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In this paper, a robust approximation-based model predictive control (RAMPC) scheme for the con-
strained networked control systems (NCSs) subject to external disturbances is proposed. At each sam-
pling instant, the approximate discrete-time model (DTM) is utilized for solving the optimal control
problem online, and the control input applied to continuous-time systems can then be determined.
Such RAMPC scheme enables to implement MPC for the continuous-time systems in the digital environ-
ment, and meanwhile, achieves the state and control input constraints satisfaction in continuous-time
sense. Furthermore, we also provide a guideline to determine the allowable sampling period. Sufficient
conditions for the feasibility of the RAMPC scheme as well as the associated stability are developed.
Finally, the effectiveness of the RAMPC scheme is shown through a numerical simulation.
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1. Introduction

Networked control systems (NCSs) have received increasing atten-
tion in recent years, due to their potential applications in transporta-
tion systems, cloud control systems, power grids, etc. Comparing with
traditional point-to-point architecture, NCSs have many nice features
which include but are not limited to simpler maintenance and instal-
lation and lager flexibility [1,2]. Due to continuous-time system mod-
eling and practical physical plant as well as the sampling behaviour in
NCSs, there exist both continuous-time and discrete-time signals in
NCSs, and thus forming the so-called sampled-data NCSs. However,
this hybrid nature of the sampled-data NCSs brings challenges in
designing an effective control scheme and analyzing the close-loop
system stability and performance, especially for constrained nonlinear
systems, see [3-5]. Fortunately, a powerful way to tackle constrained
nonlinear system is model predictive control (MPC), which solves a

* This work was supported by the National Key Research and Development
Program of China (No. 2018AAA0100800, No. 2018YFE0106800), the National
Natural Science Foundation of China (61725304, 61673361 and 61673350), the
Science and Technology Major Project of Anhui Province (912198698036). Authors
also gratefully acknowledge supports from the Chinese Academy of Sciences.

* Corresponding author at: Department of Automation, University of Science and
Technology of China, Hefei 230027, China.

E-mail addresses: wanghtao@mail.ustc.edu.cn (T. Wang), kangduyu@ustc.edu.cn
(Y. Kang), puffylee@mail.ustc.edu.cn (P. Li), ybzhao@zjut.edu.cn (Y.-B. Zhao),
YPL8432@mail.ustc.edu.cn (P. Yu).

https://doi.org/10.1016/j.neucom.2020.07.037
0925-2312/© 2020 Elsevier B.V. All rights reserved.

finite horizon optimal control problem (FHOCP) online meanwhile
taking the constraints into consideration. Consequently, many investi-
gations on MPC for nonlinear NCSs have been reported, the associated
works can be seen in [6-12] and the reference therein.

In general, MPC for sampled-data NCSs can be studied under
two framework, i.e., the continuous-time framework [6-8] and
the discrete-time framework [9-11]. On the one hand, the
continuous-time framework is focused as the actual plants are usu-
ally modeled by using continuous-time ODEs subjected to
continuous-time constraints. In continuous-time framework, these
constraints in the FHOCP are considered in a continuous-time set-
ting, and thus can be naturally satisfied in continuous-time sense.
However, two non-negligible problems arise in continuous-time
framework: (i) the continuous-time nonlinear ODEs are regarded
as one constraint in the FHOCP, thus the computation procedure
of the MPC is always supposed to be continuously repeated over
a vanishingly small sampling time, which is computationally
intractable, and (ii) stability of the continuous-time systems may
no longer be maintained after applying the sample-and-hold con-
trol signal, see [13]. On the other hand, the discrete-time frame-
work is widely discussed because MPC algorithms in this
framework can be easily implemented in the digital platform and
also have computational advantage [14,15]. Nonetheless, there still
exist some problems in discrete-time framework as follows: (i) the
state constraints are considered only at each sampling instant, thus
the inter-sampling behaviour, i.e., the state evolutions between two


http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2020.07.037&domain=pdf
https://doi.org/10.1016/j.neucom.2020.07.037
mailto:wanghtao@mail.ustc.edu.cn
mailto:kangduyu@ustc.edu.cn
mailto:puffylee@mail.ustc.edu.cn
mailto:ybzhao@zjut.edu.cn
mailto:YPL8432@mail.ustc.edu.cn
https://doi.org/10.1016/j.neucom.2020.07.037
http://www.sciencedirect.com/science/journal/09252312
http://www.elsevier.com/locate/neucom

