™' 0]
lo

and the interactor for the précompensated process is given

£ (q) =[qto0 _ |
—n

which is diagonal.

by,

It is important to note that the coefficient matrix B,
is not diagonal. ._
From Appendix I,
B, = lim £(q)T,(q) =[0.2658 0.012
‘ 'q——)a -
0,083 " 0.1063

Clearly B, is non-singular.

The nature of.B, can be found without knowing the
actual parameters. However it is assumed that even if B, is .
not diagonal, it is always non-singular, due to the generic

L J

property of such matrices.



| " 2™

Case 1 . Distillation Column

ia, Determiniatic case

-

Periodic setpdint changes are introduced into both Y,
and y, to obte1n converged true parameters of the process, .
Output performance of ¢he AKFP and AIP is shown 1nlegures
5.5a and b. Under noise free conditions once the parameters
have converged to their true values the AKFP and AIP perform
exactly the eame, and are same as thewcorresponding
‘non-adaptive schemes. o N .

Figures 5.5¢c and d show the manzpulated variables.
Figures 5.5e and f shon the aFrameter estimates of the AK?P;
‘All the parameters converged to their true'values within 100~
iterations. _ | - B - }
1b Stochastlc Case . . . )(

. Figures 5.6a and b show the qutput performance ?f the
AKFP and AIP, For the top composztlon y, the performance of
AKFP and AIP are‘quite the similar. This i5 also seen in
figure S.Se‘;hich plots the variance of the output fracking
error. The small difference in performance of the AKFP vs
- the AIP for y, may be due to the small time delay (A,=1) in-
the top composition. The minimum variance prediction in AKFP’
may not be significant for single time delay. However this
results depends on the process dynamics too. The AKFP shows
sxgnxfzcantly better performance than the AIP for the bottom

composxtxon. Parameter est1mates by the AKFP are shown in

figures 5.6f and g. The estimated values of the parameters

R
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at the 800%" iteration are given in the Table 5.1,
case 2.. Process —with the precompensator
2a, Deterministic Case “ ’
It is clear from figures 5.7a and b, that the AKFP and‘

ASP show the same performance. Introducing the

‘ecompensator does noi'eftect the performance qnder ideal
conditions, but since it int:oduces additional time delays,
it demands the knowledge of the future set points. Figures
5.7c ;ﬁd d show the manipulated variables., The parameter
estimation is given in figure575}7e and f. The parameter
convergence is very fast in this case.
2b. Stochastic Case -

' Output perfbrmance of the AKFP and AIP is shown inu
figufes 5.8atand b. As shown in figure 5.8e the AKFP gives
significantly lower variance than the AiP. However it is
impo;tant to note tha{, although introducing the
précompeﬁsator does not effect the performance in the
deterﬁinistic case it would effect the performance in the
stochastic case. Introducing the time delays in the
precompensator wouléiincré;se £he/prediction error variance
and thus the output tracking error variance. Parameter
ésfimation in the AKFP is shown in figures 5.8f and g. The
parameters of the A and B polynomials converges very fast.
But the c coefficients are very slow to converge. The
_;stimated value of the parameters at the 5064f%i:ration is

given in Table 5.2. <«
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Due to the d1ff1cult1es 1pvolved in tQLaldentlflcatlon’

: ‘-\'- b »

"”"fof the* 1nteractor matr1x- a. r1gor,us adaptave extens1on

5:processes thh trlangular 1nteractor. The~result1ng

'TMult1var1able

S

'1j‘of the mult1var1ab1e KFP is not p0551ble when the‘hgbfﬁﬁf

'1nterac?or is trlangular. However by 1ntroduc1ng a

-

: sultably des1gned precompensator to. dlagonallze'the

N

'1nteractor, the adapt;ve KFP can be developed for ’Q;‘

L

vdaptlve Kadman f1lter predlctor con51sts

; of p 1ndepend nt MISO adapt1ve Kalman fllter d'\ "“yﬁ\
:‘pred1ctors.-0 ly the ARMA parameters of the'MIMO -'5?,.Lf
-gprocess are needed and also the MISO Kalman ftlters can - |
lfbe 1mplemented w1th a computatlonally fast algorlthm.v'fﬁ

AfThls glves'a practzcal AKFP and adapt1ve Predlctlve

,f}m for stochast1c processes w1th delays.

e

»The ratlo of the n01se covarlances can be used as a EOR

“‘tunlng ¥arameter for the AKFP to obta1n mlnlmum
"fvarlance or. nearly m1n1mum var1ance control
‘prerformance.s-'"“

FfT?é multivarraple exten51on of the SISO self tunlng KFP*L

‘which proV1des a means of 1mplement1ng the AKFP w1thoutf;

: hav1ng to know the covar1ances a pr1or1, ‘or tunlng, 1s i

-

also derxved o 5l‘f o ;vf';_" L h.:"» -

gc_A multlvarxable exten51on of the SISO adaptlve mod1f1edr’

;Q'KFP and the adapt1ve 1ncremental predlctlve control

R

}Tfscheme 1s presented for processes w1th determ1nlst1c‘,‘

‘fd1sturbances. L T lgh?»»‘
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‘ Model

'\\ S N

»
et

7 |

| Parameter

True

fvélues,'

Estxmated Values '//"

v

Determzn1st;c

Stocha‘énc2

.oCap
“HfaZ,;
ibP~
b

0 S N

| -0.8975
| 50.8558
-0.8719 |
I 0.8212
'.f? |

e

1,845
‘:jO,éSOSif
1 0.5786

- 1.8958
-0.8981 |

~0. 5398‘}  i"\.

' B.898 -

©1.895
fQ;8937

-0, esé: |
~-0. 872 /”-

0. 816 ,/

S

1/691 «

0. 894j
7

S|/ ousss

' -0.853
v-0:872‘
. 0.816

 7j1;286

0.375

f i.834"

~:-0;84$ _ .
0.578
-0.538

-1.300

1.180.

. —.1 ) 24 :
o 0.428

after 200 samplzng 1nstants._

Sy

N

N

after 800 samplxng 1nstants f

. ‘




. ]

Table S.Z_Pafaméte}-astimation’for the Process with a =
 Precompensator

Parameter ‘True |- ' Estimated Values T

;Vaiuesffquté;hinisﬁic‘ ‘Stdchastic?
\ ‘5—a; 1 1.6 ; ;?;77'1;66 ”7 o | 1.598

| | S 0629 -~ -0.629 \
:‘~?;_0.2656;’
| -0.0603
| -00n2

B 0.0047
-0.8447 g

0.1149

-a? "1}63' 1. e ;.‘  j' 1.59
C-al o [f.e3T | -o.e¥ | Co.ezs
b Eo.oaé - _‘;‘05084 _" ' 0.08¢
b2 | 0,03 | o0.029 - 0.034
B2 | 0.1063 | . 0.10629 | o0.106
b2  #0.0244. -0.02439 | -0.0192

e 2 N H 02T KR

Cg ' "’T)?;-. 1 . o , 0.3425

L
. ~

1 after 200 s&&piing instants |

2 after 800 sampling instants

Doas
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Fzgure S 1 Sch matic block diagram of a MIMO ptocess with
_time dela s, based on the interactor factorxzatxon.
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< Ly, (t

KF 12 Lo )
. ¥y, (t)

‘KF 4P |

F1gure 5.2 Mu1t1var1ab1e Kalman Fxlter Pred1ctor

Confxguratxon for a Dxagonal Interactor (p Independent
MISO Kalman Fxlter PredlctOts).

y(.t)'

1276



nit)
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Figure 5.3 Schematic Block. Diagram of the Multivariable
- Adaptive Kalman Filter Predictor, ' e
yie) Adaptive] -
| l’edictiv U(t) Process :
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Filter
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"igure 5.4 SchematiE-Block Diagram of the Multivariable
~ Adaptive Predictive Control Scheme.
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6. Overall éodclusions and Future work

6.1 Conclusxons C o L

The .most s1gn1f1cant contrlbut1on of this work is a

‘fasymptot1callyrstable, MIMO, adaptive predictive control

system, using the state space approach, for processes with
time-deiays, noise ana/or sUstained disturbances. The
control scheme 1s practlcal and eff1C1ent to 1mplement, and

represents an alt ernative to the common. self-tun1ng.

