Faculty of Electrical Engineering and Informatics
Budapest University of Technology and Economics

o o000 Laboratory of Process Control
6o Institute of Process Engineering
seeee and Plant Design
o000 0 . .

Faculty of Process Engineering,
oo
Energy and

Mechanical Systems
University of Applied Science
Cologne

PREDICTIVE CONTROL ALGORITHMS FOR
LINEAR AND NONLINEAR PROCESSES

(PReDICTIVE PID CONTROL, DECOUPLING, VOLTERRA
MODEL BASED NONLINEAR PREDICTIVE CONTROL)

Fakhredin Arous

Ph.D. Dissdadnat

Scientific supisprs:

dr. Ruth Bars Prof. Dr.-Ing. Robert Haber

Department of Automation and Applied.aboratory of Process Control

Informatics Institute of Process Engineering and Plant
Faculty of Electrical Engineering andDesign

Informatics Faculty of Process Engineering, Energy
Budapest University of Technology and and Mechanical Systems

Economics University of Applied Science Cologne

Budape009



“To the safilmy Father
To myoMer,
iy Wife and my Sons
To my Brothers and Sisters
| dedicate this”



Contents
1. INErOAUCHION. .. ... e e e 1
2. Predictive PID control algorithms.............c.ooo i 6.
2.1 Predictive PI(D) control StrucCture.............coveeie i iiiiiiiiemnen. 6
2.2 Predictive Pl control algorithm.............oooii e 7
2.2.1 One-step-ahead predictive Pl control..................... e 8
2.2.2 Long-range predictive Pl control................c.ccooiiiiine 9
2.2.3 Predictive PI control of a first-order pees with
dead tIMe. ... e e e 11
2.3 Predictive PID control algorithm................cooooinne. 15
2.3.1 One-step-ahead predictive PID control.. S ¢}
2.3.2 Long-range predictive PID control.................c.ccoeeenn 17
2.3.3 Predictive PID control of a second-order pssc
with deatime...........oooiiiiii 19
2.4  Equivalence between the predictive PI(D) algorithm
and the GPC algorithm............ccooii i 20
2.4.1 Equivalence in case of extended horizonrobnt............ 20
2.4.2 Equivalence in case of long-range horizomrol............. 22
2.4.3 Simulation examples.........ccooiiii i, 24
2.5  Tuning of predictive PI(D) algorithms..............ccoo v v iiiimmns 28
2.6  Robustifying effects applied for predictive P)(control
AlQOMTNMS ... 37
2.6.1 Enhancing robustness of predictive PI(D) int
using a noise model with polynomial T..................... 37
2.6.2 Enhancing robustness with Smith predicteeril............. 39
3. Decoupling in MIMO predictive control.............cc.ccooviiiiiiiis cen e, 45
3.1  The control algorithm.......... ..o 45
3.1.1 Control without and with ideal decoupling.................48
3.2  Decoupling by decelerating the reference sigmange................ 52
3.3  Weighting factor adjusting at reference sigingnge................... 55
3.4  Control error dependent weighting factor afipgs.................... 57
3.5  Application to distillation column model...............ccc...oo et 59



Nonlinear predictive control based on the Vodenodel....................... 65

4.1  Suboptimal nonlinear Volterra model based mtecd:

control algorithms applied to the mooké pilot plant................. 65
4.1.1 The parametric Volterra model and its prégectorm......... 66
4.1.2 The coSt fUNCLION. ... ..o i e e 68
4.1.3 Minimization strategies for the cost fuoati.................... 69
4.1.4 The model of the ball and beam pilot plant................71
4.1.5 Identification results of the model......................c....... 72

4.1.7 Control simulation examples of the ball &edm system.....75

4.2  Aniterative GPC-like nonlinear predictive caht

algorithm for the parametric Volterradel............................. 77

4.2.1 A new iterative control algorithm................c.ooeveenenn. 177

4.2.2 A case study: level control.............coooeviii i iiiennn. 80.
Summary of the new scientific reSultS...............ooiiiii i ier e e 85
CONCIUSION. .. .t e e e e e e e e e e e 88
Bibliography. ... 90



Abstract

PID control algorithms are the most accepted in phecess industries. Besides,
predictive algorithms are also widely applied, vheredicted error values are used
to calculate the actual control signal. Predictoantrol algorithms provide good
performance especially in case of big dead time i&ride reference trajectory is
known. As the operators of industrial control systeare familiar mostly with PID
control and controller tuning, it would be benedictio enhance the PID control
algorithms with predictive properties while keepitig usual PID controller tuning
rules. In this research predictive PID control aigpons are derived for first- and
second-order systems with dead time. The structupgedictive PI(D) algorithms is
shown. Tuning rules equivalent to GPC are presefiteding rules of thumb (Kuhn,
Astrom-Hagglund, etc.) can also be used with appatgp modification. As in
predictive PI(D) control the effect of the parallghths is added, in this case the
continuous gain has to be divided by the numbehefparallel channels. In case of
plant/model mismatch the robustifying effect of theise model filter T(q™)
polynomial) and of the robustifying filter in ther8h predictor-like scheme added to
the predictive control structure is demonstrateginufation examples present the
behavior of predictive PI(D) algorithms.

In control of MIMO process decoupling is an impottguestion. Predictive control
of MIMO system ensures decoupling if the input éroents are not considered in the
cost function. As inclusion of punishment of bighttol increments is important from
practical point of view, improving of decouplingtinis case has to be analysed.
Several decoupling techniques are presented foDTgfocesses. In the first method
the reference signal change is decelerated in aoderake the control slower and to
reduce the coupling effect. A new filter designreasommended for calculating the
modified reference signal which suppresses thecteffethe disturbance in the other
control variable whose set-point was kept constanthe second method different
control error weighting factors are used for the twontrolled outputs. The adoption
of the weighting factors has to be synchronizethéoreference signal change. A new
automatic adoption procedure is introduced whichkesathe synchronisation
superfluous by setting the weighting factor depabhde the control error.

Predictive control algorithms have been workedmainly for linear processes. As in
practice the plants generally have nonlinear cheratics, considering the
nonlinearities in the control algorithms promise=ttér control performance in the
whole operating range. Parametric Volterra modeds @pproximate well the
behaviour of a nonlinear plant. Suboptimal nonlinpeedictive control algorithms
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have been derived for the parametric Volterra madeHaber (1995), [27]. The
algorithms are applied here for the model of a batl beam system. The model is
identified in the form of parametric Volterra modé&he identification experiments
show that the Volterra model gives a good approtonaof the nonlinear process.
The nonlinear predictive control algorithms are leggp for the nonlinear process
model. The simulations analyze the effect of thertg parameters.

A new iterative nonlinear predictive control algbm is presented here based on the
guadratic parametric Volterra model. The algorithees a GPC-like structure. The
control performance is demonstrated by a case st@idgvel control of a two-tank
system. The behavior of the new algorithm is comgawith other suboptimal
nonlinear algorithms.
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Preface

PID control algorithms are the most accepted in phaecess industries. Besides,
predictive algorithms are also widely applied, vheredicted error values are used
to calculate the actual control signal. Predictoantrol algorithms provide good

performance especially in case of big dead time i&ride reference trajectory is

known.

The aim of this work was to contribute to the aoégredictive control developing
algorithms

- for predictive PI(D) control,

- for improving decoupling properties of MIMO pretive control,

- for nonlinear predictive control using Volterradels.

For applying predictive PI(D) controllers | usedsfi or second-order approximation
of the plant with dead time. For these models tméng of the parameters could be
based on modified simple tuning rules of thumb. &iva was also to enhance the
algorithms with some extensions to improve tracking robustness properties.

For dynamic decoupling | applied adaptive tuninghaf weighting factors in the cost
function. | used these decoupling techniques faiOr processes.

I have suggested an iterative optimization methodcdntrol nonlinear systems
identified as Volterra models. These algorithms tgbate to better practical
applicability of predictive control.

As the operators of industrial control systems familiar with PID control and

controller tuning, it would be beneficial to enhartbe PID control algorithms with
predictive properties while keeping the usual Plkntooller tuning rules. In this
research predictive PID control algorithms havenbéerived for first- and second-
order systems with dead time. The structure ofiptiee PI(D) algorithms is shown.
Tuning rules are given. Enhancing robustness ptiegeof the algorithms is also
considered.

Some decoupling techniques are presented for Tlid©esses. By the first method
the reference signal change is decelerated in @aoderake the control slower and to
reduce the coupling effect. A new filter designreasommended for calculating the
modified reference signal which suppresses thecieffethe disturbance in the other
control variable whose set-point was kept constanthe second method different
control error weighting factors are used for the ontrolled outputs. The adoption

vii
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of the weighting factors has to be synchronizethéoreference signal change. A new
automatic adoption procedure is introduced whichkesathe synchronisation
superfluous by setting the weighting factor depehda the control error.

Predictive control algorithms have been workedmainly for linear processes. As in
practice the plants generally have nonlinear charatics, considering the

nonlinearities in the control algorithms promisesitér control performance in the
whole operating range. Parametric Volterra modeds @pproximate well the

behaviour of a nonlinear plant. Suboptimal nonlinpeedictive control algorithms

have been derived for the parametric Volterra madeHaber (1995), [27]. The

algorithms are applied here for the model of a batl beam system. The model is
identified in the form of parametric Volterra modé&he identification experiments

show that the Volterra model gives a good approtonaof the nonlinear process.

The nonlinear predictive control algorithms are leggp for the nonlinear process
model. The simulations analyze the effect of thertg parameters.

A new iterative nonlinear predictive control algbm has been worked out based on
the quadratic parametric Volterra model. The atpami uses a GPC-like structure.
The control performance is demonstrated by a casly ©f level control of a two-
tank system. The behavior of the new algorithmasgared with other suboptimal
nonlinear algorithms.

| would like to express my appreciation and gral&t@io my supervisors dr. Ruth Bars
and Prof. Dr. Robert Haber for the outstanding sup®n and well founded
professional support during this work, which mabes work possible at all. Also
many thanks to dr. Ulrich Schmitz for the fruitfdiscussions and advices in
programming and for Mr. Barta Andras for the distoss and his help in modeling
the ball and beam system.

Finally special thanks to my family for their suppgatience and understanding of
family time lost during this work.
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Notations

y(t) continuous-time output signal (controlled varidble

y(k) discrete-time output signal (controlled variable)

u(k) discrete-time input signal (control variable)

y,. (k) discrete-time reference signal

e(k) control error

y.(k+d+1+n,|k) reference signal predicted+1 steps beyond the dead time
y(k+d+1+n,|k) controlled output signal predicted +1 steps ahead
ék+d+1+n,|k) predicted control error

k actual discrete time

d physical dead time

ny,  beginning of the control error horizon beyond dead time

n,, end of the control error horizon beyond the déae t

n control horizon, the supposed consecuthanges in the control increment
Au  actual and future manipulated variables

A factor punishing the control increments

H matrix containing the points of the step response

m number of the parallel pathn=n_, —n, +1)

SISO single-input single-output system

MIMO multi-input multi-output system

Keps Ky @andk, are the coefficients of the proportional, the gnéging and the
derivative components of the controller

ks  vector containing the coefficients of the predietPI controller

kKoo Vector containing the coefficients of the preidetPID controller



G(q™") pulse-transfer function

A(q™") denominator polynomial of the pulse-transfer fiorct

a coefficient of polynomiaA(q™)

B(g™") numerator polynomial of the pulse-transfer funatio
B(ql_l,qz_l) two-dimensional polynomial of quadratic input tesrm
b, coefficient of the polynomid(q™)

C(q™) noise filter

hg, vector containing the points of the step respdor predictive Pl controller
Y sum VECtOr containing the reference signal

Y treepr.sum VECHOr CONtaining the free response

H,  matrix of the forced response for predictive Ritcoller

Fy ~ matrix of the free response related to the pagiutwalues for predictive Pl
controller
H,  matrix of the free response related to the pasttivalues for predictive Pl

controller

Fisec Matrix of the free response related to the pagtnwalues for GPC controller
HEi.. matrix of the free response related to the pygmitivalues for GPC controller
y (™) filtered output signal

Aut(q™) filtered input signal



1 I ntroduction

In the last 30 years predictive control has gaiméde acceptance in the process
industries besides PID control (Qin, Badgwell, 20(032]). Predictive control
determines the control increment sequence minimiaicost function considering the
deviation between the reference signal and theubwignal predicted in a future
horizon. The future output signal is predicted blaze the system model.

Giving a model of a system which describes its bigndrom one or another point of
view is very useful way to summarize the knowleddmut the process. Process
model can be obtained from prior knowledge undediiey the process behavior, the
physical principles governing its operation andimgv a proper mathematical
formulation for them. Generally nonlinear differahtequation, or a set of first order
nonlinear differential equation describe the systémnother way to get process
models is by experimentation on the process. Systdemtification is the
experimental approach to process modeling. To mlataiadequate model describing
the system it is beneficial to combine the methafisphysical modeling and
experimentation.

For predictive control predictive process models aquired, giving future output
estimation based on information on the input angbwusignals available up to the
actual time point. If the system model is non-pcéde, predictive transformation has
to be executed.

In predictive control a quadratic cost function siolering the deviation between the
future reference signal and the predicted procafisuts in a given future horizon is
minimized under constraints. Without constraintsliirear case GPC (Generalized
Predictive Control) gives an analytic solution foe control algorithm (Clarke, 1987,
[21]). From the calculated control sequence ong first one is applied and in the
next sampling point the procedure is repeated diagehorizon strategy).

The predictive control algorithm is obtained by mirzing the cost function

J= Z [€°(k+d +1+ nelk)]+zu:/luAu2(k+i ~1)

Ne=Ne1 i=1
where

E(k+d+1+n,|k)=y (k+d+1+n, |k)-J(k+d+1+n, k)



y, (k+d +1+n, | k) is the reference signal predictedsteps over the dead time
y(k+d +1+n,|K) is the controlled output signal predictedsteps ahead

k is the actual discrete time

éis the predicted future control error

d is the physical dead time

n, is the beginning of the control error horizon begdhe dead time

n,, is the end of the control error horizon beyonddbad time
n, is the control horizon, the supposed consecutnamges in the control increment

Au denotes the actual and future manipulated vasable
A, is the factor punishing the control increments

The output is predicted based on the system mdtes composed of the free
response (the effect of the past inputs and outputhe future output value) and the

forced response (the effect of the actual and éutamtrol increments on the future
output value).

The tuning parameters of predictive control aldoms are the prediction horizon, the
initial point of the prediction horizon, the contrdeorizon (number of the allowed

consecutive changes of the control signal duriregdhlculation) and the weighting
parameters in the cost function.

Minimization of the cost function can be executedsidering constraints.
Without constraints minimization of the cost functigives the following analytical
solution (GPC):

AU = [HTH +Au|]_lHT(yr _yfree)
H is the matrix containing the points of the stegpmnse (Clarke, 1987, [21]).

Nowadays several industrial program packages stugput ensure an appropriate
environment for industrial applications of predieticontrol (e.g. Honeywell, 2007,
[32]). These program packages provide possibilitiesneasurement and monitoring
different process variables, execute unit stepaesp measurements, identification,
simulation, controller design, real-time control.

For controller design linear process models arédemexd, as linear control theory
provides well elaborated controller design metho@sneral controller design
methods are still not available for nonlinear psant



Big efforts are done for developing controller desmethods handling nonlinearities.
Nonlinear systems with continuous nonlinearitiesegally are linear in small, for
small changes around the working points. Desigdiffgrent controllers for different
working points and switch among them when variai®mbserved in the working
point leads to adaptive control realization. Colters designed for an adequate
nonlinear model of the system are more complex,coutd provide better tracking
and regulation properties than linear controllarthe whole operation range.

In case of big dead time in the process the pedona of the control system will be
slow, the PID controller can not accelerate thetrobisystem significantly. There are
some discrete control algorithms as Smith prediciordead-beat control, which
provide faster performance than PID control for dldame systems, but these
algorithms did not get really a wide industrial @gtance, especially because of their
sensitivity to plant-model mismatch. Nevertheldbgre are some methods to make
the Smith predictor less sensitive to parameteredamties (Normey-Rico and
Camacho, 2007 [41]).

In case of systems containing big dead time sicpnifily faster control performance
can be achieved with predictive control than witB Bontrol. Also in case of known
future reference trajectory predictive control pd@s better tracking properties.

Nevertheless it is difficult to introduce advanaszhtrol algorithms in practice, as
PID algorithms also work well, and generally cohfpooblems can be solved with
them.

Operators of industrial processes have a good gspen PID controller tuning.

Different tuning rules of thumb can be used, white based mostly on the
approximation of the system with a first-order modgh dead time (Kuhn, 1995,

Chien et. al., 1952, Astrom, 2006, [17, 20, 36])D Rontrol algorithms can be
equipped with predictive property if the error @agiapplied to calculate the control
signal is not the actual error, but its predictedue in a future point or in a future
horizon (Johnson, Moradi, 2001, 2005, [34, 35])tHis control system the operator
will see PID control with embedded predictive pndjes.

