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Abstract. In this paper, the model predictive control (MPC) algorithm for linear parameter
varying (LPV) systems is proposed. The proposed algorithm consists of two steps. The
first step is derived by using parameter-dependent Lyapunov function and the second step
is derived by using the perturbation on control input strategy. In order to achieve good
control performance, the bounds on the rate of variation of the parameters are taken into
account in the controller synthesis. An overall algorithm is proved to guarantee robust
stability. The controller design is illustrated with two case studies of continuous stirred-
tank reactors. Comparisons with other MPC algorithms for LPV systems have been
undertaken. The results show that the proposed algorithm can achieve better control
performance.

Keywords: MPC, LPV, parameter-dependent Lyapunov function, perturbation on control
input strategy, continuous stirred-tank reactor.

ENGINEERING JOURNAL Volume 16 Issue 2
Received 14 October 2011

Accepted 21 December 2011

Published 1 April 2012

Online at http://www.engj.org
DOI:10.4186/¢j.2012.16.2.61



DOI:10.4186/¢j.2012.16.2.61

1. Introduction

Model predictive control (MPC) is an effective control algorithm widely used in the chemical processes. At
each sampling time, MPC uses an explicit process model to solve an open-loop optimization problem and
implements only the first element of input sequence. Model predictive controllers based on linear models
are typically used. This is because the on-line optimization problem can be formulated as the convex
optimization problem by either linear programming or quadratic programming [1]. This is a good
assumption for typical processes. However, most of the chemical processes are nonlinear. Thus, when the
operating conditions undergo significant changes, the performance of linear MPC can deteriorate drastically.
Moreover, the stability of the control system cannot be guaranteed.

In [1], min-max predictive control strategy was presented. The nonlinear system is approximated by the
polytopic uncertain system. The goal is to design a state feedback control law which minimizes the upper
bound on the worst-case performance cost. The optimization problem at each time step is formulated as
the convex optimization problem involving linear matrix inequalities. The algorithm is proved to guarantee
robust stability. However, the algorithm turns out to be very conservative. This is due to the fact that the
nonlinear system is approximated by the polytopic uncertain system. Moreover, the scheduling parameter is
not taken into account in the controller synthesis.

In order to reduce the conservativeness, the idea of controlling nonlinear systems by using linear
parameter varying (LPV) systems has been widely investigated. At each sampling instant, the scheduling
parameter is measured on-line. However, its future behaviour is considered to be uncertain and varying
within the polytope. In [2], Quasi-min-max MPC algorithm for LPV systems was presented. The control
input is computed by minimizing the upper bound on the quasi-worst-case performance cost. The
algorithm is seen as an extension of the algorithm presented in [1] by keeping the first control input as a
free decision variable. The algorithm is proved to guarantee robust stability. However, an invariant ellipsoid
constructed to guarantee robust stability is derived by using a single Lyapunov function. Thus, the
conservative result is still obtained.

A feedback min-max MPC algorithm for LPV systems subject to bounded rates of change of
parameters was presented in [3]. The algorithm in [2], where open-loop MPC scheme is limited to one step
control horizon, is extended to the general case of control horizon of arbitrary length N. The bounded
parameter variations are assumed to be known. Moreover, they are exploited in the controller synthesis in
order to improve control performance. However, the stability of the control system cannot be guaranteed.
This is due to the fact that the constraint on terminal invariant set is not explicitly imposed. Moreover,
input and output constraints satisfaction before switching horizon N cannot be guaranteed as pointed out
in [4].

The ability of on-line MPC is limited to relatively slow dynamics processes. In order to reduce on-line
computational demand, a number of researchers have begun to study off-line MPC. In [5], an off-line
formulation of MPC using linear matrix inequalities was presented. A sequence of explicit control laws
corresponding to a sequence of invariant ellipsoids is constructed off-line by solving the optimization
problem presented in [1]. At each sampling time, the smallest ellipsoid containing the measured state is
determined and the real-time control law is calculated by linear interpolation between control laws of two
adjacent invariant ellipsoids. The stability of the control system is proved to be guaranteed. However, the
conservative result is obtained. This is due to the fact that the algorithm directly solves off-line the
optimization problem presented in [1]. In [6], an ellipsoidal off-line MPC algorithm based on nominal
performance cost was presented. The algorithm directly extends the algorithm presented in [5] by choosing
the nominal performance cost to substitute the worst-case performance cost.