‘controller', espec1ally for stochastic applicatiohs. -

Other contrlbutlons and some of the Steps 1ead1ng to

- the MIMO adaptlve controller are°

'1.. Formulation o: an observable" state Space-

<

representationufor prbcesse55with»time delays. In this

r'represéntation, theﬂcorrent output and the future
Qutputs i.e, y(t),. .,y(t+d) ( where d= time delay ')
are expressed as state varzables, and the “only non
unzty,_non zero e;ements of the state Space matrices

 are the coefficients of the ARMa model, Therefore'in
adaptive‘applications process'identification requries
the estlmatlon of exactly the  same parameters as in
ARMA input- output formulat1ons .

2. . A Kalman filter was employed to obtain minimum variance

| estimates’of the output y(t), . ._,y(t+d) of a-SISO
process. It was proven that the steady state Kalman
f1lter used. to estxmate the states of th1s special

formulat1on was stable, and that the tlme varying

/
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Kalman filter converged to the steady state Kalman

filter. The Kalman Filter Predictor (KFP) can be tuned

to obtain minimum variance perfofmance by using the
ratio of process and measurement noise covar1ances
(R,/R) a;/a tuning parameter. A computat1onally

e£f1c1ent algorlthm is developed for the KFP by takxng

advantage of the sparseness of the staté space

matrices.

‘'The state space model and the Kalman filter formulation

were extended to MIMO systems with time delays by usinghv
the interactor'factorization of Wolovich‘and,Falb |
(1976), to.factordout the 'natural' time deiays. The
state space model, in general, consists of p serially
connected MISd subsystems ( p=number of outputs ), and
their states aré estimated using p seriaily connectﬁd -
MISO Kalman filters (figure 3.2 ). This decomposition .
provides.an efficient implementation of the
multivariable KFP.

~ For the case when the process parameters are known
apriori it was possible to tormp;ate a generalized
Kalman'filter predictor;which can be applied to
procsses with either diagonal or triangular interactor
nattices. o

For the case when the process parameters are

unknown, they are estimated on-line. It is shown that,

‘when the {fteractor of the process is d1agona1 the .MIMO

system can be decomposed in to p 1ndependent MISO
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Kélman filter-predictors, Sﬁd that the non zero, non

unity elements of the state space formulation are

- exactly the. same as that of the'ARMA parameters of the

MISO systems. This decompositibn,_reduces'the‘number of
‘parameters:that musp’be estiméted ih~adaptive systems,
f.e; avoids the dimehsionalitf-p;oblem often _
enéopnﬁéréé when,épplying state space techniques to
large ﬁult;variabie systems, and alléws‘the direct
extension of the results obtained from the SISO AKFP to
multiva:iable_Systemg. However.when the interactor of
the p;éce§s is triangular the adaptive -extension is
cbmplicatedL’This difficulty is overcome b& employing a
precompensator (éingh'and Narendra, 1984) to‘hiagonaliie
the triangu1a; intﬁnac;or.' »
~The output from thé‘fixed and/or adaptivg Kalman filter
'pfédictqrs'can Se used in a number of applgcations such
Ss-feedback control‘and_fime—delay compensation.
Predictive controllers were developed for the SISO and
-MIM?fcaseérzwhich“used the entire preaicted'dutput
,bectorvfrom'the‘Kalman filter in the controller
fofmulationﬁaThis avoids’ the need of the Diophantine
identity as usua;;y'ﬁsed) to formﬁlate the (adaptive)
ptediétive controllers. It is proven that the -
predictive controller béﬁed on the KFP.perEorhs'as a
. : y

minimum variance controller, if the process, parameters

and the noise covariances are known apriori. When the

- . covariances are not known the KFP can be tdned.by using



as a means of converting the KFP into an input—outpbt

>
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thévratio of the covariances as a tuning parameter. The
adaptive predictive controller will give minimum:‘
variance performance after the parameters have
converged.

| The number of parameters that has to be estimated

for the.AKFP is the same as that of the explicit

‘adaptive minimum variance controllers,but is less than

that of the implicit adaptive minimum variance
controllers and implicit self-tuping controllers.
A better understanding of the structure and performance

of the KFP was obtained by using the|innovation model

LY

~ form that could be represented by a block diagram

aﬁé/or a familiar idput-qutput equatiop. The impottaﬁﬁ
resblts of this analysis were, |

o the SISO KFP-was shown to be structutally,
gqﬁigglent to the Smith predictor except for a filter
transfer function which filtered'thé output estimation

error (which represents the noise, disturbances or

gmodeliing errors), before it was added to the féedbéck

control loop (cf. figures 2.4 and 2.6).

* The MIMO KFP was shown to be structurally
equivalent to the Interactor Predictor(IP)(Sripada et
al,1985), except for a.filter transfer function matrix

«a
in the KFP (cf. figures 3,5 and H.2).

e

* The biasing problem of the KFP, in the presence

of deterministic disturbancej was analyséd, and shown
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to be due tqtthe Proportional and Derivative(PD) nature

of the state estimation in the KFP (figure 2.7).

* The Modified KFP (MKFP) which ;as designed to
handle deterministic disturbances, was shown to
introduce an integral term to the existing PD
éstimation of“the KFP (figure 2.7).

* The kalman filter was expresseé"in the fémilier

ARMAX input-output form. This provided insight into the

- structure ‘and the 51gn1£1cance of the noxse term in

input- output models (equat1on 2.4.18). 'self-tuning’
KFP was implemented by estimating the parameters of the
ARMAx‘moéel and using the coefficients of the C
polynqmial fo calculate the Kalman gains (Sections 4.4
and 5.7). | he

The Kalman filter predictor is the natural extension of
the Sm1th predictor time-delay compensataon 70#%&3\ to

s

stochastlc, multivariable processes with tlm&\l ays.
4 L d

It was shown that the Smith predictor and the KFP were

stfuéturally similar, ek%Xcept for an additional filter

in the KFP, which can be tuned by using the noise ratio

R,/R, to givé minimum variance performance. It was also
shown  that the SISO KFP reduced to the SP, and the MIMO
KF? reduced to the IP when there was no noise and
perfect modefling. Both SP and IP can be impfoved to

handle noise by introducidg an adhoc (e.g. exponential)
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filter in the same location as in the KFP.
7. The KFP was modified to‘handle deﬁerministic
“ disturbances and o{fset by augmenting the state space
Q%ormulétion with the states due to the disturbances. An
. incremental predictive controller was developgd.using
the MKFP, which showed very good disturbance -rejection

(section 2.7).

6.2 Future ﬂbrk
1. It is important to test the performance of the KFP or
| AKFP in real syétemsi | _ .

2. The.predicti&e control scheme developed using the KFP,
does not impose any constraints on the control force.
Fér‘practical applications, a predictive control law

4 that imposes a weighting on the control force may be .
desirable. . o

3. The multivariable adaptive Kalman filter for processes

with triangular interactor was developed by introducing

a precompensator fo"diagonalize th® interactor. SAnc

this precompéﬁsator introduces time delays into&the
p:oceSs, the prediction error in the AKFP is higﬁér4.
Hence it is important to pursue the possibility of
using the triangular interactor to develop the |
multivariable adapti;e Kalman filter predictor.

4, The predictive control scheme developed iﬁ this report

is based on one step ahead prediction, where the

control force is calculated to achive a single setpoint
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in future, Inétead of using 5 single point the

- predictive control law could be developed to follow a
trajéctory of setpoint values,

5. It is shown by simulations that the modif¥d Kalman
filter predictor does disturbance prediction after an
initial transient. However this behaviour has not been
proved analytically and needs further investigation.

6. ’'Instead of'the incrementalvpredictive controlﬂschemé,
the es&imqteq disturbance (sfate X,) can be used to

‘develop a positfonal predictive controller or a
feedforward controlller.

