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Predictive Functional Control Based on Fuzzy Model
for Heat-Exchanger Pilot Plant

Igor ékrjanc and Drago Matko

Abstract—in this paper, a new method of predictive control is implementation on heat-exchanger plant, which exhibits a
presented. In this approach, a well-known method of predictive strong nonlinear behavior. It has been shown that in the case of
functional control is combined with fuzzy model of the process. nonlinear processes the approach is potentially interesting in

The prediction is based on fuzzy model given in the form of th f batch t heat h f d all
Takagi—Sugeno (T-S) type. The proposed fuzzy predictive control € case ol balch reactors, heat-exchangers, furnaces, and a

has been evaluated by implementation on heat-exchanger plant, the processes that are difficult to model.

which exhibits a strong nonlinear behavior. It has been shown  The paper is organized in the following way. In Section Il, the

that in the case of nonlinear processes, the approach using fuzzy heat-exchanger pilot plant is presented, Section Ill deals with
predictive control gives very promising results. The proposed ia fy,77y identification. In Section IV, the concept of predictive

approach is potentially interesting in the case of batch reactors, trol and dicti trol based on f delis ai d
heat-exchangers, furnaces, and all the processes that are difficult c_on rolan . predictive cpn rolbased on tuzzy moael 1s glyen an

to model. finally, the implementation of the proposed control algorithm on

Index Terms—Fuzzy identification, predictive control, real-time areal temperature plant is discussed in Section V.

control.

Il. HEAT-EXCHANGER PILOT PLANT

I. INTRODUCTION i
The problem of heat-exchanger control with sensors and ac-

I N recent years, the predictive control has become a veptors limitation represents a serious problem from the point
important area of research. It is based on the predictionéﬁoptimm energy consumption. The problem lies in the non-
the output signal, at each sampling instant. The predictioninearity of the system behavior. The objective of our investiga-
is obtained implicitly or explicitly according to the modeltjon, a real temperature plant, consists of a plate heat-exchanger,
of the controlled process. Using the actual predictive contrglreservoir with heated water, two thermocouples, and a motor
law, the control signal is calculated which forces the predictegliven valve. The plate heat exchanger, through which hot water
process output signal to follow to the reference signal in way f&ym an electrically heated reservoir is continuously circulated
minimize the difference between the reference and the outiiihe counter-current flow to cold process fluid (cold water).
signal in the area between certain time horizons. The fundghe thermocouples are located in the inlet and outlet flows of
mental methods that are essentially based on the principleygd exchanger; both flow rates can be visually monitored. Power
predictive control are Clarke’s method, (generalized predictiyg the heater may be controlled by time proportioning control
control [1]), Richalet's method (model algorithmic control angising the external control loop. The flow of the heating fluid
predictive functional control [2]), Cutler's method (dynamiGan be controlled by the proportional motor driven valve. A
matrix control [3]), De Keyser's method (extended predictiogchematic diagram of the plant is shown in Fig. 1. The tem-
self-adaptive control [4]), and Ydstie's method (extendegerature of heated watét,, (k) is measured on the temperature
horizon adaptive control [5]). sensor TC4, which is on the outlet of the secondary circuit, the
In this paper, we are discussing a new method of predigmperature of cold water in the inlet of secondary cirgit k)
tive control. This approach combines a well-known method measured on the temperature sensor TC37Ang:) repre-
of predictive functional control together with fuzzy modekents the temperature of hot water in the inlet of the primary
of the process. The prediction is based on a global linegfcuit which is measured on the temperature sensor TC1. The
model, which is obtained by fuzzy model given in the form ofrimary circuit flow F..(k) is measured on optical flow sensor
Takagi—-Sugeno (T-S) type. The predictive control based orga and is defined by motor driven valve and the secondary flow
fuzzy model is capable to control also very difficult processes (1) is measured on the optical flow sensor F1.
such as strongly nonlinear processes, processes with longnhe controlled variable of our problem is the temperature in
time delay and nonminimum phase processes. The controllg{g secondary circuif,,, which is manipulated with the flow
based on prediction strategy also exhibit remarkable robustnggs which is a function of motor driven valve curreb,, ..
with respect to model mismatch and unmodeled dynamicghe current on motor driven valvig,,.,, is actual manipulated
The proposed fuzzy predictive control has been evaluated Pyiaple of the process. Furthermore, the heat-exchanger is just
one part of the plant, so the sensors and the actuators should
Manuscript received November 19, 1999; revised June 3, 2000. This wakso be modeled. The predictive functional control requires
was supported in part by the European Program Tempus Grant. ~ an jnternal model of the process. For nonlinear systems with
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Fig. 1. The heat-exchanger pilot plant. . .
9 xenanger protp between the past input—output data and the predicted output of

