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Abstract—A novel approach of multivariable fuzzy pre- [6], [1], neural networks [16], fuzzy-adaptive sliding-mode
dictive functional control is presented. The control law is approach [18], and gain-scheduling-based linear compen-
derived in the state-space domain, and given in an analytical sators [10] have been proposed. Furthermore, over the

form. The method was tested on a model of a 2-by-2 MIMO last f d d bstantial t of K has b
nonlinear plant, and compared to the control system using ast tew decades a substantial amount of work has been

gain-scheduling of a linear dynamic compensator. The process dedicated to various linearizing feedback approaches, see
was linearized in 63 operating points, and the compensator pa- e.g. [8]. Nevertheless, a lot of problems when providing
rameters were optimized using Edmunds’ frequency-response- the analytical control schemes are still open.
bas_eq technique. The results show th_at the proposed appr_oach This paper presents a novel control method for
exhibits better reference-model tracking in a wider operating MIMO nonlinear systems. The predictive functional con-
range, even without the use of optimization. e ’
trol method, presented in [19], was extended to nonlinear
|. INTRODUCTION systems. In [20] a similar approach was used to tackle
In recent years model based predictive control has reivariable-system control problems. The basis of the mul-
ceived a lot of attention in the control theory and applitivariable fuzzy predictive functional control approach (MF-
cations. A model of the controlled process provides thBFC) is to build a fuzzy model of a process, formulate it
forecast of the process output signal, and the control signial the state-space domain, and connect it in parallel to the
is calculated in every step in a way that the differenc@rocess. Reformulation in the state-space domain will lead
between the reference and the output signal is minimizet? a simple control-law solution. The fuzzy input-output
The fundamental methods are essentially based on the priglations provide instant linearization of the model param-
ciple of predictive control by Clarke (generalized predictiveeters, and the model states and outputs are directly used
control [3]), Richalet (predictive functional control [14]), in an analytically-derived predictive control law. This way,
Cutler (dynamic matrix control [4]), De Keyser (extendedsatisfactory control can be extended to a wider operating
prediction self-adaptive control [5]) and Ydstie (extendedange without the help of optimization.
horizon adaptive control [21]). The paper is organized in the following way. In Section
The majority of industrial plants is multivariable in 2 the derivation of the MFPFC control law is given. In
nature, i.e., there are many output variables to be controlledhe following section the proposed method is tested on a
and more than one input variable is coupled with th&imulation experiment, and compared to Edmunds’ control
outputs. When the interactions are not negligible, somapproach with gain-scheduling. Section 4 gives the conclu-
type of multivariable control has to be applied to achievesions and some future directions.
satisfactory performance of the closed-loop system. Proceﬁs
control of the truly multivariable systems has been exten--
sively studied in the literature [15], [12], [11]. Leithead ) . S )
and O'Reilly presented an approach where by designingA nonlinear system with multiple inputs and outputs is
decoupling compensators the interactions are diminishéiven by
and common univariable controllers are sufficient to pro- X(t) = £(x, u,t)
vide quality control [9]. Edmunds proposed a frequency- B (1)
based method of the multivariable-com i y(t) = f(x.1),
pensator tuning [7].
Some robust multivariable methods are presented in [13)herex € R" is the vector of statesy € R™ is the input
However, if the process to be controlled exhibits nonlinearector,y € R’ denotes the output vectaf,: R™ x R™ x
behaviour several of the above mentioned methods wilk™ — R™ is a smooth vector field representing a nonlinear
not provide satisfactory results. To tackle nonlinear procedgnction of the states and the inputs, ghdR" xR+ — R
control, a fair number of methods including fuzzy modelds the output function. To be able to derive a fuzzy model
of the system, the following assumption will be considered
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system in the state-space domain: The system output is then given as a sum of the responses

R;: ifzp1(k)isP,;and ... and z,.(k) is P, © Vo (k) = yom1 (k) + Yoo (k). @)
then x,,,(k+1) = Ay, jXm (k) + By, ju(k) + (k)
. The control goal is to determine the future control action so
The g-element vector, (k) = [zp1(k), ..., 2pq(k)] denotes  that the predicted output values coincide with the reference

the input or variables in premise, and= 1,...,7 is the  {rajectories. The point where the reference and output signal
number of rules. With each variable in premisg;(k) j  coincide is called a coincidence horizon, and is denoted by
fuzzy sets P;1,...,P; ;) are connected, and each fuzzyr The reference model trajectory in the state space domain

setP;, (ki = 1,. ..,g) is associated with a real-valuedjs given by

functionpp, (xp,-) R — [0, 1] that produces membership

grade of the i/ariablep,; with respect to the fuzzy s, ;. x,(k+1) = Ayx,.(k) + B, (k)w(k) ®)
A, ; andB,, ; are the system model state-space matrices, yr(k) = Cpx,.(k).