7. In the present'sﬁudies the MKFP has been-invesStigated
only for deterministic disturbances. A further
investigation is necessary regarding the behaviour of
the MKFP, when there is process and measuremené noise
and model mismatch present in the system, in addition
to the deter?inistic disturbances,

8. The AKFP,waéi eioped by inéorpbrating an extended

— least squares algorithm tb‘gstimate the parameters; the
convergence of‘fhe AKFP depends on the convergence of
the parameter estimation scheme. A more numerically
stable, parameter estimation scheme tﬁat guarantees the
assfmptotic convergence is thé improved least squares
algorithm due to S:ipada and Fisher(1986). The
périqgm&nce of .the AKFP could be improved by = .

incorporating this parameter estimation algorithm. |

N
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f“iﬁpendixfhc%fKaIQanhFiite:’(xF) .

A Lh} The Kalman f11ter was f1rst presented by Kalman (1960
a:1963), and Kalman and Bucy (1961) The Kalman f1lter can be «l
qused to esbxmate the states of a process given by a - T
-"stochastlc state space model Interestzig dlscu5510n of the s
‘_theory and propert1es of the Kalman leter 1s also g1ven 1n‘
"Astrom (1970) Astrom and W1ttenmarkm61984), and Goodw1n and

. .
’ﬂf984) Kalman fxlter Theory preSented in th1s sectlon

o

s based on the approach g1ven in astrom (1970)
‘Theofy tde | " | <
- Theorem & 1 (see Astrom, 1976)‘

Let x and y be two vectors wh1ch are Jolntly Gauss;an,v

"The cond1t1onal dlstr1butlon of ‘x and y 15 normal w1th q§an,,;ﬁ

E [x/y] m, + R, R 1 (y m ) . ' v' L 1
Aand covarlance | ﬁ~ B ,‘- : if; ;Qd o
E € [x : E(x/y) ) tx - E(x/y) ]T/y } =l

EN

‘ R "‘*'Rﬁ =R R

? The stochast1c varlables y and xgh[x/y] are ibff!
1ndependent..civ j.'_it',.

) Let'the stochastic state space equatlon offt'ﬁn

:fbe given by, ‘V‘ : e,5§§. _d:f_ RS
i x(t+1) = #xit) ﬁ Au(t)'+ w(t) ST fjjf ge 1) "*~~
“y(t). = ox(t) + v(t) _‘,éj,,.j“?"v![,°-w”fd'* (A 2V |

;qﬁheféT{V(tﬁ} and {w(t)3 are random whlte n01se w1th mean

- zero and covarlances g1ven by,

E{w(t)w"(t)} -é R

1;p{’*‘:ff~%%’§45"



\mﬂ o " o B T ‘
Ef{vit)v™(t)} = R, PR P oo A3

"The matrices &, 9 'R, and R, umy vary' w1th tlwe. It is also
‘assumed that R, is pos1t1ve def1n1te ‘and that the 1n1t1a1 - —
sgate x(t ) 1s 1ndependent of v and w and normal w1th mean m

and covarlance R;.

a Now the formulatlon of the Kalnan fxlter is, "to solve .
the problem of estlmatlng x(t+1) based on the observatlons
;of thé output y(t) ylt= 0, ey y(t)
in suéh a way that the crlterlon, | _ nt 7 Mh Lo
o {g(aT(x(t+1) - x(t+1/t+1)))} I ¢ 'S

~is- m1n1m1zed

'
v

The functlon g is assumed to 'be symmetrlc and non -
decrea81ng for p051t1ve érguments. L |
L The follow1ng notatlons ‘are used in the der1vat1on°'

E [x(t)lY oo T | (A 5)

;_'x(tlt) -
. s estlmate of x(t) usxng the data up to t1me t,-‘ .
@’V‘b where,'f ' ,. . v » | S g
- yT(t )y (g e o1 'ﬂl‘='<A 6)
"x(t|t—1) sELx@IY, 1 A
‘# estxmatlon of x(t) ys1ng the data}up to %Z :
eme et
CR(E]D) = x(e) - R(E]e) "_-[$§§5)}Ahy O e
fL;'ﬁ‘h' estlmatlon error due to the ea’&mat1dn ;,’
N o x(tlt) | '~,1§ SR R S e
yi(tJt-1) = x(t) - x?tlt noo o (A, 9) 4

= estlmatlon error due to the estlmatlon



RO I(tlt 1),
— R(t) sE [ R(e]O)R(e[0)T] T ka0
. =‘covar;ance~of,the%estimation-error due to
,dthe estiuation i(tlt) ‘\ |
MEt) = E [ %(t]t- 1)x(t|t 0Nty N SRR PR

covariance of the. estlmatlon error due to-

, the estimation x(tlt 1. . : Y

%
.

To obta1n a recursave formula for the est1mat1on, 1t is
assumed that x(tlt) is known, and a formula for x(t+1/t+1)
15 developed |

-

From equation (A, 5) S o AN ; 4"__ B

'x(t+1/t+1) = E [x(t+1)|Y | ' _
| ’- = B Ex(t+1)]Y,, y(ee1). 1 o (a 1'2)
To evaluate &he cog%1t1onal expectat1on for g1ven Y

and y(t), var;ables are changed to obtaln 1ndependent e
D R .
var1ables. : Bl

i ~‘From theorem (A 1) 1t follows that Y and

i

y(t+1|t) = y(t+1) - E [y(t+1)|Y ]
P
g, R f_'= y(t+1) - e B [x(t+1|t) ]

= y(t+1) -8 x(t+1|t)
=8 x(t+1) - ex(t+1]t) + v(t+1) -
-0 x(t+1|t)=+ vier) S a3y

are 1ndependent

The quant1ty y(t) is sometames referred to as the

i

71nnovat1on at ‘time t+1 because it 1s ‘the part of the

measured output 51gna1 which contains: some 1nformatﬂon wvhich
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cond1t1onal expectatlon of x(t+1) given Y and y(t+1), the

cond1t10na1 expectat1on given the transformed variables YL
?#‘ﬁﬁﬂt) is evaluated | |
: ""J ?hus (A.12) becomes,

-an

,.

CR(E+1|t+¥1) = E [x(t+1)|Yt, y(t+1|t) 1 N . (A1)
S'»'inc‘e‘Yt and y(t+1|t) are 1ndepeﬁdent,zfrom,Theorem‘
L R(EH1)ER) = B [x(e+1)|Y,] 4 E LxCe+ 1) geee1]e). ] |
R - E x(t+1) m NS Jsf |
The dlfferent terms of the right’ member of ‘(A. 15) are
- evaluated now. ‘ ‘
B [x(;ﬂ)«]y 1 '=.E [«bx(_) + Au(t) + w(t)|Y ]
| - E [ @x(t)]y ]+ Au(t) s |
= Qx(tlt) + Au(t) fr;‘ A o (A.16)
h To ‘evaluate E. [x(t+1)/y(t+1|t) ) use Theorem A, |
| Then, ' N o
E [X(t+J)/y(t+1|t) ] = E x(t+1) + R, Ry %lt+1) - '(A.1_7)\‘
where“‘ o "‘ A ._ k» 0‘4} |
R, = Cov [x(t+1), S’(t;llt) 1 SN
=B {Ix(e+1) - B x(ts1) ] [9x(t+1|t) +vleen T
: (A 18)
S1nce x(t) and v(t) are 1ndependent w1th zero mean,i

Ce Rw, = E [x(t+1|t) + x(t+1|t) ¥ [3(t+1|t)T 97] e

0,
| (A.19) .
S1nce x(tlt 1) and x(t|t-1) are 1ndependent from - ,\t‘

Theorem A,

ta

"R = B (x(t+1|1:)x(t:+1|1:)")eT R
s | |




| = u ‘ .
Ry, MM+U9 | S

Rh's Cov [y(§+1|t), y(t+1|t) 1
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(A.71)

=E [ 9x(t+1|t) + v(t+1) } [Ox(t+1|t) + v(t+1) ]T

= 9 [ Ex(t+1|t)x7(t+1) 1 97 + R

= @ M(t+1)8" + R, .
Substltutxng (A, 21), (A.22) in (A.17),

E [x(t+1)|y(t’.‘+§1|t Ex(t+1) + M(t+1) eT

W X
= - le M(t+1)€" + R, 1 y(t+1|t) ]

T | (a.23)
: %ry;Now defining the Kalman gain L, .