Industrial processes generally are complex, comgimteracting MIMO controller
loops. It is required to select appropriate pairighe input and output variables to
ensure more effective control. There are diffedsdoupling techniques.

It is known that multivariable predictive contrabecan decouple the Multi-Input,
Multi-Output (MIMO) processes well. The decouplirggperfect only if the control
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increments are not weighted. In this case non-smoontrol may occur. Weighting
of the control increments in the cost function mportant to keep the control
variables within their limit values. Therefore piieal methods for improving
decoupling are required.

Most of the plants contain nonlinearities. The colnalgorithms generally consider
linear, or linearised models around the workingnhpi Predictive control algorithms
based on nonlinear model of the plant would enbetter performance in the whole
operating range, than algorithms using linear medel the recent years there is an
active research to develop nonlinear predictivetrobralgorithms (Findeisen et. al.
[23]). One direction is to use Wiener, Hammerst@n Volterra models to
approximate the nonlinear characteristics and teldg predictive controllers based
on these models (Keviczky-Haber, 1999, [25,26], dy&h, 1998, [37], Haber et al.,
1999, [ 29, 30, 31)).

Theobjective of thisthesis

The aim of this work was to contribute to the aoégredictive control developing
algorithms

- for predictive PI(D) control,
- for improving decoupling properties of MIMO pretive control,
- for nonlinear predictive control using Voltemadels.

For applying predictive PI(D) controllers | usedstt or second-order approximation
of the plant with dead time. For these models theng of the parameters could be
based on modified simple tuning rules of thumb. &ma was also to enhance the
algorithms with extensions to improve tracking aolustness properties.

For dynamic decoupling | applied adaptive tuninghef weighting factors in the cost
function. | used these decoupling techniques faiOr processes.

| have suggested an iterative optimization methodcdntrol nonlinear systems
identified as Volterra models.

These algorithms contribute to better practicaliappility of predictive control.



Resear ch methodology
For the three problems theoretical considerati@we thead to new control algorithms.

Some parts of the research were based also onopeediploma projects (Arousi,
2000, [16], Lengyel, 1998, [37]). Discussions witrmer PhD student Ulrich
Schmitz were especially fertilizing. The commoneash project with the Sevilla
University, Engineering Department of Systems andofation in 2008lso has
promoted the approach to the nonlinear Volterra ehdzhsed predictive control
algorithm.

The performance of the algorithms has been testgudgrams written in MATLAB.
Besides the simulation examples case studies hese blso analyzed using data
from laboratory experiments (two-tank system, laaitl beam, Dept. of Automation
and Applied Informatics, BME, distillation columbhaboratory of Process Control,
Cologne).

The research work has been done in tight cooperatith the Laboratory of Process
Control, Institute of Process Engineering and PRasign, University of Applied
Science, Cologne.



2. Predictive PID control algorithms

The most widely used algorithms in practice are BB control algorithms. The
algorithms are simple, and with three effects (prapnal, integrating and
differentiating) generally the quality specificat® prescribed for the control system
can be met. The proportional path of the algorittonsiders the effect of the actual
error, the integrating part reacts according topst history of the error signal, while
the differentiating path acts considering the cleaimgthe error signal, taking into
consideration the initial future trend.

Nevertheless in case of big dead time in the pstas performance of the control
system will be slow, the PID controller can not elecate the control system
significantly. There are some discrete control atgms as Smith predictor or dead-
beat control, which provide faster performance tiRD control for dead time

systems, but these algorithms did not get reallyide industrial acceptance,

especially because of their sensitivity to plantdelomismatch. Nevertheless, there
are some methods to make the Smith predictor lessitsre to parameter

uncertainties (Normey-Rico and Camacho, 2007, [41])

Predictive control algorithms, where predicted enalues are used to calculate the
actual control signal are also widely applied. Ritaee algorithms provide good
performance especially in case of big dead timeiftite future reference trajectory
is known. Applications of predictive control algtins are supported by different
industrial software packages. Nowadays besides d@iidrol predictive control has
gained increased acceptance in practical contsiésys.

As operators of industrial process control systamesfamiliar with PI(D) controllers
and have expertise in PI(D) controller tuning, tuld be advantageous to enhance
the performance of PI(D) controllers with predietiproperties, while applying the
well accepted PI(D) tuning rules. In this way thee@tor gets a PI(D) controller with
hidden predictive properties.

The properties of the two algorithms — predictivel &1(D) - can be combined. The
idea of predictive PI(D) controllers presented heras initiated by (Katebi and
Moradi , 2001, [35] and Johnson and Moradi, 2088])]

2.1 Predictive PI(D) control structure

The widely applied PI(D) controllers calculate thalue of the actual manipulated
variable considering the actual error signal, whecthe difference between the actual
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reference signal and the actual output signal.esligtive PI(D) controller considers a
predicted value of the error signal. Therefoream @rovide faster performance than
the usual PI(D) controller in case of big dead tirAa extension of the predictive
PI(D) controller is when a series of the predictecbr values are taken into account,
which are calculated as the difference of the ptedireference signal values and the
predicted values of the output signal in a giveedption horizon. In this way
parallel connected PI(D) controllers are used ia tontrol system. (Katebi and
Moradi, 2001, [35] suggested a predefined numbemparallel connected PI(D)
controllers with inputs of the predicted error sigmalues. For all controller paths the
same PI(D) controller is applied. The block diagrafrthe predictive PI(D) control
system is shown in Fig. 2.1.1, whegk +d +1+n_|k) denotes the predicted values

of the error signald is the dead timen,, is the first, whilen,, is the last point of the
prediction horizon. The number of the parallel gathm=n_, —n, +1. The predicted
values of the reference and the output signal areotd byy (k+d+1+n,) and
y(k+d+1+n,|k), respectively.

Yr(k+d+1+ny) &k +d+1+ny | k)

)

+.X l
+
: PI(D) |ulk) y(k)

. + controller [ | Process >
yr(k+d+1+nez) é(k+d+1+ne2|k)

+

y(k+d+1+n, k)

.

. Predictor |-

y(k+d+1+ng,|Kk)
Figure 2.1.1. Predictive PI(D) controller structwith parallel paths

2.2 Predictive Pl control algorithm

The form of a non-predictive discrete-time PI coliér is

() = )+, Y el (2.2-1)



wheree denotes the error signal arkg,, k,; are the coefficients of the proportional
and the integrating components of the controller.

Taking the difference on both sides of (2.2-1)tepk andk-1 leads to
Au(k) = u(k) ~u(k =1) =k, [e(k) - e(k ~D] + ke(k) = pe(k) + pek=1)  (2.2-2)
where

P =k, +k; and p, =-k or (2.2-3)

cp
kcp:_pl and k;=p,+p
In predictive PI control the manipulated varialdethe sum of the controller outputs

based on the predicted control errors with diffeggediction horizons. Applying the
algorithm on a future error signal +1+n, step ahead the actual time point the

corresponding control increment is obtained as

Au, (K) = p&(k+d +2+n,|Kk)+ pék+d+1+n,|k) (2.2-4)
Let us introduce the following vector notations:

Ko =[Py Pol" 2.8
&p (k+d +1+nJk) =[é(k +d +1+nk),&K +d +2+n,[K)]" (2.2-6)
With these notations (2.2-4) can be written inflowing form:

Au, (k) = kb€ (k+d+1+ ne|k) (Z2-

2.21 One-step-ahead predictive Pl control

A special case of predictive control is extendedzZom (one-step-ahead) predictive
control, wheren, =n, =n,,. The future error signal is estimated as the difiee

between the future reference signal and the pesdlictutput signal. The output
prediction in a future point is obtained by the sointhe forced and the free response.

8



The forced response can be obtained in the knowledgthe points of the step
responsel, ,,,h, ., ,.). Supposing only one change in the control signal

Pl

2 k+d+1+n)-y(k+d+1+n]k
Au(k):Aune(k)zk,T,lepl(k+d+1+nek)=kT{yr( )= . )}

Y (k+d+2+n) - §(k+d +2+nK)

— 1T yr (k + d +1+ ne) - hne+1Au(k) - 9free(k + d +1+ ne‘k)
Py (k+d+2+n)—h ,AUK) = Gk +d +2+n]k)

(2.2-8)
Introducing the notations

hern, =[0 a Ml

Yoo, (K+d+1+n) =[y, (k+d +1+n,),y, (k+d +2+n)] (2.2-9)
and

I veomin, (K + A +14 1K) = [Fy(k+ d +14 1K), Iyoo(k +d + 24 KT

equation (2.2-8) is written as

AU(K) =K1Y o1, = Dot 0, AUK) = Y reepn, ] (2.2-10)

and Au(k) is expressed as

(k) =L+ KT 0oy K G, = eerin) (2.2-11)

2.2.2 Long-range predictive Pl control

In long-range predictive Pl control the manipulatediable is obtained considering
the sum of the predicted control errors.

The control increment can be expressed as

Auk) =KD, S8, (k+d +1+nJk) (2.2-12)

Ne =Ny



As Au(k),Au(k +1),...appear on the right side the equation above, ariytaozd
expression for the control can be given considesmme assumptions.

With the assumptiordu(k +i) =0; i=12,...(2.2-12) can be given in detailed form
as

3y (k+d+1+n) Sh. S Grealk +d +1+0.K)
Bu(k) =kg| "o —kp| e (k) =k |
zyr(k+d+2+ne) zme+2 zyfree(k+d+2+ne‘k)
(2.2-13)

Let us introduce the following notations:

hp, ={ nitheﬂ nizhne»fz}

Ne =Neg Ne =Ngy

Yy (k+d+len) 3 Gl d +14 1)
erI ,sum = nen:znEl ; 9 freePl,sum = n;::el
Zyr(k+d+2+ne) nyree(k+d+2+ne|k)

(2.2-14)

From (2.2-13) the control increment can be expiessailarly to (2.2-11) as

AU(k) = [1+ k1l;l hPI ]_1k1l;| (erI ,sum - 9freePI,sum) (22'15)

| suggested two more strategies (introducing a Bfre@ conception of control
horizon in context of predictive PI(D) control):

1. Au(k+i)=0; i=12,... (discussed above, strategy 1).

2. Auk)=Auk+1) =Au(k+2)=..=Au(k+m-1); (equal control increments are
supposed in the prediction horizon, strategy 2).

3. A givenn, number for consecutive equal control incrementujgposed (strategy

3).
In the three cases the calculatiorngfis different.
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Ne2 Ne2
Z h‘le +1 z hne +1

Incase 1 hy = ™" ; in case 2h,, = fle e

Ne2 Nep

zhne+2 z(m+1_ne)hne+2

Ne =Ngq Ne =Ngg

nu
Z hne +1

incase3 h, = el (2.2-16)

n

Zu (nu +1- ne)hne+2

ne:nel
wherem s the number of the parallel paths.

For different systems the forced response can loellated in the knowledge of the
points of the step response, while the free respangbtained from the parameters of
the model and from the past inputs and the acthpast output signals.

2.2.3 PredictivePI control of afirst-order processwith dead time

Aperiodic processes can be approximated well byrst-drder process with dead
time. In the process industries a lot of processesbe described by this model. In
most cases the step response of the system caneasurad easily even within
industrial circumstances. A good, but slow controthis process can be achieved by
a PI controller. Different practical tuning rulesst considering the parameters of the
approximating first-order model of the process.

Applying predictive PI controller can improve therfprmance of the control system
especially in case of significant dead time. Irs ttése the control algorithm (2.2-15)
can be expressed in analytical form.

The first-order system is described by the follay@®ARIMA model:

1
l-gqM)A+ag™)

09 = 2 v (22:17)

The predicted output can be expressed as

11



Au(k)

) Au(k +1) y(K)
y(k+d+ n, + 11k) = [hne+1 hne hl] +[ fd+ne+l.l fd+ne+L2]|:y(k _1):|
Au(k +n,)
Au(k -1)

Au(k -2
+[hne+2 hne+3 hr@l+d] U( )
Au(k - d)

(2.2-18)
The first term on the right side of the equationegi the forced response, while the
second and the third terms give the free respdhsieere is no dead time, i.e=0,
the last term on the right side of the equatiamissing.

h,h,,...,are the points of the step response, and,, f, ., are the coefficients in
row d +n, +1 of the following f; and f, vectors:

1-a, 3
- 2 -
f, = l1-a+a | f,= 1-a)a (2.2-19)

|1-a+a?-a’| | @-a,+ad)a

The points of the step response can be calculated the parameters of the pulse
transfer function using the following relationship:

1 ba”
1-gq*l+ag”

=hg” +hg”+...

Multiplying both sides of the equation by the demmamor and comparing the
coefficients the points of the step response atairdd as

h=b;h =b(@-a); h=ah+@-a)h,=b@-a+a)..;h =ah,+1-a)h,

(2.2-20)
Let us define vectof(k +d +1+n,) as
y(k+d+1+
gk+d+14n) =| X ") (2.2-21)
J(k+d+2+n)

12



Taking into consideration the predicted output éigQuait can be expressed as

Au(k)
- Au(k+2
9(k+d+l+n)—|:9(k+d+l+ne):|_|:hne+l h, - h O (: )
Tl (k+d+2+ “|h. L :
¥( n)| |2 ha h, h Ak )
| Au(k +1+n,) |
Au(k -1)
+ fd+ne+1,1 fd+ne+L2|: y(k) :|+ h”e+2 h”e+3 hne+l+d AU(k—Z)
fd+ne+2,l fd+ne+2,2 y(k—l) h”e*'3 hne+4 hne+2+d .
Au(k —d)
(2.2-22)

If there is no dead time, i.d=0, the last term on the right side of equatio22) is
missing.

Let us write (2.2-22) in the following form:

y(k+d+1+n)= H,Au, +FJy, +H}Au, (2.2-23)
where

H — hr|e+1 hne h.l. 0 _Fp - fd+ne+2L1 fd+ne+1,2 .
e hne+2 hr|e+1 hz h’ e fd+ne+2,1 fd+ne+2,2’

HP = hne+2 hr|e+3 hne+1+d
" _hne+3 hr|e+4 hne+2+d

and
Aﬁ(uk( l?1) — Au(k-1)
Au, = : oy, =[y(yk(li)1)} Au, = Au(f ~2) (2.2-24)
ot k=)

13



(Indexf refers to future data, while indgxndicates past effects.)

If n,=1, i.e. for the future control incrementsu(k +i) =0 is supposed, only the
first column of H is considered,H, =h; :[me+l,me+2]T. In the sequel this
assumption is taken into account.

The control algorithm can be written according2d®¢15), where the free response is
obtained by the second and the third terms ofitie side of (2.2-23).

In case of one-step-ahead predictive control tiérobincrement is obtained as
-1
u(K) =L+ KTy KD o, ~FLLY, ~HEAU,) (2.2-25)

In case of long-range predictive control

1 .
Au(k) = [1+ levl he, ] le3| (Yeer sum ™ Y freeptsum)

:[1+k|T3|hP|]_lk;| (erI,sum_ ZQZ:FYF:L;yP_ ZGZ:HEGAUF,)

Ne =Ny Ne =Ngy

(2.2-26)

| gave the control algorithm in detailed form inr@Asi et al., [1,2,3,4]) in case of
strategy 1 as follows.

The control algorithm for strategy 1 can be writéen

Au(k) =k, [y, (k+d +1+n,) -y, (k +d +ny)] -k Au(k)h,,
Ky [Jreolk +d +14 1) = §eo(k +d +14 1]

to| 3 [y (krd+140) - Gtk +d 14 )] Sh,Au(K)

Ne =Ngy Ne =Ngy

(2.2-27)

With some mathematical manipulations the conutd rcan be written as

14



kcpl_yr (k +d +1+ neZ) - yr (k + d +1+ ne_l) - 9free(k + d +1+ neZ) + 9free(k +d +1+ nel)J

Au(k) =

K,
ko Sl (k+d+1+0) = ok +d +14n,)]
+ Ne =Ney
ku
(2.2-8)
where
k, =1+kgh, +k, nz h.., for strategy 1
In case of strategy 2 and 3
k, =1+k, ihw +k, i(m_ N +DN,.. this is for strategy 2
Ne=Neg Ne=Ney
Ny Ny ..
k, =1+k, Zhruz +ky D(m-n, +Dh,., this is for strategy 3
Ne=Neg Ne=Ney
2.3 Predictive PID control algorithm
The form of a non-predictive discrete-time PID coltér is
[
u(k) = koK) + k) &) + kg [e(k) —e(k — 1] (2.3-1)
i=1

ko, kyand k, are the coefficients of the proportional, the gnéting and the

derivative components of the controller. Taking diféerence on both sides of (2.3-1)
at stegk andk-1 leads to

Au(k) =u(k) —u(k =) =k [e(k) - e(k ~D] + k (k) + k., [e(k) — 2e(k ~1) + e(k — 2)] =
= (kcp + kci + kcd)e(k) + (_kcp - 2kcd)e(k _1) + kcde(k - 2) =
= pek) + pe(k -1 + p,e(k - 2)

(2.3-2)
where
Po = Kep t Ktk kip = =P = 2P,
P = _kcp = 2Ky or Ki=P+ P+ P, (2.3-3)
P, =k K = P
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In predictive PID control the manipulated varialdehe sum of the controller outputs
based on the predicted control errors with diffepmediction horizons.