T. Wang et al./ Neurocomputing 418 (2020) 56-65 57

consecutive sampling instants, is neglected, leading to continuous-
time state constraints unsatisfaction; (ii) the required exact discrete-
time model (DTM) in solving the FHOCP may not be available for gen-
eral nonlinear system; (iii) the stability for the exact DTM can be guar-
anteed, but the original continuous-time system can notdue to the
neglect of the inter-sampling behaviour.

Some preliminary results focusing on the above problems that
occurred in discrete-time and continuous-time frameworks are
reported in [16-19]. In [17], the sampled-data MPC for linear sys-
tems is studied. Since linear system is considered, whose exact dis-
cretized model is easily obtained and the inter-sample behavior
can be explicitly analyzed, the computation challenge of the MPC
is overcome under the discrete-time framework and the constraint
satisfaction is achieved in continuous-time sense by employing the
polytopic overapproximations technique. However, such technique
does not work for nonlinear systems as the discretization of gen-
eral nonlinear systems is generally intractable. To overcome this
drawback, receding horizon control scheme for continuous-time
nonlinear systems via their approximations is studied in [19],
where the approximate DTM of nonlinear system is introduced
to replace its exact DTM. But in these works, the state constraints
that can be encountered in many practical control systems, have
not been considered. Further studies can be found in [16,18],
where state constraints are considered only at the sampling
instants, but the inter-sampling behavior is neglected, thus the
state constraints may be violated in the continuous-time sense.
Additionally, none of these preliminary results study model error
between the obtained approximate DTM and the original
continuous-time system. Indeed, the combined effect of the model
error and the disturbances will deteriorate the control perfor-
mance, the worst case may cause infeasibility and instability.

With the above motivations, we investigate MPC for
continuous-time perturbed nonlinear systems, considering two
problems: (i) how to implement MPC for continuous-time systems
under the digital environment without transgressing the
continuous-time constraints? (ii) how to establish the stability of
the original system? These two problems are quite essential for
the implementation of MPC algorithms for sampled-data NCSs,
and we thus develop a novel RAMPC scheme to solve them. The
main contributions of our work are twofold:

e A novel constraint tightening approach for the formulation of
the FHOCP is proposed. This approach integrates the external
disturbance and the model error between the approximate
DTM and continuous-time systems, and consequently, a tight-
ened set is defined to achieve continuous-time state constraints
satisfaction. Compared with the existing work where the state
constraints are either not considered or considered only at the
sampling instants, the robust constraint satisfaction in
continuous-time sense achieved in this work has more theoret-
ical and practical significance.

e A new condition for guaranteeing feasibility and stability is estab-
lished. By incorporating the upper bound of the model error and
disturbance, this condition provides a guideline to determine the
allowable sampling period when the disturbance is known or
determine the maximum allowable disturbance bound when the
sampling period is selected. Moreover, it is worth noting that we
prove that the resultant closed-loop system is input-to-state prac-
tically stable (ISpS) under this new conditions.

The remainder of the paper is shown in five sections. Section 2
describes the research problem. The main results are shown in Sec-
tion 3, including the specific RAMPC scheme, recursive feasibility
as well as the associated stability. The effectiveness is verified by
a numerical example in Section 4. Section 5 concludes this work.