From the preceding review, we can see that robust stability is usually achieved with conservative result.
In this paper, the closed-loop MPC strategy for LPV systems is developed. The proposed algorithm
consists of two steps. The first step is derived by using parameter dependent Lyapunov function [7] and the
second step is derived by using the perturbation on control input strategy [3, 8]. The scheduling parameter
and the bounded parameter variations are taken into account in the controller synthesis. Thus, the control
performance is improved.

The paper is organized as follows. In section 2, the problem description is presented. In section 3, the
proposed MPC algorithm for LPV systems is presented. In section 4, we present two examples in chemical
processes to illustrate our algorithm. Moreover, comparisons with other MPC algorithms have been
undertaken. Finally, in section 5, we conclude the paper.
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Notation: For a matrix A, AT denotes its transpose, A~ denotes its inverse. | denotes the identity matrix.
For a vectorx, x(k/k)denotes the state measured at real timeKk , x(k +i/k) denotes the state at prediction

time k +i predicted at real timek . The symbol * denotes the cotresponding transpose of the lower block
part of symmetric matrices. )(yi (x(k)) = CO{CI_)K (pk+i_l)X(k)}denotes the closed convex hull of all i -
steps state trajectories from Xat time K under the state feedback gain K. vert{;(,ﬁ” (X(k))} denotes all
vertices of )(:2” (X(k)). The matrix inequality A> B (A > B) means that A and B are square symmetric

and A— B is positive (semi-) definite.

2. Problem description

The model considered here is the following discrete-time LPV system:
x(k +2) = A(p(k))x(K) + Bu(k) )
y(k) =Cx(k)

where x(k) is the state of the plant, u(k)is the control input and y(k) is the plant output. We assume that

the scheduling parameter p(Kk) is measurable on-line at each sampling time K . Moreover, we assume that
A(p(K) € @, 2=Co{A, Ay, } @

whete Q is the polytope, CO denotes convex hull, A j are vertices of the convex hull and L is the number

of vertices of the convex hull. Any A(p(k)) within the polytope 2 is a linear combination of the vertices
such that

A(p(K)) = Jgpj(k)A,-

] ©)
Elpj(k) =1,0<p;(k)<1
Further, let B
267 (x(K) = Cof@x (P )x(k)} @

denote the closed convex hull of all | -steps state trajectories from X at time K under the state-feedback

gain K where

@ (p(k)) = A(p(k)) + BK ®)

Ok (P = B (PR Dy (pK+D)Dy (P(K + ). Dy (p(k +i-D) ©)

Following [8], the above sets can be computed according to

267 (X(K)) = Cofd, (p(k +i-1)z, VZ e vert{y ™ (x(K)}, Vp(k +i-1) e P}
P**! = vert{co{p(k) " Ap}}

P2 =vert{co{ p(k +1)* Ap}}

P =vert{co{ p(k +i—2) " Ap}}

where Apis the bounded parameter variation and it is assumed to be known.

U

The aim of this research is to find a state feedback regulation
u(k) = g(x(k)) 8)
which stabilizes Eq. (1)-(3) and achieves the following performance cost

min max  J_(k)
u(k+i/k) A(p(k+i))eQ,i=0

C&[xk+irk) ][O 0 x(k+i/k) ©)
Jw(k)_g[u(mi/k)} {o R}L(kﬂ/k)}
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where ® > 0and R >0 are symmetric weighting matrices, subject to constraints
U (K+17K)| < Up payo N =1,2.3..1, (10)

Y (K+i7K)[ < Yy e F=123..0, (11)

In [1], the optimization problem Eq. (9) is formulated as the convex optimization problem involving
linear matrix inequalities. The goal is to design the state feedback control law which minimizes the upper
bound on the worst-case performance cost. The algorithm is derived by using a single Lyapunov function.
Consequently, this approach turns out to be conservative. In order to reduce the conservativeness, MPC
synthesis by using a parameter-dependent Lyapunov function is developed.

