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An offline model predictive control (MPC) algorithm for linear parameter varying (LPV) systems is presented. The main
contribution is to develop an offline MPC algorithm for LPV systems that can deal with both time-varying scheduling parameter
and persistent disturbance. The norm-bounding technique is used to derive an offline MPC algorithm based on the parameter-
dependent state feedback control law and the parameter-dependent Lyapunov functions. The online computational time is reduced
by solving offline the linear matrix inequality (LMI) optimization problems to find the sequences of explicit state feedback control
laws. At each sampling instant, a parameter-dependent state feedback control law is computed by linear interpolation between the
precomputed state feedback control laws. The algorithm is illustrated with two examples. The results show that robust stability can

be ensured in the presence of both time-varying scheduling parameter and persistent disturbance.

1. Introduction

Model predictive control (MPC), also known as receding hor-
izon control, is an effective multivariable control algorithm
in which a dynamic optimization problem is solved online.
At each sampling time, MPC solves a finite horizon optimal
control problem based on an explicit model of the plant.
Although an optimal control sequence is determined, only
the first control action is applied to the plant. Due to its
ability to guarantee optimality while ensuring the satisfaction
of constraints on input and state, MPC has received much
interest in both industry and academia [1-3].

An explicit linear model is typically used in the MPC
formulation because the online optimization can be reduced
to either a linear program or a quadratic program. Since an
industrial process is inherently nonlinear to a certain extent,
the control performance of linear MPC can deteriorate as
operating conditions significantly change [4, 5]. For this
reason, MPC for linear parameter varying (LPV) systems has
been widely developed. LPV systems are linear systems whose

dynamics depend on the scheduling parameter that can be
measured online. The analysis and synthesis of LPV systems
play an important role in control theory since nonlinear
systems can be dealt within the framework of LPV systems
(6, 7].

In the context of MPC for LPV systems, one of the main
approaches is to solve a semidefinite problem under linear
matrix inequality (LMI) [8]. Quasi-Min-Max MPC algo-
rithm for LPV systems was developed by Lu and Arkun
[9]. Although the scheduling parameter is included in the
controller design, it is assumed that there is no disturbance
present in the problem formulation, so the algorithm can-
not deal with disturbance. MPC for LPV systems using
parameter-dependent Lyapunov functions was developed by
[10]. It is shown that the proposed MPC algorithm can
achieve less conservative results as compared with a robust
MPC algorithm derived by using a single Lyapunov function
[4]. However, this algorithm includes only time-varying
scheduling parameter in the problem formulation so it cannot
ensure robust stability in the presence of disturbance. The



bound on the rate of variation of the scheduling parameter
can also be taken into account in the MPC formulation
(11, 12]. However, this technique is not applicable to the case
where there is the disturbance acting on the system.

MPC for LPV systems can be designed by using ellip-
soidal set prediction [13, 14]. At each sampling instant, the
predicted future states on the finite horizon are bounded
by using a sequence of ellipsoids. The terminal ellipsoid is
contained in a target set guaranteeing stability. The main
drawback of this approach lies in the fact that the computa-
tional load increases with the length of prediction horizon. In
order to reduce online computational time, an offline MPC
algorithm for LPV systems was developed [15]. The real-
time state feedback gain is calculated by linear interpolation
between the precomputed state feedback gains. Although
the online computational time is significantly reduced, the
disturbance is not taken into account in the offline MPC
formulation so robust stability cannot be guaranteed in the
presence of disturbance. Explicit MPC for LPV systems
was proposed by Besselmann et al. [16]. Only time-varying
scheduling parameter is included in the problem formulation
and it is also assumed that there is no disturbance. In Ding [17,
18], both time-varying scheduling parameter and disturbance
are included in the problem formulation. However, the
optimization problem contains a lot of decision variables and
constraints, so the algorithm is computationally prohibitive
in practical situations.

In the context of tube-based MPC [19-21], the disturba-
nce is explicitly taken into account in the MPC design. The
basic concept of robust tube-based MPC is to compute the
region around the nominal prediction that contains any pos-
sible states of the uncertain system. One of the main advan-
tages is that its online computational complexity increases
only linearly with the prediction horizon. However, the time-
varying scheduling parameter is not incorporated into the
MPC design, so robust stability cannot be ensured in the
presence of parametric uncertainty.