of heat-exchanger are well investigated, there are still sorWee model

physical parameters that should be estimated assuming a certain

structure of the process dynamics. The simplified first-principle Ik +1) = Fy(k),y(k = 1), y(k —n+ 1),

model of heat-exchanger is described by the following differen- u(k), ..., ulk —m +1)) 3)

tial equations:
where (y(k), y(k — 1),...,y(k — n + 1) and u(k),u(k —

To(Top)Top + Top = ¥Top + (1 — ¥) T (1) 1)...,u(k—m+1)denote the delayed model output and input

signals, respectively. The fuzzy model therefore approximates

where the generalized formula feiis given in the literature [6] the functionF. The model is calledjeneralized output error

and can be written as model
m Fuzzy modeling or identification aims at finding a set of fuzzy
1+ k. <i) IF-THEN rules with well defined parameters that can describe
y = ch _ @) the given input—output behavior of the process.
- <<i> ’ 4 <i> ) The approach of T-S fuzzy modeling [7]-[9], which was used
“A\ L, F, in our case to model the plant dynamic can be treated as uni-

versal approximator (UA) which can approximate continuous
wherek, andm are unknown constants amglis an unknown functions to an arbitrary precision [10]-[12].

function of operating point. All those parameters should be The T—S fuzzy model is based on the type of rule which can
estimated using classical optimization methods on real-tige written as
data.

During the operation of the heat-exchanger, some of the R7: if 2z is Aﬂl' and ...and zy is Af\
system variables (the flow, of the secondary circuit and theny = f/(z1...2x) 4)
the temperaturd’.. at the inlet of the primary circuit of the
heat-exchanger) are approximately constant. Our main g
is to control the temperaturg;, by changing the position of
the motor driven valve. The position of the valve is drive
with the current signalV;,.q.[mA]. To fulfill this goal, we

WHerexl ...xzy arethe inputsA{ is a subset of the input space,
is the output, ang is a function that can be in general non-
near, but it is usually linear.

i ; o The f logi del which is treated in thi bel
should first model the relation between the position of tr}% theez :I;?S/ 819Il(\:l,;nlgxev;\:ia:glels[lge]arﬁodlgls :nza\?vﬁlr bzodneg_s

motor driven valve and the temperature in the secondary circHg ; ; -
ted by fuzzy logic/neural net autoregresive with exogenous
1.,. Instead of gray-box model, black-box fuzzy model Oéﬁ y y 100 9 g

i is obtained b . tal deling. Alth NARX) variable. The models for the identification and con-
€ process IS obtained by experimental modeling. ou J of nonlinear dynamic systems are given and detailed de-

the pracess Is very complex, it could be presented as a mogg ibed in literature [14], [15]. Fig. 2 represents the fuzzy model

with approximately first order dynamics with small time dela}étructure used in our case

which could t.’e neglected anq char_lgeable parameters of th%he identification procedure involves the structure identifi-
model according to the operating point. cation of the plant and the estimation of the unknown parame-
ters. In the case of the FNARX models, the structure is usually
chosenad hocand then improved by some optimization pro-
The fuzzy model represents a static nonlinear mapping heedure. The estimation of the unknown parameters is divided
tween input and output variables. Dynamic systems are usuatijo the estimation of the parameters of antecedent membership
modeled by feeding back delayed input and output signals. Thumction and the estimation of the consequence parameters. In

I1l. Fuzzy IDENTIFICATION
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the case of T-S type models with center of singletons defuzzifiherea, b andr stand for fuzzified parameters of the process
cation, respectively, the generalized error models and assuningt have constant elements
properly tuned antecedent parameters, the estimation of conse-

quent parameters is especially simple since the problem is linear al'=[a1 ax ... ag]
in unknown parameters and the least squares technique can be bl =[by by ... byl
used.
i =1 e ... 7k] (11)

A. Global Linear Model Based on T-S Fuzzy Model

In the case of the heat-exchanger pilot plant, the rule of T
fuzzy model can be written as follows:

The parameters of the fuzzy model are obtained on measured
Tr$put—output data using least square optimization method.
The optimization approach in this case is different from the
o . approaches that are reported in literature [7], [9], [15], [16].
R’ if 21 is A; then y = ajzy + bz + 74, This novel approach results in a fuzzy model, which gives a
i=1,...K. (5) more accurate fuzzy model in the sense of the parameters.
This approach is based on decomposition of the data matrix
The input variables of the fuzzy model ate andz., i is the ¥ into K submatriced, ¥,,...,¥ . This means that the
output variable 4;, ¢ = 1,... K are membership functions of parameters of each rule are calculated separately. This leads
variabler;. Theif parts or the antecedents of the rules descrilbe a better estimate of the fuzzy parameters or the variance
fuzzy regions in the space of one or more input variables anflthe estimated parameters are smaller than in the classical
the then parts or the consequents are linear functions of tla@proach. The reason for this fact lies in a better conditioning
inputs. of submatrice@, ¥,, ..., ¥g.
Defining the output temperature of the heat-exchariger The algorithm of calculating the fuzzy model parametgrs
as the output or controlled variabje and defining the current b;, andr; for ¢ = 1,... K will be given next. The algorithm is
signal to the motor driven valvE,,.q,, as the input or manipu- based on (10), which describes the fuzzy model of the observed
lated variableu the fuzzy model in (5) is rewritten in the fol- process. Assuming the normalized degrees of fulfillment, which

lowing form: are also time dependent, this leads to
R: if y,(k) is A; then y,(k + 1) = a;y, (k) +bu(k)+r,, > Bilk)y =BT (W)I =1 (12)
i=1,....,K (6) i

where! stands for unity vector. According to the normalized

whereu(k) andy, (k) are input variables of the fuzzy Sys'temblegrees of fulfillment (10) can be written in the following form:

yp(k+1) is an output variable and; are membership functions
wherei = 1,...,n,. The number of membership functions of

1 1 1 1
the input variabley, (k) defines the number of rules” = n,. B ()Lyp(k + 1) = B° (Kayy (k) + B~ (k)pu(k) + B7 (k)r.
The membership functions have to cover the whole operating (13)
area of the closed-loop system. The output of T-S model is than
given by the following equation: This leads to the form of the fuzzy model described in the fol-

lowing equation:
K

yp(k+1) =Y (Bile(k)) (aiyp(k) + byu(k) +7:)  (7) K

i=1 > Bilk)yp(k+1)
=1
whereyp(k) represents the regressor which consists of input and K
output signals. The normalized degree of fulfillmehte(k)) = Z (Bi(B)ay, (k) + Bi(k)byu(k) + Bi(k)ry).  (14)
is given in the following equation: i=1
e, (yp(k)) Equation (14) can be separated idfoequations which repre-
Bile(k) = — : (8)  sent the participation of a certain rule to the whole output vari-
Z 14, (up(k)) able of the fuzzy model. This results in the following:
=1
Th lized d f fulfillment for the whole set of rul RE Bk + 1) = k), (k)
e normalized degrees of fulfillment for the whole set of rules .
can are written in vector form as ) + Auk)brulk) + Ailk)m (15)
R Ba(K)yp(k + 1) = Ba(k)azyp(k)
Br=[3 B ... Bkl 9) + Ba(k)bou(k) + B2(k)ra (16)
Due to (7) and (9) the process can be modeled in fuzzy form as . : 17
R™: Br(k)y,(k+1) = Br(k)arxyy(k)

yp(k+1) = Blay, (k) + B bu(k) + 'r  (10) + B (bru(k) + Br (k)i (18)
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To obtain the fuzzy model parametets b;, andr; for i = The model in (10) represents a linear model with changeable
1,... K the following form of regressor will be used for eactparameters that are called the global linear parameters and are
rule: given in the following:
¥i(k) = [Bi(F)yp(k)  Bi(R)u(k)  Bi(k)1].  (19) a(p(k)) = B (p(k))a
b(p(k)) = B (p(k))b
Composing the regressors of a certain rule for the whole (k) = BT (@(k))r. 27)

group of input—output data pairs the regression makjxis

obtained This procedure can be viewed as an instantaneous linearization
of the process dynamics. The described instantaneous lineariza-
Byl B(Lu(l) A1) e p Y :
tion gives the parameters of a global linear model that depend
/31(2)311)(2) [32(2)u(2) /31(2)1 thei I h d h del _
v, = . . _ (20) ©onthe input regressor vector. In other words, the model param
: eters are spanned on input regressor vector that depends on the
Bi(N)yp(N)  Bi(N)u(N) Fi(N)1 model structure. The global linear parameters of the process can
be used directly in the case of adaptive and predictive control
where N stands for the number of data pairs. The regressonigere the controllers adapt to the dynamic changes on line.
added to the regression matrix when the following criteria is
fulfilled:

IV. PREDICTIVE FUNCTIONAL CONTROL BASED ON Fuzzy
Bi(k) > 6, k=1,...,N (21) MODEL

Exﬁ't%“?r?ﬂoﬁ t?r?w prt:tct;:ﬁ? t:‘:q Tr?;ﬁ(vw'r” ibi svrrzpﬁrilyncondl— rcertain (finite) horizon and to evaluate control actions to min-
oned. Thisisimportant for ma ersio CNISNECESSafY,ize a certain cost function. The predictive control law is in
to get the fuzzy model parameters.

: . - neral in minimization of the following criterion:
The output variable which corresponds to the riRg is general obtained by ation of the following criterio

written in the following form: N
Yp(k +1) = Bi(k)yp(k + 1) (22) =N

N

and will combine an output data vector + A WPk + ) (28)
j=1

Bi(L)yp(1) . . . :
‘ Bi(2)yp(2) wherey,,(k + j), v.(k + j) andu(k + j) stand forj-step
Y, = . . (23) ahead prediction of process output signal, reference trajectory,
: and control signal, respectivel§/;, N, and N,, are minimum,
Bi(N)yp(N) maximum, and control horizon, respectively, andieights the

‘ relative importance of control and output variables. The basic
The fuzzy model for the rul®* in the matrix form is written predictive control strategy and basic parameters are presented
as follows: in Fig. 3. The predictive control law adopts a receding policy,
4 which means that at each time instant, the optimal control se-
yp(k+ 1) = (k) (24) guence according to the criterion in (28) is obtained, but only

) the first element in this sequence is applied to the plant. The
where vectod); contains the fuzzy model parameters for the ru'ﬁrocedure is repeated in the next time instant

R
The fuzzy model parameters for the rdRé are obtained
using least-square optimization method

MBPC stands for a collection of several different techniques
all based on the same principles. Originally, the algorithms have
been developed for linear systems, but the basic idea of predic-
tion has been extended to nonlinear systems [17], [18]. In our

0 = (g’z‘Tg'i)_lg'iTY; (25) approach, the basic principles of predictive functional control

are applied. In this case, the prediction of the process output is

whered; consists of parameteus, b; andr; given by a fuzzy process model. In this section the basics of pre-
dictive functional control based on a fuzzy model (FPFC) for the

0, =la; b ) (26) first-order system are introduced. The fundamental principles of

predictive functional control [2], [6] are very strong and easy to
By calculating the fuzzy model parameters for the wholenderstand because they are natural and can be rapidly grasped
group of rules, the fuzzified model parameters are obtainedl@xcause the skilled plant operators always observe these princi-
it is given in (11). ples. The global linear model of the smooth nonlinear process of
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Fig. 3. The basic predictive control strategy.

the first order is described by the following difference equatiodicted reference trajectogy.(k + H) and actual process output
with global linear parameters: signaly, (k)

Yk + 1) = @mym (k) + bpu(k) + 7. (29) A, =y (k+ H) —y, (k). (35)

Closed-loop behavior of the system is defined by reference trssuming (34) the objective incremehy, is defined as follows:
jectory which is given in the form of reference model. The con- _H I

trol goal is to determine the future control action so that the area Ap = apur (k) + (1 = a Jw(k) — yp(F). (36)
between predicted output and reference trajectory over a certaire model output increment,,, is defined by

prediction horizon {;, N3) is minimized. The reference model

in the case of first-order system is given by the following differ- B = Yk + H) = ym (k). (37)
ence equation: According to (33), the model output increment is the following:
where the reference model parameters should be chosen to fulfill 1 CH
the following equation: Tz a (1= @p)7m = ym (k). (38)
b, From the above equations and the goal of FPFC, which is de-
T—a, 1. (1) scribed with the following:
This choice ensures that reference-model output tracks a con- A=Ay (39)

stant reference signat and it enables the reference trajectorye control law of FPFC is obtained in explicit analytical form
tracking.