Notations. Let R and Z, represent the real and nonnegative
integers, respectively. R" denotes the n-dimensional Euclidean
space. Amin(R) is the minimum eigenvalues of the matrix R. A matrix
P is called positive definite when P > 0. For a vector ¥, its Euclidean
norm is denoted by || := vxTxand the P-weighted norm is

denoted by ||x||, := VXTPx. w, 1, is a signal from t; to t, and its sub-
script can be omitted for simplify when it can be derived from context.
For two sets A/ BCR"AcB:={x:x+y cA,Vy B} denotes the
Pontryagin difference set, A®B:= {x+y:x €A,y € B} denotes the
Minkowski addition set. K denotes a class-K, K, is a class-K.,, and
KL is a class-K£ functions, see [20] for details.

2. Problem formulation

Consider the following uncertain nonlinear control system
X(t) = f(x(t),u(t)) + w(t),t > 0 M

where the system state x(t) € X c R" and control input u(t) € & C R™.
The vector w(t) € W= {w(t) e R": |[w[| < ¢} CR" is the external
disturbance with a positive definite matrix R. These two compact sets
X and U represent the continuous-time state and control input con-
straints sets that contain the origin. Let the solution of system (1) for
time t with the control input u, disturbance w and initial value
x(0) = xo be denoted by ¢(t;xo,u,w). Moreover, the function f with
f(0,0) = 0 should satisfy the following assumption.

Assumption 1. f is local Lipschitz continuous with a constant
Ly >0 depending on the weighted matrix R, ie.
Ifx,u) — f.w)llg < Lelx — Yllg . ¥x.y € X and u € U.

In the implementation of MPC for sampled-data NCSs, the state
x(kT) is sampled at each sampling instant kT and is transmitted to
MPC over a communication network, the FHOCP is solved by
exploiting this initial value x(kT) to obtain the control input
sequence. Then, the actual control, sent to the actuator with a
zero-order holder over time interval [kT,kT +T), is the first ele-
ment in the above resultant control sequence. Finally, starting from
the time instant (k + 1)T, the FHOCP enters the next sampling and
computation cycle.

Since the DTM is necessary in computation of the FHOCP under
digital environment, the original continuous-time model should be
discretized. We first introduce some concepts about DTM of sys-
tem (1). Given a sampling period T, then the exact DTM of system
(1) with the sample-and-hold control input u(t) =u(kT), if
t € [KT,kT +T) is written as

X =X+ [T (F(x(T), u) + w(t))de
=: F}(Xk, Uk) + Wry

@)

where the simplified notions x, and u; are defined by x; := x(kT)

and uy := u(kT), k € Zo, respectively, the subscript T means that F;

. . . KT+T
is parameterized with T, and wry:= [i;

wr € W:= {WT : HWTHR < ET}
With the exact DTM (2), the corresponding FHOCP under
discrete-time framework is defined as follows:

w(t)dt satisfying

min J(x, a, N)
Uy

St Rivisk = FT (Recsi Wesige)
Xisije € X, 3)
Ui € U,

XNk € X,
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where N is the prediction horizon,i=0,...,N — 1,%. denotes the
(k +i)th predicted state based on the F; and control sequence 1
with initial state X = X, the terminal state constraint set is Xy,
the cost function J(x,, @, N) is formulated as

N-1
J(Xe, 0, N) = Zl(kkﬂ'\k; Ukviik) + & (Rernpk) 4)
i—0
with[: R" x R™ — R" and g : R" — R" being the stage cost function
and the terminal cost, respectively.
Solving the FHOCP based on (3) and (4), an optimal control

(10 —J70 1,0 770 i i
sequence Wy, y jy = {uk‘k,ukmk,...,u,HNfuk} is obtained, then

the actual control input that is applied to continuous-time system
(1) is formulated as

u(t) = kM(x,),t € [KT,kT +T) (5)

where kMPC(x,) := 1°(k|k) called sample-and-hold signal, represent-
ing the MPC feedback control law, is the first element of u ;, y ;-

Although the above formulation gives a way to obtain a control
sequence, some problems still exist and need further treatments:

(a) The exact DTM is general unavailable as solving the differen-
tial Eq. (1) with nonlinear term f(x,u) is quite difficult;

(b) The obtained control sequence by solving FHOCP (3) only
guarantees the constraint satisfaction at the sampling
instant. But when considering the inter-sampling behavior,
the state constraints in continuous-time may be trans-
gressed, i.e., x(t) ¢ X for all t € (kT,kT +T).

