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Abstract—In this paper, we consider the problem of com-
puting the maximal invariant set of linear systems with a class
of nonlinear constraints that admit quadratic relaxations. With
these quadratic relaxations, we are able to determine a sufficient
condition on the maximal invariant set. Using the sufficient
condition, a new algorithm is presented by solving a set of linear
matrix inequalities. Under mild assumptions, the proposed
algorithm will terminate in finite time. The performance of
this algorithm is demonstrated on several numerical examples.

I. INTRODUCTION

Invariant set theory is an important tool for stability
analysis and control design of constrained dynamical systems
and it has been successfully used to solve various problems
in system and control; see, for instance, [1]-[3] and the
references therein. An invariant set is a region such that
all trajectories generated by the dynamical system remain
in the set if their initial states lie within it. One well-known
application is in Model Predictive Control (MPC) [4], where
invariant sets are often used to ensure recursive feasibility
and stability.

Considerable research has been devoted to the charac-
terization and computation of invariant sets of constrained
systems. Recursive algorithms have been provided in [5]-[7]
to compute polyhedral invariant sets of linear systems. For
disturbed linear systems, robust invariant sets are introduced
and different algorithms have been proposed for computing
these sets in [8]-[13]. Methods to characterize and compute
invariant sets of nonlinear systems are also available in the
literature [14]-[20]. The study of invariant sets can also
be extended to hybrid systems. For instance, the works
[21]-[26] have investigated the computation of invariant sets
of switching systems. Among various invariant sets, the
maximal invariant set is of particular interest. The standard
algorithm for computing the maximal invariant set of linear
systems subject to polyhedral constraints is presented in
[5], [8] with sufficient conditions for finite determinability.
For switching linear systems, algorithms to compute the
maximal invariant set are also provided in the cases of
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polyhedral/convex constraints [21], [25], [26] and semialge-
braic constraints [23], [24]. In [19], an infinite-dimensional
convex characterization of the maximal invariant is derived
for polynomial systems with semialgebraic constraints. By
solving finite-dimensional relaxations, outer approximations
of the maximal invariant can be obtained. However, in
the case of general nonlinear constraints, computing the
maximal invariant set is still a challenging problem, even
for linear systems. In this paper, we aim to compute the
exact maximal invariant set of linear systems with a class
of nonlinear constraints. A new approach will be proposed
by solving a set of Linear Matrix Inequalities (LMI), which
are constructed by the use of the S-procedure [27]. Based
on the solution of these LMIs, a sufficient condition for the
maximal invariant set can be established. The tightness of
the sufficient condition largely depends on the conservatism
of the S-procedure [28]. Under mild assumptions, finite de-
terminability can be guaranteed with the proposed sufficient
condition.

The rest of the paper is organized as follows. This section
ends with the notations, followed by the next section on
the review of preliminary results on the invariant sets of
linear systems. Section III presents the proposed approach
for computing the maximal invariant set of linear systems
with nonlinear constraints. Several numerical examples are
provided Section IV. The last section concludes the work.
Some of the proofs are not given due to the page limitation.

The notations used in this paper are as follows. Non-
negative and positive integer sets are indicated respectively
by Z¢ and Z* with ZM = {1,2,--- M} and Z} =
{L,L+1,--- ,M},M > L, M,L € Z§. S" denotes the
set of symmetric matrices in R™*™. [, (the subscription
is omitted when the dimension is clear from the context)
is the n x n identity matrix and 1, denote the vector of
n ones. For a square matrix @, @ > (=)0 means @ is
positive definite (semi-definite). The p-norm of z € R"™ is
[|#]|, while ||z[|3, = 2" Qz for Q > 0. Additional notations
are introduced as required in the text.

II. PRELIMINARIES

This section reviews some known results on the invariant
sets of constrained discrete-time linear systems. We consider

the linear system
r(t+1) = Ax(t), VteZ], (1)

where z(t) € R™ is the state vector. The system is subject
to state constraints: z(t) € 2, where 2 C R” is a quadratic



set in the form of
Q={zecR":27Qur+2¢]x <1,icZP}  (2)

where Q; € S™, ¢; € R™ and p is the number of constraints.
When Q; = 0, for all i € ZP, ) becomes a polyhedron. More
generally, other nonlinear constraints may also be imposed
on the system:

r(t) €O = {z eR": Hi(x) <0,i € Z™},Vt € Z§ (3)

where H; : R™ — R is a continuous nonlinear function and
m € Z7T is the number of other nonlinear constraints. The
actual state constraint set is the intersection of €2 and ©:

2(t) € X :=0Q[)O,Vt € Z “)

For computational reasons, we treat quadratic constraints
and general nonlinear constraints differently. The following
assumptions are made.