as
According to (31) it follows that:
910 ey — ) = () + (k) = ()
yr(k + 1) = apy- (k) + (1 — ap)w(k). (32) bm (1— at)
~ — Gy
In the case of fuzzy predictive functional control, one single f 1- aj’
horizon is assumedV; = N, which is called coincidence + 7”’37() _Im (40)
horizon H. At this horizon the predicted output value coincide b, b
with the reference trajectory. To derive the control law also the 1—ap,
constant future manipulated varialgk) = uw(k +1) = ... = The control law given in (40) is usually simplified into the form
u(k + H — 1) and A = 0 has to be taken into account. Thegiven in the following:
H-step ahead prediction of the process output based on fuzzy oH N i i .
model is calculated assuming constant global process parame;(k) = {a Or ) (wik) = yp(k)) + y"f(k) _ I (42)
ters over the whole prediction horizon and is given by bin (1—aH) b b
~ 1- &rn m 1- drn
ym(k+ H) = ally,. (k) + . b"i (1 — a)u(k) This simplification is justified in
. a f"y - a;! (y, (k) — w(k))
= — A ) Tm- 7
L= I an
The reference trajectory prediction is given by the following TEm H
equation: _ @ (yp(k) + e(k) —w(k))
brn ~
ue(k + H) = aPy (k) + (1 — ayw(k). (34) =g (L—ai)
The main idea of FPFC is the equivalence of the objective _ a! (yp(k) —w(k)) afl (k) (42)
increment of the process and the model output increment. The b, - b, -
objective incrementy, is defined as the difference between pre- 1—a,, (1 —ap) 1—a,, (1 —ap)
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Membership functions of linguistic variable Tsp
T T T T T T T T T T

Al A2 A3 A4 A5 A8

e(k) = yr(k) — yp(k) @3 f ]

and defines the reference-model error. Assuming a stable re:
ence model the parameter should satisfy the following con-  °%f 7
dition:

wheree(k) stands for

o

i 0.6 4

0<a <1 (44)

According to the integral action of predictive functional con
trol, which is due to the second term on the right side of (4.
or the internal model of the process, which is in the inner po
tive feedback loop, the reference-model ex(@r) tends to zero. o2 ]
This means that the last term in (42) tends to zero

atl

_ (k) = 0. (45)
b'rn (1 _ EI/,,I;Il) 1‘0 1’5 2.0 2l5 S'OTSP [’C?lS 4l0 4‘5 5l0 5l5

o
204 b

Degree of memb

1—ap,

Equation (42) is according to the previous equation simplifi§dy. 4. The linguistic variablé’, .
to the following:

a (y (k) —w(k)) . ol (y, (k) — w(k)) time 7, = 4 s. The sampling time was chosen to fulfill the
i = 1 (46) requirements of sampling in different operating points
——(1-af) —— (1—af) Lo :
1—a, 1—a, R if y,(k)is Ay then y,(k + 1)
This justifies the simplification of the control law in (40) to the = 0.9797y, (k) + 0.0645u(k) — 0.0227
simplified control law in (41). RZ: if yp(k) is A then y,(k + 1)

The predictive functional control scheme introduce the incre-
. . = 0.9764y,(k) + 0.0907u(k) — 0.1160
mental law through the internal model of the plant. This in- _, ) up (k) + u(k)
ternal model in the positive feedback loop multiplied by in- B if 45(k) is Az then y, (k + 1)
verse process model gain enables the integral action to the con- = 0.9705y,, (k) + 0.1724u(k) — 0.6004
trol system. This ensures that plant output tracks the refer_enceR4; if y,(k) is A4 then y,(k + 1)
bm;ndceelso[gc]ptfé]also in the case of the input and output distur- — 0.9685y, (k) + 0.1283u(k) — 0.1274
The transformation of the internal model feedback loop from B’:  if yp(k) is As then y,(k +1)

(41) to transfer function results in = 0.9804y, (k) + 0.0304u(k) 4 0.4304
(1= amzb) RS if y,(k) is Ag then y,(k + 1)

Gim(2) = (1— 210 (47) = 0.9781y, (k) +0.0135u(k) + 0.8471.  (49)
which clearly indicate the integral action of predictive funcThe linguistic variable off;, is shown in Fig. 4, where it is
tional control law. shown that operating domain is divided into six membership

functions. The characteristics of the plant behavior are shown
V. PREDICTIVE CONTROL BASED ONFUzzY MODEL FOR in Fig. 5, where a statical characteristic measured on the plant
HEAT-EXCHANGER PILOT PLANT data is shown and the gain of the process that is also measured

- . . . .on the plant data is compared with the fuzzy model based esti-
The predictive approach discussed in the previous section . : : . .