(c) The MPC scheme guarantees that the exact DTM (2) is stable
in some sense, but the stability of the continuous-time (1)
with control signal (5) cannot be guaranteed.

Therefore, our objective is to design a scheme such that the
above three problems are solved. To be specific, the control input
obtained by solving a proper designed FHOCP can stabilize the
original continuous-time system (1) without resorting to the exact
DTM (2) and violating state and control input constraints satisfac-
tion in continuous-time.

Before proceeding, we introduce a necessary definition.

Definition 1 [21]. A set @ is called robust positively invariant set
for a uncertain system xy .1 = F(xy, wry) if for all x, € @, then
F(xy, wry) € @ for all wry € W.

3. Main results

In this section, the RAMPC scheme is proposed, the recursive
feasibility is analyzed and the associated stability results are
established.

3.1. RAMPC scheme

In this part, we formulate the FHOCP of the RAMPC algorithm,
where the DTM, the state constraints, and the cost function are
elaborated in the following.

Since the exact DTM F; of system (1) is usually unavailable, we
consider its approximate DTM instead. Let the sampling period T
be given, the disturbance-free approximate DTM of system (1) is
denoted by

X1 = F7(xe, Ug) (6)

where the explicit expression of F; depends on the adopted numer-
ical methods, which include, but are not limited to, the Euler
method and the modified Euler method. Taking the Euler approxi-
mation for example, we have  Fr(xy, u) = F‘%”’"(xk? uy)
= Xy + TF (X, We).

Furthermore, F; should satisfy the following assumptions.

Assumption 2. Given any sampling periods T > 0, F{ is continuous
in u, the following two inequalities

IFf (X1, u) = Fr(x2, u)llp < €47[Ix1 — Xzl (7)
IFs(x1,u) — F(xi,u)l - < To(T) 8)

hold with a K, function g for all x;,x, € X and u € .

Remark 1. The above assumption is very general. Inequality (7)
implies that F; satisfies a local Lipschitz condition. In fact, if the
Euler approximation method is adopted, i.e., F% = F£*" then based
on Assumption 1, it can be easily observed that
[|F3(x,u) — Fr(y,u)|lg < (1 + LT)||x — y|lr and 1+ LT < e, As for
the other approximate models, the corresponding analysis can be
seen in [22]. Inequality (8) imposes a restriction on the approxima-
tion models by restricting the one step modeling error between Ff
and F; over the time interval [kT,kT + T]. It is necessary to point
out that this inequality can be checked even though we do not
know the exact DTM F%, and more details can be found in [20,23].

To guarantee that state constraints are satisfied, the constraint
tightening scheme is proposed. The principle of the tightening
scheme is using the tightened state constraint set based on the
upper bound of the state error between the original system (1)
and the disturbance-free approximate DTM Fj.

Lemma 1. Suppose that Assumptions 1 and 2 hold. Define
ti =(k+i)T+7t,i=0,...,N—1 with t € [0,T), then the state error
€T ty] = (/)(tl%Xk+i~,u[(k+i)T.t1]7W[(k+i)T,t1]) — Xiiijk is bounded by

eliT _ 1
elm —1
forall x.i € X, Wiy, € U and Wy, € W, where i is a constant

that makes system function in (1) bounded from above, i.e.,
IF(x(6),u(t)) + w(t)|lg < 1, Vx(t) € X, u(t) € Y, and w(t) € W.

l€esirenlle < HT+ (To(T) +<T) 9)

Proof. Note that the constant u always exists since the domain
X x U is bounded and the external disturbance W is a compact
set. For better reading, the validity of this lemma is divided into
three steps.