Applying the algorithm on a future error signét-1+n, step ahead the actual time
point the corresponding control increment is olgdias

Au, (k) = pe(k+d +3+n, [K) + pé(k+d +2+n,|K) + p&(k +d +1+ k)
(2.3-4)

The future error signals are predicted on the bafsibe information available till the
actual time poink.

Let us introduce the following vector notations:

Ko =[R2 Py Pol” (2.3-5)

e p(k+d+1+ ne|k) =[&Kk+d+1+ ne|k),é(k +d+2+ ne|k),é(k+ d+3+ ne|k)]T

(2.3-6)
With these notations (2.3-4) can be written infdllowing form:

Au, (k) = Kpip€ep (K +d +1+ ne|k) (2.3-7)

2.3.1 One-step-ahead predictive PID control

A special case of predictive control is extendedZom (one-step-ahead) predictive
control, where only one control channel is congden, =n, =n,,).

In expression (2.3-7) the predicted error values ealculated as the difference
between the future reference signajs(k+d+1+n,) and the predicted output

signalsy(k +d +1+ ne|k) . As the predicted output values contain effectthefforced

response and the free response, the actual antextéwo future control increments
do appear also on the right side of the expressforclosed form to calculate
Au(k) can be obtained simply only if some assumptionscansidered for the future
control increments, e.gAu(k +1) =Au(k +2) =0 is supposed (Katebi and Moradi,
2001, [35]). The forced response is calculated ftoenknowledge of the points of the
step responsey, i = 1,23).
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&k +d+1+nJk) y,(k+d+1+n)-y(k+d+1+n]k)
Au(k) :Aune(k) = k-IF—’ID é(k+d +2+ ne‘k) :k-ILID yr(k+d +2+ ne) - 9(k+d +2+ne‘k)
&k +d +3+n.]k) y, (kK+d +3+n,) = y(k +d +3+n,K)

yr (k + d +1+ ne) - hne+lAu(k) - 9free(k + d +1+ ne‘k)
= k-}E’ID yr (k + d + 2+ ne) - hne+2Au(k) - 9free(k + d + 2+ ne‘k)
yr (k + d + 3+ ne) - h.,e+3AU(k) - 9free(k + d + 3+ ne‘k)

(2.3-8)

wheren,is a chosen extension point beyond the dead tiosegie ¢+1).
Let us introduce the following notations:

hPID,ne :[hwe+1’h"|e+2’hne+3]T
erID,ne(k + d +1+ ne) :[yr(k + d +1+ ne)’ yr(k + d + 2+ ne)’ yr(k + d +3+ ne)]T
(2.3-9)
and
9freePID,ne (k + d +1+ ne|k) = [9free(k + d +1+ ne|k)’ 9free(k + d + 2 + ne|k)! 9free(k + d + 3+ ne|k)]T
With these notations (2.3-8) is written as

Au(k) = k-ILID[erID,ne ~Npp,n, AUK) =Y freepinn, ] (2.3-10)

and Au(k) is expressed as

-1 A~
(k) = A, (K) =14 KD ohop o [ KEolYi0n =5 reemon] (2.3-11)
2.3.2 Long-range predictive PID control

In long-range predictive PID control the maniputateariable is obtained considering
the sum of the predicted control errors. The comi@ement can be expressed as

AUK) =KD Y 8o (K +d +1+ 1K) (2.3-12)

Ne =Ney
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The predicted error values are calculated as tlffiereince between the future
reference and the predicted output signals. Agthdicted output signals contain the
effect of the future control increments as wellaiaga closed form to calculate
Au(k) can be obtained simply only if some assumptionscansidered for the future

control increments, e.gAu(k+i)=0; i=212,... is supposed. This means that the
control horizon isn, = li.e. only one change is supposed in the conigias
(Another assumption which leads to simple solutmmuld suppose a givem,
number of subsequent equal changes in the comgrals)

With this assumption expression (2.3-12) can bergiyy means of (2.3-8) in detailed
form as

3y (k+d+1+n) Sh S Jrealk+d +1+0JK)
Bu() =Kp| D Yo(k+d+2+0) | =KLp| .o (B ~KEo| Y Fyeslk +d+ 2+ 1K)

iyr(k+d+3+ne) ihneﬁ iyfree(k+d+3+ne‘k)

) ) ) ) ) (2.3_-13)

Let us introduce the following notations:
T
Ny Ny Neo
hPID = |: z hne+l Z hne+2 z hne+3

Ne=Ney Ne=Ney Ne=Ney

T
erID,sum=|:zyr(k+d+1+ne) Zyr(k+d+2+ne) Zyr(k+d+3+ne):|

Ne =Ney Ne =Ney Ne =Ny

i
Y seepibsum :{ 3 Vieolk +d+140JK) Y Pk +d+240K) D Freolk +d +3+ ne|k)}

Ne =Ngg Ne =Ngy Ne =Ny

(2.3-14)

From (2.3-13) the control increment can be expikase

Au(k) = [1+ k-IF—’IDh PID]_lk-IF—’ID[erID,sum -y freepPiD,sum] (2.3-15)
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2.3.3 Predictive PID control of a second-order processwith dead time

Second order processes can be controlled by PlEratcagorithm which can be
applied both for aperiodic and oscillating processBrocesses with oscillating
behavior frequently can be approximated by a secoddr model containing two
dominant conjugate complex poles. Enhancing the PBd¢bDtrol with predictive

properties will improve the control performance exsplly in the case of big dead
time.

The CARIMA model of a second-order process withddi@ae is given by

_ bgt+bg? T(q™)
y(k) = - _qu(k) + - L —v,(K) (2.3-16)
1+aq™+a0”’ (-gh)@+aqg™+a,q?)

SupposingT(q*) =1 | derived the general rule for the predictiontuw# butput signal.
The following relationship is given

Au(k
) y(K)
) Au(k +1)
lerd+n, +2K) =(hy B oo BT 7 e ez Tasmens)| YK=D
' k-2
Au(k +n,) y(k=2)
Au(k -1)

Au(k - 2)
+[hne+2 I’1ne+3 hne+d+2] :
Au(k —d -1)
(2.2-17)
where h are the values of the step response dng ..s, fo.n 12 fain 115 @re the
elements in thed + n, + -th row and first, second or third column of thddwing
matrix:

1-a a-a &

e (-a)° +(a-a) (@-a)0-a)+a, 3,(1-a)

t-ali-a) +a-a){0-a)a-a)+a) @-ali-a)’+@-a)-t-aa alt-a)+@-a)

(2.2-18)

On the right side of the predictive model the fitstm is the forced response, the
second and third terms provide the free response.

For this model the predictive PID algorithm in (22) can be applied.
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2.4 Equivalence between the predictive PI(D) algorithm and the
GPC algorithm

For tuning of predictive PI(D) algorithms an equerce between GPC and
predictive PI(D) algorithms can be searched.

The GPC control algorithm is obtained by minimizthg cost function

3= 3 [E(k+d+1+ ne)]+2/luAu2(k+i -1) (2.4-1)

Ne =Ngg
where A, is a factor punishing the control increments.

Without constraints minimization of the cost functigives the following analytical
solution:

Au=[HTH+ AN HTEY, =y o) (2.4-2)

H is the matrix containing the points of the stegpmnse

( nel) h( Neg -1) h( Neg =Ny +1)
H - h( Neg +1) h(nel) h( nel_nu)
o) ey Ningny o

Only the first element of vectohu is used as a control input, and in the next time
point the procedure is repeated (receding horizoategy). As predictive PI(D)

algorithms have been derived only feoy, =1, for the GPC algorithm also this
assumption is considered.

24.1 Equivalencein case of extended horizon control

| have derived the equivalence of the two algorghim case of extended horizon
(one-step-ahead) predictive control.
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Comparing (2.4-2) and (2.2-11) or (2.4-2) and (BL3- predictive Pl or PID
algorithms can be given, which generate similarabedr to the GPC algorithm. In

this case the two tuning parameters areand 4, .

In case of the PID algorithm in (2.3-1h), =n, and n, =n, + 2, so the prediction
considers 3 future points frotk +d +n, +1till k+d+n,+3.

The equivalent predictive PID parameters are obthiby solving the following
equation:

-1
» » ng+3
[1+k|T3|DhP|D,ne] lkLID - [HTH +/1u|] lHT :{ Zhi +Au:| [hn€+l’hn€+2’hne+3] (2.4-3)
Ne=ne+1

or in detail

[0, Py, Do = o el e Byl (2.4-4)
1+ pzhne+1 + plhn€+2 + pohne+3 A+ hri+l + hnze+2 + hri+3 N
where

N=A,+hZ, +h’  +h

Ne+3

(2.4-5)
If A, =1, the trivial solution isp, =h, .5, p,=h, ,,, P,=h, ;.

In other cases using some mathematical manipukatioa following equation has to
be solved:

pO _hne+1hn€+3/ N _hne+lhne+2/ N 1- I’]ri+l/ N N hne+1/ N

B |=| ~hohue/N  1=h2,/N  =h ,h . /N| [h /N (2.4-6)
P, 1- hnz€+3/ N _hn€+3hn€+2/ N _hn€+3hn€+1/ N hn€+3/ N

In case of the PI algorithm in (2.3-1), =n, and n, =n, +1, so the prediction

considers 2 future points fromk +d+n, +1till k+d+n,+2. The equivalent

predictive Pl parameters considering also (2.2-4f9 obtained by solving the
following equation:
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+2 -1
[k b, [k = [HTH A HT { S w} [ fheo] (2.4-7)

Ne=ne+1
In detail
[pop]l [hne+2v hw]z _ [hya Byl (2.4-8)
1+ plhne+1 + pohne+2 Au + hne+1 + hne+2 N
where
N = Au + hri+l + hri+2 (24-9)

If A, =1, the trivial solution isp, =h, ,,, p,=h, ;. In other cases the following
equation has to be solved:

pO — _hne+1hne+2/N 1- hri+1/N * hne+1/N (2 4_10)
p) | 1=, /N —h h ,/N| [h,/N '

As in case of the predictive PI(D) algorithms thensof the reference signals in the
prediction points is taken into account, in orderset the output to the required
reference value the PI(D) gain has to be dividedti®y number of the parallel
channels. That means that the valuesf p,, p,have to be divided in case of

extended horizon control by 2 for the PI, and bipBthe PID algorithm (Arousi et
al., 2008, [11]).

24.2 Equivalencein case of long-range horizon control

For the GPC algorithm the control increment is esped as

-1 -1
(k) = [HTH+ AN HT (Y, =y o) = [HTH A HTLY, ~Fllocy, ~HEechu, ]
(2.4-11)
where the free response is separated to the effegf, vector containing the actual

and past output values and the effectf_, vector containing the past inputs,

p L
respectively.n, =1 is taken into account.

For predictive PI(D) control the algorithm is
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-1 ~
AU(k) = [1+ k-IZ’IDhPID] k-IE’ID[erID,sum - y freePID,sum]

) o (2.4-12)
= [1+ k PIDhPID] k PID[erID,sum - prploy p H ngAu p]

It is supposed thay ,and Au are close to each other for the two algorithms. For
longer prediction horizons this assumption canduoepted.

Considering zero reference signals the two algmstitan be compared as (Johnson
and Moradi, 2005, [34]):

1 y -1 y
[HTH + /]ul] HT[_prGPC’_HgPC] { P } = [1+ k-ILIDhPID] k-ll;ID[_FyF:?’IDl_H EID] {Aup }
p

Au

(2.4-13)
Let us introduce the following notations:
Kepe = [HTH+ A 'HT (2.4-14)
Ko = Keapcl =Fygpe=H el (2.4-15)
S=[Fp Hppl (2.4-16)
With these notations from (2.4-13) the followindpt@nship is obtained:
[+ KD oheo] koS =k, (2.4-17)
and
kLo =Ko[S—hppk,]™ (2.4-18)

But as the matrix in (2.4-18) generally is not irtable, the solution can be calculated
by the following relationship (Johnson and Mor&{i05, [34]):

k|T3|D = ko(S - hpmko)T [(S - hPIDkO)(S - hpmko)T ]_1 (2-4'19)

Fromkp,, the tuning parameters of the PI(D) algorithm carcalculated.
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2.4.3 Simulation examples

Example 2.4.1 Calculation of the parameters of the GPC equivalame-step-ahead
predictive PID control

1
A+s)1+2s)’
AT =1. The form of the pulse-transfer function is givey equation (2.3-16). The
parameters of the pulse-transfer function are:
b, =0.1548 b, =0.0939 a =-09744 a,=02231
The points of the step response are:
h =0.1548 h,=0.3999 h,=0.6035 h,=0.7476 h =0.8426 h,=0.9029
h, =0.9405 h,=0.9637 h,=0.9779 h,=0.9866
The step response is shown in fig. 2.4.1a.

The transfer function of the plant §(s) = the sampling time is

14

1.2

1

0.81

>

0.67

0.41

0.27

O I I I
0 5 10 15
t[s]

Figure 2.4.1a. Step response

For n,=5 and A,=1 and A, =10 the controller parameters are calculated
according to (2.4-6) and are given in Table 2.4.1.

Table 2.4.1: PID controller parameters for extehllerizon controln, =5

A, =1 4, =10
P, | 0-9637 0.0964
p, | 0.9405 0.0941
p, | 0.9029 0.0903
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It is seen that ford, =1 the values of the controller parameters are etuahe

appropriate step response points. These parametees to be divided by 3. The
equivalence of the extended horizon GPC and predicPID algorithms is

demonstrated in Fig. 2.4.1b In the simulation atp@sunit step reference signal acts
at time point 5s, and a negative 0.5 step distudanapplied at time point 30s at the
process input. Prediction of the reference sigsataken into account. Fig. 2.4.2
shows the output and the manipulated signals.dttbde mentioned that for longer

horizons the equivalence is better.

: : : : ex(ende‘;d horizon
| | | | ne=5, lambda=1
i | \\/’F’ |
oo | | £ |
£ R H Y R B !
! ! ! ! —— pred PID
| | | I ——— GPC
I I I I
0 10 20 30 40 50 s] 60
T T T T T
| | | | |
i el el Hy ~ —T- -7
I I oy I I
2 + + e R A
| | | | |
e —_—_———
| | | | |
I I I I I
0 10 20 30 40 50 60

Figure 2.4.1b Equivalence of predictive PID and GiRgorithms in case of one-step-

ahead, extended horizon control
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Example 2.4.2 Calculation of the parameters of the GPC equivalkmg-range
predictive PID control
The plant is the same as in the previous example.

For ng =1 andn, =10 and A, =1 the controller parameters calculated according to

(2.4-19) are:p, =1.2818, p, =-0.4812, p, =0.0947 (which in case of long-range

control are not divided, as (2.4-19) considersaalyethe effect of the parallel paths).
In the simulation a positive unit step referenagnal acts at time point 10s, and a
negative 0.5 step disturbance is applied at timmtp®5s at the process input.
Prediction of the reference signal is taken intooaat. Fig. 2.4.2 gives the output and
the manipulated variable signals for the GPC ardcetfuivalent PID control.

e T f f f ‘Iong-ran ‘e hor\zon‘ 1 ) ‘
y ! ! ! ! hne1=1, nk2=10, lanbda=1 y | ‘ | |
R e | TN /1 ! ! ! !
I O I ! 08 =~/ """ “hirdorddr T
Lo o] ! !
05 | | | | | | |
| ‘ ‘ ‘ long-range PID first-order |
0 I I I I I e 0.6 - /- t--— = l===== [
0 5 10 15 20 25 30 35 t[s] 40 | | | |
| | | |
| | | |
2 T T T T T T T 04 - --+----- |- === S —
u | | | | | | | | | | |
] e e Al s S ~ =7 | | | |
| | | | | | | | | | |
1——7’# " il S 02r{---—+----—~ I === = e
A | | | | | | | | | |
05 2~ 4 — — = — e = = k- | | | |
| | | | | | | | | | |
0 I I I I I I I 0 I I I I
0 5 10 15 20 25 30 35 40 0 2 4 6 8 t 10

Figure 2.4.2. Equivalence of predictiy&igure 2.4.3. Step responses of the thjrd-
PID and GPC algorithms in case of longrder plant and its first-orde
range horizon control approximation

=
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Example 2.4.3 GPC equivalent predictive Pl control of a third-erd process
approximated by a first-order process with deacktim
The transfer function of the plant is

G(9=— -

W+033%)7 The step response can be approximated by aofist- process

—026s

1+1.25s
considering the initial tangent of the step respoi$e step responses of the third-
order plant and its first-order approximation amewsn in Fig. 2.4.3.
The sampling time isAT =0.1s. Determine the GPC equivalent Pl controller
parameters considering the first-order approxinmatfothe parameters of the GPC
algorithm arel, = 1n,=1, ne,=1 andne;=10, respectively. Let us remark, that the

discrete dead time has to be an integer, and igippated by 3. The parameters of
the PI algorithm are: p,=0.7723 and p, =-0.3826 or equivalently

k., = 0.3826and k,, = 0.3897.