©oL(e+1) = M(e+1)67 [ 8 M(£+1)67 + R, 17 (A.24)

‘Equatxon (A 2§h_1s wr1tten as,

K

)

x(t+1|t+1) : x(t+1|t) + L(t+1)§ﬁy(t+1) - Ox(t+1]t)]

T(t+1]t) = E(x(t+1]t))

'4='¢i(t}t5 f-AU(t),

To 6btain a formula for the covatiahce’M(t),

M(t+1) = E [ x(t+1|t)x(t+1'|t)T ]
= E [ (x(t+1) - E(x(t+1|t)) (x(t+1)

| :v-»E(x(t+1|t))T 1

7_Subst1tut1ng from equat1on (A 26) awd (A 1)

M(t+1) = BE.{ [&x(t) - ox(t|t) + w(t) ]
[ex(t) - @R(t]e) +w(t)]T)

|  =§E[MHU][MHU]’N+R

From (A. 10)

P(t).= E {[ x(tlt) 11 x(tlt) 17}

hence,

(a.25)

" (a.28)

| (a.26)

(a.27)
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M(t+1) = & P(t) &" + R, ‘ . (A.29)
- To obtain an equation for P(t),
o ,

B(t) = B {[&(t[t) ) [&(t|t) 17}

n

E {[x(t) - &(t|t) ] [x(t) - &(t|t) )7}

B {[x(t) - X(t|t-1) - Lt) §(t|t=1) ]

CIx(t) - x(t|t 0 - @e)y(eje-1) 17

E {[x(t|t 1) - L(t) ex(t]t-1) - L(t)v(t+1) ]
[%(t]t-1) - L(t)e,x(t|t-1) - L(t)w(t+1) 17}

E{[ [I-L(t)e ] x(t]t-1) - L(t)v{t+1) ]
[ [1 - L(t)e ] i(t[t'—n - L{t)v(t+1) 1)
= [1 - L(t)® ] E &(t|t-D&(t[t-1)T

[1 - 6T L(t)T ] + L(t)R,L(E)T.

[1 —L(t)e 1 M(t) [1 - " ] + L(t)RL(t)T

M(t) - L(t)eM(t) - MOTL(t)T +
L(t)emt)e“z.(t)T + L(t)R, L.(t:)T |
p(t) = M(t) - L(t)eM(t) - L(t) [GM(t)’GT + R, ]
AT L(t)GM(t)G"'L(t)T + L(t)Rz(L(t)" |
P(E) = M(t) - L(t)em{t) . (A.30)
‘To determlne the 1n1t1a1 condltlons of equatlons
| (A.25), o | | |
CR(tgr1/t,41) - X(tg+1/t) + Lké 1) FlEg1/t,)
’ | = x(t +1/t ) + L(ty+1) [y(t +1)
- ex(tH1/t) 1

= m + L(tg+1) [y(t+1)-em] (.31

' . From Theorem A.1, = o i% ,

e e

 P(g+1) = M(t°+1) - L(to+1>emtol1,)" i
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lf M(t,) = R, ° ’ : A " n (A;32)
then, comparing (A.30) and (AT32), it'is'EIéar that M(ty)=R,
is the‘initial_oondition for (A.30).

: From the‘above derivations the Kalman filter algoritﬁm
can be”summarized as follows: ‘4
'l._ Gain: Calculatlon (from equatlon A.24)

.L(t) = M(£)0T [OM(t)e" ik, 1 withfif(t,) = R,.

Measurement ‘update (at the time of the measurement)
State update (from equation A.25)
k(t) = X(t) + L(t) [y(t) - ex(¢) 1.
Covariance update (from eqnation A,BO)
B(t) = M(t) - L(t)eM(t)
2. Time update (between measurements)
State update (from equation Ar26)
X(t+1), = eR(t) + A ule)
Covariance update (from equat1on A. 29)

M(t+1)g $P(t)8" + R,
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Appandixln - Stability & Convergence of Kalman Filter

'The algorithm given in Appéndi; A, recursively
calculates the time varying Kalman‘gainle(t), and error
covariances M(t) & P(t). In many cases the covariances M(t)
and P(t) and hence the Kalman gains L(t)'converge to steady
state values as t-->=, | ‘ . -
| If M(t) and P(t) converge td M and P, the limiting

“solution of M will Sétisfy the following Algebraic Riccati
Equation (ARE), thafned by combining the equations (A.30)
and (A,29) and .substituting M(t+1)=M, |

The ARE is giQen b;, . , ‘ -

M - $MO" + SLOM$" - R, = 0 | | C(B.1)
'where |
’ L - steady state Kalman filter gain
'L = MOT[BMBT+R, ]! - - | (B.2)

Also define the steady-étate filter state transition matrix

¢, and 9, , o .
F - -L6® - ' - (B.3)
| . . ¢
® = ;"2 - | ' . (B.4)

and factor R, and R, as,
'R, = EE" - | - © (B.5)
R, = RY? RY2 o (B.6)
Then theiARE i;vgiven by, Q | ‘
| M-3M&™ + $MOT( OMO™+I)' BM&" - EET = O ‘ (B.7)
Fo; the stability‘of the KF';; areAinterested in the

~solutions of ARE which are real, symmetric, positive

323
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semxdef1n1tg, and which give a steady-state filter hav1ng
3roots on or inside the unit c1rc1e.- | —

For convergence of the KF, we are interested in the
,converéence of the time varying KF, given'in apbendix A, to
. the solutlon of ARE. |

A good summary of these propert1es, and necessary
defin1t10ns, theorems and Lemmas are grven in Goodwln & Sin
(1984). Mose details and proofs of the theorems are ngen in
Martensson (1971) Kucera (1972a, -1972b), Chau, Goodwin &

Sin (1983);and Anderson and Moore (1979).°Theorems & pemﬁas W
are giVen here without proof, as given in Goodwin & Sin |
(1984). -

Definition'T.

A real symmetric positive semidefinite selution of ARE
is said to be a stabilizing solution if the correSbonding
filter state transitionbmatrix's, haslail its'eigenvalues
inside the unit eircle;

Definition 2. .

. A real Symﬁetric'posiﬁive semidefinite solution of the
ARE is said to be a strong solution if the corresponding
filter state transiﬁion matrix,‘3,'has>a11 its eigenvalues
inside or on}the unitacifcief

Some of the key propert1es of the ARE are summar1zed in

the followxng Lemma:

—
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‘Lemma B.

325

§ po——

Provided that (8,%) is detectablé, the strong solution

of the ARE exists and is unique.

1. .I1f (®,E) is stabilizable, the strong solution is the

only positive semidefinite solution of the ARE.

2. _'1f (®,E) has no uncontrollable modes on the unit

circle, the strong solution coincides with the

stabilizing solution, |

3. I1f (&#,E) has an uncontrollable mode on the unit circle,
then, although the strong solution exists, there is no
stabilizing solution.

4. ff (#,E) has an unéontrollable mode inside, or on tﬁe
unit circle, the strong‘solution is not positivé
definite.

5. Ifk(é,E) has aﬁ uncon&ro;lable.mode oufsidg the unit
circle, then as well as the str?né solution, there is
a: least one pthe;-positive>semidefinite solution of
ﬁﬁe ARE. o _ )

The above Lemma gives the conditions for the existence __
and nniqueness of both stabilizing and strong’solutions.

There are three theorems tha; 9e£ihe the convergence of

~ the éolUtion of the time varying matrix Riccati difference

equation to‘the‘stabilizing or strong solution of the ARE.

-

" Theorém B, 1

Subject to, (®,E) is’staSilizaﬁI@.

1. ($,E) is detectable.
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then, ‘

lim M(t) = M, (exponentially fast)

t—>o .

lim L(t) = L, (exponentially fast)

t—>> - .

lim $(t) = &, (exponentially fast)

t—>c g

M, L, ¢ are steady state values of M(t), L(t) and

( (e, o | ) !