Lemma 2.1: Consider the 1PV system (1) at each sampling timeK , the state feedback control law which minimizes the
upper bound 'y on the worstcase MPC objective J_(K) and asymptotically stabilizes the closed-loop system within an

L
invariant  ellipsoid & = {x/ xX'Qx<1,Q=> p;k)Q J} is given by u(k+i/k)=K(pk+i)xK+i/k),
j=1

L
K(p(k+i)) = Z p;(k+i)K;, K, :YJ.G}1 where Yj , Gj and Qj are the matrix variables obtained by solving the

=L

following problem:
mlnﬂj G 0, Y
1 x(k/K)' . (12)
s.t. >0, Vj=12..L
x(k/k)  Q;
G, +G] -Q, * * x|
AG;+BY; Q =* =
1 >0,vj=12.LVvI=12.L
0°G; 0 yI = ] (13)
1
R?Y, 0 0 yI
X * ) )
YJ-T G, +GJ-T -Q, >0, Vj=12...L, X\, U] h=12..0, (14)
> ) >0,Vj=12.L,S, <y? 12
(AG,+BY,)'CT G,+GT—Q, |~ Tk I = Yume T =500, (15)
Proof. Proof details can be found in [7].
The existence of a symmetric matrix X  with Xhh < Uﬁymax, h :1,2,..nu , such that
X * . .
vT G, +GJT -q, >0, J=12,.L guarantees that |Uh(k + I/k)| S Uy ey and  the existence of a
S *
symmetric matrix S with Srr < yf’mx, r =l,2,..|’]y such that >0,

TAT T
(AG,+BY,)'CT G,+G -Q,
J =12,..L guarantees that |yr (k+i/ k)| = ¥\ max - For more details, the reader is referred to [9].

Another idea to reduce the conservativeness is to use the perturbation on control input strategy [3].
However, this strategy cannot guarantee robust stability. This is due to the fact that the terminal constraint
is not explicitly imposed in the optimization problem. Thus, there’s no constraint to guarantee that
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X(k + N) € & . Moreover, the input and output constraints satisfaction before switching horizon N cannot

be guaranteed [4]. In the following lemma, we will present the perturbation on control input strategy which
can ensure robust stability and robust constraint satisfaction.

Lemma 2.2: Given the state feedback gain K which asymptotically stabilizes the system (1) within an invariant ellipsoid

&= {X/ X' Q71X < 1} and satisfies (10), (11), we can ensure that the system (1) is robustly stabilized and (10), (11) are
satisfied by the sequence of control inputs

Kx(k +i/k k+i/k)),,i=01,...N -1
u, (ki) = kFio relkri/K)), b (16)
(Kx(k +i/k)),,i=N

if there exists a sequence of free control inputs {C(k +i/ k)}:\i 61 satisfying the following inequalities:

2(k+N/K)"Q z(k + N /K) <1, Vz(k + N /k) e vert{y k™ (x(k))} (17)
I(Kz(k + /) + o(k + k), | < Uy e Vi € {0,....N =1},
' : 18
vhe {12..N,}, vz(k +i/K) e vert{y " (x(k))} -
(Cz(k +iK))| < ¥y s Vi €{01,....N 1},

(19)

vrefl2..N | va(k+i/k)e vert{y£ixK))}

Proof. The satisfaction of (17) ensutes that X(k+N/k)eeg, Vx(k+N/k)e )(:iJrN (x(k)) . 1f

X(k +N /k) € & , the state feedback gain K is able to steer the state from X(k +N /k) to the origin.

Thus, the closed-loop system is robustly stabilized.

The satisfaction of (18) ensures that [(KX(K +i/k) + C(K +i/K)},| S U, oy, IX(K+i7K)e L  (x(K)).

K

Thus, (10) must be satisfied. The satisfaction of (19) ensures that |(CX(k + i/k))r| <Y
VX(k +i/k)e y<"(x(k)). Thus, (11) must be satisfied.

K
3. The proposed MPC algorithm for LPV systems

In this section, the MPC algorithm for LPV systems is proposed. Lemmas 1 and 2 will be used in the
controller synthesis. The proposed algorithm consists of two steps. In the first step, the state feedback
control law is calculated by using parameter-dependent Lyapunov function. The state feedback control law
provided by the first step is designed to robustly stabilize the closed-loop system. In the second step, the
state feedback control law calculated from step 1 is perturbed by using a sequence of free control inputs

{C(k +i/ k)}:\i gl. The control performance is improved by minimizing an additional performance cost

over a perturbation horizon N. The scheduling parameter and the bounds on the rate of variation of the
parameters are taken into account in the problem formulation.

Algorithm 3.1

Step 1:
At any sampling time K , measure X(K) and find ¥, KJ- = YJ-GJ-_1 and Qj by solving the optimization
problem in Lemma 2.1 [7].