In this paper, an offline MPC algorithm for LPV systems
is presented. Unlike Wan and Kothare [22] where only time-
varying scheduling parameter is considered in the offline
MPC formulation, the main contribution of this paper is
to develop an offline MPC algorithm for LPV systems that
can deal with both persistent disturbance and time-varying
scheduling parameter. The norm-bounding technique [23]
is used to derive an offline MPC algorithm based on the
parameter-dependent state feedback control law and the
parameter-dependent Lyapunov functions. Most of the opti-
mization problems are solved offline, so the developed MPC
algorithm can be applied to fast processes. This article is orga-
nized as follows. Section 2 concerns with problem statement
and control objectives. The proposed algorithm is described
in Section 3. In Section 4, the effectiveness of the proposed
MPC algorithm is illustrated. Finally, Section 5 presents some
conclusions.

Notation. For any vector x and positive-definite matrix P,
IIxIIi = xTPx. x(k) is the state measured at real-time k and
x(k +i | k) is the state at prediction time k + i predicted
at real-time k. The symbol # denotes symmetric blocks
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in matrices. An element belonging to a convex hull Cof{:}
means that it is a convex combination of the elements in
{-}. The time-dependence (k) of the MPC decision variables
is often dropped for simplicity. I is the identity matrix with
appropriate dimension.

2. Problem Statement

Consider the following discrete-time LPV system:

x(k+1)=A(p(k))x (k) +Bu(k)+D(a(k)v(k), (1)
y (k) =C(p k) x(k), )

where x(k) € R™ denotes the state, u(k) € R™ denotes the
control input, v(k) € R™ denotes the disturbance, and
y(k) € R™ denotes the output. The superscripts n,, n,,
n,,and n, denote the dimensions of x(k), u(k), v(k), and y(k),
respectively. It is assumed that the time-varying scheduling
parameter p(k) = [p,(k), py(k),..., p (k)] € R is measur-
able at each sampling time but its future values are considered
to be uncertain. The input and output constraints are

luk)| <u, u,>0, he{l,2,...,n,}, (3)

lyo)| <y, 7,>0, ref2...nl. (4)

Any A(p(k)) and C(p(k)) belong to a convex polytope Q
defined by

Q=Co{[A,C,],[A1C,],....[ALCL])S (5)

so they can be written as

(A1) Cp )] = X, R [4,C],

i (6)
Ypik)=1, 0<p; k)<,
j=1

where [A,C;] are the vertices of Q and L is the number of
the vertices of Q. Any D(«(k)) belongs to a convex polytope
Qp, defined by

Qp=Co{D,,D,,...,D, |, 7)

s0 it can be written as

D(a (k) = Y & (k) D;,
=1
) t ®)
Yak)=1, 0<a k)<,
t=1
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where D, are the vertices of Qp, np, is the number of the
vertices of Qp), and &, (k) is the time-varying parameter that
is not necessary to be measurable. The disturbance v(k) is
unmeasurable and persistent. It is assumed to lie in a convex
polytope Q, defined by

Q, =Co {vl,vz,...,vmv}, )

where m,, is the number of the vertices of Q). The objective
is to find a parameter-dependent state feedback control law
K(p(k + 1)) = zj.;l pi(k + K, where K, j € {1,2,...,L}
are the state feedback gains corresponding to the vertices of
Q that is able to guarantee both robust stability and constraint
satisfaction within a positively invariant set.

Definition 1. 'The set Z is said to be positively invariant set if it
has the property that whenever the current state is contained
in this set x(k) € Z, all possible predicted states must be
contained in this set x(k + i | k) € Z for all admissible
realizations of p(k + i), a(k + i) and v(k + i), > 0.

Remark 2. In this paper, the positively invariant set is Z =
{xtk +i | k) € R™ | |lx(k+i] k)||?9(p(k+i)) < vy}, where
P(p(k + 1)) = Z]L-:1 pj(k + i)Pj is a parameter-dependent
Lyapunov matrix, P,,j € {1,2,...,L} are the Lyapunov
matrices corresponding to the vertices of (3, and y is an upper
bound on the infinite horizon cost. From the convexity of
the polytopic description, Z is an intersection area of ¢; =
{x(k+i|k) e R™ | |xtk+i| K} <y}
J