In the simulation a positive unit step referenaggnal acts at time point 10s, and a
negative 0.5 step disturbance is applied at timmtpbd5s at the process input.
Prediction of the reference signal is taken inteoaot. Fig. 2.4.4a/ shows the
controlled output and the manipulated variable @sec of GPC control and its
equivalent predictive Pl control supposing that ptent is exactly the same as the
first-order model with dead time. In this case picatly the two algorithms provide

the same performance.

with dead time asé(s): . The first-order approximation is calculated

T
nel=1, ne2=10,

""" GPC

Figure 2.4.4a. First-order process withigure 2.4.4b. Third-order process. The
dead time control algorithm considers its
approximation by a first-order process
with dead time.
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Fig. 2.4.4b/ demonstrates the performance in chptant/model mismatch, when the
plant is of third-order and it is approximated bfjrat-order model with dead time. It
is seen that in case of plant/model mismatch tiércbshows some oscillations.

Figure 2.4.4. Predictive Pl and equivalent GPC rmbmivith parametersA, = 1
n, =1andn, = 10

It has to be emphasized that the control systemtistable for all parameter settings.
Especially in case of plant-model mismatch it cansensitive for the appropriate
tuning parameters. Appropriate choice 4f and the prediction horizon generally
could ensure stable performance for the given plahe effect of plant/model

mismatch could be compensated with additional rolyirsy considerations (see

Section 2.6).

2.5 Tuning of predictive PI(D) algorithms

Besides the GPC equivalence other PI(D) contralieing rules can also be applied
for predictive PI(D) algorithms. Different tuningles of thumb are known mainly for
continuous PI(D) controllers. These rules can bedusr digital controllers as well

after discretization.

| applied several tuning rules for predictive PI(Byntrol and | have shown how to
modify them for predictive PI(D) control.

The continuous PID control algorithm with idealfdientiating effect is given by the
relationship

ult) = K| e(t) + = j et)dt+T, de(t) (2.5-1)

The discrete-time PID algorithm for the controlriament is expressed as

Au(k) = poelk) + p.elk 1)+ p,e(k - 2) (2.5-2)
where
Au(k) = u(k) - u(k -1) (2.5-3)
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Discretization with sampling timéT can be executed in different ways. Using e.g.
the trapezoid rule for approximate integration

KAT K_T,
Au(k) = K [e(k) - e(k ~1)] + [e(k D +e(k)]+ =< 2{e(k) - 26k ~1) + e(k -2)]
(2.5-4)
Comparing (2.5-2) and (2.5-4) the following relasbips are obtained:
AT T, AT 2T, T,
K|1+—=—+-DO =-K|[1-—+%0D =K - 5-
Po = (+ZE+ATJ’H ( Z‘+ATJ P2 =R AT (2.5-5)

For tuning of the predictive PID control | suggtss following rule:
Parallel controller paths are applied. If the tgnia done based on continuous-time
control, the controller gain has to be divided bg humber of the paths, thus all the

discrete-time controller parameterg,, p,, p, have to be divided byn where
m=n, -n, +1.

There are different tuning rules for aperiodic @sses. An aperiodic process can be
described by the following transfer function:

P(s) = % e ™ (2.5-6)
@+SsT)(L+ST)...+sT))

where K | is the static gain],, T,,...,T are the time constants, afigis the dead time.
T, is defined as the sum of the dead time and the tomstants:

p
=T, +>°T, (2.5-7)
i=1

Rules of thumb suggested Kyhn(1995, [36]) for the coefficients of the continueus
time PI(D) controller with higher-order aperiodimpesses are given in Table 2.5.1.
Table 2.5.1: PI(D) controller tuning rules accogito Kuhn

PI PID
K, 05/K, UK,
T, 05T, 066T,
T, 0 0.167T,

It has to be emphasized that applying the rulepfedictive control inT;. the dead
time T, is not considered, as predictive control based poedicted signals
compensates the effect of the dead time. Theréforgystems containing significant
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dead time predictive PI(D) control will result fastoehavior than the conventional
PI(D) control.

Example 2.5.1 Predictive PI control of a third-order process apgimated by a first-
order model with dead time using Kuhn'’s tuning rule

The system is the same as in Example 2.4.3. The-dindler process is approximated
by a first-order system with dead time. The tran&faction of the plant is:

G(S) = 1 3,._ 1 e—0265

(L+0.33%F)° 1+125s
The sampling time i&AT = 0.1.
The prediction horizon is given by, =1 n,, =5.
The parameters of the continuous-time PI contraltaording to Kuhn’s rules (Table
2.5.1) considering T, = 1k are: K. =05/K,=05/1= 05 and
T, = 05T, = 051 = 05. Considering the discretization (2.5-5) and alsadthg by
m=n,, —n, +1=5 the parameters of the discrete-time controllerfaftews:

K AT, _05 01 : K. . AT 05 0.1
=—=Q+—)=—@A+—=-)=011 p=-——c@1-—)=—"T(@1-——)=-009
Po = ) =5 T g = )= o)
Applying (2.2-3) the discrete tuning parameters are

Ky, =P, = 009 k; = p, + p, = 011~ 009= 002.
Including physical dead tim&, the tuning parameters are the same. Different dead

times (0, 0.5, 1, 2 and 5) are considered in tloeg®ss. In the simulation a positive
unit step reference signal acts at time point &id, aanegative unit step disturbance is
applied at time point 15s. No prediction of theerehce signal is taken into account.
Fig. 2.5.1 shows the controlled and the manipulatatables when the system is of
first-order, and its model is accurate, also aftforder with the same parameters. It is
seen, that the quality of the control with a stegaweference signal change is the
same for all dead time cases, the outputs areedhifippropriately, while the
manipulated variable is the same. The disturbagjeetion depends on the dead time.
Fig. 2.5.2. gives the controlled and the manipulatariables when the system is of
third-order with the dead times above, and therotlat is designed according to the
first-order approximation. The performance is wdrsn before, and also with bigger
dead time the dynamics is also affected.

30



. . L L . . . ‘ . .
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Figure 2.5.1. Controlled and manipulateligure 2.5.2. Controlled and manipulated
variables without mismatch, with firstvariables with mismatch, the system is| of
order system and model. third-order, the controller is designed
based on first-order approximation.

There are also other tuning rules based on theogppation of an aperiodic process
by a first-order system with dead time (eCdpien-Hrones-Reswici 952, [20]).

Astrom and Hagglund(1995, [17]) recommended tuning rules considedrsp the
so-called set-point weighting to attenuate too mginipulated variable values.

In the usual feedback control structure using Pl{htrollers the set-point and
disturbance control cannot be tuned independemtig. same dynamics is achieved
for reference signal tracking and output disturlganejection. On the other hand
jumps in the reference signal may cause high valnethe manipulated variable

through the proportional and the differentiatingachels. In case of high over-
excitation the manipulated variable may saturadeismg windup phenomena. One
solution to avoid too high manipulated signal valug applying a first-order filter

after the reference signal. Another method is ektenthe traditional PI(D) terms by
set-point weighting when calculating the manipuatariable, as recommended by
Astréom and Hagglund (1995, [17]). With these maxdifions the set-point tracking
can be shaped independently from the rejection dfsaurbance step. The initial
jumps in the control signal can also moderated-pSett weighting provides faster
behavior than the set-point filter.

The original feedback structure is supplementedahyadditional path affecting

directly the manipulated variable from the refeeersignal. The structure of the
control system is given in Fig. 2.5.3.
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Figure 2.5.3. PID controleth set-point weighting

| extended the structure of the predictive Pl(Dhteoller shown in Fig. 2.1.1 with
set-point weighting. The modified structure is shawFig. 2.5.4

> K, —»(2—»?—» K.
By G
+y u(k)

Ko bl | Process

yi(k+d+1+n,) y(k)

.
3

> K, =?
yr(k+d+1+nez). ? )

1
.
ooo+v

Y(k+d+1+n,|K)[ Predictor |«

Y(k+d +1+ng|K)
Figure 2.5.4. PredhetP| controller with set-point weighting
Set-point weighting constant can be equal or cadifferent for the different paths.

The aperiodic process is approximated by a firdepprocess with dead time.

K
G(s) =—2L—e" (2.5-8)
1+sT,
where the meaning of the variables is as follows:

K, static gain of the model,

T; time constant of the model,
T apparent dead time,

furthermore
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T; 6z, = 063T; is defined as the time to reach 63% of the fin@lug of the step

response after the apparent dead time,
TLr is a relative number, introduced to evaluate thie i&f the dead time and the time

constant of the process:

Tr=— (2.5-9)
TL + TT 63%

and K, is the set-point weighting factor.

The suggested tuning rules for the continuous BIRID controller by Astrom and
Hagglund (1995, [17]) are given in Table 2.5.2.

Table 2.5.2: PI(D) controller tuning rulscording to Astrom and Hagglund

Pl PID
Ke ?(igTT'I'GL% expE27T) +37T") ifTT'I'GL% exp84T! +73T)
T 89T exp(66T' +3T") 5.2T, exp25T —14T")
or or
079T; 4, EXPELAT, + 24T"°) | 046, 4, exp8T, - 2.1T)
T 0 089T, exp(-037T, - 41T")
or
0.077T; 4, EXPEOT, — 48T")
K, 081exp(-073T +19T") 040exp(018T + 28T")

When two suggestions are given for a parameter, Hreselose to each other. If both
are calculated, a mean value can be taken into account.

For predictive control set-point weighting is applied fibitlze parallel paths (Arousi
et al., 2007, [5], Arousi et al., 2008, [9JK, has to be divided by the number of the

parallel paths.

There are other tuning rules, as well. Tuning can be @ste based on frequency
domain considerations, using e.g. pole cancellation technique

Example 2.5.2 Predictive PI(D)control of a third-order process approximateda
first-order system with dead time using the Astrom-Hagglunihg rules
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The system is the same as in Example 2.5.1. It is appated by a first-order
process with dead time. The sampling timATis= 0.1s. The prediction horizon is
given byn, =1,n,, =5.

The tuning parameters according to the Astréom-Haggtunihg rules (Table 2.5.2)
for the continuous and the discrete case are given ite ab.2. The calculation of
the tuning has been executed considering the parameferthe first-order

approximation of the system as follows: T, = 125 T, = 026,
T; 63, = 0631, = 0.7875,
T = T 026 =0.2482

LT +T. ., 026+0.7875

Table 2.5.2: Controller parameters

Kc TI TD pO pl p2
Set-point
weighting 0.5645/0.52 |0 0.6188| -.51 0
Pl
(K, =0.7597)
PID 2.2434/0.65 |0.16 |6.0054|-9.25 |3.5894
(K, =0.497)

The gain of the controller is divided by the number ofgaths.

Figs 2.5.5 and 2.5.6 give the controlled and the manguileariables for predictive
Pl and PID control, respectively, with tuning parametafutated according to
Kuhn’s and Astrém-Hagglund rules applied for the finstey process with dead time.
The control is implemented to the third order plant. Iséen, that in case of PI
control the performance of the two algorithms is similar. WD control the
Astrom-Hagglund method gives a more dynamic behavior.
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Figure 2.5.5. Controlled andrigure 2.5.6. Controlled and
manipulated variables for predictive Pianipulated variables for predictive
control with Kuhn and Astrém-PID control with Kuhn and Astrom
H&agglund tuning rules Hagglund tuning rules

With the Astrom-Hagglund method reference signal trapkian be accelerated by
increasing the factorK, providing set-point weighting. Fig. 2.5.7 shows the
predictive Pl control of the third-order process tursmtording to the Astrom-
Hagglund rule, but with different values of set-point ginting K,. With set-point
weighting according to the rule the control behavior sselto the Kuhn tuning
effect. Increasing the weighting the reference signakimgccould be somewhat
accelerated. Disturbance rejection is not affected, pesotad.

15 - - - - . 15
y y | e
b e 1t
i
il
i)
0.5k i3 \f kr=0.7597 || 0.5+
""" kr=1.5
........... k=2 ‘ ‘
oLt . . . . : 00 5 10
0 5 10 15 20 B g 2
2.5 3
u u
o
20
15+
H
0.5
0

% 5 ) 15 2 2 30 0 5 10 15 20 25 t[s] 30

Figure 2.5.7. Reference signal trackingigure 2.5.8. Output and control signals
can be accelerated by increasing the sef- non-predictive and predictive PI
point weighting control

Example 2.5.3 Predictive PI control of a third-order process approxiewby a first-
order model with dead time using Kuhn'’s tuning rule
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The linear process is the same as Example 2.5.1.armglisg time isAT = 0.1.
The tuning parameters are caculated according to Kulules (Table 2.5.1). The
discrete tuning parameters &g =-p, = 009 k; = p, + p, = 011- 009= 002.

The prediction horizon is given by, =1,n,, =5 for Fig. 2.5.8 anch, =1n,, = 60
for Fig. 2.5.9.

The controller is designed considering the firstasrapproximating model. The plant
is simulated according to the third-order desaoiptiin the simulation a positive unit
step reference signal acts at time points 1 minaandgative unit step disturbance of
amplitude -0.5 is applied at time point 15 or 30 rai the process input. Prediction of
the reference signal is taken into account. Fi§.82shows the controlled and the
manipulated signals of the predictive and the neadigtive PI control algorithm with
dead timed= 2 min. It is seen that the performance of thealioteve Pl controller is
better. Fig. 2.5.9 shows the controlled and theimdated signals of the predictive PI
control algorithm for different assumptions for thentrol horizon. In strategy 1

Au(k+i)=0; i=12,... is supposed. In strategy 2
Au(k) =Au(k+1) =Au(k +2)=...=Au(k+m-1) and in strategy 3 a givem,
number for consecutive equal control incrementsugposed ( in strategy 4, = 1

and in strategy 31, = 301t is seen that for strategy 2 the course ofdimput signal

is slower than in case of strategy 1, and the maetigd variable is lower. Fig. 2.5.10
shows the controlled and the manipulated signatstticee different prediction
horizons, n, =5, 10 and 50, respectively. With biggey values the output signal

starts with more steps before the change in tlezarte signal.

strategy 1
strategy 2
strategy 3

Figure 2.5.9. Output and control signaligure 2.5.10. Output and control signgals
of predictive PI for different contralof predictive Pl for different predictio
strategies horizons

=}
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2.6 Robustifying effects applied for predictive PI(D) control
algorithms

Control of a process is based on the process médefienerally there is mismatch
between the process and its model, the real peafmcenwill differ from the ideal
one. The tuning rules discussed above considefirdteorder approximation of the
process, so plant/model mismatch always exists. tese rules give calm
performance, the algorithms generally will tolertditss mismatch. If there is a more
significant mismatch, robustifying of the algoritarhas to be considered. Control
algorithms could be especially sensitive to misimatcthe dead time. In predictive
PI(D) control increasing the number of the pargti@ihs generally reduces the effect
of mismatch. Two more possibilities are considdrece.

2.6.1 Enhancing robustness of predictive PI(D) control using a noise model
with polynomial T
The CARIMA process model is given by the followieguation:

B(Q) T(q™)
k) = KyJ+ ——————v, (k
M= @) * M A na-q W

where

B(q")=b,+bg™ +..+b, """

A7) =1+aq” +..+a,q"

T =1+t +..+t g™

The output is affected by the input signak) and the disturbance. Generally
T(g™) =1 is considered, but if it is a polynomial, it cae treated also as a filter. It
may attenuate the component of prediction erroseaby plant-model mismatch,
which is particularly important at high frequenci@se high frequency disturbances
are present mainly due to the presence of highuéecy components in unmodeled
dynamics and unmeasurable load disturbances. Hé tiseno unmodeled dynamics,
the effect of polynomial is rejection of disturbances, with no influencereference
tracking. In this case polynomial can be used to detune the response to
unmeasurable high-frequency load disturbancesgepting excessive control action.

On the other hand, polynomidlis used as a design parameter that may influence
robust stability (Camacho and Bordons ,2004, [Mciejowski, J.M., 2002, [43]).

If T(q™) is a polynomial, the prediction equations ared/&di the filtered signals
yo (™) =y(k)/T(g™) andAu” (™) = Au(k)/T(g™ ), respectively.
The polynomiall can be chosen as
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T(@™) =Ag"@A-Bg™)™ (Camacho and Bordons, 2004, [19]). whgtds close
to the dominant roots of polynomi&(gq™).

In the prediction equation the free response ist#ubed by the filtered values. The
control algorithm will then give the filtered valwé the control increment, which has
to be filtered with the inverse filter to get thetual control increment. This filtering
procedure has a robustifying effect in case of tplaodel mismatch. The

T(g™) polynomial can be used to make predictive PI(D)tmdnmore robust, as well
(Arousi et al. 2008, [12]).