Step 2:
Given 7, K; =YjG;l and Q; from step 1, a sequence of free control inputs {C(k+i/k)}i’igl is
obtained by solving the following problem
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N
min 2.3
(20)
st| M " 150 vj=12.L vz(k + N /k) e vert{y k™ (x(k)}
Tlak+N/K) Q[T i K
JN <y 21)
(K 2K + k) + C(K +K)), | < Uy e, Vi € {01.N =1, -
| )
vhe 12N, }, vz(k +i/k) e vert{y " (x(k))}
(Cz(k +K)),| < Vs Vi€ {01,...N 1},
. . (23)
vrefl2..N, | vz(k+i/k)e vert{y £ (x(K))}
| * *
1
@2z(k+ik) J1.  * |20
* (24)

1
Rzck +ik) 0  J.I

i'n,

Vie{04,..N -1}, vz(k +i/k)e vert{y £ (x(k))}
Feed the plant by u(k) = K (p(k)x(K)+o(k), K(p(k) =3 p, (K, .

=
The stability of the control system is proved to be guaranteed in Theorem 3.1.

Theorem 3.1: The control law provided by the algorithm 3.1 assures robust stability to the closed-loop
system.

Proof. We prove this theorem in two steps. In step a, we prove that the control law
L .

uk +i/k)=K(pk+i))x(k +i/k), K(p(k +1i)) :Z p;(k+D)K;, K, =Y,G}",i=0 provided by step 1
j=1

asymptotically stabilizes the closed-loop system. In step b, we prove that by using the perturbations of

{c(k +i/k)}"; to improve control performance, the control law

iy KO X 7K + Ok +17K), = 04,...N -1
ulk+ )_{ K(p(k +i)x(k+i/k),i = N } @3)

provided by step 2 asymptotically stabilizes the closed-loop system.

Step a) The proof is based on the same rationale used for proving in Lemma 2.1. Thus, the control law
u(k+i/k) =K(p(k +i))x(k +i/k) provided by step 1 asymptotically stabilizes the closed-loop system.

Step b) By applying Schur complement to (20), with (21), we obtainz(k+ N/k)" JQ'z(k + N/k) < J,, <y where
L
Q=3 p,(K)Q,. This is equivalent to 2(k+N/K)'Q2(k +N/K)<1, Vz(k+ N /k) vertly™ (x(k))} Thus, the

j=1
state X(K + N/K) is restricted to lie in an invariant ellipsoid & = {X/ x"Q7'x Sl} and the control law
u(k +i/k)=K(p(k +i))x(k +i/k),i = Nis able to steer the state from x(k + N /k) to the origin.
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4. Examples

In this section, we present two examples that illustrate the implementation of the proposed MPC algorithm.
For both examples, the numerical simulations have been performed in Intel Core i-5 (2.4 GHz), 2 GB
RAM, using SeDuMi [10] and YALMIP [11] within Matlab R2008a environment.

Example 4.1: Consider the following nonlinear model for CSTR where the consecutive reaction
A——>B——C takes place [12]

X1 =—X, —Dax +u
1 1 a, X 26)

y 2

X2 = Da X, — X, — Da,X;
where X denotes the dimensionless concentration of A, X, denotes the dimensionless concentration of B,
The control variable u corresponds to the inlet concentration of A. The operating parameters ate shown in

Table 1. It is assumed that A———>Bis a first order chemical reaction whereas B———>C is a second
order chemical reaction.

Table 1. The operating parameters of nonlinear CSTR in example 4.1.

Parameter Value
Da, 1
Da, 2

By defining the deviation variables X1 =X — X ¢, X2 =X, — Xy, eq > u=u —U,, Where the subscript
€q is used to denote the corresponding variable at equilibrium condition, we have that all the solutions of

(26) are also the solutions of the following differential inclusion

5| (oo 1G]

where @ is given by

© - -1-Da, 0 ©. - -1-Da, 0 )
L Dai -1- DaZXZ,min L Da’l -1- DaZXZ,max ( 8>

X

—X
. . . 2,max 2 . .
Consider X, . < X, <X, . » the parameter P, is given by p; = and the parameter P, is given
’ ’ X — X5 i
2, max 2,min

X, = X5 i Y. X
2 “Zmin In this example, we have two controlled variables X1, X2and one manipulated

by P, =

XZ,max - X2,min
variable U . The objective is to regulate X1 and Xz from 0.05 and 0.1 respectively to the origin by
manipulating U . The input and output constraints are given as follows:
‘;1‘ <2
‘;2‘ <2 (29)

\G\ <25
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The discrete-time model is obtained by discretizing (27) using Euler discretization method with
sampling time of 0.1 min and it is omitted here for brevity. Here J_(K)is given by (9) with ® =101 and
R=0.01. Itis assumed that [p;(k+1)— p; (k) <0.1.