Considering the discrete-time LPV system (1) to (9) at
each sampling time k, a parameter-dependent state feedback
control law u(k +i | k) = K(p(k + i))x(k +i | k) that (i)
minimizes an upper bound y on J (k) and (ii) guarantees
both robust stability and robust constraint satisfaction within
a positively invariant set Z can be calculated by solving the
following optimization problem:

min max
y.K(p(k+i)),P(plk+i)), i20 [A(p(k+i)),C(p(k+i))]€Q,

D(a(k+i))€Qp,v(k+i)eQ,

Joo ()= [l Geti 1IO)5 + 1K (p (et ) x, (ki ] K]
i=0

(10)

s.t.
[, (k+i+1] k)";(p(kﬂﬂ)) = |, (k+i | k)||;(p(k+i)) an
<~ [lxu R+ i 1R + K (p (K + ) x, (k41 B

)y <y x(R)=x, (k| KD=x(k|k)  (12)

3
e e+ i+ 11 B pgesinny < ¥ (13)
|K(p(k+i)x(k+il|k)|<u,
(14)
w,>0, he{l,2,....,n,}
[C(pk+i+1)x(k+i+1]k)|<7,
(15)

y,>0, re{L2..,n}l,

where x,(k +i+ 1| k) = [A(p(k + 1)) + BK(p(k +1))]x,(k +
i | k) is the predicted state not corrupted by disturbance,
xtk+i+ 1| k) = [A(p(k + 1)) + BK(p(k + i))]x(k + i |
k) + D(ae(k +1))v(k +1) is the predicted state with disturbance,
and y and o are symmetric weighting matrices. The cost
monotonicity is guaranteed by (11). A positively invariant set
containing the state x(k) at each sampling time is computed
by (12). All predicted states x(k + i + 1 | k) are restricted to
lie in a positively invariant set by (13). The input and output
constraints are guaranteed by (14) and (15), respectively.

3. Offline MPC for LPV Systems with
Persistent Disturbances

First of all, we will begin with the preliminary results of Wada
et al. [10] where only time-varying scheduling parameter is
considered in the problem formulation. Then, the proposed
algorithm that can deal with both time-varying scheduling
parameter and persistent disturbance will be developed. By
following Wada et al. [10], (11) and (12) are satisfied and the
cost monotonicity is guaranteed if there exist matrices Y, G,
symmetric matrices Q. and a positive scalar y such that the

j
following LMIs are satisfied:

T
Gj+Gj—Qj * ok ok

A.G.+ BY. * %
G+ BY; Q >0, jle{l,2...,L},

y'?G; 0yl «
oy, 0 0 yI
(16)
[ 1 *]>0 i€{1,2,...,1} 17)
x(k) QJ = b ] Y&y e e .

Then, it follows that y is the upper bound on (k). More-
over, a parameter-dependent state feedback gain is given by
K(p(k +1) = z]il pik+ DK, K; = Y,G;".

Next, we will present the results of this paper that can

deal with both time-varying scheduling parameter and dis-
turbance.

Proposition 3 (Robust stability in the presence of both
time-varying scheduling parameter and disturbance). (13) is



satisfied if there exist matrices Y;, G; and symmetric matrices
Q; such that the following LMIs are satisfied:

G(Gj+GT—Q.) N '
J J
[ AG By, Q)" jlefl,2,... 1}, (8)

& %
[Dtvs Q >0, tef{l,2,...,np}, sef{l,2,....m,},

lell,2,...,1}, £=(1-60"),
19)

where 0 < 0 < 1 is a prespecified scalar. Then, all predicted
states are restricted to lie in a positively invariant set which
is an intersection area ofsj = {xtk+i | k) € R™ |

lac(he +1i | k)||g;1 <1}

Proof. Equation (13) is guaranteed by (18) and (19). The proof
detail can be found in Appendix A. O

Remark 4. 0is a parameter that bounds disturbance-free state
trajectories. The value of 8 should be chosen such that 0 — 1
asv, — 0.

Proposition 5 (Robust constraint satisfaction in the presence
of both time-varying scheduling parameter and disturbance).
Robust constraint satisfaction is guaranteed if there exist
matrices Y, G; and symmetric matrices Q; such that the
following LMIs are satisfied:

ool
T T = U,
Y] G;+Gl -Q 20)
X <, hell,2,...,m}, je{l,2,...,L},

r *
T T >0,
[(AjGﬁBYj) G Gj+G; -Q,

[

rrr S

5=(3, -0, refLa...n}, jle{n2...L},
(21)

where @, is a scalar that can be obtained by solving the follow-
ing optimization problem

min 0]

T

O, =
st [Cr,lDtVs 1 ] =0

re{L2,..,n}, le{,2,..,1},

r (22)

(23)

te{l,2,....,np}, sef{,2,....m,},
where C, | is the rth row of C,.