Example 2.6.1 Predictive Pl control of a third-order process, tldfect of the
filtering polynomial in the prediction equation

The system and the tuning parameters are the ssmeexample 2.5.1. Including the
T(g™) polynomial in the prediction equations has a simiogt effect to the control
performance. An appropriate choice of th@g™)filtering polynomial could decrease
the effect of plant/model mismatch. Let us choosefirat-order filter as
T(@h=@-tg™)/(1-t). Fig. 2.6.1 demonstrates the effect of thg™)polynomial
(here t, =-0.7). Fig. 2.6.2 shows the performance with differéitier parameter
values in case of, = 2. It is expected, that with further tuning of thgolynomial
the effect of the mismatch could be decreaseddurth

y T T y T T T T
1=-0.7 4=-0.7

I . . . \ . \ . .
5 10 15 20 i[s] 30 0 5 10 15 20 {[s] 30

L L L L L 1 L 1 L L
0 5 10 15 20 1[5] 30 0 5 10 15 20 /[s] 30

Figure 2.6.1. Controlled and manipulateligure 2.6.2. Controlled and manipulated
variables, the system is of third-order, thariables, the system is of third-order, the
controller is based on first-order modetontroller is based on first-order

with filtering polynomial| approximation, with different filtering
T(q™h) =@-0797)/03 polynomials  (with t =0, t =-05,
t =-07).

Fig. 2.6.3 demonstrates, that increasing the piiedichorizon works also against
plant/model mismatch.
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0 . . . . .
0 5 10 15 20 1[s] 30

Figure 2.6.3. Controlled and manipulated
variables, the system is of third-order wjth
dead time 2, the controller is based on fifst-
order model, different prediction ranges

(m=0, 5, 50), withT(q%) = (1- 0.79*)/0.3

2.6.2 Enhancing robustnesswith Smith predictor filter

Another possibility to make predictive PI(D) cortnaore robust is the application of
a robustifying filter in a control structure simileo Smith predictor as shown in Fig.
2.6.4. This solution has been suggested in (Camactdordons, (2004),[19]), and
also applied in (Normey-Rico and Camacho (2007)])[4vhere some robustness
analysis is also given. The choice of the robustiyffilter influences the control
performance. The filter generally can be chosea ésst-order low-pass filter with
unity gain.

v; (k) Vv, (K)
y, (k) _ &K [ pred PI Process
— »| Ref. filter _:Q_> controller W|th dead
A_ time
Process
without [t)_ead
dead time l ime
N +
ylk+d) + [ Robustifying
filter

Figure 2.6.4. Predictive PI controllathwrobust Smith predictor scheme
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Robust stability can be given by the following telaship analyzed in the frequency
domain (Morari and Zafiriou, 1989, [40]):

. 1
I(ja)| < . ‘ (2.6-1)
e M, (jw)
where
| =AG _G-G, (2.6-2)
G G

n n

is the relative additive uncertainty of the plaransfer function,G,is the nominal

transfer function of the planG is its actual value andG is the deviation between
the actual and the nominal transfer functions ia flequency domainM, is the

nominal closed-loop transfer function between thgot and the reference signals.

With controllerC and filterF (2.6.1) can be given as

1+ F(jo)C,, ()G, (jw)|

IAG(ja) <| c.(io |, Ow (2.6.3)

With some block-diagram algebra Fig. 2.6.4 can igergin the form shown in Fig.
2.6.5.
Here the Smith-predictor-like controller is
C
Csm = —ST,
1+CG,(1-Fe™")
If C denotes the transfer function of the predictivec®itroller, it can be expressed

e.g. by using the GPC-PI equivalence and then b§-8BT transformation relations.
It is seen, that the filter influences the robussngroperties.

(2.6.4)
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Figure 2.6.5. Transformed block-diagram

Example 2.6.2 Predictive PI control of a third-order process apgimated by a first-
order model with dead time using the robust Smiddigtor scheme

The system is the same as in Example 2.5.1. Thegwf the Pl predictive controller
is detuned: the parameters are not divided by tineber of the paths = 04&nd

k., = 0.1. If the process is the same as the first-orderaf)dde control performance

is appropriate, but taking into consideration thefimodel mismatch with the third-
order process there are significant oscillationsthia output signal (Fig. 2.6.6).
Applying the first-order Smith filter according te structure shown in Fig. 2.6.4 the
oscillations are decreased and the control perfocseébecomes acceptable (Fig.
2.6.7).

-1
The Smith filter wasF (™) = 02 .
1-08g™"
15 n T T T T T 1.5 T T T T
y ihoon With Smith filter
D S W AN NV S P (A AN ] - ]
ARV Y 20 AN \/‘T’
WY < 7
v v
o5r b 0.5F b
' ntier syt
""" third-order system ===~ third-order system
o ‘ ‘ ‘ ‘ ‘ o ‘ ‘ ‘ ‘ ‘
0 5 10 15 20 25 30 0 5 10 15 20 25 30
t[s] t[s]
25 T T T T T 2
g \ RSN AR = hy
o ‘ ‘ ‘ ‘ ‘ 0 ‘ ‘ ‘ ‘ ‘
0 5 10 15 20 25 30 0 5 10 15 20 25 30

Figure 2.6.6. Detuned Pl controlleFigure 2.6.7. Detuned PI controller
without and with plant/model mismatch| without and with plant/model mismatch
using robustifying Smith filter
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Example 2.6.3 Comparing the performance of the predictive Pl oconalgorithm
and predictive Pl control algorithm enhanced by tBnpredictor filter in case of
mismatch in the model and in the dead time.

The controller is designed considering the firstasrapproximating model. The plant
is simulated according to the third-order desaoiptiin the simulation a positive unit
step reference signal acts at time point 1, arisl sp disturbance is applied at time
point 15 at the process input. Prediction of tHere:ce signal is taken into account.

G(S) - 1 3.,_ 1 e—OZGS

(1+0.333%)° 1+125s

The tuning parameters of the predictive Pl corgrolire calculated according to
Kuhn’s rules, their values are

k,, = 045/m andk; = 0.1/m, m=10.

029"
1-08q*
Fig. 2.6.8 shows the controlled and the manipulaigmals of the predictive PI
control algorithm and the predictive PI control aithm enhanced by Smith
predictor filter with small mismatch in the deach& whose value was considered 6,
while the controller was designed supposing valug. dt is seen that the predictive
P1 control algorithm without the filter gives atli bit faster behavior, and the control
signal is higher than with the filtered case.

The Smith filter wa (q™) =

15 ‘ ‘ : w ‘ 2 ‘
y
\/ Lo f N A e
05fi — —— \/
with Smithfiter | |  |i {7 without Smith filte
0 ‘ ‘ e without Smith filter 0 —— with Smith filter ) )
0 5 10 15 20 25 {[s] 30 0 10 20 30 40 50 t[s] 60
2 2
u v
N 1 ............
0 . . . . . 0 . . . . .
0 5 10 15 20 25 t[s] 30 0 10 20 30 40 50 t[s] 60

Figure 2.6.8. Controlled and manipulateigure 2.6.9. Ontrolled and
signals, the system is of third-order, thmanipulated signals, the system is |of
controller is designed based on first-ordénird-order, the controller is designed
approximation and with mismatch in théased on first-order approximation and
dead time with bigger mismatch in the dead timea‘
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Fig. 2.6.9 gives the controlled and the manipulatigdals with still bigger mismatch
in the dead time, whose value was considered 18e whie controller was designed
supposing value of 3. The performance is worse thefiore. It is seen that the
predictive Pl control algorithm with the filter more robust.

Example 2.6.4 Comparing the performance of the predictive Pl oagnalgorithm
and predictive Pl control algorithm enhanced by t®npredictor filter in the
frequency domain

The linear process is the same as in the previgamgle. The sampling time is
AT = 0.1. The plant can be approximated by a first-ordstesy with dead time.
The controller parameters calculated according #4-1{9) for ny, =1 and

n, =10and A, = 05 are: k,, =0. 7652andk; =0. 7793
01g9™*

1-09g97""

The polynomial in the RST equivalent scheme are:

S=6.5518-55518"

RA = 0.5866—-0.217% ™ + 0.0485 7 + 0.0448)° - 0.46241™*

T=1

and A=1-q™

The Smith filter was chosen B$q™) =

g N 0 5 10 15 20 25 5] 30
S - AR
g N 10 p—
s - 1 AV u | e with out filter
5| — with filter
with filter 1
‘ L= without filter
45— - . - , 5 ‘ ‘ ‘ ‘ ‘
10 10 10 10 10 0 5 10 15 20 25 t[s] 30

Frequency (rad/sec)

Figure 2.6.10. Bode diagrams foFigure  2.6.11. Controlled and
robustness investigation manipulated signals, the system is|of
third-order, the controller is designed
based on first-order approximation
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Fig. 2.6.10 gives the Bode diagram of the deviatimtween the actual and the
nominal transfer functions and the Bode diagrarthefclosed-loop transfer function
between the output and the reference signals, ieqsaf2.6.3 and 2.6.4). It is seen,
that with the Smith filter the robustness conditisrfulfilled. Fig. 2.6.11 shows the
effect of Smith filter in the time domain.

Stability is a key issue in predictive control.ita original formulationGPC dose not
guarantee stability.

With GPC-PID equivalence we can get the tuning mpatars of predictive PID
control. If GPC is stable, predictive PID is aldalde. Stability can be analysed in
case of applying a robustifying filter in the fressucy domain. With the empirical PID
tuning rules the control is stable.

Predictive PID algorithms could be extended alsamtyreset-windup methodologies.
One way for handling saturation could be to puttimg dynamics of the controller in
the feedback of the saturation.
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3. Decouplingin MIMO predictive control

Industrial processes are usually complex systenth wany inputs and state
variables. Certain inputs are used as manipulatethhles, while others act as
disturbances.

It would be desired, that one manipulated variatbeld control one specific output
variable, while the other one the second outpuialsbe, etc., without cross effects.
But often the change in one manipulated variableses change in more output
variables — this is the undesired cross-couplirigcef There are different decoupling
methods to reduce interaction. A usual conventideabupling is given in Appendix

A. Model predictive control can be applied to ndiltaensional systems. MIMO

predictive control can be handle decoupling.

An appropriate pairing of the input and output abkes is also important.

Let us consider the control algorithm for TITO (Twput-Two Output) processes.

3.1 Thecontrol algorithm
The cost function of a TITO predictive control is

3=, STya(k+d, +1+n,) = §,(k +d, +1+n, [K)]?

Ne=Ne1g

Ne2o . R 3_1
F A, STy (k+d, +140) = 9,k + d, +1+n, [K)]? -

Ne=Ne12

A S AURKH =D+ A S AU K+ [ -1) = MIN
UIJZI (k+j-1) uzjzz‘1 2(k+ ] )jAu(k)

with the notations:

d: discrete (physical) dead time relative to thasling time of the i-th output,

y; (k+d. +1+n,|k) reference signal of the i-th outpuy steps over the dead time
di,

y. (k+d +1+n,|k) modified reference trajectory of the i-th output steps over
the dead timel,

y.(k+d +1+n,|k) predicted i-th output signal; steps over the dead tirde
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The tuning parameters of the control algorithm are:

N, — Ny +1 the length of the prediction horizon foe ikth output
n, the length of the control horizon of the i-tiput (the number of the supposed

consecutive changes in the control signal),
Ags A weighting factors of the control error of the idhtput,

Aqs A, Weighting factors of the control increments & tkth input,

Au(K) = [Au, (K | ), A, (K + 1] K),... Au, (K + 1, — 1] K),

i (3-2)
Au, (K | K), Au, (K +1]K),....Au, (k +n,, —1]K)]

are the actual control increments, which have tofienized.
Define the vectors for the i-th output in the fettime domain

K+d +ny < jsk+d +n,

a) reference signal sequence
Vi =LY (K+d; +1+ngy [K),...,y, (K+d, +1+n,, | k)1
b) predicted output signal sequence
Vi =19 (k+d; +1+ng [K),..., 9 (k+d; +1+ng, [K)] (3-3)
The predicted output signal can be separated ¢oaine forced responses
9i = 9i,forced +9i,free
where the predicted forced i-th output can be esqwe as

M
Y forced = Z H;Au, (3-4)
=t

with the unknown control sequence in the controlzom
Au; =[Au;(k[Kk) Auj(k+1]k) -+ Au;(k+n, —1]K) I (3-5)

and a matrix of step response coefficients of tloegss model
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I hji (neli) hji (neli _1) hji (neli - nuj +1)_
hji (neli +1) hji (neli) hji (neli - nuj)
H = : : : : (3-6)

L hji (neZi) hji (nezi _1) hji (nezi _nuj +1)_
where

h;(k)=0; if k<O 0,0

For a TITO process define the following vectorsighal sequences in the prediction
time domaink +d, +n, < j<k+d, +n,,:

.y, = [y:I,y:; ]T: modified reference signal,
« y=[y,9:]" : predicted outputs,
¢ 9 forced — [9;.rforced! gl-zrforced]T : prediCted forced OUtpUtS!

& —roT  oT 9T
* y free [ylfree’ y2 free] .

free responses

and

Au =[Auj,Aul]":  vector of all control input signals in the caitrhorizon
k<j<k+n, -1

Now the predicted forced i-th output can be cal®adas

2
Y iforced :ijiAuj =H;Au where H, :[Hli’HZi '

j=1
The vector of the predicted outputs is the sumhef predicted forced and free
responses:

IR . o H,
Y =Y torced TY free with Y torced = H Au = HAu

2
The cost function becomes

1= -9) A b - 9)rauTamu =

with the weighting matrix of the control errors A, = diag<Ayl,Ay2>
or in detailed form

I=(y, -HAu=§ . ) A, [y, —HAU=§ . )+ AUTA AU = i, (3-7)
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Unconstrained minimization of the cost function@ding to the whole sequence of
input increments in the control time domain leauls t

B — n7[a7+4,Jv; -Hou-g )+ [AT+ 4 ou =0

which results in

pu=HT(AT+ A H+(AT+A T HT (AT +A )y -9 e (3-8)
All weighting matrices are diagonal
A=A, and A, =4l

wherel is the identity matrix.
As with diagonal matrices the transposed matregigal to the non-transposed one

Ay =A, and A] = A,
then

Au=HTAH A HTALY -9 o) (3-9)

According to the receding horizon technique only #ttual control signals will be
used and the computation is repeated in the nextraostep. Denote the actual
control increments by

AU 4oy (K) =AU, (K), AU, (K]

which can be expressed as

AU, (K) =[10.,...,0,10,...0 ] Au(k) (3-10)
where the number of zeros ;-1 andny,-1 respectively.

3.1.1 Control without and with ideal decoupling

In order to illustrate the problem of coupling ar® process model (Fig. 3.1) was
considered.
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I
I
I
U
Process,,

Fig. 3.TITO process model

y, and y, are the controlled variables (CV) ang,u, are the manipulated input
variables (MV).

The sub-models are aperiodic first-order processtsdifferent static gairkp;, time
constantd;, and dead tim&g;. All processes have somg) gqual time constants:

P11 Kp1=1.5, T1:=1.0 min, Ni1=2, T411=0.1 min

P, Kp1=0.5, T,5=0.5 min, Nio=4, T41=0.5 min

P>1: Kp2i=0.75,T21=0.5 min, N21=3, Ty1=0.8 min

Poo: Kpo=1.0, T2,=2.0 min, Noo=1, Tg42=0.2 min

Fig. 3.2 shows the unit step responses of the sudels.
Y w

.| P21
K, =0.75
| Ty =15
1 : : ».| n=3

: : Ty=08

P22
K, =1
x =2

n=1
| Ty=02

8 t[min] 10 2 4 8 t[min]10

Fig. 3.2. Sub-models of the TITO process (top:Feff top rightP1,, bottom
left:P,1, bottom rightP,,,
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Fig. 3.3 shows the TITO predictive control withalécoupling. The sampling time
wasAT=0.1 min and the controller parameters are:

* start of control error horizonsg1=ne;2=0,

» end of control error horizongg1=ne2=90,

* length of control horizonse;1=Ne12=30,

» weighting factors of the control errakg=A,=1,

* weighting factors of the control incrementg=A,,=0.5.

The control scenario was:

* at t=1 min stepwise increase of the reference sgnavi by 1,

* at t=10 min stepwise increase of the referenasasiof CV2.

In the further examples always the same controhatge is simulated with the
nominal controller parameters given above.

Y4

Ao e

; i i
0 5 10 15 t [min]

Y2

l :
0 5 10 15 t [min]

; ;
10 15 t [min]

0 5
Fig. 3.3. TITO control without decoupling: (topVC, bottom: CV2)

The control of the set-value changes is fast wittogershoot of about 10 %. There
are changes of about 10 to 15 % (related to theadae changes) in the controlled
variables whose set-value was kept constant.
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A perfect decoupling can be achieved if the incretmien the manipulated variables
are not penalized, i.8\;;=A>=0. Fig. 3.4 shows the control with these controlle
parameters. The other tuning parameters are the aarnm the case of Fig. 3.3.

A change in the set-value does not cause any charitpe other control variable at
the cost of very drastic changes in the manipulatathbles. Thus this decoupling
method is not practical.

Y1 T T T Y2

i i i
0 5 10 15 t [min]

R H H
0 5 10 15 t [min]

i L L
0 5 10 15 t [min]

5 t [min]

0 5 10
Fig. 3.4. TITO control with perfect decoupling aut penalizing control
increments (top: CV1, bottom: CV2)

MIMO predictive control realizes perfect decouplifighe control increments are not
weighted in the cost function. As this case canb®tpplied practically because of
the drastic input changes which cause saturatidditianal methods are required to
improve decoupling properties of MIMO predictiventml.