1. First, let the state error between the exact DTM (2) and the
approximate DTM (6) be defined as ey; = Xi;i — X.ix. By virtue
of the definition of F5, F; and inequality (8), it comes that

(IF7 (X, i) +Wr e — Fp (X, we)[[g < TQ(T) + T
According to the Lipschitz property of f and F5 in Assumptions 1
and 2 and the triangle inequality, it is easy to obtain

lexs1llg < [1F7 (X, te) + Wrg — Fr (Xuge, ti) |

+IIF7 Xk, tie) — F7 (Riege, ) g

= To(T) + &T + el ||xe — Xkl

=To(T) +¢T
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where the initial condition Xy, = x; and the fact i, = uy are uti-
lized in these inequalities above. Then, it follows by induction
that

lexsalle < TQT) + ET + €7 |[Xies1 — Riesriellg
< To(T) + ET + 4™ (To(T) + ¢T)
-1 (10)
llexillr Z T (TQ(T) +&T)

j=0
iLeT
= ZLffT:]] (TQ(T) + fT)

2. Secondly, we explain that the trajectory of the real system does
not deviate far away from the approximate DTM over time
interval [(k +1)T,t;]. Since ||f (x(t),u(t)) + w(t)||x < ¢ holds and
the solution of system (1) exists, it is easy to derive that

1@ (t15 Xici, WigresiyT 1) Wik Toer)) — Xksil[g < UT
3. Finally, incorporating the above two steps, we obtain

10 (E1; Xiceis WikiyT.y > WikeeiyT 1)) — Xirillg =+ kil

o(T) +<T)

@ity g <

< ,ur+”“(

These complete the proof. (J

Based on Lemma 1, the tightened set is defined by the Pon-
tryagin difference set

Xi=X06 B (11)

where the set B; is defined as

-1
B; = {x e R": ||x|[p < ut + 1 (To(T) + éT)}‘

eLfT

One can note that if the predicted state satisfies the pointwise con-
straint X,y € X;, then the actual continuous-time system state con-
straints are satisfied, i.e., ¢(t1; Xk, u, W) € X. This claim is a direct
result of the definition of the Pontryagin difference set and inequal-
ity (9). By this approach, the problem of the constraint satisfaction
in continuous-time sense (the problem (b) in previous section) is
solved.

With the above preliminaries, the FHOCP of the RAMPC scheme
is formulated as follows. Given a sampling period T, the cost func-
tion related to T is defined by

N-1

Jr (X, 0, N) = ZTI(?ACkmk, ak+i\k) +g(5€k+mk) (12)

i=0

where [(x,u) = HXHQ + |lu||3 is the stage cost and g(x) = ||x||2 is the
terminal cost with Q, P, R being positive definite matrices. The con-
trol sequence @}, y ., and the corresponding predictive state
sequence Xj .,y are obtained by solving the FHOCP that is defined
below

rnin Jr (X, @y, N)

(13a)

s.t. XI<+1+HI< = F} (Ricviik Wesife)
Xkﬂ\k € AXj, (13b)
ukﬂ‘kGZ/{l—O,.“,N—l (13¢)
)AC;HN‘]{ S Xf, (13d)

with X« = x; being the initial condition of solving the FHOCP and

Xf = {x IRIE < G%} being the terminal state constraint set.

Remark 2. One may note that the upper bound of the state error in
Lemma 1 may be over-conservative since the repeatedly use of the
constant Ly that may be very large. Fortunately, this problem can
be alleviated as we find a smaller L; by changing another matrix-
weighted norm, see [24] for more details.

Remark 3. Recall the three problems proposed in Section 2. The
approximate DTM F; is employed in (13a) to replace the exact
DTM F%, which solves the problem (a). To solve the problem (b),
the tightened set in (13b) is proposed such that the state constraint
is satisfied in continuous-time sense. As for the stability problem
(¢), since the cost function (4) that is independent on sampling per-
iod T may be unable to stabilize the exact DTM (2), typical exam-
ples can be found in [19,22], we employ a T-related cost function
(12) here. Together with an additional assumption (Assumption
4), the stability for the continuous-time system can be established,
which will be discussed in the next section. One may notice that
with the development of wireless communication technique like
5G, low latency and high reliability can be achieved. Therefore, it
is legitimate to not consider the delays and packet dropouts in this
work.