Proof. The input constraint (14) is guaranteed by (20). The
proof details can be found in Appendix B. The output
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constraint (15) is guaranteed by (21). The proof details can be
found in Appendix C. O

By considering Propositions 3 and 5, a parameter-depen-
dent state feedback control law that guarantees both robust
stability and robust constraint satisfaction can be calculated.
Consider the discrete-time LPV system (1) to (9) at each
sampling instant k, a parameter-dependent state feedback
control law u(k +i | k) = K(p(k +i))x(k +i | k), K(p(k +
i) = Z]j’:l pj(k + i)Kj, K; = Yij that guarantees both
robust stability and robust constraint satisfaction within a
positively invariant set Z is obtained by solving the following
optimization problem:

A (24)
s.t. (16) to (23). (25)

It is computationally demanding to solve the optimization
problem (24) at each sampling time. Inspired by Bumroongsri
and Kheawhom [15], we propose an offline MPC algorithm
for LPV systems that transfer most of the computations
offline.

Algorithm 6.

Offline. Choose a sequence of states x;,i € {1,2,...,N}. For
each i, substitute x(k) in (17) by x; and solve the optimization
problem (24) to obtain the corresponding feedback gains
K;; = Yl]G;]1 and ellipsoids ¢;; = {x € R™ | xTQ;}x <1},
where the subscript 7, j denote the solution of (24) for each
x; i € {1,2,...,N} and vertices j, j € {1,2,...,L}. Note
that (i) the positively invariant set for each i is an intersection
area ofsi,]-, j€{1,2,..., L} (ii) the inequalities (26) should be
satisfied for each i # N to ensure robust stability of the offline
algorithm

)zo0. (26

1 T 1
0Q;; - (Aj + BKi+1,j) Q; (Aj +BKj,y
Remark 7. A sequence of states x;,i € {1,2,..., N} should be
chosen such that for each j, the ellipsoids ¢; ;, Vi # N obtained
are nested (&;,1; C & ;, Q1 < Q; ;). This is to guarantee that
the state is kept within ¢; ; and driven towards ¢, ;, and so
on.

Online. At each sampling time k, measure p(k) and x(k). If
x(k) € g;x(k) ¢ &,1)j € {1,2,...,L},i#N, adopt the
following control law:

u (k) = K(A (k) x (k), (27)

L

K (A (k) = A (k) [ij (k) K;
=1
! (28)

L
+(1=A(k)) !ij (k) Ki+1,j] s

j=1
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where A(k) € (0, 1] is calculated by solving

J=1

L
x(k)" (A (k) [ Y p()Q;

) (29)
+(1- (k) [ij (k)Q,»fl,ij(k) -1

=1
If x(k) € enjpJ € {1,2,..., L}, adopt the following control

law:

L
Ky=Y pj(k)Ky;.  (30)
j=1

u (k) = Kyx (k),

An intersection area of ¢ j, j € {1,2,..., L} is the largest pos-
itively invariant set where robust stability and robust con-
straint satisfaction are guaranteed. If x(k) € ¢ ; j €
{1,2,...,L}, then x(k + i) € &,pj € {1,2,...,L}, i €
{0,1,...,00}. Thus, Algorithm 6 is always feasible if it is
initially feasible.

Remark 8. The proposed offline MPC algorithm can deal
with both time-varying scheduling parameter and distur-
bance. In comparison, an offline MPC algorithm [22] cannot
deal with disturbance.

4. Examples

The numerical simulations have been performed in Intel
Core 2 Duo (2.53 GHz), 2 GB RAM, using SeDuMi [24] and
YALMIP [25] within the Matlab R2008a environment.

Example 1. The first example is a continuous stirred tank
reactor (CSTR) adapted from Ding and Huang [26] where an
exothermic reaction A — B takes place. The dynamic model
based on a component balance and an energy balance can be
written as

C, = ‘i/ (Cap -~ Ca) ke BEDC, + Doy, (31)
L q -AH ,  (_ga/rRT)
T_\_/(Tf_T)+p_CI]koe a CA

UA (32)
+ (T.-T)+ Dy,
VpC,

where C, denotes the concentration of A in the reactor, T'
denotes the reactor temperature, T, denotes the temperature
of the coolant stream, and v denotes the disturbance acting on
the system. The operating parameters are shown in Table 1.