- mation of the process gain. It is shown that process gain varies
has been implemented on a real temperature plant, the heat-ex- ... ; . :

. . significantly according to the operating point. The fuzzy model
changer pilot plant. The model of the plant can be given a . . . ;

. . . . . I (49) was used as an internal model in the predictive functional
model of first-order dynamics with a small time delay which

is neglected. The parameters of the plant vary according to %gonthm. The global linear parameters are calculated instantly

. i i L In‘each sampling instant as shown in (27). With respect to those
operating point. The relation which is modeled by fuzzy model - . i
) . o parameters, the predictive functional control law is calculated
is presented in the following:

due to (41). The prediction horizon is normally chosen as in-

Top(k + 1) = F(Lop(k), Vinaw (k). (48) teger number in the interval defined in
The fuzzy model which was developed on real-time data of the 1< H < I, (50)
plant consists of six rules and is of the first order. The fuzzy 275

parameters of the model depends only on physical variBhle whereZ’. stands for the reference-model time constant&nd
or with other words, depends on process outgutThe fuzzy for sampling time. In our case, it was chosen due to the fre-
model in form of fuzzy rules is presented in (49) with samplinquency characteristics study of the input and output disturbance
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Statical characteristic of the plant Plant and reference—modet output
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Fig. 5. The plant and fuzzy model characteristics. Fig. 6. The plant output temperature, the reference-model temperature, and

the control original.

transfer functions and the open-loop transfer function. The co-
incidence parametd{ has a Very small influence on the |nputThat is also the main reason that it has not been used as an input
disturbance frequency response, in the case of the output disi@dable to the process model. The problem of heat-exchanger
bance frequency response the magnitude iS moving to the |O\ﬁéﬂtr0| W|th sensor |Im|tat|0n I’epresents a SeriOUS problem. To
frequencies when the coincidence horizon is getting higher. Tektain a good control action is difficult because of the nonlinear
higher value of coincidence horizon would also shift the magystem behavior. The results which have been obtained using
nitude of the open-loop frequency response to the lower fidle proposed fuzzy predictive algorithm exhibits a very good
quencies, which means a slower response to the reference siggsiormance in both modes, in model following mode, and dis-
changes. In our application a predictive horizon has been choééipance rejection mode.
asH = 8 according to the previous study of frequency charac-
teristics. The reference-model time constdhtis chosen ap- VI. CONCLUSION
proximately equal to the time constant of the plant. The choice | this paper, fuzzy predictive control scheme is presented.
was made to show only the phenomena of perfect referengge gevelopment of a new fuzzy predictive scheme was
model tracking in the case of nonlinear plant gain using fuzj{otivated by the unsatisfactory results obtained by using
predictive functional control. The reference-model time coRspnyentional techniques. Regarding the real-time experiments
stant was chosen &. = 160 s, this results in the discreteregjized on the heat-exchanger plant, it can be seen that the
transfer function novel algorithm introduces a great robustness and satisfac-
1 0.024721 tory performance also in the presence of model parameters
Gr(z7) = 1-09753, L (51) mismatch which was obtained by change of the outlet flow.
with the sampling timeél; = 4 s. The reference-model timeThe 'proposed approgch pffers some gdvantages .in the case of
nonlinear systems with simple dynamics. The main advantage

constant7;. or in a discrete time domain the parametgris . ) . RN
. . . n_comparison to the other modern techniques is simplicity
the most important tuning parameter in the case of FPFC. The .
together with excellent performance.

parametet,. has great influence on the input and output distur-
bance rejection. By decreasing the parametethe magnitude
of frequency response characteristic is shifted to the higher fre-
quencies in both cases. A lower value of the paramgteiso The author would like to thank to Dr. J. Richalet, Adersa,
reflects in a faster response to the reference signal changesFrance, for his help.

The output of the proceds,, and the reference-model output
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