The overall control structure with the RAMPC scheme is illus-
trated in Fig.1. At each sampling instant kT, the sampled state
x(kT) is transmitted to MPC over a communication network, the
related FHOCP in (13) which takes x(kT) as the initial condition is
solved, and the control signal i selected from the obtained input
sequence .y is sent to the actuator through a communica-
tion network again. The actuator provides the actual input
u(t) = iy over time interval [kT,kT + T) to original system (1) in
a sample-and-hold manner. The feasibility of this RAMPC scheme
as well as the associated stability of the resultant overall system
under some mild conditions are discussed in next section.

3.2. Recursive feasibility and stability

The feasibility of this RAMPC scheme as well as its associated
stability are established in this part. The feasibility means the solu-
tion of the FHOCP always exists at each sampling instant. To guar-
antee feasibility and stability, some fairly standard assumptions
are needed.

Assumption 3. The terminal state constraint set X, the terminal
cost g(x), the auxiliary control law h(x), another important set Z,
and the stage cost function I(x, u) satisfy the following properties,

10exn X c 2= {x: &z < 33}
EC{xeXn1:h(x)elU};

2. F3(x,h(x)) € Xf,Vx € E;

3. g(Fi(x,h(x))) — g(x) < =Tl(x, h(x)),Vx € E;

p . p
u(r) s | x(O) o
Actuatur Plant Sensor
< 4 A J —_————

Zero-Order
Holder

with O<or<or and

Approximate

Discrete-Time

w Plant

ik | k)

MPC

Fig. 1. The framework of the RAMPC scheme.
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4. g(x) is Lipschitz continuous in E with constant L; > 0 relying on
weighted matrix R, i.e., |g(x) — g(¥)| < Lg||x — ¥z, VX, y € 5;

5. g(x) is bounded, specifically, o (||x||) <g(x) < ax(||x]|) with
&],6(2 S ’CDQVX eE;

6. I(x,u) is Lipschitz continuous with L, > 0 depending on
weighted matrix R, ie., the inequality
[I(x,u) — I(y,u)| < Li||x — y||g holds Vx,y € X,u e U;

7. l(x,u) = os(||x||) with o3 € K,VX € X,u € U.

Assumption 4. ([18]) f(x,u) in (1) is bounded from above, i.e., the
following inequality hold with ¢, € K

If (x, )]l < max{0, 0, (1/0)l(x,u)} (14)

forall 9 >0,xc X and u € U.

Remark 4. The Properties 1-7 in Assumption 3 provides some
rules in designing the matrices P, Q,R, the set E and the auxiliary
controller h(x), which are fairly standard in the field of MPC, see,
e.g., [24,14]. It should be noted that the parameters or and Gr
are both dependent on the sampling period T, which is a immedi-
ate result of the Properties 2-3. Assumption 4 can be easily satis-
fied for very general continuous function f(x,u), see [18,
Section 4.3] for more details.

First of all, the following theorem formulates the upper bound
of the model error and disturbance to guarantee that the FHOCP
is recursively feasible.

Theorem 1. Given the states set XMPC and suppose that the FHOCP in
(13) has a solution for any xo € XMIC, if the system (1) fulfills
Assumption 1-3, the model error and disturbance satisfy

Or — 07

€T +Te(D) < e

(15)

then XMPC is robust positively invariant for the exact DTM (2).