By defining C, = C, - Cheq T="T- T.q and T, =
T, = T, .q> (31) and (32) can be transformed into the fllowing
nonlinear model:

-1 (21 (T) —P (T) ] — 0
—XH T q UA —AH 7 [%“] +| VA T.+ [gg] v, T#0
[CA]‘~ <pC )‘Pl( ) Ve, (pC >(P2( )_ PC [ (33)
! o0 e T g |
<ﬂ> (T) q  UA [T{|+ VUiA T, + Di]v,T:O
\ oC, )P\ TV T e, L VPG,
where ¢, (T) = k,exp(—(E,/R)/ (T + Teq)), ‘Pz(@ = IT| < B, (33) is transformed into the following model in order

ko[exp(_(Ea/R)/(T + Teq)) - exp(_(Eu/R)/Teq)]CA,eq/T- FOI'

to balance the submodels:

Ca
T
q — _
-~ -a:(T) 93 -9,(T) - 0
A UA |T C T
—-AH —-AH - UA -AH -AH _ [*]’r T+ ]v, T+0
<7>‘P?+<7>91(T) -1 +<7>(P +<7)92(T) T VpC, (34)
_ pC, pC, V. vpC, pC, pC, [
. _
-2 -9l -9, (T) 0 _ 0
\4 C _ D _
VI Y | AN R LGS
pC, @ PC, 9 V. VpC PGy

where g, (T) = ¢,(T)=¢}, 9,(T) = 9,(T)~93, ¢; = [, (=p)+
¢,(B)]/2 and (pg = [@,(-pB) + (pz(ﬁl] /2. Since g,(T') and g,(T')
can vary between g,(-f8) < g,(T) < g,(B) and g,(-p) <
gZ(T) < g,(3), we have that all the solutions of (34) are also

the solutions of the following differential inclusion:
4 6 0
A
€ <;PjAJ'> [ T ] o

Ca
T VpC,

T, + [g‘;] v, (35)



where A ; are given by

q
-3 -4~ 29,(p)
= (—AH)¢0 .
L\ PG '

—% - ) —29,(-p)

G (e
[\ PG, /7T pC

A3
q
) —§—<P(1)
(—AH)(P(I) 9 UA +(
pC, V. VpC,
A4
q
[ G
(—AH)(P? q UA +<
pC, V. VpC,

and p; are given by

(9:(T) - 9, (-B))

1
" 0 B0 P

. 1(66-0.(1)

*= 20, (B) - gl( B))’ -
IO RIAGD)

T2 (0 (B - g2< B)’

_1 (gz (B) - ( ))
P =3B - gz( B))

The objective is to regulate C , and T by manipulating T . The
input and output constraints are [C 4| < 0.5mol/L, |T| <5K
and |T,| < 40 K. The discrete-time LPV model is obtained by
discretizing (35) with a sampling period of 0.01 min and it is
omitted here for brevity. The symmetric weighting matrices
in (10) are ¥ = [} 9] and 0 = 0.1. The value of 6 in (18)
has been fixed at 0.97 which has negligible influence on the
control performance.

Figure 1(a) shows the ellipsoids computed offline by
Algorithm 6. In this example, four sequences of ellipsoids
are computed because the polytope Q has four vertices. A

LG

)gl( -p
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-

UA _AH 0 >
=%
V. VpC, pC,

-¢3

UA  [(-AH)\ , |
V VoC, 2
pC, pC,

_S"(z)_zgz (ﬁ)
_PATH)(P(Z) +2<;ATH)gz B
p p

‘P(z) -29,(-p)

—AH) 0 (—AH
— )t —
PCy PCp

) )

(36)

sequence of positively invariant sets computed by intersection
among four sequences of ellipsoids is shown in Figure 1(b).

Figure 2 shows the closed-loop responses of the system
when the disturbances are varied as v(t) = 0.1sin(10%),
0.05sin(10¢), and 0.001sin(10¢), respectively. It can be
observed that C , and T are bounded for all values of distur-
bances so robust stability is ensured by applying Algorithm 6.

The online computational time of Algorithm 6 is very low
as shown in Table 2 so it is applicable to fast systems.