andr; (k) are the associated residual vectors. The variables

x,,; are not the only inputs of the fuzzy system. Implicitly, The reference model parameters should be chosen to fulfil
the r-element vectox,, (k) = [zy.1(k), ..., Tm (k)] also the conditionC,.(I- A,) !B, = I to enable the reference

represents the input to the system. It is usually referred tajectory tracking, i.e., the steady-state gain of the reference

as the consequence vector. model should be equal to one. One way to accomplish this
The whole output of the system is given by the followings to define
equation: B, =I1—A,
g C.=1 ©
Z H P; ; (Xpi)¢(x7 u,r, k) "
Xp(k+1) = ==l , The prediction is calculated under the assumption of con-
Z H wp, , (Xpi) ) stant future manipulated variables(f) = u(k+1) = ... =
j=li= u(k + H — 1)), i.e., the mean level control, and under the
o(x,u,r k) = A, jx(k) + By, ju(k) + r(k). assumption of constart;, j = 1, ..., m through the whole

prediction horizon. Under those assumptions, fiiestep
ahead prediction of the system and reference model output,
respectively, at time instarit is obtained as:

To simplify (3), a partition of unity is considered where
functions 3, (x,) defined by

Zl;[ 1p; ; (Xpi) Yo (k + H|E) = Cyy (Aﬁﬁxml(k) + Kmlu(k))
Bi(xp) = 57— 4 Yy ) (10)
Z H P (Xm) Yma2(k + Hlk) = Cp2 (Agbxm2(k) + Km?f'(k))
give information about the fulfilment of the respective (k+ H|k) = C (AHX (k)+f< w(k)) (12)
fuzzy rule in the normalized form. It is obvious that AT " ’

>i=1Bi(x,) = 1 irrespective ofx, as long as the de- \here
nominator ofg;(x,) is not equal to zero (that can be easily
prevented by stretching the membership functions over the K, = (Ag _ I) (Am 1
whole potential area af,). ’

Combining (3) and (4), the fuzzy model in the state-space K
domain can be described as a response to the system input

vectoru(k) K, = (A" -1)(A, -1)7'B,
X1 (k+1) Zﬁg (%p) [Am jXm1(K) + B ju(k)] A, = iﬁj(xp(k) i Zgj x, (k
j=1
le(k) - Z ﬁj (Xp)le’ijl (k) (5) le = f: ﬁj (X;D(k) mls m2 i ﬂ] Xp
Jj=1 =1

and to the system residual vectgik)

Xma2(k+1) Z B (%p) [Am,jXm2(k) + Bppr(k)]
The main idea of the MFPFC is the equivalence of the

m process objective increment and the process model output

Ym2(k) = Bj(%p)Crma2,jXm2(k), Bpr =L (6)  increment at a certain horizon. The process objective incre-

' mentA,, is defined as the difference between the predicted



reference trajectory., (k + H|k) and the actual process

output signaly,, (k) 8 Y, .
Ay =yr(k+ Hk) = yp(F) 12) !
A, = C, (A%, (k) + Kow(k)) = yp(k),

Output identificath signals
N

and the model output increment can be written analogousl;
using (7)

Am = Ym(k + H|k) - Ym(k)
Am = Y'rnl(k + H‘k) + Y7n2(k + H|k) —Ym-

The control law of the MFPFC in explicit analytical form  1f 1
is obtained by assuming the equivalence of the increments

(13)

0 Y, J
Ap = Am: (14) -1 L L L 1 1 1 1 1 L
O 20 40 60 8 100 120 140 160 180 200
and using (10), (11), (12), and (13): Time [s]
u(k) = Km1 (y7 (k+ H|k) — mlAngl(k) Fig. 2. Output identification data
— Ym2(k + H|k) + ym(k) — yp(k)) (15) TABLE |

Note that the control law (15) is realizable if the matrix MODEL PARAMETERS OF THE FIRST FUZZWMODEL OUTPUT
K,.1 is non-singular.

y1(k) ya(k) || wi(k) || ua(k) r(k)

I1l. SIMULATION EXAMPLE P, || 0.9369 ][ 0.0227 || 0.0730 || 0.0024 || 0.0924
. P, || 0.9711]] 0.0166 || 0.0222 || -0.0014 || 0.0465
A. Tuning of the MFPFC P, || 0.9638 || -0.0044 || 0.0222 || 0.0001 || 0.1461

The proposed method was tested on a two-input two- | P4 || 0.9814 ]| 0.0947 || 0.0211]] -0.0076 || -0.0502
. . P, || 0.9628 || -0.0464 || 0.0139 || 0.0013 || 0.2014
output nonlinear system given by (16). :