The proposed MPC algorithm will be compared with the MPC algorithms of Kothare ¢z a/ [1], Lu ez al.

[2] and Wada ez a/. [7]. Figure 1 shows the closed-loop responses of the system. It can be observed from the
figure that the proposed algorithm can achieve less conservative result as compared with other MPC

algorithms.

Algorithm 3.1 (N=2) Algorithm 3.1 (N=2)
Kothare ot al_ 1996 10 Kothare et al., 1996
N [ Lu et al., 2000 A Luet al. 2000
\ —-—-—-  Wada et al., 2006 s & —-—-—  Wada et al., 2006
% -U8 .
0.00 - —
Y ——
ke - 06
: Y el 3
I -059 ¥
\ N
Y S 04
VT
10 - - .
.02 -
15 4
0.00
20 . . . . T . T .
00 2 4 6 8 1.0 00 2 4 8 8 10
Time (min) Time (min)
a) Regulated output
10
5
S S DO
0.0 4 o ==
)4
I Algorithm 3.1 (N=2)
-5 /4 Kothare et al., 1996
E _/ 777777 Lu et al, 2000
A —-—-—-  Wada et al., 2006
1.0y
i
15
204
25 . . . .
0.0 2 4 6 8 1.0
Time (min)
b) Control input
Fig. 1. The closed-loop responses of nonlinear CSTR in example 4.1.

In [1], the state feedback control law is designed by minimizing the upper bound on the worst-case
performance cost. The quadratic function of the state is forced to decrease at each prediction time by the
amount of the worst-case performance cost. However, the algorithm turns out to be very conservative.
This is due to the fact that the nonlinear system is approximated by the polytopic uncertain system.
Moreover, the scheduling parameter is considered to be uncertain and it is not taken into account in the
controller synthesis.

In [2], the control input is computed by minimizing the upper bound on the quasi-worst-case
performance cost. The algorithm is seen as an extension of the algorithm presented in [1] by keeping the
first control input as a free decision variable. The scheduling parameter is measured on-line and it is
incorporated into the problem formulation. However, an invariant ellipsoid constructed to guarantee robust
stability is derived by using a single Lyapunov function. Thus, the conservative result is obtained.

In [7], the MPC algorithm is derived by using parameter dependent Lyapunov function. The scheduling
parameter is measured on-line and it is taken into account in the controller design. However, the control
input only depends on the state evolution (u(k) = K(p(k))x(k)). Thus, the conservative result is still obtained.
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t — — — — — —
Figure 2 shows the cumulative cost Z[Xl(i) X2 ()10[x1(i) x2(1)]" +u(i)Ru(i). It can be observed

i=0

that the proposed algorithm gives the lowest cost value as compared to MPC algorithms of Kothare ez a/.

[1], Lu ez al. 2] and Wada ez al. [7].

Cumulative Cost
IS
L

Algorithm 3.1 (N=2)
Kothare et al., 1996
Lu et al., 2000
Wada et al., 2006

Fig. 2. The cumulative cost

i=0

T T
4 6

Time (min)

t
> [xa(i) 2 (i)1O[x1 (i) x2 ()] +u(i)Ru(i) in example 4.1.

Though the proposed algorithm can achieve less conservative result as compared with other MPC
algorithms, it requires higher on-line computational time as shown in Table 2.

Table 2.

The on-line computational time in example 4.1.

Algorithm

CPU time per step

Algorithm 3.1
N=2

Step 1= 0.196
Step 2= 0.153 5

Kothare ¢f al.
Lu et al
Wada e7 al.

0.142 s
0.157 s
0.196 s

Example 4.2: Consider the following nonlinear model for CSTR where the exothermic reaction A—-B

takes place [13].
Ea

CA = \% (CAF _CA) - koeﬂiﬁ]CA

Ea

~AH koe[

T:\%(rf—T)+

p

RT]CA+VIOC
p

UA

T, -T)

(30)

where C, denotes the concentration of A in the reactor, T denotes the reactor temperature and T, denotes

the temperature of coolant stream. The operating parameters are shown in Table 3.
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Table 3. The operating parameters of nonlinear CSTR in example 4.2.