Assumption 1: The matrix A is Schur stable, i.e., for any
eigenvalue A of A, |)| is smaller than one

Assumption 2: The set {2 is compact and contains the
origin in its interior. There exists an open ball 5 around
the origin and ¢ > 0 such that H;(z) < —e¢ for all z € B
and ¢ € Z™.

Assumption 3: For all + € Z™, H; : R — R is a
continuous function and there exist a vector HY € R"™ and
a scalar L; > 0 such that

L;
|Hi(w) — Hy(0) — (HY)"a| < 5 lell® 5)

for all x € Q.

Assumptions 1 and 2 are standard and necessary for the
problem to be well-defined, see [5], [8]. We will refer
to a function satisfying (5) as a quasi-smooth function.
Clearly, for functions with Lipschitz continuous gradient, the
condition in Assumption 3 will be satisfied. Suppose that, for
any ¢ € Z™, H, is a continuously differentiable function with
Lipschitz gradient:

IVHi(z) = VH;(y)|| < Lillz — yll, Y2,y € 2, (6)

Assumption 3 is satisfied with Hiv = VH;(0), see, e.g.,
Lemma 6.9.1 in [29]. For notational simplicity, let

q:=lq g - g (7
H(z) := (Hy(x), Hy(z), - , Hp(x)), )

where ¢ € R"*P and H(x) € R™.

We will define the central topic of this paper.

Definition 1: [2], [4] The nonempty set Z C X is a CA-
invariant (constraint admissible invariant) set for system (1)
if and only if for any € Z one has that Az € Z.

With Assumptions 1 and 2, there often exist multiple CA-
invariant sets. In many applications, it is desirable to compute
the maximal CA-invariant set, which is defined below.

Definition 2: [5] The nonempty set Oy, is the maximal
CA-invariant set for system (1) if and only if O, is a CA-
invariant set and contains all CA-invariant sets in X.

It is a standard result that the maximal CA-invariant set exists
(see [5] for general conditions guaranteeing its existence),

and that it can be computed recursively by the following
iteration:

OO =X (9)

Op1:=Ox[ {z €R™: Az € Oy}, k € Z§.  (10)
With these iterates, it is easy to verify that

Op={zcR": Az e X, 0 € Zk}. (11)

Thus, the maximal CA-invariant set can be expressed as

O = m Or={zeR": Az e X, ke Z{}. (12)
kezd

From Assumptions 1 and 2, the set O, defined in (12) has
the following properties [5]: (i) if Z C R™ is a CA-invariant
set of system (1), Z C Ou; (ii) there exists a finite £* such
that Op~41 = Oy~ (iii) for any k* satisfying (ii), it can be
shown that Oy = O~ for all k > k* and Oy, = Op+. From
the these properties, the problem of computing O, boils
down to the search for a k* such that Og«y1 = Op«. The
standard procedure is to increase k from 0 until Og41 = Oy,
which is equivalent to

O C{zx e R": A"z € X}, (13)
see [5] for details. This condition can be treated as a
stopping criterion for the algorithm in (9)-(10). Observe
that {x € R"™ : Ay € X} can be rewritten as
{x € R™ : (AMHa)TQAM e + 2¢T Az < 10 €
7P, H(A*'z) < 0},Vk € ZZ. During the computation
procedure, we aim to find the minimal k satisfies (13). Let
kmin = argmin, ,+{k : (13)}. Oo can be determined for
any upper bound on £,;,. To evaluate (13), we basically need
to solve a set of nonlinear optimization problems. For general
nonlinear constraints in (4), these problems are nonconvex
and it is difficult to reach the global optimality. For this
reason, we will aim to develop a sufficient condition for (13)
without solving nonconvex problems.

III. THE PROPOSED APPROACH

This section discusses the computation of the exact max-
imal CA-invariant set with nonlinear constraints. An algo-
rithm will be presented to compute an upper bound on ki,
and its finite determinability can be ensured under mild
assumptions.