Theorem B, ?2

Xsdbject to, no uncontrollable modes of (

unit circl@
1. (0,%) are detéctable.
2, M0>'0, i i . o " o s

. then, -~ -~

lim M(t) M, (exponentially fast)
L) t—>= ) ’ :
’ lim L(t)
t—>m -
lim d(t)
t—>x .
Theorem B#3

L}
|

(exponentially fast)

"o
e

. (exponentiallg fast)

‘Subject to, (8,9) being observable.
—te (Mg- M,)>0 or M;=M, | A ' B

then,
lim ~ M(t) = M, .
t—> ‘
lim L(t) =L,
t—>e _ —
lim . &(t) =" ¢,
t—>w» :

- -
' .
'.I /‘\

! \
In this case M, 1s the (un1que) strong solutlon of the

ARE and L, and @ are the correspond1ng steady state f11ter

gain and state transition matrix. $, will have roots inside
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3

the unit circle unless (&,E) has uncontrollable modes on the
unit circle, in which 3, will also have the same roots on
the- unit circle.

The above theorems give the sufficient conditions for

the asymptotic .time invariance and stability of the filger}

»
o
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Appendix C - lnnovdtion Model of thoegalman Filter

»

There are number of different wajs one could express
the Kalmon filter algorithm, e.qg. Astrom (1970) . -Depending
on the structure of the state space representation‘and the
"definirion.of the conditional mean, i.e. k(t) {e x(e) ]y, ]

or x(t) = BE.[ x(t) |¥,], one could derive a number of

!A‘d_, Erl Y 5
&

different Kalman filter Algorithms. For each,algorithm th ;

-

is a corresponding innovation model (Kailath, 1970) *
o

v ‘ =
representation, The innovation nfodel corresponding t
algorithm 1psa%§end1x A f% glven below. ‘.,

From eqmation (A.29) and (A.30) we can write,

A
-

x(t+1) = ®kx(t) + Au(t) ”

C O+ L(e+1) [y(t+1) - 8@k(t) - OAu(t)] (C.1)
?(t+1) . ebx(t) + BAu(t) ' o (c.2)
Define, 9 )

w(t) = y(t) - 8bk(t-1) ~ dAu(t-1) (c.3)

[w(t)] is called the innovation sequence.
.
Since, :
y(t) = 6x(t) + v(t) = 8bx(t-1) - GAu{t-1) + v(t) (C.4)

then ' ' “

w(t) = 6 [x(t-1) - x(t-1)] + v(t) 7 A (c.59
Hence, ﬁ |
B [w(t)]¥,.,] = 0 | c.6) !
From (C.3)" : .
y(£) = w(t) + 2(t)
= o(t) + B [y(e)]y,,] | e

thus w(t) represents the new information contained iniy(t)

328
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wh1ch was not in Yt,. Thus w(t) 1sﬂg1ven the name 1nnovat1on

sequence. “'}s

p é j E [o(t)e(t)T] = i
| Ny E{[eéx(t1),,+_ '
(E) 1188 (E-1) ¢ v(e) I }
‘1=9<bx(t 1)x(t 1)T <1>"'6"'+R T o
= o8p(t- 1)<1>TeT YR ey
leFrom (C 1) (c.2) and (c. 3)'f - | ‘v;Q e ‘ 
: x(t+1) = 4>x(t) + Au(e) + L(t+1)w(t+1) | .' ‘. "_,-_ (c 9)
Cy(e) = eRR(e-1) ¢ BAU(E) tw(e) (e 10)
..(C 9) and (C 10) ‘are called the 1nnovat1on model
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"-'A Lemma for xrp/\

Yo : \‘
. B ‘,

‘ % " . . ‘ “/":"
LemmaD1‘_'~.' .-_w:‘

If a state space formulatxon has the follow;ng form

-

B PR KIS L

(ee1) = ae) +Bue) T e

‘where‘

mﬁ
1

54
J

‘ 060 « - - 0] .
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ﬂthen any element x rSn of the state vector x 'is g1ven by,

xttv—=~nr- b @ pFﬁfbbg"Juﬁpf_t o (n.z> ;c“

k-]Proof'—'
‘ Expandlng equatlon (D. 1) for each stateﬁand by
}succe551ve substltutlon (D 2) can: be obta1ned

- Another’ way is to express (1) as,

EaP [qI p.] x(t) = B u(t) S e ©(D.3)

Hence,
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Since, | -
. x(t) = [qI-A]E u(t)” I
Ceox(6) = [@UgTe g0 008 wle) | o
| -Lbg™ + bg™ o bg Jult)
Ao (D7)

Thus the Lemma ié'proved.'
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Appendxx E - simplzfzed 1mplementatxon of the Kalman Fxlter

I3

lm: o Algor1thm for KFP

B . P

—

The d1mens1on of. the state space model used in the KFP:

1ncreases with 1ncrea51ng time delays. If the KFP 15
1mp1emented u51ng the KF algorlthm given in appendxx A, and

the calculat1ons are done in matrlx operatzons 1n the
L

computer,,these w111 be an excesste computatlonal effor;
“ e

However, consxder1ng the /sparse nature of the é matrlx, a -

set of equatlons are obtalned to 1mplement the same KFP: but
" now with less calculatlons.v

: For a mult1 1nput 51ngle output system,

Ga1n Calculatlon

o L (t) =
where, | R { ’
L (t) 5 J“ component of Kalman Ga:n L(t)
*M ;(t) -‘-11th component of covar1anceeM(t)
; b. Measurement Update< 1.5' R 9r. e;;~V:“5VLv
_Q’_% State'bpdate , : UQI ql - .
S é% +'L, (t)[y(t)--‘xn,d(m R Y-
tb2, ‘@ovarlance Update o B ‘“‘i;e.;;enfi‘ "
B = M(e) - L (M, (6 S (D

l.;P (t) = 13“%ﬁ§@ponent of covarlance P(t)%

c. Time Update | e

“'c1. State Update
‘t‘. 'j = 1 | ‘. .>‘ - :‘_ A ‘ ) ' -‘; .
x(t+1) = :é_\‘ﬁi;,(t),'t Au(t)

‘1-<.an' -

)

m(t)/tm,,,dmm e
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Cooxg(Er1) = k() - oAk, (£) + Aygult)

- § ' . : . H

n+d2j>n : ‘ » R
R (t41) = & () - P L (E.4)
”where, Aj = Jth row of matrix A ’

c2. Covarlance Update Y

ji(t+” = -8,0,, * R},
4n2?i>1 o : ‘ o o ¢

(t+1) = Q) i-1 aﬁ~i4lQiin * g}(’ '; .

n+d21>n ' . i
. Mji(t+1) =Q .., *+ R, S (- -
where - o . L o

Qy ; ‘-a;PM(x) o - J?‘
Qi5 = iy j(t) = 3, Py (t)  for n!ﬁ%@

-3

- 'Q”fs Pi,J(t)’yfor. n+dZ1>n“ _ ; ‘ - ﬁyi
A :

The table E.1 shows the number of mult1p11cat1ons and
¥

: div151ons 1n the direct and 51mp11f1ed RF.zmplementatlons;'
The, number of inputs is assumed to be m. |

7 . - , .
S AT

‘If nii ds‘, and m=1, the d:rect 1mplementat1on needs.
f,208 mult1pl1cat1ons, whereas the s1mp11f1ed 1mplementatlon

'needs only 12 mult1pl1cat1ons. ‘ ”‘-_'$$fh, ' __"



Table E.1 Computatlon Load in Dxrect and S1mp11f1ed Kalman

F1 lter Algonthms

Implementation |  Number of | Number of
| divisions -| multiplications |-
direct n+d 2(n+d)? + 4(n+d)?
Y +(m+3) (n+a)
%
simplified n+d (5+#m)n + 24
: B -

1]




Appendix F - Procedurg to Obtain the'iﬁtbractqr Matrix

)

{ The 1nteractor factorzzatxon procedure for a cont%puous R
P

ocess is given in Wolovich and Falb(1976). The dis crete .
time version of this prqcedure as presented‘1n Goodwin and - : ‘
Sin(1984) is givén below. For a mxm proper transfer_function'
matrix T(q) there exists q'unique interactor_mat:ix £ (q)
such that, ‘ | AT -

lim £,(Q)T(q) = K, ‘ (F.1)
Vg | AF.
is finite and non-singular, _ | ;
t:(q) = H (q) diag (g, g2, . . gdm)  (pz)
"and IR N |
H.(q) = F13f S o B :
e ; - o (F.3) .~
B LNICTI TR
- _—
It is possxble to wr1te T(g) g R(q)PCq)‘ where R(q) ' Lo

: and P(q) are relat1vely rlght prxme polynomxal matrxces, and

P(/f cqlumn proper. | CeE R - EE

ﬁ: ﬁk: s R ) o T NP ES
. o . . +
: A A . B




Step 1: - o S
| Tﬁqqe are unigue integers 1,i=1,:'m, guch that,
L lim gloT(q) =4, i=1,~m = (F.4)
K q—>oo o ‘ '

-where T,(q) is the i*" row of T(q) and 4, is both finite and
i : . ' -

nongerQ.