(Maurath et al. (1986), [39]) considered the pregeccontrol of a TITO (Two Input,
Two Output) process for set-point change only ie controlled variable while the
other set-point is kept constant. The control ama relatively fast control in case of
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set-point change while minimizing the control errof the other variable, i.e.

minimizing the coupling effect. Three methods aeommended:

1. Constrained control
The controlled variable whose set-point was nonged is limited within a small
range around its set-point, i.e. the control ewbthis variable is limited. The
disadvantage is that the multivariable control atgm has to be applied under
constraints.

2. Using a decelerated set-point change
A slower change of the reference signal leadsds teupling effect. The stepwise
change of the set-value can be replaced by a neddiéiference signal equal to the
controlled variable of the decoupled case.

3. Different weighting factors of the control errors
The weighting factor of the control error of therimble whose set-point was not
changed should be increased against that of thieotlex variable whose set-point
was changed. The advantage of the method is tleatdhtrol algorithm can be
designed and performed without constraints. Itissdvantageous, however, that
the time point of the weighting factor change habe synchronized to the change
in the reference signal, thus this method requarssnple “signal detector”.

Among the three methods the change of the weigtfwetprs can be realized the
most easily. The question is whether the timinghef change of the weighting factor
can be realized practically by synchronizationhte set-point changes using a “set-
point change detector”. An easy solution to thisbpem is setting the weighting
factors as functions of the control error. With tepsvise change of the reference
signal of a controlled variable the control ernocreases faster than the control error
of the other variable whose set-point was kept taots Consequently, if the
weighting factor is set inverse proportional to gantrol error for both controlled
variables, then after a stepwise change of a metersignal the weighting factor of
the output whose set-point was not changed wilhigaer than the weighting factor
of the output whose set-point was changed.

The new tuning procedure of the weighting factomsks automatically, thus no extra
synchronisation is necessary.

3.2 Decoupling by decelerating thereference signal change

It is expected that a slower change of the referemgnal leads to decreased coupling

effect. This is illustrated by Fig. 3.5 where thepsvise change of both set-values was
filtered by a first-order filter with the time camasit of T,;=1.5min andT;>=1min. The
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filter parameters were selected in such a way that filtered reference signal
approximates the controlled signal without decaupliFig. 3.2).

As it is seen, any set-point change practicallysdoet disturb the other controlled
variable whose value should be unchanged.

In the next simulation the stepwise change of #tevalue is replaced by a modified
reference signal equal to the controlled varialfléhe decoupled case (Fig. 3.5) as
recommended by (Maurath et al. (1986), [39]). (Tdmaining small coupling effects
- before and after the reference step - the dead &nd the very small oscillations
after the control step have been removed from theantrolled signal of Fig. 3.5 for
the new reference signal.)

7z

0 5 10 15 t[min]

0 5 1‘0 1‘5 t{min]
Fig. 3.5. TITO control with reference signal filtgop: CV1, bottom: CV2; dashed:
filtered reference signal)

Fig. 3.6 demonstrates the conditioning of the exfee signal. It is forced to O before

the set-point step and is forced to 1 after th#isgttime. Fig. 3.7 shows the control
using the new reference signal both for smglEA,=1 and a higheAy1=A,>=100
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weighting factors of the control errors. The weightfactors have to be raised
because now the reference signal is not a step Slatwer signal.

Y fhree to 0 |

- forceto 1 -
/e [
ol oldy | SRR —

L L I
0 5 10 15 {{min]

new reference signal

L 1 |
0 5 10 15 t[min]

force to 1

new reference signal

0 5 1|0 1l5 t{min]

Fig. 3.6. Conditioning of the control signal ftvet TITO control with the reference
signal equal to the controlled signal in the dededase (top: CV1, bottom: CV2;
solid: controlled signal, dashed: modified refeeitrajectory)

Instead of storing the controlled variable as a ifrextl reference signal the actual
reference signal can be filtered in such a way tthaffiltered reference signal would
approximate the controlled signal in the couplesecdhis can be achieved if a filter
is identified between the stepwise reference sighahge and the controlled variable
in the coupled case (Fig. 3.5) using a conventid®ahlgorithm. A filter with order

3 was required to have a sufficient fitting betwdes reference signal change and the
corresponding controlled variable. The estimatkdr§ are:

0.0082 +0.001055¢ -0.01332¢
1-2.667q" +2.423¢ -0.7405¢

yh(k) = ¥ (K)
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2.30810° +0.05613¢ -0.05421¢f

k
1-2.617" +2.304¢° -0.6843¢ Yra(K)

yer(k) =

0 ‘5 1I0 1\5 t{min]

Fig. 3.7. TITO control with the reference signqual to the controlled signal in the
not decoupled case (top: CV1, bottom: CV2; dasheddified reference
trajectory)

This control is seen in Fig. 3.8. There is pradiycamo difference whether the
controlled signal from the coupled case or therfdt one was applied as a modified
reference trajectory. However, the second casebeaapplied much easier because
only some filter parameters and not a whole refegdrajectory have to be stored.

3.3 Weighting factor adjusting at reference signal change

As mentioned already in the introduction increasifighe control error weighting
factor of the variable whose set-point was keptstamt reduces the control error in
this variable. Fig. 3.10 illustrates this case. Thatrolled variables are as in the case
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of the coupled control (Fig. 3.3). The weightingttas of both control errors were
changed fromA;=A,=1 to A;=A,=100 for that variable whose set-point was not
changed in the moment of the set-point change.dlingtion of the change was 5 min
which is a bit (about 2 min) longer than the segtliime of the controlled process.

The plots show that the two processes are compléézloupled.

The critical point of this method is the detectiminthe set-point change. In case of
predictive control there are applications where téference signal trajectories are
given, so the changes in the reference signalkremen in advance and stored.

If the changes in the reference signals are nowkna priori, there are several
methods for detecting signal changes. However,a@emmend in the next section an
alternative method, which does not require anyadighange detector or observer.

2 "

ol

0 5 10 1‘5 t{min]
Fig. 3.8. TITO control with the optimally filteregeference signal (top: CV1, bottom:
CV2; dashed: modified reference trajectory)

We increased the weighting factor in the case gf 810 manually and kept its value
constant at least for the duration of the settlinge of the closed loop controlled
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process. That means the weighting factor is deetkssits old value (before the set-

point change) abruptly.

(Bego et al. (2000), [18]) applied a similar tecjue and decreased the weighting
factor exponentially to its old value before theé-peint change. They showed the

effect of the choice of the starting value and tinge constant of the exponential

decrease, however, the parameters were tuned basegpeated simulations instead

of giving tuning rules. Fig. 3.9 shows two altdima procedures: constant or

decreasing weighting factor during the settlingetiafter the set-point change in the
other controlled variable. The exponential decreaseires a smoother change of the
weighting factor and should, therefore, be preféagainst an abrupt change.

}by“ constant
\ \ exponential
| .
| —1 decreasing
N
N
~ Jd
t,
settling time

set-point change in
the other variable

Fig. 3.9. Weighting factor modification strategies

3.4 Control error dependent weighting factor adjusting

The synchronisation at the set-value change capebrmed automatically if the
weighting factors are decentralized functions @& tontrol errors. With a stepwise
change of the reference signal of a controlledalédei the control error increases
faster than the control error of the other variableose set-point was kept constant.
Consequently, if the weighting factor is set ineepoportional to the control error
for both controlled variables then after a stepwibange of a reference signal the
weighting factor of the output whose set-point waas changed will be higher than
the weighting factor of the output whose set-paias changed.

After some simulation trials the following dependerof the control error weighting
factors and the control error seemed to be optimal:

1
A = yi,max 11

yi,damp)
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i i i
0 5 10 15 t [min]

; i ;
0 5 10 15 t [min]

0 5 10 15 t [min]

; ; ;
0 5 10 15 t [min]

40

20

0

0 5 10 15 t [min]
Fig. 3.10. TITO control with the weighting factohange at set-point steps (top: CV1,
MV1, Ay, bottom: CV2, MV2 Ay))
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Wlth )\y]_‘max: 10, )\yzymax:zo, )\ylydamp_—loo and )\yzidamp_— 100.

The control is slightly slower than with the manaalaptation of the control error
weighting (Fig. 3.10) but the control is still femtd the decoupling is very good (as
before). The automatic adaptation of the contrabremeighting shows also a
decrease of the other controlled signal whose aletewvas kept constant which is an
indicator of the remaining coupling effects. Bu¢dk effects are very small and thus
also the decrease of the control error weightingmsll. From Fig. 3.12 one can see
that the weighting factors of those controlled &hle whose set-value was stepwise
changed were temporarily significantly reducedhidts to be mentioned that the
change of thedy; and Ay, weighting factors approximates an exponential seur
(similarly to Fig. 3.9). (Remember that an expor@nthange of the weighting
factors was preferred compared to a stepwise chiange

In Appendix A the usual conventional decoupling tcolter is designed for
considered example (Figs. 3.1 and 3.2). The simomashows that the derived
decoupler in predictive control context providetbetecoupling results.

3.5 Application to distillation column mode

The algorithms were applied for control a modeh afistillation pilot plant.

Distillation is a thermal separation method of cleis with different boiling points.
In continuous binary distillation is a feed sepadainto two products. Vapour at the
top of the column is cooled and condensed to liguithe condenser. Top product is
partially returned to the column as reflux flowguid runs down the column (vapour
up). The liquid reaching the bottom of the colurarpartially vaporized in a reboiler
and is sent back up to the column. Part of theidigu the column bottom is taken
away as a bottom product.

Fig. 3.11 shows a typical column used for sepagatheemical petrol:

feed: chemical petrol from the desulfurisation,op tproduct: light petrol, bottom
product: heavy petrol.
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Fig. 3.11. Piping and instrumentation scheme ofdikgllation column
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i i i
0 5 10 15 t [min]

H ! 1 R
0 5 10 15 t [min]

0 5 1‘0 —— 1"5. » ‘t[.rnir.1].
Fig. 3.12. TITO control with error-dependent weigh factors (top: CV1, MV1Ay,
bottom: CV2, MV2,4y,)
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Fig. 3.13 shows the process model between the miat® and the controlled
variables
* manipulated variables:

- reflux flow,

- heating power (duty),
» controlled variables:

- top temperature,

- bottom temperature.
All times are given in the transfer functions imuiies.
In the following simulation plots the following rges of the variables were scaled to
0 to 100 %: (pressure compensated) top temper@I@EPCT) 50 to 64 °C, bottom
temperature (BOTPCT) 148 to 162 °C, reflux flow020 520 tons day and heating
power (duty) 3 to 10 MW. At time t=10 min the getint of the top temperature was
decreased by 3°C and at time t=200 min the set pdithe bottom temperature was
increased by 2°C.

|
| |
reflux flow | -0.0275 _s, ! top tempe-
-—> e () >
(uy) ! 1+9.4s ¥ | rature (y,)
| |
| |
! -0.02015 1oy !
| [1+126s |
! :
! 332 i :
| e |
: 1+8.3s |
| |
| |
heating power! 445 b § : bottom tem-
— e O =
valve pos. (u25: 1+ 6.5s | perature (y,)
|
|

Distillation column
Fig. 3.13 TITO process model of the distillatioduron

The multivariable control was simulated without staints and with sampling time
AT=1 min, the prediction horizon was giveRr;1=ne>=0 and ng1=Nne>=100, the
control horizon was,=25, the weighting of the control error and of tentrol
increments for the first and second manipulatedabéesAy;=Ay,=1, A,=0.0012 and
A2=30.8269, respectively. The simulation resultsshi@wn in Fig. 3.2.14.
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TOPPCT
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80 ;
Reflux

70

60} B R

50_ ........ AP P

: : Dufty

B0l e o BOTPCT... |
}
20k R o e : : i

10k L

0 i i i i i i i
50 100 150 200 250 300 t[min] 400

0
Fig. 3.14 Control of the TITO distillation columnaakel with constant control error
weighting factors (CV1: TOPPCT, CV2: BOTPCT, MV1efRix and MV2:
Duty)

It is seen that the set-point change disturbs tinerovariable, which should be
remained constant. This coupling effect was sugetdy the method of changing
the control error weighting factor as a functiortied control error.

A good decoupling could be achieved with the weightfactors set according to

(3.11) Wlth )\ylymax:]., )\yzymax:l, )\ylydamp_—25 and Aﬂ’damp:25. Flg. 3.15 ShOWS the
practically decoupled control.
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Fig. 3.15 Control of

the TITO distillation columnaodiel with control error dependent

control error weighting factors (top: CV1: TOPPCCY2: BOTPCT, MV1:
Reflux and MV2: Duty; bottomAcyi, Acvz
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4.  Nonlinear predictive control based on the Volterra
model

Predictive control algorithms determine a serieghef control signal minimising a
cost function which calculates the difference bemvéhe reference signal and the
output of the system model in a given future harizin the last decades predictive
control algorithms have gained wide industrial gtaace.

In industrial practice the plants generally contaanlinearities. Linear control

algorithms provide good performance only in a smatige around a working point.
If the reference signal varies in a big range, @dnalgorithms considering the

nonlinear characteristics of the plant would ensagtter control behaviour than the
linear control algorithms.

Nowadays there is an intensive research in theadreanlinear predictive control.

4.1 Suboptimal nonlinear Volterra model based predictive control
algorithms applied to the model of a pilot plant

There are different ways of modelling nonlineartegss (Haber, (1995, [27]), Haber
and Keviczky (1999,[26]).

Block-oriented description supposes seriesly comaestatic nonlinear and dynamic
linear parts. In the Hammerstein model the staticlinear characteristics precedes
the dynamic linear part, while in the Wiener mothed input signal acts first on the
linear dynamics, and the linear output provides itijgut for the static nonlinear
characteristics. A combination of the two modelthes Wiener-Hammerstein model.

All these models can be approximated by the Vdterodel, which besides the linear
part considers the effect of cross-product termghef shifted input signal in the
calculation of the output signal.

The Volterra model is applied for predictive cohtod a nonlinear process. In this
case predictive incremental transformation of tfueleh is necessary. Minimisation of
a quadratic cost function without constraints apglya quadratic Volterra model
leads to an analytic solution. The control sigsatalculated as a solution of a third
degree algebraic equation.

The control algorithms are applied to the moded b&all and beam system.
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411 Theparametric Volterra model and its predictiveform

The second-order parametric Volterra model is gibgnthe following equation
(Haber and Keviczky (1999, [25, 26]):

A6 )y(K) =6 +By(aqu(k —d) + B,(q; ", g, )u* (k- d) (4-1)

wherek denotes the current time poidtjs the discrete dead timd;, B; andB; are
polynomials of the backward shift operata™ of degreesns, np; and nyy
respectively. In detailed form:

YK == %8, Yk )+, + S b,uk-d i)+ 3 S, uk-d -u(k-d-j) (42

Shift the model equatiod +n, + dteps ahead

A@)y(k+d+1+n)=c, +B, (@ )u(k +1+n) +B,(q,",a;" )u’(k +1+n,) (4-3)

This form is non-predictive. To apply the model foedictive control predictive
transformation is required.

An incremental form where the predicted output deljseon the input signal
increment is advantageous for the derivation ofdwtrol algorithm, as the cost
function contains the control increment and not doatrol signal itself. The
current and the future control signals are expressigh the current and future
control increments and with the old input sigo@d -1) as follows

u(k+i) =uk 1)+ Y Auk+]) i=01L...n, (4-4)
j=0

Let us defineau” (k) as follows:

Au” (k) =u(k) —u(k -1 if k=0, (4-5)

Au’ (k) = u(k) if k<O.