For the quadratic (or linear) constraints, the following
nonlinear optimization problem is defined at the k*" iteration
of (10):

g¥ = max(AF 1) T QA 1y + 2T A¥H e — 1 (14a)

st. x € O (14b)
for i € ZP. Let gF .. := max;ez» gF for all k € ZJ.
If gk, < 0 for some k € ZI, O, C {z € R" :
(AT QA* e + 2¢Tx < 1,i € ZP}. Similarly, for



other nonlinear constraints, the following nonlinear optimiza-
tion problem is defined at the k*" iteration of (10):

hY :=max H;(AF2) (15a)
st. x € Oy (15b)
for i € Z™. Let hE . = max;ezm h¥ for all k € Z§. If
hE .« <0 for some k € Z$, O, C {x € R" : H(A* 1) <

0}. Using (14) and (15), Kkmin can be determined via
mlnk€Z+{k gk <0,hE < 0}. To do so, we need in
pr1n01p1e to solve (14) and (15) and get their global optimal
solutions. However, for general nonlinear constraints, both
(14) and (15) are nonlinear nonconvex problems. Even if ()
and O are convex sets, (14) and (15) are may not be convex
problems. Therefore, we do not attempt to solve (14) and (15)
directly. Instead, we will solve LMI problems that provide
upper bounds on their optimal values and obtain an upper

bound on k.

A. Quadratic constraints

Before we discuss general nonlinear functions, let us first
focus on quadratic functions. In this case, we assume that
© = R" and X = (. For notational convenience, let

Q= ((A?ﬂk@Aﬁ (A?TQi)

gl A*
for all i € ZP and ¢ € Z{ . Following the definition above,
we can see that

~ AT 0 A0
(5 )i 1)

forall ¢ € ZP and ¢ € Zar . Using the notations above, Oy, at
the kP iteration can be rewritten as

T
{xeRn;(”f> Qf(f)<o7iezplezﬁ} (18)

From the S-procedure, see Section 2.6.3 in [27], the follow-
ing lemma can be obtained.

Lemma 1: Suppose © = R™ and X = Q. Let Q¥ be
defined in (16) and the set Oy, be defined by the procedure
in (9)-(10) for all k € Z+ For any ¢ € Z”, if there exists
a non-negative sequence {’T Gesny = 0,7 €ZP L € Zk} for
some k € Z{ such that

k
Qf—H = ZZTJ e+1)Q]7

j=1¢=0

then, (AFH12)TQ;AM 1z + 2¢T7 A+l — 1 < 0 for any
z € Oy.

(16)

a7

19)

As we have seen, under Assumptions 1 and 2, the formal
algorithm described in (9)-(10) always terminate in finite
time. This algorithm is easily implementable when X is a
polyhedron, see [2], [5]. In many cases, it is not directly
implementable because of the nonlinearity in X. Even if X is
convex, the optimization problem (14) is still non-convex and
it is difficult to find the global optimum. However, the same
algorithm with (19) would be implementable, since these

inequalities are LMIs, which can be efficiently solved using
interior point methods [27]. To recover the nice finiteness
property of the former algorithm, an additional assumption
is needed.

Assumption 4: There exists D, > 0 such that ||z|* < D,
for all z € Q.

This assumption is made completely without loss of gen-
erality for the compact set €2 as we can always add the
redundant ball constraint of the form ||z < D, to . With
this additional assumption, we can let @)1 = 1 ITandg; =0
in (2). We now show the finiteness property ‘of the former
algorithm still holds for the LMI version.

Lemma 2: Suppose Assumptions 1, 2 and 4 hold, © =
R™, and X = Q. Let Q1 = il and g1 = 0 in (2). For
any ¢ € ZP, there always exists some finite k£ such that the
LMI (19) holds for some non-negative sequence {T(
0,j € ZP, L € ZE}.

Proof of Lemma 2: Since 1 = D%CI and ¢; = 0, for any
k € ZF, one choice of the sequence {ng7£+1) > 0,5 €
7P, ¢ € ZE} in (19) can be given as:

T(il 1y =B, z+1 =0,V(5,£) # (1,0) (20)

for some 0 < B < 1. With this choice, the LMI (19) reduces
to

(Ak+1)TQiAk+1 (AkJrl)Tq,; _< ﬁ il 0
ql Ak+1 -1 - 0 -1
(21)

Js 1+1)

From Assumption 1, Akt1 goes to 0 as k increases. Hence,
there always exists a k£ such that (21) holds. [

Based on Lemma 2, the following LMI optimization
problem is defined for all : € ZP and k € Z(J{:

k= min T (22a)
L i €RPX (k+1)
s.t. Tt> 0, (22b)
P k
Q=D @+l 220
j=14=0

where 7! denote the matrix expression of the sequence
{70001y 20,5 € ZP, L € I}, e, the (j, £+ 1)"" entry of
7' is 7(; ;. ;). The properties of this LMI problem are stated
in the following lemma.