Example 2. The second example is an angular positioning
system adapted from Kothare et al. [4]. The system consists of
an electric motor driving a rotating antenna so that is always
points in the direction of a moving object. The motion of the
antenna can be described by the following discrete-time LPV

model:
x(k+1)] |1 0.1 x; (k)
k+1)| T [0 120180 | |x, k) -
" 0.0(;87] u k) + [gjg] v (k)
1 0] [x, (k)
y (k) = [0 1] [x; (k)]’ (39)

where x, (k) is the angular position of the antenna, x, (k) is the
angular velocity of the antenna, u(k) is the input voltage to the
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5-
4 +
3t
2 F
~ 1r
St
= L
2t
_3 L
4t
_5 1 1 1 1 1 1 1 1 1 )
-0.25 -0.2 -0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2 0.25
E’A (mol/L)
&) = {xeR™/xT Q1 x < 1hie{1,2,...,7}
5~
4L
3t
2k
~ 1L
SNt
= _; |
2L
_3 L
_4 L
_5 1 1 1 1 1 1 1 1 1 )
-0.25 -0.2 -0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2 0.25
EA (mol/L)
g3 = {erR""/xTQ;éx < 1}i€{1,2,...,7}

7
5-
4+
3t
2 F
~ 1t
S
I
2L
_3 L
4k
_5 1 1 1 1 1 1 1 1 1 )
-025 -0.2 —0.15 0.1 —0.05 0 0.05 0.1 015 02 025
E’A (mol/L)
£ip = xeR™ /xT Q) x < 1}ie{1,2,...,7}
5
4+
3t
2 F
~ 1t
X ol
= 9l
-2 L
_3 L
—4 L
_5 L L L L )
-0.25 oz 015 o1 —oos o 005 0.1 015 02 025
CA (mol/L)
£iq = xeR™/xTQjx < 1}ie{1,2,...,7}

(a) Four sequences of ellipsoids corresponding to A ;

5
41
3L
2L
~ 1}
2 ol
= _p |
2|
31
41
_5 L L L L )
-0.25 02 015 Ol —005 0 0.05 0.1 0.15 0.2 0.25
CA (mol/L)

(b) A sequence of positively invariant sets

F1GURE 1: The ellipsoids computed offline in Example 1 (a) four sequences of ellipsoids corresponding to A ; (b) a sequence of positively

invariant sets.

motor, and v(k) is the disturbance acting on the system. The
scheduling parameter A(k) is measurable at each sampling
time and its value is varied between 0.1 and 10. We have that
all the solutions of (38) are also the solutions of the following
differential inclusion:

x, (k+1) : xy (k)
) e (lef“‘f> o)
" (40)
[0 0787] u (k) + [8 }g] v k),
where A are given by A, = [ 5], A, = [§%'] and p;

are given by p; = (10 — A(k))/0.9, p, = ( (k) —o0. 1)/09

The objective is to regulate x, (k) and x,(k) by manipulating
u(k). The input constraint is |u(k)| < 2 volts. The symmetric
weighting matricesin (10) are ¥ = [} § ] and o = 0.00002. The
value of 0 in (18) has been fixed at 0.98 which has negligible
influence on the control performance. A sampling time is
0.Ls.

Figure 3(a) shows two sequences of ellipsoids corre-
sponding to A ;. A sequence of positively invariant sets com-
puted by intersection between two sequences of ellipsoids is
shown in Figure 3(b).

Figure 4 shows 100 state trajectories of the closed-loop
system when v(k) and A(k) are arbitrarily time-varying in
the ranges of —0.01 < wv(k) 0.01 and 0.1 < A(k) <
10. Two initial points (0.9, 0) and (-0.8, 0.8) are chosen. It
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T (K)

Time (min)

—— 0.1sin(10¢)
- 0.05sin(10¢)
--- 0.001sin(10¢t)

(a) Regulated output

0.25
=)
ks
)
<
10
—-0.05 : : : :
0 2 4 6 8 10
Time (min)
—— 0.1sin(10t)
-+ 0.05sin(10¢t)
——- 0.001sin(10¢t)
5

=25 T T

—— 0.1sin(10t)
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FIGURE 2: The closed-loop responses in Example 1 (a) regulated output and (b) control input.

can be observed from the figure that all state trajectories are
restricted to lie in a sequence of positively invariant sets. The
average time for Algorithm 6 to compute a real-time control
law is 0.001s.

5. Conclusions

In this paper, we have presented an offline MPC algorithm
for constrained LPV systems.The main contribution is to
develop an offline MPC algorithm for LPV systems that
can deal with both persistent disturbance and time-varying
scheduling parameter. The norm-bounding technique is used
to derive an offline MPC algorithm based on the parameter-
dependent state feedback control law and the parameter-
dependent Lyapunov functions. Most of the optimization

problems are solved offline so the algorithm is applicable to
fast systems. At each sampling time, a parameter-dependent
state feedback control law is calculated by linear interpolation
between the precomputed state feedback control laws. The
controller design is illustrated with two examples.