. ‘Define the first row £.(q), of"fT(q) by,

Coggla), = kgt 0, - 0) - (F.8)
so that, |
S lim g (q), ™M@ = §, =4,  (F.6)
q_f">° _ . ) v
Step 2: )

: Ifd1 is linearly independent of £,, then set,
t.(a), = (0, @2, 0, - - 0)

50 that,

lim  £,(@), T(q) = &, = 4, | . (F.8)
q—>> L o

.On the other'hgnQ;lif d, and &, a:é linear1y~dependent%¥w;-
5°“that‘d2=&%5{ with d}#O‘tﬁén we let, | |
- ?1(2)2 =.q1; [(0,‘q12' 0,. - L 0) _WH%_t; q- ;f,ww“ﬂw%tFTg)
“.whére 1) is.;he unique intege; for which o

oo lim o B (@),T(q) = E]
g—>« ‘ . . - .
is both'finite'and non;zéro.
1f ¥} is linearly independent of £,, then we get,
@), = B (Q), | - (F.10)

and note that,



1. a matrix E,(q)"of the

A ' 337
lim  £(q),T(q) = E T (R
> | o
Cpe
‘is linearly .independent of f,. |

1f nbt then, ?; = o? £, and we let,

—-— : 2 — '

£ (@), = q'2 [¢,(qQ), - o £,(q),]

(F.12)
,where 12 is the Qnique’integer for which, |
lim E2 (q)T(q) = E2
qf—‘->c
is both f1n1qg and non zero.

If £2 and t, are 11nearly independent; then we get
£.(q), = E’(q),,,if not, we repeat the procééure until
elther l1near 1ndependence is obtalned or,

1, +l" = n-q ' L (F.13)

In ‘case 1,+1} =.n-q, set £,=0, - - f_ =0"*and the
cofrespoﬁding h;;=0. |

~ The rema1n1ng rows of ¢, (q) are deflned recur51vely in

’ an entlrely analogous manner .

Finally we get elthef:y%g

.:;m (F.2) such that F.1 is
VTSatisfied or &

2' Eﬁr(q)ll ‘ * E (q)l" Bsm' SUCh that, .

t]:;ij.'% £, (q) T(qi = ' e " (FT14)_,,
with ¢, - - -, £, llnearly 1ndependent and . - ,
% £, = L R . M(F.15).
‘ In this case ve get f = 0, --;, £, =T0—and‘thé.
corresponding hij - 0 to obtaxn k@), - S

F ) . s
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If rsm, then
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1im%4 £.(q)T (q) =], = K
Q= ‘ _ .
&
Co (F.16)
| £n
N i . }. .. B
is finite and nonrsingular.
Exdmples: .
1) Consider the TFM
r —
G(q) = q! q!
1-0.1q™" 1-0,1q™"
2‘q‘-l - 2q-l
1-0.3q"™" 1-0.4q~"
— -J . L}

clearly 1,=1, 1,=1, so that d,=(1 1), d&,=(2 2).
4 k@), = (g 0)=(g0) .

-and lim  £.(q),T(q) = £, =d, = (1.1).

'q—->en .

 Since £, and d, are linearly dependent, we have,

d, = ajt, = (22) withal = 2

% E(@), = g2 [(0,@) - 2(q 0)1; here 1} = 1.°

B (d), = (-2 ) = (-2¢7 q?)

lim B (@) Q) = T o= (.4 .4)

q*>\;
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Once again, f; and £,‘hre linearly ihdependent.
o;o ' .EZ’ . af E' with af =0,4
s E(q), = Q? [(-2q% @?) - 0.4(q 0)], I2=1
= ql-29°-0.4q ¢°]
= (-2q°-0.4q* q°) .

lim = ¥2(q), T(q) = (0.12 0.16) = F2 .
g—>e ‘ . “ ‘

I

is linearly igdependent of &,.

& ENa), = B (@), = (-2¢°-0.4q* ¢°)

so that, P
| , - [ q ‘ 0 N
C$.(q) = ‘i f ;
-2q’-0.4q2 @
| L §
and

is finite and non-singular.

- 2) Consider the TFM

G(q) = i q? 2q~
- 140.4q”' . 1-0.5q""
3q-4 ’ q_°5
140.1q”" »1+o.'eq"J

clearly 1,=3, 1,=4 and dQ:(i 0), d,=(3 0)
& E(q), = (' 0) = (¢ 0).
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»

So that lim £ (q), = , é,d, = (10).
q——)a - o .

3

Since ¢, and d, are linearly débendenﬁ, d;=a) ¢, where al =3,

)

We have,

E;(q)2 = qﬁw [(0 q*) - 3(q° 0)] = 'qg (-3g® q*) .
We find 1} =1 so E} (q),=(-3q' q°) | B
?{(q)2 T(qg) = (.9»-7) is linearly-independent qf:

1

& lim
q—>e ‘
E1 . : .’_J ’ 4

S t(q), = E} (@), = (-3q* q°)

SEda) =@, ]= [q o
£ (q), -3q¢* g

lim £ (@)T(@) =[] =[1 0] =k
-q—>e | 4
. .{2 .9 ;-7

a .

is finite and non-singular.
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Appendi-‘x‘ G - Ogunnaike and Ray Multivariable Predictor

A schematxc block diagram of the Ogunaike and Ray
(l&l?) Prediator (ORP) is shown in fxgure G.1. p
Consider a MIMO process w1th m inputs and p outputs.
Let the TFM of the model of the process mcludmg the

txme delays be represented by, : 0

'rq-d”tn(q) q d'zttz(q) R q-dmtm(q)
T(q) = -dz'tz,(Q) | q-d,zztzz(q) Coe vq-dzptzm(q)
":j—’,_——-:!'dp'tp‘ (@ qPe, (@) - gy (q)

%(G 1)
- where iy is a proper rat1ona1 functxon in the operator g, .
‘and d,, is the delay between i*" putput and the j* input. The
unit. delay due to discretization is mcluded in 'ty

The process model G without time delay is obtamed by

- removing all the time de_lays ;0 i=1,p, j=1,m from Gn(q).

Hence,‘ v - . -
r’t,,(q_) @ - - t,(q)
o) @) - -t (q)
Gp(q)' = ‘
| | C (6.2)
[te(@ @ - ta) "

’I‘he structure of this multwanable pred1ctor is

» sxmilar to the Smith predmtor. , _ S _ _
he q:ontroller G, 1n f1gurev G 1 is tuned to G 1:;tead

of ?’actml process G. Smg:e the tzme delays have been

‘removed in | | SRS

RG-7 S I s
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G, the controller can- be de51gned u51ng any conventional
de51gﬂ technique., ’

N oIt there is no;ﬁismatch between the process and the
\

\ model, this pred1ctor dead time compensator will guarantée

K:jy/steady state set p01nt trackxng, but it is: d1£f1cu1t to

'; esay anything about the dynamic tracklng.

lY@l _ For the feedback control system given in fiqure G.1 the
~ .controller output u(t) is given by,
_u(t) = c y.(t) . : e ) «
| 1+qFGC+GC(G-Gm) : . : - .
. 1_ -.: »‘ % v . G » ° ' i '
3 3 . Tre L 3 R < ) . \.., s
3 £ .- 1+G G *G (G-G,) ’7“\.\ e i .
2 . ¥ . ‘;' ‘7 ‘VE . . . - N “‘
v PO R ':“'
.. and thg.closed loop equation is given by, .
A GG | ]
S y(t) = = e *(t)
. T g6 (66, Y
L | o GG - (t),+ ) :
. 14G GG (G-G) - LM ¢
3 o | ’ pc c m’ ‘ ’ i ; @
~ References ' ‘

'OGUNNAIKE, B. A. and RAY, W. H., (1979), "Multivariable
Controller Design for Linear Systems Having Multiple
Time Delays" AIChE Journal ,Vol.25, No.6, 1043.
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.' ‘.fﬁm“di'x 5Hﬂ - l‘n;,t',da.n‘a,c"t»o.rl_Predic,'tgr I

The schematlc block d1agram of the Interactor predlqtor_,_,

v,due to Sripada Flsher and Shah (1985) 1s shown&gn fxgure
PR ;#V') 3 . ;

1 S ',gfvx : z"'Fif oy * Rt

H . 2 . . ; l‘ ;ﬁ ! .