Lemma 3: Suppose Assumptions 1, 2 and 4 hold, © =
R"™, and X = Q. Let rf be defined in (22) for all i € ZP
and k € Z+ Then, for all i € ZP, there exists a finite k;
such that ¥ < 0 and r¥ < 0 for all k > k;.

Proof of Lemma 3: Only a sketch of the proof is given. From
Lemma 2, there always exist a finite k; and a non-negative
sequence {T(j 1) = 0,j € ZP,L € Z’gi} such that (19)
holds. With this sequence, it is easy to verify that (0 7 is

a feasible solution to (22). From the optimality, r;* < 0. To
show that rk < 0 for all k& > k;, we only need to show
that r * < 0 implies rk 1< 0. Let T(j 041) T T(j’[) for all
¢ € ZF+1 and 7(;1) := 0 for all j € ZP. It can be shown
that (0, 7%) is a feasible solution to (22). From the optimality,



we can get rf”l < 0 all i € ZP. By induction, r* < 0 for
all k> k;alliczpr. O

In the following theorem, we show that the LMI problem
(22) can be used to establish a stopping criterion for the
algorithm summarized in (9)-(10).

Theorem 1: Suppose Assumptions 1, 2 and 4 hold, © =
R"™, and X = Q. Let the set Oy, be defined by the procedure
in (9)-(10) for all k € Z . For all i € ZP and k € Z{, define
r¥ in (22) and let 7% := max;cz» 7F. Then, there exists
some finite k* such that 7% < 0 and Oy = Op-.

Based on the discussion above, the algorithm to compute
the maximal CA-invariant set with quadratic constraints is
summarized in the Algorithm 1.

Algorithm 1 Computation of the maximal CA-invariant set
with quadratic constraints
Input: A and {Q;, ¢},
Output: Oy«
1. Initialization: let X := {z € R" : 2TQx + 2qiT:E <
1,4 € ZP}, and set k =0 and Oy = X
2: Obtain rf from (22) for all ¢ € Z7;
3: Let vk, = maxjezerk I vk <0, let k* = k
and terminate; otherwise, let Ogy1 := O [J{z € R™ :
Ak+ly € X3, set k< k+1 and go to Step 2.

As (14) is not directly solved, the k* obtained from
Algorithm 1 is an upper bound on k,;,. For a loose upper
bound k*, the description of Oy~ may not be tight enough
though it is still true that O = O.,. However, in some
cases, k* is not necessarily a loose upper bound. It can be
close or equal to kni,. One example is the case with only
linear constraints, i.e., © = R™ and Q; = 0 for all i € ZP.
In the absence of quadratic and nonlinear constraints, the k*
obtained from Algorithm 1 is exactly equal to ki, as stated
in the proposition below. In this case, Assumption 4 is not
needed as the constraints are all linear.

Proposition 1: Suppose Assumption 1 holds, © = R™ and
Q; = 0 for all ¢ € ZP. The constraint set X can be expressed
as {x € R" : 2¢7z < 1,} without any nonlinear constraint.
Let {rk .., O} be generated by Algorithm 1. For any k €
Z&, vk, <0if and only if O, C {z € R": A¥x € X}

Proposition 1 suggests that the conservatism of k* ob-
tained from Algorithm 1 depends on the loss of the S-
procedure in Lemma 1. If the LMI (19) is a necessary
and sufficient condition of the set inclusion in (13), the
S-procedure is lossless and k* is exactly equal to Kkpin.
However, for general quadratic constraints, this is not true,
see, e.g., [28]. More precisely, k£* can be larger than k,;, in
most of the cases. However, the size of the resulting O is
not affected although there are redundant constraints in the
description of the set.