Appendices
A. Proof of Proposition 3

Lemma A.1 will be used in the proof.

Lemma A.1 (see [23]). Suppose M > 0 is a symmetric matrix,
while a and b are vectors with appropriate dimensions. Then,
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FIGURE 4: The state trajectories of the closed-loop system in
Example 2.

for any scalar § > 0, (a + b)IM@+b) < (1+8)aMa+(1+
(1/8))b" Mb.

The norm-bounding technique [23] is used to derive an
offline MPC algorithm based on the parameter-dependent
state feedback control law and the parameter-dependent
Lyapunov functions.

By substituting x(k+i+1 | k) = [A(p(k +1)) + BK(p(k +
i)]x(k+i| k) + D(a(k + i))v(k + i) into (A.1)

e e+ i+ 1L B pgesinny < ¥ (AJ)

TaBLE 1: The operating parameters of nonlinear CSTR in Example 1.

Parameter Value Unit
q 100 L/min
T, 350 K
Cir 1 mol/L
14 100 L
p 1,000 g/L
C, 0.239 J/(gK)
AH -5x10* J/mol
E,/R 8,750 K
k, 72 %10 min~’
UA 5 x10* J/(min K)
Cieq 0.5 mol/L
Ty 350 K
T,eq 300 K
D 0.01 mol/(L min)
D, 0.1 K/min

TABLE 2: The numerical burdens in Example 1.
Algorithm CPU time (s)

Offline Online (per step)

Algorithm 6 20.043 0.001
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and applying Lemma A.l, for any §, > 0, we see that (A.1) is
satisfied if

(1+6))

x[A (p (k+i))+BK (p (k+i))] x (k+i | )3y

1 . .
+ (1 + 57) 1Dt + ) vl + D) ppsisnyy < 1-

(A.2)

Consider the term |[[A(p(k + i)) + BK(pk + 1i))]

Xk 41 TR psisnyy i (A2)5 let Ollx(k + i L) psnyy

o Pk +)

P(pk+i+1))
Y

From the convexity of the polytopic description, with P; =
yQJ_-l, P =yQ'andK; = YjG]_.l, (A.4) is satisfied if

[ 0Q;" *]>0 le{l,2,. ., L}
— p— —_ = 3 ]) E b PALEL LSS} .
Q' [4;+BY,G'] @

(A.5)

Multiplying (A.5) from the left by diag{GJT, Q['} and from the
right by diag{G, Q;} and applying G]TQ;.IG]« >Gj+ G]r -Q;
we obtain LMIs (A.6)

[G(Gj+G]T—Q].) *

AG, + BY, QI]ZO’ ple{l2,.. L}, (A6)

Consider the term || D(a(k + 1))v(k + i)||§’(p(k+i+1))/y in (A.2);
let £ be the maximum value of this term:

Dl + i) vl + D[P pesivnyy < & (A7)

Applying the Schur complement leads to

3 *
lp(p(k;H1))D(oc(k+i))v(k+i) P(p(k+i+1))
> 0.
(A.8)

From the convexity of the polytopic description, with P, =
YQ,', (A.8) is satisfied if

]
. 1 =0, le{l,2,...,L}, te{l,2,...,np},
b, o { }oted o}

sef{l,2,...,m,}.

(A9)

[A(p(k+i)+BK (p(k+i))]

Journal of Applied Mathematics

be the maximum value of this term, where 0 < 6 < 1isapres-
pecified scalar:

1A (p (K +1)) + BK (p Gk + )] x (k +i 1K) 5 peasenyy

< Ol (k + i | ) pieriny e

(A3)
Applying the Schur complement leads to
*
P(pk+i+1)) 2 0. (A4)
Y

Multiplying (A.9) from the left by diag{I, Q;} and from the
right by diag{I, Q;}, we obtain LMIs (A.10):

&«
[D:Vs Q2% tef{l,2,....np}, se{l,2,....m},

le{l,2,...,L}.
(A.10)

From (A.3) and (A.7), with |lx(k +1 | k)llfg(p(,m))/y <1,(A2)
is equivalent to

(1+51)e+<1+é)531. (A1)

The maximum allowable value of & can be calculated by
solving

- 1-(1+6,)0
ST ) (2
From (A.12), £ is obtained as
£=(1-6"2Y, (A13)

B. Proof of Proposition 5 (Input Constraint)

Defining (), as the hth row of the n,-dimensional identity
matrix, we have

r11>%x|(hu (k+1i| k)|2 =r11>%x|ChK (pk+i))x(k+il k)|2.
. . (B1)



Journal of Applied Mathematics

Applying Cauchy-Schwarz inequality, with [x(k +1 |
k)IIf;(p(kH))/y < 1, leads to
max|(,,K (p (k +) x (k+i | b)f
19112 (B.2)
[ Plplk+i) \ 2
< faktpte ip( HEZE2)
The input constraint is satisfied if
2
] P(p(k+i)))l/2 5
K(pk+i)| ————= <u,
$uK (p( ))( ” h (B.3)

he{l,2,...,n,}.