If 'r(q) 1s the transfer functxon (5 the MIMO system

%av1ng m ultible tlme delays then from the 1nteractor

i factorxzatlon due to Wolov;ch and Falb (1,976) - e \ )

S TMa) = & @ R,(q) T e
‘»‘"-‘e '<q) R(q) LT L s e )

Tu

whené ‘ : e S -
E3 (q) q e,. St L W
-h‘%" R(&)@% R.r(q) f . IR S e

s" (q) = ’-‘"q'fl,"' [ S
| garka™ gt O

v'_."d/ “;"'Q...» . ST u_‘ o -", Soery

: ,. Def1ne o :
. i ‘?j"{ R(Q) ‘ q-1 A"(q’_') B({’)
3 s "(qF = D(q“) * G(q")

where

A(q"‘) = I o+ Aq{i Azq

-thh A,, A A are dzagonal B
L B(q")=B*qu S XL L
b D(q ‘) = ‘ag [q " q )‘ ,qﬁf_?.z"v]j ST TR

and




‘G,;;LQ") :"-‘__f 0 3'_: T
S el 921.0‘ O N
: q:: gaz 0. B

I - STt — =t
. . . . 3

' &r N | L
v gp, gp2 0 . . . .

- ' N (RN

In the 1nteractor predzctor the model G, 1e{defined as;
Galqlr s E"<q) Rm) - F q"h s

o

the model OUtpuiﬁyn(t) is then»glven by'~z_,f .
L Ym(t) _-'Dq-iA"‘B U(t\‘gﬂq-lA 13 u(t) x“

-

%&H. ', R, o (H.8)

‘g o . :_‘ 3 . . .

v The pred&ctor(; ofﬂthe 1nteractor ‘is obtalned by
_iactor1ng out the 1nteg@ctor irom the model G

6, (q"') = €" RGQ) = q“‘A B T o
.  ”1 .”v~;,.‘_‘ S vjf C ; ; ‘. .: R 'kh.1o)
,aﬂa,gﬁje;:lﬂha;‘zq(a) ,'7"';71*' o ; .‘H;11)

ls 1ntroaﬁced tg,assure the zero steady state error hg the' o
‘@utput, 1f the—anteractor pred1ctor is used w1th the PID,:
control and called the steady state compensatzon.°3 { f‘;"

f output of G 1s ngen by,

Yo(t) = £V aAE w(e) 2o (n12) g
Deflne°e‘;¢; ;JTJ!f _e.éi 7%»f_[55g tytﬁf;t;“aegfii"..§‘
y‘(t) =q AT'B u‘*' - ) 'T‘?:%j-.’)%3‘3331‘%_;_';‘.?4!.1‘-’ o (H. 13)

: Then fr§g§£1gure H 1 the predxct“d%output yb(t) 1e
given b?o:~f*w'* | e L 'h]»\ff?”"

&




irc(é)-;sdk;,(t) +yle) -y (e) - . 14)
= £' g'ATB ult). ¥ [y(t) - D(g")q"A“B u(t) -

The schemat1c block dxagramfof the IP can now be dra§%

IE

‘in a. d1fferent form u51ng the equatlon (H 15) a5°shown in

-

: Y o
flgure H 2 Th1s conflguratxon is op;a1ned to compare wlth

,SF4PADA N S., FISHER D. .G.. and SHAH S. L., (1985) :

" "Control of MIMO T1me Delay Systems Using an Interactor
Matri’x", ‘Internal Rlport, Dept. off Chem. Eng. . .
Un1vers¥ty of Albetta, Edmonton, . AB '

s
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&

where [iie Y A
. A(g™") = I*Ag+A, Qi -+A QT - < o

. . g . . s N
o ! » . l‘/ X P | ) R (1.2)

. .and B S ,‘ : P Ce
S ' w v g . . ) . o LN "‘ - ' .
- Bg') T B+ Bgiler . & B.gon . o
. » ‘ . N - . - ‘. - ’ . A . - . i . ,}w N ( I . 3 )
. . . 'a . . : "'i"
'.then_, ‘B, is non-sinqular. !

proot: 1 @ - &

I

- From~ the propertles of the Ynteractor factorlzatlon —

»

lim . £(q)T(q) = K_’ . R ) , (I 4)

L e

., ’wher:e K is non- smgula‘? o j  S _i':.l_«, **
| Smcei IR > o -ﬂix_’ o : - g " | o
E(q)'r(q) = R,(q)- = qR(q) -.'qq‘a"li"‘(.é:’)%"( ‘Y T

v S S )

;i"'.and A(g” ') is’ momc, then,%

0 lim A(q"")\q 11m' ) A(q")°" =1 BRI

L g R e Y o I :
T e aae

From (I 4) and (I 5) o Al . T

»,.yllm»,u)'A (q")B(q'")=K L |

LI

R S R . L, o e .
ST S B . 8 = s R
B RN X RN L . S ' 3‘9 . S
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o
" .. Y
Y

lima i; A-'" (q-“) [81 + qu-l + 4 S B 'q-n' ] - Ka,
q-,——>® . ‘ . . . . " s '
% Tim IB, = K o (1.7)
o > 00 o g ; -
-Since IB, is indepenBent of g,

T

B, = K=# 0

. . . ) .. ] - . S

Hence, .B, is non-singudfr.

PR R : - .

' . iy LB g o e R \ :

I o L R S . 4 (A K . ‘
. & . RN

. i ¢ . T
» - _ . , ;
.

d Lt
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Appendix J - A Predictive. Controller Using the 1nteraetor g
R S : Btedictor o _ ”
‘;f ‘!. . KR ) i . ) . ) ' ) b '[f' ‘
_ A pred1ct1ve control scheme base!.on the predlctlons 1@
i ) b'(,’s'

[
w8 T

Y grom the 1nteractor pred1ctor is der1ved assumlng a : ﬁ&h .

determ1n1st1c system. Let the determ1n1st1c process modef”bef

ngen by,; t  : _ ) , _ ‘ |
y(t) = E"Ru(t) z;‘, A"'B ul(t) Yy
where £, A7, B are.es given by equations (3.2.18), S
(3 3,17 ana 19). i | .
Also def1ne a new varlable y(t) ‘the flltered output,
y(t) = ¢, y(t) q ¢ y(t) - . (J3.2)
‘ Aapd the £1ltered desxred output y'(t) as, ' | «?
"" CogMe) - Ey N N )
"0 From (J n, S | S
o ORI 14w A F(n) = But) T A
; . e I "(J.4)
sice  ® L
Y(t )= Ey(t) =) & - (a.5)

ffrom (J 4) and YJ 5) we get
y(e) + A,y°(t) + Coe 4 Ay°(t n+1) = Bu(t)
| o | | (a.6)
In equat1on (J.6) the L.H. S terms are all pred1ct1ons.
Ae‘JThus we zkn wri predlctoq equat1on as follows' o
o :E;:} + Ay, (t-1) - - -+ Ayo(t n+1) = B u(t)

< , (J7)

° .