B. Quasi-smooth nonlinear constraints

In the rest of this section, the proposed approach will
be employed to handle general nonlinear constraints that
satisfy Assumption 3. This is possible by making use of

the quadratic upper and lower bounds in (5). With these
quadratic bounds, we are able to establish the quadratic
relaxations of (15) and apply the idea above. For notational
simplicity, let

H(x):

3

[
=

L;
i(0) + (HY) " + - lo])®
S HY

T>T<;£§F mm>><f)<”>

L;
i(0) + (H) 'z = - |l=]®

T L; 1V
x -1 sH; T
D)y By ) (1) o

for all ¢+ € Z™. With the quadratic lower bounds above, a
relaxed quadratic constraint set of O can be obtained for
all k € Zar :

T
Ok::{xER":( ?‘f ) Qf( 310 ) <0,i€ZP,
H'(A%z) <0,0 € 75} (25)

where H'(A’z) = (HL(A'z), HY(A'z),---  H! (A'x)).
Based on this relaxed constraint set, a modification of (14)
can be given by

gF = max(AM )T QA g+ 2¢T A s — 1 (26a)

T
&
I
/™ T

st. z e Oy (26b)

for any ¢+ € ZP and k € Z(T. As Oy C Ok, gf > gf for
all i € ZP and k € Z¢ . Similarly, we can also modify (15)
using the relaxed set. Since the cost function of (15) is also
nonlinear, we will replace it by its quadratic upper bound
(23). With the relaxed set and the quadratic upper bound of
the cost function, the corresponding modification of (15) is
given by

hY :=max H* (A1)

xT

(27a)

st. €O (27b)

for all i € Z™. Again, we can see that h¥ > h¥ for all
i € Z™ and k € Z. Using the S-procedure, the following
lemma can be obtained immediately.

Lemma 4: Suppose Assumption 3 holds. Let the set Oy, be
defined by the procedure in (9)-(10) and the relaxed quadratic
set Oy be defined in (25) using the quadratic lower bounds
(24) for all k € Zé . The following results hold.

(i) For any ¢ € ZP, if there exist some non-negative
sequences {7, ,, ;) > 0,j € ZP,{ € Zg} and {7(; ,,,) >
0,7 € Z™,{ € Zk} for some k € Z{ such that

k p
QI =D > @S (28)
=0 j=1
k. m Lj s A6\T 4¢ 17 A\T 17V
i —2(AHT AP (AT H) )
+ P 2 ( 2 J
gg “’””( LHY)TAY T H;(0)

holds, then, (A*+12)TQ;A* 1z + 2¢7 A*+1z — 1 < 0 for
any x € Oy.
(i) For any ¢ € Z™, if there exist some non-negative



sequences {’7'(] 1) > 0,7 € ZP,¢ € Z} and {’/T(J 1) 2
0,j€Z™ el }forsomekezar such that

L, Ak:+1 TAk+1 1 Ak+1 THV
( 21((HV)7)“AI¢+1 2( ) ZZT]lJrI)QJ
2 =0 j=1
k m CLi ANT 4L 14t
i = A) AY LanTHEY )
+ - 5 ( 2 J (29)
> (YA o

holds, then, H;(A*+'z) < 0 for any x € Oy.

From the lemma above, we can see that it is also possible
to implement the formal algorithm in (9)-(10) using the LMIs
in (28)-(29) for general nonlinear constraints that satisfy
Assumption 3. The finiteness of the algorithm is discussed
in the next lemma.

Lemma 5: Suppose Assumptions 1-4 hold, the relaxed
quadratic set Ok is defined in (25) using the quadratic lower
bounds (24) for all k£ € ZS‘ . Then, the following results hold.
(i) For any 7 € ZP, there always exists some finite k& such
that (28) holds for some nqn-negative sequences {T(ij’ 041) =
0,5 € ZP, 0 € Zg} and {n(; ., > 0,5 € Z™ L € Zg}.

(ii) For any 7 € Z™, there always exists some finite k£ such
that (29) holds for some non-negative sequences {T(i] +1) 2
0,j € ZP,¢ € ZE} and {77(]£+1)>036Zm IXY/33

Based on Lemma 5, we can define LMI problems for
both quadratic and nonlinear constraints. For the quadratic
constraints, let us define:

rf = min T (30a)
r,rteRPX (k+1) gigRmx (k+1)
st. ti>0,7" >0, (30b)
QI 2T+ 7l 1)@ (30¢)
(=0 j=1
m &(AZ)TA[ %(AE)TH_V
S5 st (s o )

(=0 j=1

forall i € ZP and k € Zg with 7° and 7 being the reshaping
matrix of the sequences {T(ij er1) = 0,5 € ZP, L € /8
and {7r.éj75+1) > 0,j € Z™,{ € Zk}. For the nonlinear
constraints, let us define:

~k . ~

Ty o= min T (31a)
f,‘l’iERPX(k‘+1),wieRmx(k+1)
st. T0>0,7>0, (31b)
( L?;(Ak;-I%Tjgkl-l %(Ak-i-l)THiV > (31(;)
3 (HY )T AR H;(0)
k p . —
=PI+ Y e @;
=0 j=1
k. m Li ( A\T A 1( A\T [V
; ~LanTat LAY H)
+Zzﬂ(j,z+1) < 1(2HV)TAZ 2 H;(0) !
=0 j=1 2\ J

forall : € Z™ and k € Za' . The properties of these LMI
problems are given in the following lemma.

Lemma 6: Suppose Assumptions 1-4 hold. The LMI prob-
lems defined in (30) and (31) have the following properties.

(i) For all 7 € Z?, let rf be defined in (30), then there exists
a finite k7 such that rfz < 0 and rf <0 for all k& > k.
(ii) For all ¢ € Z™, let F be defined in (31), then there exists
a finite k* such that r © <0 and rk <0 for all k& > k*

Based on Lemmas 4 - 6, the algorithm for computing
the maximal CA-invariant set with nonlinear constraints is
summarized in Algorithm 2.

Algorithm 2 Computation of the maximal constraint admis-
sible invariant set with nonlinear constraints
Input: A, {Qu q; z 1 and {Hl(x)}zll
Output: O+
1. Initialization: let X = {z € R" : (2)TQ;x + 2¢7x <
1,i€ZP,H(x) <0}, and set k =0 and Op = X
2: Obtain rf from (30) for all ¢ € ZP;
3 Obtain 7 from (31) for all i € Zm;

4 Let rF . = meiezs r¥ and 78 = max;ezm 7F. If
k. < 0and 7%, < 0, let k* = k and terminate;

otherwise, let Op41 := O ({z € R™ :
set k <~ k+ 1 and go to Step 2.

Artly € X},

Similar to Algorithm 1, Algorithm 2 will also terminate
after a finite time as stated in the next theorem.

Theorem 2: Suppose  Assumptions 1-4  hold, let
{rk 7, Or} be generated from _Algorithm 2 Then,
there exists some finite k* such that 7% < 0 and 7% <0
and Oy = Op~.

IV. NUMERICAL EXAMPLES

We consider the linear system studied in [23, Example 1]:
A = [1.0216 0.3234; —0.6597 0.5226]. In the first example,
we consider the case when the constraint set is the unit circle
given by Q := {z € R?: 272 < 1} and © = R". Algorithm
1 is used to the maximal CA-invariant set and the result
is given in Figure 1. It can been seen from Figure 1 that
Algorithm 1 takes 3 iterations to obtain this set. For the
same setting, the algorithm in [23] takes 6 iterations.

Fig. 1: The maximal CA-invariant set of Example 1.

In the second example, we consider more quadratic con-
straints. Let the quadratic constraint set be Q := {z € R? :
xTx <1 2:101 — 22 + 04129 < 1, (21 + 0.5)2 + 23 >
=, (z1 — 0.5)* + 3 > --}. Note that there are 4 quadratic
constraints and that this set is nonconvex. Using Algorithm
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Fig. 2: The maximal CA-invariant set of Example 2

1, the maximal CA-invariant set can be obtained within 8
iterations and it is shown in Figure 2.

In the third example, we also consider a nonlinear con-
straint in addition to the quadratic constraints in the second
example. Let © = {x € R? : Hy(z) = /22 + 22+ 1+
2x1 + 2x9 — 2 < 0}. It is easy to very that Assumption 3 is
satisfied with HY = [2 2|7 and L; = 1. Using Algorithm
2, the maximal CA-invariant set can be obtained within 8
iterations and it is shown in Figure 3.
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Fig. 3: The maximal CA-invariant set of Example 3: (a)
shows 2O and (b) O.

V. CONCLUSIONS

We have studied the computation of the maximal invariant
set of linear systems with a class of nonlinear constraints,
where the nonlinear functions have quadratic lower and upper
bounds. By the use of these quadratic bounds, a sufficient
condition is developed for computing the maximal invariant
set. Based on this sufficient condition, a new algorithm is
presented by solving a set of LMIs. Under mild assump-
tions, finite determinability can be guaranteed. Finally, we
have illustrated the proposed algorithm by several numerical
examples.
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