With the incremental form the predictive model G@nexpressed as (Haber (1992,
1995, [27], [28])

Jlordslen, Q=05+ @R+ @I keten)
4-6
SZRICRUS TSRS
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where

(d+1+ng) -1y — (d+1+ng) -1
o (qT) =a™"™(q7)
min(i,ny; )
(d+1+ng) — (d+1+ng) «  § — .
e = N B =10, +2;
v=l
min(i,n,,) min(i,ny,)

yz(;ji+1+ne) — Z Z (d+1+ng) , I e l”., n + 2,

2vu e
v=l H=v
min(i,n,,) | min(i,ny,) min(j,ny,)
(d+1+ng) — (d+1+n ) (d+1+n ) |- - . 1 -1 1 .
Vi = DL D B+ z o =1, n+2 JEitlLi+2..,n +2
v=l H=v
(d+1+ng) — - 1 1
szJ ¢ =0 J <]
(d+1+n ) — (d+1+ng) (d+1+ng) — (d+1+ng) 1 1 1 1
O =g and yyptte =g, jzip if izn,+3

(4-7)
The incremental form can be written also in théofwing form:

Jlk+d+1+n, k) = pi*™™ + RO (@ )Au(k +1+n,) + P (g, o;1)Au? (k +1+1n,)
(4-8)

The degree of the polynomials @deg®) =n,+1 and deg®) =[n,+1n,+1]. The

coefficients are calculated as follows:

py ™ =cf + 0™ (@) y(k)
max(Ng+2,n,)
+ zy]gd+l+n8)u(k+ne +1_i)
i=ny+2
max(ng+2,n,,) max(ng+2,n,,)

£ ZATuken - uken +1-)

i=ng+2
max(ng+2,Ny;)
(d+1+ng) _ | (d+1+n,) (d+1+n,) — i) i =
R D WAV (S R e ) e B
j=ne+2
pgj+1+n) — 2icji+1+ne) i :l----ne +l ] :lzy_._,ne+1_ (4'9)

In (4-8) pi***™ contains the effects of the past inputs and outpuithe future output
signal,  while  RY"“(gMAu(k+1+n) gives the linear  and
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P (g1, g;h)Au?(k +1+n,) the quadratic terms depending on the actual andefu
control increments in the control horizon. The tep§i™™ does not depend on the
actual and future control increments, which arenamkn in the actual time poikt

(4-8) can be described also in the following form:

glk+d+1+n, [K)=Fo(k +d +1+n, [K) + (K +d +1+n, [K) + §,(k +d +1+ 1, |K)

(4-10)
with
Yok +d +1+n,|k) = p(()dﬂ*“e) (4-11a)
Au(k)
\/ +1+n, +1+ +1+n, AU(k+1)
y(k+d +1+”e|k):[piiei1 e) piilm), L pl] (4-11b)
Au(k +n,)
¥,(k+d +1+n, | k) = [Au(k),Au(k +2),---,Au(k + n,)]
e i) pleee T Auk)
0 pé"ﬁ” SRS p(z"fn“” 2l Au(k +1) (4-11c)
0 0 p(zd]:fll’fn) AU(k + ne)

4.1.2 Thecost function

A quadratic cost functiod is minimized, which considers the quadratic desrabf
the reference signa}, and the output signay predicted in a future horizon and
punishes also the squares of the control increments

I=(y, =9)" Ay, ~9) +Aui A AU, = min (4-12a)

or

J= Zﬁyne[yr(k+d +1+n,) - y(k+d+1+n_|k)]? +Z/1 Auz(k+j—1):rAnliJrfl

(4-12b)
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The tuning parameters of the control algorithm are:
* n,—n,:the prediction horizon domain,

s n: the control horizon (the number of the saggml consecutive
changes in the control signal),

* Ay, oAy, - Weighting factors of the control error, usualysumed equal to
1(A,=1),

*  Ay-Ay, - Weighting factors of the control increments, usuassumed to be
equal (and denoted then By).

4.1.3 Minimization strategiesfor the cost function

In the knowledge of the future (predicted) refeeesgynal the control error can be
predicted and the cost function (4-12) can be miech With the calculated control
inputs the output (controlled) signal achievegdtference value earlier than with no
prediction.
Depending on the control strategy and whether thegeconstraints or not, different
control algorithms can be derived.
* Multidimensional optimization
If the number of allowed changes in the controizwr is greater than one, multi-
dimensional optimization is required to computedp&mal control signal.
* One-dimensional optimization
Using special manipulated variable parameterizagioategies during the control
horizon, the optimization problem can be reducedne-dimensional (scalar)
case. This is the case e.qg. if only one changeamtanipulated signal is allowed
and in the subsequent points the change is zem| mcrements are assumed to
be equal.

The suboptimal case with constant control signal constant control signal
increments during the manipulated variable horisaronsidered.

As the predicted model output is a quadratic funrctf the input signal, and the cost
function is a quadratic function of the controlagrand the control increments, the
cost function is a 4th degree function of the aonticrements. In unconstrained case
the minimization leads to the solution of a 3rd réegequation in the control
increments

ko + KAUK + kA F( R+ kA d( k=0. (4-13)
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The coefficients in the equation depend on therapsion related to the change of the
control increments during the control horizon, Bieder et. al. (1999), [30].

a. Long-range optimal control with the assumptibnanstant control signal in the
control horizon

The derivation of the cost function according t@ ttontrol increment with the
prediction horizon equation (4-8) and with the ialitand final values of the
prediction ng, n,, supposing constant control signal during the temh horizon

leads to the following coefficients of the cubicuation (Haber et al., 1998; 1999a;
1999b)

ko = Z[p“” Y, (k+d +1+n)| i

=Neq

=2 Y[ -y e a s el s St ea, @

Ne=Ngy Ne =Ney

Nep
— (d+1+ny) (d+1+ng)
k2 =3 Z[pl,neﬂ l:pZ,ne+1,ne+1]

Ne =Ngg

Neo
_ (d+1+n,) |2
k3 =2 Z[pz,neﬂ,neﬂ] .

Ne =Neg

b. Long-range optimal control with the assumptidrc@nstant control increments in
the control horizon

The derivation of the cost function according te@ tbontrol increment with the
prediction equation (4-8) supposing equal contnarements during the prediction
horizon leads to the following coefficients of thebic equation (Haber, Bars and
Lengyel, 1998; 1999a; 1999b)

ko = Z [p(”) yr(k+d+1+n)][ﬁ‘z+:1 (d+l+n):|

=Ngy

ng+Ing+1 ng+1 n,-1
kl 2 Z[p(ne) — y,(k+d +1+n )]EEZZ pgﬁ+1+n ):| + Z |:Z (d+1+ne):| + Z/‘uj
j=0

Ng =Ngy i=0 j=i Ng=ng | i=1

(4-15)
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=1 ]:|

e el

Ne, [ ne+l ne+1ng+1
=33 [Sae [ 55w|
ne=n i=1 i
ey | Ng+1ng+1 2
k, =2 z |:Zz p§§+1+ne):| '

Ng=ng | =1 j=i

The control increment is to be chosen from amoegstilutions of the cubic equation.
From among three real roots that one is chosenanthervalue of the cost function is
the less. The real root is chosen if conjugate dexnpairs also exist. The control
signal should be inside the control limits.

4.1.4 Themode of the ball and beam pilot plant

The algorithms above were applied to the ball ardnb system BW500 in the

laboratory of the Department of Automation and Aglinformatics. The nonlinear

plant is represented by a ball lying on a beam waitradjustable angle. The ball can
roll upon the beam within a distance of 1m. By athed belt, a toothed wheel and a
clutch mounted on the shaft of a DC motor the beambe driven such that the ball
is stabilized at a pre assigned position. The aito control the position of the ball on

the beam. The picture of the system is given in &it1.1. The stabilization of the ball

is accomplished by a digital controller. Based oeasurements, the controller
generates a suitable signal, which controls then@er by an electronic servo

amplifier. The measurements are the angle of tlaenbebtained by an incremental
encoder and the ball position obtained by a CCDeramThe system is ready to
operate after connecting to the electronic actuator

Ly s
] -

Fig. 4.1.1. Ball and beam system
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Mathematical model of the ball and beam systenivesngin Appendix B.

The system model and its real-time cascade PIDralohts been analysed and
realised in the diploma project of Tziortzis, (20033]). Here the model and the
control of the beam velocity and angle will be ddesed. The simplified model of
the beam is given in Fig. 4.1.2.

Motor Control Beam
Voltage (U) | fq) > Kp » Integrator » Integrator | Angle

Fig. 4.1.2. Model of the beam system

Due to friction the nonlinearity is of dead-zonpéy(Fig. 4.1.3).

A f(u)

cy

Fig. 4.1.3. Dead-zone characteristics of the mesaliity

The aim of the current initial investigation is iaentify the model in parametric
Volterra form and to apply the suboptimal Voltegantrol algorithm for position
control of the model.

415 Identification results of the modd

Off-line identification has been executed with tt& method. The system model with
one and with two integrators has been identifieasatering different Volterra model
degrees (memory). For the experiments the gaimefsystem wak, =1, and the

dead zond&J ,_ = 0.5The step-like input signal is shown in Fig. 4.1.4
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Identification results of the system with two imgtqrs

The identification has been executed for differéolterra model degrees. As this is a
parametric description, small order (2, 3, 4) cooédenough, as the output signals
contain also the effects of the past inputs.

The identified parameters with degree 1 of theypaiials are as follows (the
identified polynomials are denoted by index 0):

A, =1-1.01037™
Cyo = —3.1478
B,=16677"

B,, =5.582,'q,"

The identified parameters for degree 2 of the pmiyials are as follows:
A, =1-2.0001" +1.0004

Coo = —0.3411

B,=0.3764"+0.3759~

B,, = 0.0422,'q," + 0.0003y,"q,” + 0.0410,%q,”

The identified parameters for degree 4 of the paiyials are as follows:

A, =1-3.44031™ + 4.3807° — 2.44061° + 0.5009™*

C,o = —0.0205

B, = 0.37561" - 0.16541 - 0.3533° + 0.187Y ™

B,, = 00428y 'q," - 0.018%;"q,” +0q;"q,” - 0.0403y;"q," +0c; g, — 0.0403"q;’
+0.0215;,°q," +0q, °q,” - 004q;°q," +0.0211, q,"*

It is seen, that the cross terms are zeros or dmdhe coefficient of the quadratic
terms. This is expected, as the system is givesn Hgmmerstein model.

Simulation results of the system with two integisito

Fig. 4.1.5 gives the output signal of the systeih e identified model excited with
the step-like input signal in case of memory 1sden that there is a deviation
between the system and the model output. Fig. 4Ho6vs the output signals of the
model and the system excited with the step-likelirgignal in case of memory 2. The
outputs of the system and the model are close ¢b ether. With memory 4 the
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coincidence is still better. Increasing the Volkemodel degree the identification is

improving.
2
u
1.5} 1
1
0.5¢
1)S
-0.5¢
1t
-1.5¢+
-2 I 1
0 5 10 15 g 20
Fig. 4.1.4. The ingidgnal used for identification
80F ‘ . ‘ y 80
y y
70| 7 70¢ b
80/ 1 60
50t 1 501
40l 7 1 40} =
30+ /'/ _ 30t
20t 1 20+
)/ P volterra | | | | /T
10 & —— original 10r Vgltlerra N
— original
% 5 10 15 g 20 % 5 10 15 gg 20
Fig. 4.1.5. Output signals of the model arfelg. 4.1.6. Output signals of the model and
the system excited with step-like inguhe system excited with step-like ingut
signal in case of memory 1 signal in case of memory 2
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4.1.7 Control smulation examples of the ball and beam system
The model with two integrators for memory 2 hasrbieentified as

y(k) = 2.0002y(k —1) -~ 1.0001y(k - 2) - 0.3411+ 0.376(k —1) + 0.375Qu(k - 2) +
+0.04221%(k —1) + 0.00031(k - u(k — 2) + 0.041%(k - 2)

The suboptimal control algorithms with strategyréd applied for the Volterra system
model. The reference signal changes between -122nthhe weighting factor of the
control increments is 1.

Fig. 4.1.7 compares the controlled and the manipdlaariables in case of two
integrators for Volterra memory 2 and 4 with stggte. The prediction horizon is
given by n, = 1and n, = 5 Both cases show good control performance. With

higher memory the manipulated variable is smootleg. 4.1.8 compares the
controlled and the manipulated variables in casewaf integrators for different
horizons with strategy 1 and memory 4. It is sdeat by increasing the horizon
results in smaller overshoot and smaller peaksemtanipulated variable.

20
Y
ol
-=——-mem.=2
—mem.=4
-20 : :
0 100 200 300 tfs] 400
2 . . .
u
1 N/‘
"
-1 1 1 1
0 100 200 300 tfs] 400

Fig. 4.1.7. Controlled and manipulated variables tf@o integrators, strategy 1,
n, =5
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0 100 200 300 ts] 400

Fig. 4.1.8. Controlled and manipulated variables tf@o integrators, strategy 1,
memory 4
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4.2 An iterative GPC-like nonlinear predictive control algorithm
for the parametric Volterra model

The system is modeled in the form of the paramsgtond-order Volterra model. A
guadratic cost function calculating the differenoéshe future reference signal and
the predicted output signal in the points of a gipeediction horizon is minimized.

A new iterative solution for predictive control hasen derived to obtain the series of
the control signal based on the parametric Voltenadel. This solution can be
considered as an alternative of the iterative swluising the non-parametric Volterra
model (Doyle et al. [22], Maner et al. [38]).

A case study of the level control of a two-tanktegs is discussed analyzing the
performance of the different Volterra model basestijztive control algorithms.
4.2.1 A new iterative control algorithm

In the following that case is considered when n@oreé not necessarily equal changes
are allowed in the control signal during the cohtiarizon.

The output prediction can be described by a veutarix equation:

Y=Yo+Y,1+Y, =Y+ P [DU+Y, =P, IDU+Y (ernin (4-15)
where
yfree+n|in = 90 + 92 (4'16)

contains not only the free response (i.e. termghvhre already known in the actual
time point), but also the unknown, nonlinear quadr@rms of the actual and future
manipulated signal increments.

The vectors give the performance of the systemfiriuaie horizon as
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y(k+d+1+n,|Kk)
y(k+d+2+n,|k)

<>
I

y(k+d +1+n,|k)

The predicted outputs can be composed of threesterm

Y=YtV +Y,
where the constant term:

(d+1+ng)
Po

(d+2+n)
o —| Po
Yo = :

(d+1+ngp)
0

P

the linear term:

y, =P, [Au=
(d+1+n,) (d+1+n,)
pl,nel+1 pl,nel
(d+2+n,) (d+2+n,)
— pl,ne1+1 p],nel
(d+1+n) (d+1+n)
Lng,+1 1ng,

the quadratic term:

Yo(k+d +1+n, k)
Yo(k+d+2+n, k)

Yo(k+d +1+n, k)

(4-17)
4-18)
(4-19)
Au(k)
Au(k +1) (4-20)
n | Autk+n,,)
(4-21)

where the individual terms in vectgr, are calculated according (4-11c).

The quadratic cost function can be minimized ifiedént ways:
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* by unconstrained or constrained numerical optinonadf the cost function,
* by iterative usage of a quasi-linear unconstrai@®€ (Generalized Predictive
Control) algorithm ( Clarke et al. [21] and
» by an iterative usage of a quasi-linear constra@®€ algorithm applying e.g.
guadratic programming.
An iterative algorithm was introduced in Doyle ét, §2001) [22], Maner et. al.,
(1996), [38] for the predictive control of the fieiresponse, non-parametric Volterra
model, which performs the following steps:

1. Assume initial values for the actual and futom@nipulated signal increments
(Au) (based e.g. on the last control step).
2. Calculate the “free + nonlinear response” tgrpy...;., accordingto  (4-16)
3. Calculate the new manipulated variable sequence
- in the unconstrained case by
Au = [PlTAypl +Au]_1P1TAy(yr _9free+nlin) (4'22)

- in the constrained case e.g. by quadratic progragn considering the
constraints

Au. <Au(k+j)<Au.... j=0L1..n,-1

uminsu(k+j)sumax; J :Ol’nu _1

These and other constraints can be consideredy @aspredictive control
context ( Camacho, Bordons, (1999,2004), [19], M@evski, J.M. (2002),
[43)).

4. Check whether the new manipulated sequencersliffem the previously
calculated (or guessed) one. If the differenceaigdr than a predefined
threshold vector, continue the iterative algoritirom Step 2 with the newly
calculated future control signal sequence, othert@ésminate the iteration.

In Doyle et al. (2001), [22] and Maner et al. (19988] a “mixed” predictive model
description is used, that means incremental termthe linear part §{,) and non-
incremental terms in the quadratic pag,). In Gruber et al.(submitted for
publication,[24]) it is shown that this algorithnarc be applied if the process is
approximated and identified by a parametric (aup@ssive) Volterra model and the
control is realized based on the nonparametricevi@tseries, using transformation
equations between the parametric Volterra model thedfinite response Volterra
series (Haber and Keviczky,(1999), [25,26]). Thevregorithm presented here is
based on the publications mentioned and it hafotlwving advantages:
» The control is based on the parametric Volterra eho@Parametric Volterra
models approximate nonlinear dynamic processes legh parameters than the
non-parametric (non-autoregressive) models usinghtiag function points.)
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» Both the linear and the quadratic terms of therodiet! output are predicted based
on system description with the control signal imceats.

Also the iterative algorithm can be simplified bgsaming equal control increments
during the control horizon. This case, howeverdseto the same results as the
suboptimal strategy using one-dimensional mininmratpresented before (Haber et.
al. (1999), [30]).

The iterative strategies of Doyle et al. (20012][@nd Maner et al. (1996), [38] using
the future control signal sequence and the newusireg the future control signal
increments in the quadratic part of the predictemuation provide similar results,
however with completely different prediction eqoas. (The prediction equations
differ also because of the difference between tbheeals applied: finite-response or
parametric.)

4.2.2 A casestudy: level control

Fig. 4.2.1 shows the scheme of a two-tank systdra.ifflet water quantity is denoted
by u,, the outlet quantities arg, and y,, respectively. The water levels are denoted

by h, andh,. The cross sections of the tanks #eand A,. The model of the plant
can be derived from physical equations.

1

R

Fig. 4.2.1. Scheme of a two-tank system
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(4.23)

d
d_?:i(klx/ﬁ_kzx/h_z)

ki and k; are constants. Relative units are used, all sgaa¢ related to their
maximum values.