‘Tﬁe-predictions ¥o(t) gso(t n+1) can be obtained
from the IP for determ1n1%t1c systems,

Lf, ‘
B(Q') = B, + B,g?+ - - + B.q" | (3.8)"
then'the control law thht would make y(t) or the Afiﬂ o
f11tered output to reach the f1ltered desired set po1nt o
(t) is obtained by making, . ° ﬁﬁt_
Yo =y L Sl
The correspondlng pred1ct1ve control l?w ;s g1ven by,.&.
u(t) - B)' [y* (£) + (aA- 1)y‘*(t) - (B- ia,);x(,t,)] &Z% &
: B (J10)
yhefe B; is non-sihgular as}shbwn in Appenq;k.§.' S
. ‘ .
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Appendxx K - Procedure for Precompensator Design

In adaptive contfol.of a MIMO systém it 1§ necessary to know -

apriori or to est1mate&the real coffeS}ents of the
L4ﬁnteractor matrix, But the exp11c1t est1mat1on of the real
coefficxants leads to. di£i1cult1es.aWhen the interactor: is
) E-?‘,w\'

d1agona1 since there are no real coeffic1ents in the

1nteractor the formu the adaptive control schemes

becomes easier. It was’ by Singha’ and NaYendrh(lQBS)

. -
v 3 -

that by usfng a suitable precompensator it s pd§s1ble to

;‘ ,

obtain a diagonal interactor "for a}§r0cess "that RE<a &Ja

1

triangular interac%sr.

The-precompensator design prbcedure is presented below

: , ’
using an example,

Design: Procedure®

TheieQuation for the i*h iteration of this, recursive - .
proéedufeqis given by ‘ | ’
WM, (@) = G@Ry + Kya, + - 1
G, (q) = diaq[min(q"’»‘j),m‘in’(q“":j), . ,min(q‘dpj)]%
T | - j=tp
' - . {of Wp(QQMi-[,(q)
Ky, = is the girst,term of. the expansion. . .
K; - is the vpermutati.ori of KM o ‘:

}At_éach,iteration the rank of K, is cheéked-gy ,
“coﬁnting the number of‘non%g;o,elements along the diagonal
: | : e o

9 o | o ‘.P' o

. K 353.
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uin: operations

BT 354
Ko ) oy "
Let . ‘ B
L s, 9.
w(q) =|Kq? K,g*' Kg |
. K,q" qu-ab qu'z o ~ \." P e
K,q™". 'K,q" Rea™ | 4
"For'.éaJh itera/Vén\.i. we have tq- specify the follbwiné."
(a) A sgit&hle matrix L(q),, which multiplies M‘_z('q‘)y to ﬁzlq
s@ e R 'y
(b) Matrix G(q) . o
(e> r; - the rank of KQ; or K§ . . T
Note ;- L(q), M, (g) G, (q) .and. K, are ‘defined with- respect "
to the orlglnal matrix W (q) and not its permutation, < |
Step 1 In1t1a11zatlon 4 W - ‘
i=1 . ’
L(Q) = M (q) = I “ _
‘G,(q) = diaglq_,,q,.q.,] ~
then ” | S 5
Ky=[0 0 K, T
T ;K"’Ov 0

0 K, 0
0 K, 0
L ~
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(a) First determine the 11near1y depenﬂ “rovs- oM K, (or

Ko,) se.9. col 2 and 3.

(b) Determine the columns of K, (or correspondmgly those of
K,,) with nonzero elelﬁents wlnch pertain to the linearly
‘dependent rows of K, e.g. 2"‘ column. ,
(c) Define L(q) on following c‘riter'ia. :
1. L(qg) is di.agonel.
2 j";‘"element 'of'L(q) is
| =q ﬁ;\- if jen column of the K, has ndn zero
elements at_the rows that are 11neaqr)1y dependent.

= 1 \lif j* column: of the K,, has no non zero

elements at the rows t‘hatA\re 11near1y dependent.

.

.T‘hus ) c . ‘ ' . | 4
‘L(g) = diag(g™, 1, 1) | |

e 4

Step2 . i=2 | .
. : , ) !
define L D
""M (Q) = M (q)L(q) (/ .
. . v ) 4
’ then gy ‘ - ‘*\'J . . )
R T o
4 qu-af{mzq-‘ K "‘-‘:Av A e
" ),_ “, N y , ’3 ) ?“ N . e . L
' Kg™ Ra™  Keq™
" . .
R T
then IR P
. , ! ‘\
. G,(q) = diag (q'; Q" 'q?)




\:
ki =K, 0 o
Sl
K¢ K, O
0 K, 0

rank r, = 2 and we can show
L(g) = diag [ g, 1, g™ ]
Step 3. i=3 |
M, (qg) = M, (q)L(q)
- =diag [ q"', 1, g' ]

‘rank r,’s02 and we can'show
L(g) = diag [ q', 1,1 ]
o,

N
- 4

ti‘\\en ’ L o
EE qui’M{q) - [ K'q-a qu_—c‘ Kaq.—z
. RGT R R
S R M R R
_then RN ' .
G,(qj = diag ( ‘q‘2~, vq‘z-;, "q'.'z., )
Ree [0 0 K] . T
Tk 0 o
K2 =[x, 70 0 |
0 K, 0 .
'\_ 0 K, .0 )

e .
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M (q7 = d1ag [ q , L,g! ] L ,
W‘,Sqm;q) \: Y'C‘l fzq-‘ K,q 7] v
- . p K‘q'btﬁ,«Sq-a ‘Kéd'..a \
o ."’&g‘-a‘ 8‘?3 : qu Y
o e o4 B T
"+ then ’ “\\, _
| q’? q'~3' ) .
’ . *
. \\\L? ,
; k¢ =[k, 0 0] y -
,‘ | K, K, 0 :
K, K K¢ -
'rag&»r =  ) o
S1nce rank 1s 3, _
" the precompensator k
W.(q) = M (q) = d1ag[ q? ’)1, q’ }]"' ' ____
: It is clear that the precompensator 1nbroduces time |
‘ \delays to the pr:ocess. \ - |
Reférénces 

’
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»sz~"'»fhppen iy L - Comments on 51mu1atxon Results

- " / | : -
‘ The s1mu1at10n;results 1n thlS thes1s ‘are to 111ustrate the-
/- & .
results of theoretlcal or mathémat1cal analy51s ‘and are not

- e

- used as raw’data form whlch to dj?uce conclus1ons. Therefore
| \

the deta1Ls of the programs w\re\not con31dered to be

. /‘ L

cr1t1cal and were not included in the the51s. However, xhe

-

[
)

follow1ng comments concern some of the more obv1o%s features
of e 51mulatlon results. = T Lt
TJ,f /The s1mu1atloﬁ programs were wr1tten ;n Fortran 77 (IBM
19 ‘/ Fortranvg comp1ler)~ and were executed on an Améahl
‘ I 5870/V8 computer operatlng under the Mlchlgan Term1nal
,;,\\‘system (MTS) _
/ 2. \The Internat1onal Mathematzcal Sc1ent1f1c Library -
A ‘ 'fIMSL) subroutine GGNQF was . used to generate\the white
/"~ noise sequences for the 51mulatlons, R R
3. (a) It is important to note that although the setpoint =

‘ changes plotted 1n the f1gures have a sllght slope they

;'were true step changes. - '/ |
(b) Thd graphs for output error var;ance were plotted
us1ng the. spl1ne f1tt1ng routlne 1n the Tellagraph »»

- plotting package. Only the po1nts shown ‘represent data.
‘ ;The lines connectlng the points are for convenlence —_—
:only., : - B .
4, yThe cpPU execut1on t1me for a typ1cal 51mu1atlon run for
rmrr?“wmfwa SISO adapt1ve KFP with pred1ct1ve control (800 |
_sampl1ng 1nstants) is 4.5 seconds. Howeverothe
’ ]

executxon times do not g1ve a reallstlc 1nd1cat1on of v

S 358
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'~t\

~ the comﬁutatzonal requxrements for xmplementatzon

N ‘
because the. programs are not optimized, and include the'

: process s1muf§t1on pLus data and plot files,

The output error varlanies (e g. flgure 2, 12c) were |

)

‘ calculag;&‘only for a- 51ngle run. No r1gorous.

statxst1cal evaluatlons were made.