Parameter Value Unit
q 100 1/min
T, 350 K
Cu 1 mol/1
Y 100 1
p 1,000 g/1
C, 0.239 J/gK
AH -5x104 J/mol
E./R 8,750 K
K, 7.2x1010 min!
UA 5x10¢ J/min K

By defining the deviation variables Ca =C, —C, eqr T=T-T,,T,=T,-T, « where the subscript €q is

eq’ 'c
used to denote the corresponding variable at equilibrium condition, we have that all the solutions of (30)
are also the solutions of the following differential inclusion

Ca 2 Ca UOA =
L}(;pj@jJ{T}{VﬂC }Tc 31)

where @, is given by

—k e[_ml?:“"] _g 0 —k e(_Rf:axj _ﬂ 0
_| v T
P el e o [T ] o e 2
PCy ° Vo VeC, o, V VG,

Consider T <T <T_, , the parameter p, is given by p =

— Es
e RTmin

)
e RTmax —e RTmin

manipulated variable Tc . The objective is to regulate Ca and T from 0.2 and 0.5 respectively to the origin

and the parameter p, is

()
e RTmax _e RTmin

given by p, = . In this example, we have two controlled variables Ca, T and one

by manipulatingfc . The input and output constraints are given as follows:

[C4| <05 moli

T|<50K (33)
<50K

The discrete-time model is obtained by discretizing (31) using Euler discretization method with
sampling time of 0.01 min and it is omitted here for brevity. Here J_(K)is given by (9) with ® =1 and

R=0.01. Itis assumed that |p; (k +1)— p; (k)| <0.1.

T

Figure 3 shows the closed-loop responses of the system. It is seen from the figure that all algorithms

behave almost identically in regulating the concentration of A(EA) . However, the proposed algorithm

outperforms other algorithms in regulating the reactor temperatureT .
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25 4
Algorithm 3.1 (=2) 3 Algorithm 3.1 (N=2)
20 4 Kothare et al., 1996 LN Kothare et al., 1996
,,,,,, Lu et al., 2000 / . —————— Luetal, 2000
— — Wada et al., 2006 24 / N —— Wada et al., 2006
15 ]
3
E 10
<
10
05
0.00
T T T T T T T -4 T T T T T T T
0.0 2 4 6 8 10 12 14 0.0 2 4 & 8 1.0 1.2 14
Time (min) Time (min)
a) Regulated output
0
54
i
£ ol Algorithm 3.1 (N=2)
= / : Kothare et al., 1996
1= A Lu et al., 2000
s —-——-  Wada et al., 2006
-15 4 /
20
25 ‘ ‘ . T ‘ ‘ ‘
0.0 2 4 6 8 1.0 1.2 1.4
Time (min)
b) Control input
Fig. 3. The closed-loop responses of nonlinear CSTR in example 4.2.

to_ _ _ _ _ _
Figure 4 shows the cumulative cost Z[CA(i) T(®[H)]O[CA(i) T(i)]T +Tc(i)RTc(i). It can be observed

i=0

from the figure that the proposed algorithm can achieve better control performance as compared to MPC
algorithms of Kothare ¢z al. [1], Lu et al. [2] and Wada ez al. [7].

Cumulative Cost

700
600
500
400 - T
/// B
- S

300 - B
200

Algorithm 3.1 (N=2)
100 4 Kothare et al., 1996

______ Lu et al., 2000
ol —_—— Wada et al., 2006
T

0.0

t

Time (min)

Fig. 4. The cumulative cost Z[EA(i) f(i)]@[(_:A(i) f(l)]T +Te (i)Rfc (i) in example 4.2.
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5. Conclusions

In this papet, the synthesis approach to MPC for LPV systems using linear matrix inequalities is developed.
The proposed algorithm consists of two steps. The first step is derived by using parameter dependent
Lyapunov function and the second step is derived by using the perturbation on control input strategy. The
bounds on the rate of variation of the parameters are taken into account in the controller synthesis in order
to improve control performance. The controller design is illustrated with two examples in chemical
processes. Comparisons with other MPC algorithms have been undertaken. The results show that the
proposed algorithm can achieve better control performance.
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