By applying the Schur complement, (B.3) is equivalent to

X *
Wt [(P(pk+1i)) :|20,
K(ptery” (FL20) -

X <, hell2,....n}.

From the convexity of the polytopic description, with P; =
yQ;' and K; = Y;G;', (B.4) is satisfied if

[ X T - ] >0 Xnh < T
-1 120, wh < Up
(v6;') < g (B.5)

he{l,2,...,n,}, je{l,2,...,L}.

Premultiplying by diag{I, G]T}, postmultiplying by diag{I, G}
and applying G]TQ;.IGj >2Gj+ G]T -Qj, we obtain LMIs (B.6)

|: XT *T ] >0 X <ﬁ2
- 20 hh S Up
Yj Gj +Gj Qj h

hell,2,...

(B.6)

o}, jefl2,..., L},

r

rr

From the convexity of the polytopic description, with P; =
yQJT1 and K; = YjGJ_.l, (C.4) is satisfied if

T *

T r 1120, I
[4;+BY,G}'] ¢ Q;

ref{L2,...n}, jle{l,2,...,L}.

[A(p(k+i) + BK (p(k+0))] Cp(k+i+1)" (

1

C. Proof of Proposition 5 (Output Constraint)

Defining ¢, as the rth row of the n,-dimensional identity
matrix, we have

max|¢, y (k+i+ 1] k)

(C1)
= IT,1>%X|(rC(P(k+i+ D)x(k+i+1] k)|2.

Substituting x(k + i + 1 | k) = [A(p(k + i)) + BK(p(k +
iNlx(k +i | k) + D(a(k + i))v(k + i) and applying Cauchy-
Schwarz inequality and Lemma A.l, for any §, > 0, we see
that the output constraint is satisfied if

(1+8,)[,C(pk+i+1))
x [A(p(k+i) +BK (p(k+)] x(k+i k)|’

+ (1 + (%) 1¢,C(p(k +i + 1) Dtk + i)vik + )| < 72
: (C2)

Consider the term [|{,C(p(k + i+ 1))[A(p(k + 1)) + BK(p(k +
iNlx(k +i | k)| in (C.2); let E, be the maximum value of this
term

I6.C(p(k+i+1))[A(p(k+i)+BK (p(k+1i))]
x x(k+ilk)|* <&,
(C.3)

Since ||x(k + 1 | k)||f3(p(k+i))/y < 1, applying the Schur comple-
ment leads to

y (C4)

L,<E, re{l,2...,n}.

Premultiplying by diag{I, G]T}, postmultiplying by diagi{I,
Gj}, and applying G;FQJflG]- >Gj+ G]T -Qj, we obtain LMIs
(C.6)
T *
(a;G,+BY,)'Cl G;+GT-Q,
re{n2...nt}, jle{l,2,...,L}.

>0, I

=
rrs‘-‘

>
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Consider the term [|{,C(p(k + i + 1))D(ex(k + i))v(k + )|I* in
(C.2); let @, be the maximum value of this term:

I¢,C(p(k +i + 1))D(ax(k + i))v(k + i)||2 <Q,. (C7)
By applying the Schur complement, we obtain
O, *

[C,C(p(k vit D) Dk +i)v(k+i) 1 ] 20. (€Y

From the convexity of the polytopic description, (C.8) is sat-
isfied if

) *
[C,,zlstvs 1]20’ reflLa.on), lef,2,... 1},
te{l,2,....np}, se{l,2,....m,},
(C.9)

where C,  is the rth row of C;. Thus, @, can be calculated by
solving

nClDin d, st (C9). (C.10)
From (C.3) and (C.7), (C.2) is equivalent to
(1+82)5,+<1+6i>c1>,573. (c.)
2

The maximum allowable value of &, can be calculated by
solving

¥ —(1+(1/8,)) @,

2. = C.12
TS (1)
From (C.12), E, is obtained as
2
g =(y,-0°). (C13)
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