Identification of the two-tank system in the forina second-order Volterra model

The model of the two-tank system is excited by adoan signal composed of
uniformly distributed random numbers on the intérfga 1]. Each value is kept
constant for 20 sampling points. The input and wutata are collected and then off-
line LS parameter estimation is executed supposingecond-order parametric
Volterra model.

The input and the output data of the level of twedr tank are shown in Fig. 4.2. 2.
The identified Volterra model of the tank is givienthe following relationship:

y(k) =0.0017+1.535¢y(k —1) - 0.617¢y(k - 2)
+0.0695(k —1) — 0.0697u(k — 2) — 0.0195u%(k —1)
+0.0593u(k —u(k - 2) +0.0163*(k — 2)

level of the tank

level

input

time [sec] x 10°

Fig. 4.2.2. Im@und output signals for identification
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From this model a quadratic polynomial static chamastics is calculated in the
following form:

+0.6861)2

steady

ysteady =0.0208-0.0034

steady

The static characteristics and its approximatiorshiswn in Fig. 4.2.3. Fig. 4.2.4.
gives the output of the tank model and its Volteapproximation if the input is

changed stepwise in every 150 sampling steps fram @4, 0.5, 0.6, 0.3 and 0.5,
respectively. It is seen that the approximationdseptable. The fitting of the curves
is better in the range where the static charatiesiare tightly close to each other.

static characteristics of the two-tank model
T I T I
real characteristics

1

0.9

0.8

0.7

0.6

0.5

level

0.4

0.3

0.2

0.1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
input flow
Fig. 4.2.3. Static characteristics of the two-tamlodel and of its Volterra
approximation

Predictive control of the two-tank system based®oWolterra model

The identified Volterra model is used in the préde control algorithm to calculate
the manipulated variable. The output signal isated on the basis of the physical
model of the plant. The reference signal changas 0 to 0.2, then to 0.3 and to 0.2
again, and finally a big jump is acting changing tsignal to 0.6. The iterative
algorithm is applied with the following parameters, =1; n,=5; A, =1, n, =1.
Fig. 4.2.5. shows the output and the manipulatgalass (full line). The control gives
good performance in the whole range of the referesignal. In case of the last input
change there is an acceptable overshoot. The tgerfmrmance is compared with
the suboptimal strategies when only one changeuppased in the manipulated
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variable (dashed line), and with the case when lechenges are considered during
the calculation (dotted line). It is seen that tfeeative algorithm gives the fastest
result. The other two suboptimal algorithms provaleo good performance, the
second algorithm supposing equal control increm@ntvides the smoothest and
slowest output signal. The running time of the sqtimoal solutions is short, as they
give analytic solution.

0.35 \ \ \ \ \ I I
: : : : : tank model
| | | | [ Volterra model
LE e e e
| | | | | | |
| | | | | |
| | | | i | |
025 ---r~---r~~"r~~"r~}-" T """ "7~ "T "
| | | | | | |
| | | | | | |
| | | | | | |
02Fr---r-——-r---r-~——rr—f-r—-———f--- T T~
| | | T | | T
| | | | | | |
| | | | | | |
015F---F-—--F-———§-——— [ Sl SR IR
| | | | | | |
| Poopo—e- | | | | |
| | | | | | | |
01lF-——-+-f -+ k- -
| | | | | | | |
| | | | | | [
| | | | | | T |
005 - - —bL bbb bbb
| | | | | | | |
_____ o | | | | | | |
s | I I I I I I I
0 L 1 | 1 1 1 1
0 100 200 300 400 500 600 700 800 900

sampling steps

Fig. 4.2.4. The output of the tank model and of Wslterra approximation for
stepwise input signal

0.8 T

iterative

Fig. 4.2.5. Predictive control of the two-tank gyatwith the different algorithms
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Fig. 4.2.6. shows the effect of the prediction honi with the iterative algorithm. The
tuning parameters arg =1,n, =1, n, =1andn_, =1, 5,10.

Fig. 4.2.6. Predictive control of the two-tank gyatwith the iterative algorithm for
different prediction horizons

It is seen that with longer horizon the controlnsigstarts before the change of the
reference signal and the output signal reachesdisired value smoothly.

It can be concluded that the suggested nonlineadigiive algorithm is promising,
providing good control results in the whole opergtiange.

Stability is not guaranteed, but during the itenatihe convergence is indicated.
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5. Summary of the new scientific results

In the last 30 years predictive control has gaimede acceptance in the process
industries besides PID control. In case of systarostaining big dead time
significantly faster control performance can beieabd with predictive control than
with PID control. Also in case of known referengajéctory predictive control
provides better tracking properties. Nowadays sgviedustrial program packages
support an appropriate environment for industnmgdli@ations of predictive control.

| have addressed three topics related to predicowerol.

1. In case of linear systems | have developed gtigdi PI(D) control algorithms.
PI(D) control algorithms can be equipped with pcede property if the error signal
applied to calculate the control signal is notdltual error, but its predicted value in
a future point or in a future horizon. In this cahtsystem the operator will see PID
control with embedded predictive properties. Apaigoplants generally can be
approximated by first-order models with dead timgave predictive PI(D) control
algorithms supposing first-order and second-ordedets. The empirical tuning rules
for PI(D) control can be modified for predictive(B) control. | applied set-point
weighting to improve set-point tracking. | also @éstigated methods how to enhance
robustness properties of the algorithms.

2. Industrial processes generally are complex, aomyg interacting MIMO
controller loops. There are different decouplinghtgques. Predictive control for
MIMO processes ensures inherent decoupling if the €unction does not include
terms punishing the control increments. But thesss are used to keep the control
variables within their limit values. Enhancing depbng properties of predictive
control algorithms is important for practical aggliions. For improving decoupling
properties of MIMO predictive control | applied gdi@e tuning of the weighting
factors in the cost function. | used these decagplechniques for TITO processes
and has shown their effectiveness in case of a hod@edistillation plant.

3. Most of the plants contain nonlinearities. Pegdé control algorithms based on
nonlinear model of the plant would ensure bettefopmance in the whole operating
range, than algorithms using linear models. Inmegears there is an active research
to develop nonlinear predictive control algorithr@e direction is to use Wiener,
Hammerstein or Volterra models to approximate tbelinear characteristics and to
develop predictive controllers based on these nsoddhave suggested an iterative
optimization method to control nonlinear systenmenitfied as Volterra models.
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New Results
Thesisgroup 1: Predictive PI(D) control of linear SISO processes

1. | have introduced a simplified control horizon ideathe original formulation of
predictive PI(D) control. | have derived predictii(D) control algorithms for
simple plants with first- and second-order trandianctions with dead time based on
their prediction equations.

2. | suggested simple tuning rules for predictive Blintrollers modifying the
Kuhn’s tuning rule for predictive PI(D) control.dpplied tuning based on GPC-PID
equivalence and gave a new calculation method fdergled horizon control. |
enhanced predictive PI(D) controllers by set-pairgighting property introduced by
Astrém and Hagglund [17] for PID control.

3. l analysed the possibilities for enhancing robustnef predictive PI(D) controller
using noise filter (T polynomial) and Smith predicfilter. | introduced the theory
elaborated in [19, 41] for the predictive PI(D) mimol.

Related publications: [1,2,3,4,5,9,11,12,13,14]

Thesis group 2: Enhancing decoupling properties of MIMO
predictive controllers

1. I used some decoupling techniques for TITO prosedséh the first method the
reference signal change is decelerated in ordemike the control slower and to
reduce the coupling effect. A new filter desigmesommended for calculating the
modified reference signal which suppresses thetaffethe disturbance in the other
control variable whose set-point was kept constaMith the second method the
control error weighting factor is changed depending the control error. The
weighting factor of that variable, whose set-valuas not changed is increased to
suppress the decoupling effect. Instead of symiting this adoption to the set-point
change using a signal detector, the weighting faig@et as a function of the control
error. Thus an automatic adaption is possible.

Related publications: [7, 15]
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Thesis 3: A new predictive control algorithm for nonlinear
systems described by the parametric Volterra model

I have suggested an iterative optimization methodcantrol nonlinear systems
identified as Volterra models. The method is basethe parametric Volterra model.
The optimization uses an iterative GPC-like techaiqwhere the nonlinear
prediction part is considered first as part of tinee response.

The performance of the control algorithm is dem@tstl on level control of a two-
tank model.

Related publications: [10, 13]
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6. Conclusion

The most frequently applied controllers in the psxcindustries are the PI(D) control
algorithms. Control engineers and operators areililanmwith the effects of the
controller knobs and have an expertise in theimmnThere is a number of tuning
rules based on simple process models. Such modelsbe obtained by simple
measurements, e.g. by measuring the step respbribe process, which generally
can be executed under industrial circumstancesabe of significant dead time
(transport delay) PI(D) algorithms provide slow tohperformance. To accelerate
their response PI(D) algorithms can be furnisheth vpiredictive properties. The
structure of predictive PI(D) algorithms is shovAmalytic expressions of predictive
Pl and PID algorithms are given for first- and setorder systems with dead time.
Tuning rules equivalent to GPC are presented. Tunifes of thumb (Kuhn, Astrém-
Hagglund, etc.) can also be used with some modifica. As in predictive PI(D)
control the effect of the parallel paths is addedhis case the continuous gain has to
be divided by the number of the parallel chann#igs (means that all the discrete
controller parameter values are divided by the obBhmumber). In case of
plant/model mismatch the robustifying effect of theise model filter T(q™)

polynomial) and of the robustifying filter in ther®h predictor-like scheme is added
to the predictive control structure demonstrateidnuation examples present the
behavior of predictive PI(D) algorithms.

In control of MIMO processes decoupling is an impot question. Predictive control
of MIMO systems ensures decoupling if the inputrémeents are not considered in
the cost function. As inclusion of punishment of lbbntrol increments is important
from practical point of view, improving of decoumdj properties in this case has to be
analysed.

Several decoupling methods were presented for Tpid@esses. In the first method
the actual reference signal was substituted by @ifrad, decelerated reference signal
in order to damp the disturbance caused in ther eimable whose set-point was not
changed. As an optimal modified reference signel ¢bntrolled signal in the not
decoupled case was used. Instead of storing thdewlference trajectory a new
method was recommended by identifying a referergreakfilter and filtering with it
the actual reference signal. In the second metheaantrol error weighting factor of
that variable, whose set-value was not changedcigased in order to suppress the
decoupling effect. Instead of synchronizing thisg@ttbn to the set-point change by
using a signal detector the weighting factor wdasasea function of the control error.
Thus an automatic adoption was possible.
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Several simulations demonstrate the proper funictgpaf the proposed methods. The
automatic adoption method is illustrated with thefQ model of a distillation
column. While controlling the concentration of istillation and the bottom product
the usual coupling effect could be suppressed pyoager choice of the weighting
factor adoption.

The procedures presented for TITO processes caeabiy extended for MIMO
systems of high dimensionality.

Most of the plants are nonlinear. Nevertheleshédractice generally linear control
algorithms are applied considering the linearizeddeh of the plant. Applying
nonlinear control algorithms better performancexpected in the whole operating
range.

Nonlinear Volterra model based predictive contrtdodthms derived by Haber
(1995), [27] have been applied to control the nwdr model of a ball and beam
system. The system model was identified in the fafnthe parametric Volterra
model. Matlab and Simulink programs have been evitto realize the nonlinear
control algorithms. Simulation results have showa éeffectiveness of the control
algorithms

A new iterative nonlinear predictive control algbm is presented here based on the
guadratic parametric Volterra model. The algorithses a GPC-like structure. The
control performance is demonstrated by a case sttidigvel control of a two-tank
system. The behavior of the new algorithm is compawith the suboptimal
nonlinear algorithms derived in Haber (1995), [27]he suggested nonlinear
predictive algorithm is promising, providing goodntrol results in the whole
operating range.
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Appendix A

Decoupling in control of MIMO systems

Realizing decoupling in control of MIMO processtt® design objective is to reduce
control loop interactions by adding additional cohérs called decouplers to a
conventional configuration.

Fig.1 shows the structure of the decoupling corgcbheme.
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Fig.1. Block diagram of decoupling control system
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A structure of decoupling a MIMO control system #oprocess with two inputs and
two outputs is shown in Fig. 1. (Seboreg et al8@3% Note that four controllers are
used: two conventional feedback controlle®, and G_,, plus two decouplersD,,

and D,,. The input signal to each decoupler is the outpgmal from a feedback
controller.

The transfer function matrix of the plant is



G G
Gp(S) :{Gpn p12i|

p21 szz

The decoupling controllers are designed to compgengar undesirable process
interactions. For example, decoupl®s, is to be designed to cangg|, which arises

from the process interaction betweanandy,. This cancellation will occur at the
y, summation if the decoupler outpuy, satisfies
Gpaily ¥ G Uy =0 (1)

Substitutingu,, = D,,u,, and factoring gives
(G p21 + Gp22 DZl)ull = o (2)

u,,(s) # 0 sinceu,, is a controller output that is time dependent.s[ha satisfy Eq.1
, it follows that

Gp21+Gp22D21 :o 3)(
Solving for D,, gives the following an expression for the idealalepler

Gle(S)

D, (s) =~ G (9

(4)

In an analogous way we can derive a design equébiorD,,(s) by imposing the
requirement thati,, have no effect og,. Thus, the compensating signal, and the
process interaction due %, should cancel their effects yn

Gp12u22 + GpllDlZUZZ =0 (5)
The ideal decoupler is given by

G p12 (S)

Dy,(s) =~ G (9

(6)




Simulation example

The transfer function matrix of the process disedssn subchapter 3.1.1 is
considered.

15 -01s 05 —05s
e —FF—e
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The ideal decouplers are

G,2.(9) __075(2s+1) o0 DL(8) = - G,1,(9) __03333s+ 1)2

PG 9T 05+ Go(9  (05s+1)°

| designed two classic Pl controllers 160" phase margin as
G, =0%8LsHY . o 522785+08)
S S

Fig. 2 shows the TITO predictive control withoutcdapling. The first and the third
figure show the reference and output signals fertito controlled variables, while
the second and the fourth figures give the manipdlaariables. The effect of the
coupling is seen. Changing of the first referengaa causes change in the second
controlled variable and changing of the secondresige signal influences the first
controlled variable.

Fig. 3 gives the TITO predictive control with depting. It is seen that the effect of
the coupling is reduced.

Let us compare this method with the MIMO predictwatrol using the technique of
control error dependent weighting factor adjustifidrig. 3.10). It is seen that the
performance of the MIMO predictive controller istiee than the decoupling effect of
the conventional decoupling method discussed above.
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Appendix B

1.1 Mathematical Model of the Ball and Beam System

Figurel: System elements for the Ball and Beanesayst

The following denotations will be used to derive thathematical model.
The abbreviations have the following meaning:

m: Mass of the ball

g: Gravity

r :Roll radius of the ball

I, : Inertia moment of the ball

I, : Inertia moment of the beam

M : Mass of the beam

b: Friction coefficient of the drive mechanics
K : Stiffness of the drive mechanics

u(t) : Force of the drive mechanics

| - Radius of force application

|, : Radius of beam

x': Ball coordinates with respect to the beam
y": Ball coordinates with respect to the beam
¢ : Angle of the ball to the beam

a: Angle of the beam to the horizontal



A linear sliding friction in the drive mechanicsabservable during a rotation, which
is described by the friction coefficidmt The spring with the stiffnesk takes into
account the delay behaviour of the driving beltckhhowever may be neglected in
the realized laboratory setup. With this the dgvforce u(t) is the input variable of

the system.

R

/ v

— ™ Rail

| |
D

Figure 2: The different radius of the ball withpest
to the rail of the beam

Because the ball does not roll in the plane, bu& igroove (u-type profile), two
different radius of the ball have to be considavadsetting up the motion equations.
One is the radiuRR of the ball, the other is the roll radius given by the distance
from the middle of the ball to the surface of tkeaim.

1.2
1.3 Motion equations of the system

M otion equation of the beam

mx*+1, +1,)d+ (2mxx +bl*)a+Kl?a+ (mr® + Ib)%x' - mgxcos@) = u(t)l cos@)

The following equation results, when ignore theoselcderivative ok .
mx*+1, +1,)4d+ (2mxx +bl*)a+ Kl’a-mgxcosg@) = u(t)l cos@)

Linearization of the previous equation about thearbeanglea=0 gives the
following linear approximation of the system.



mx*+1, +1,)a=u()l

Taking the Laplace transform of the previous equmtiresults to the following
equation.
S) I 1

2 _ a( L
(I, +1,)a(s)s” =u(s)l = o) = PG

M otion equation of the ball

Iy ). 1, > :
(m+—gjx+ (mr?+1,)=&d-mxa*+mgsina=0
r r

The second derivative of the input angle alphaactually affects the second
derivative ofr . However, this contribution was ignored. The Lagian equation of
motion of the ball is then given by the followinguation.

)., ' .
(m+—gjx— mxa’® + mgsina=0
r

Linearization of this equation about the beam aragte0 gives the following linear
approximation of the system.

Iy ), .
(m+ —2 |%=-mgsina
r

Taking the Laplace transform of the previous equmtiresults to the following
equation.

(m + :—ZJX(S)SZ = -mgds)= :8 __ (Ibergmj 3_12
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