. Y1
71 = —2y1 + 0.3=— 4+ 0.7Tys + 5/uq
Y2 (16)

jo = —0.8y1 + 3y1 - 0.5y2 — 0.8ys + T\/uz models in 5 fuzzy subsets were established. Antecedent
vector consisted of four elements, the process outputs and
Firstly, a fuzzy model was built from the input-outputinpyts in%-th step,xZ (k) = [y1(k), ya(k), u1(k), uz(k)].

identification data. Fig. 1 and Fig. 2 show the input and th¢aples | and Il give the obtained model parameters that
associated output signals. Sampling time Was= 0.02  muyltiply the associated elements of the consequent vector
s, and the number of the input-output data pairs for eac,ttr( k) = [ym1(k), yma(k), ur(k), us(k), r(k)]. In Fig.
process output was 10000. Using Gustafson-Kessel Clus-the results of the model verification are presented. The
variances for the first and second model outputs were 0.0114
and 0.0030, respectively.

=
o

6 i B. Pl compensator method using the Edmunds’ tuning
technique and gain-scheduling

2k i The proposed method will be compared to a combination
0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ of a classical multivariable PI-controller-tuning technique
0 20 4 60 80 Ti;gO[S] 120 140 160 180 200 gnd gain-scheduling, as presented in [10]. The system, given
by (16), was first linearized at 63 selected operating points
throughout the complete operating range. The operating

Input 1 identification signal

TABLE I
MODEL PARAMETERS OF THE SECOND FUZZ-MODEL OUTPUT

Input 2 identification signal

0 w w ‘ * : : ‘ ! ! yi(k) || ya(k) || wi(k) || ua(k) || r(k)
0 ® 4 % & am, 0 W 1 102 P, || -0.0513 || 0.9228 || 0.0054 || 0.0159 || 0.2626
P, || -0.0423 || 0.8697 || -0.0053 || 0.0246 || 0.3194
Ps, || -0.0167 || 0.7905 || -0.0050 || 0.0480 || 0.1422
P., || -0.0575 | 0.7769 || -0.0039 || 0.0247 || 0.4954

Ps; || -0.0197 || 0.8904 || 0.0053 || 0.0187 || 0.0971

Fig. 1. Input identification data

tering method [2], the fuzzy parameters of the local linear
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C. Comparison of the results

The parameters for the MFPFC controller are the refe-
points were selected based on the system outputs. EdmMungsice model matrix
method [7] was then used to design a linear multivariable Pl
compensator for each operating point. The compensator pa- A, = {
rameters were obtained by optimization based on the model
and desired process frequency responses. The objectivea@ld horizon H = 10. The parameters of the reference
this method is to design a simple robust controller, whiclmodel were chosen according to the reference-model time
achieves a desired performance criteria. The drawback d®nstant of the Edmunds’ controller. In Fig. 6 to Fig. 9 the
in the time-consuming procedure of defining the operatingesults of the comparison of reference tracking experiment
points, linearization and optimization of parameters. and the associated input signals are given. It can be seen

The tuning parameters were a first-order reference model
time constant ofl,..; = 0.25 s and a closed-loop frequency T Edmunds
band ofw = [1072 , 10%]. The scheduling variables were o MERRC
the process outputg, andy,. The obtained compensator >°f i
parameterscp,; and kr;;, 4,5 € {1,2} are presented in
Fig. 4 and Fig. 5.
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that both approaches gave satisfactory results in reference
tracking. To consider the differences, let us take a closer

look to the transients of the second output when reference
is descending (Fig. 10) and ascending (Fig. 11). It can

Fig. 4. Parameters of the proportional part of the Edmunds’ compensatbe seen that the MFPFC exhibits fairly equal transient

responses in different operating points, while the transients
of the gain-scheduling Edmunds’ controller "suffer” slightly
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from operating condition change. In the case of the output-
disturbance rejection, following the reference changes in the
opposite process input, the proposed method provided better
results for the second output while the Edmunds’ method
gave better results for the first one. In general, the advantage
of the MFPFC is a quality control in a wide operating range
without the explicit use of optimization because the control
law is given analytically.

IV. CONCLUSIONS AND FUTURE WORKS
A. Conclusions

A novel approach of nonlinear multivariable control was
presented. For a MIMO nonlinear system a fuzzy model was
built and used in a multivariable fuzzy predictive functional
control scheme. The control law was derived in the state
space domain and given in an analytical form. The method
was tested on a model of a 2-by-2 multivariable nonlinear
plant, and compared to the gain-scheduling-based linear



dynamic compensator using Edmunds’ optimization tech{s]
nigue. The results show that the proposed approach exhibits
better reference-model tracking in a wider operating rangeg
even without the explicit use of optimization, and provides

a simple and effective method of tackling the control of10
nonlinear multivariable systems. [10]
B. Future Works (1]

Based upon the results, studying the effects of the MF12]
PFC design-parameter choice, parallel distribution of thf;13
control law, and stability issues deserve further attention.

[14]
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