Proof. To prove this claim, one only needs to prove that if
X € XMPC then X, € XMPC,

The proof of the robust invariance of AMFC can be completed by
induction. Assume that the FHOCP has a the optimal solution

uﬁc,km—l\k] at kT, then based on which a solution of the FHOCP at

time (k + 1)T can be constructed as follows, and we only need to
verify its feasibility.

a2+1+i\k i=0,....N-2
i I 16
k+1-+ilk+1 { h(&k+N|k+‘l) l —N-1 ( )
For clarity of exposition, the proof is divided into three steps.

o Xii1iNks1 € Xf Applying  the control input

Uiersijert = UR,1 4 to the approximate DTM, then the state
error in the following is bounded by

[Ricsr i = Xq el
~npa (s ~0 a (50 710
=||F; (Xk+i|k+l , uk+i|k) -F; <Xk+i\k7 uk+i\k) lIr

< e[ Resinenn — X2 ullg

(17)

< e [Reapern — XDl

where the inequality (7) in Assumption 2 is used. Noticing that
Rieptjkr1 = Xieats thus from (10), we have
Xps1 — 22+1\k = To(T) + ¢T. Substituting it into (17) yields

[%es1k1 = KRl < €7 [To(T) + €T] (18)
Since ¢T + To(T) < e?,{,%j{f’, Thus, we have

Xeniks g < 1R wellg + 07 — o7
Noting that X7, v, € &y, i.e, %),y llz < o7, we have

[Xiinestllg < O (19)

which means Xi,ni.1 € E. Finally, utilizing the auxiliary con-

troller h(Xc,ni.1) and considering the Property 2 in Assumption

3, one has X1 nk1 € X

e Xiiiiike1 € Xt First, fori=0,...,N — 2, considering the for-
mulation in (18), we obtain

Rictsitesille < 1%, qplle + €T [TQ(T) + €]
Since X7, € X1, we have

€ Xiq @ elT[To(T) + £T)
€ Xj;

Xic1+ilk+1

Next, fori = N — 1. From (19), we know that X, yj,1 € Z. Consid-
ering the Property 1 in Assumption 3, one has
Xesnjke1 € 2C Xy,

e li14iks1 € U: Based on equation (16), U 14iks1 = agm”k cu
for i=0,...,N—2 due to the feasibility of ﬂgk. Then,
Xiinkr1 € E as verified above, we have h (X k1) € U by vir-
tue of the Property 3 in Assumption 3 and therefore,
UpsNjksr € U.

Based on the above three claims, the constructed solution (16)
is feasible at time (k + 1) T, which implies that XM is a robust pos-
itively invariant set, and thus this proof is completed.

Remark 5.

1) Note that the robust positive invariance of XM’ implies
that the state x, at every sampling instant is in XM, which
also means that the solution of the FHOCP (13) always exists,
i.e., the RAMPC scheme is recursively feasible.

2) Inequality (15) provides a method to determine the sam-
pling period T once we know the upper bound of the exter-
nal disturbance in practice or to determine the maximum
allowable disturbance bound ¢ when the sampling period
is selected. If we choose an approximate T* to let

0.005

& -0.005
ur

-0.01

—To(T) -

-0.015

o1 —0

DI, T

-0.02

-0.025

0.03 ‘ ‘ ‘ . ‘ ‘ ‘ ‘ ‘
0.02 0.04 0.06 0.08 0.1 012 0.14 0.16 0.18 0.2
T(s)

o

Fig. 2. The value of the function G(T) = ;‘J%‘{f’, —To(T) — ¢T.
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T + T o(T') = ”,C Sh7r- hold, then the condition (15) always
holds for any T € (0, T"]. This claim is verified by numerical
simulation in Section 4. Further, note that the maximum
allowable disturbance bound ¢ cannot be infinite since the
right hand side of (15) is finite even if the sampling period
T is sufficiently small (as illustrated in Fig. 2).

Theorem 2. Suppose that the sampling period T is selected to satisfy (15)
and Assumptions 1-4 hold true. Then the exact DTM (2) under the RAMPC

algorithm is ISpS for all xo € XM, ie., the following inequality holds
[xell < B(llxoll,KT) + (&) + 6 (20)

with two functions f € K£,7 € K., and a constant 6 > 0 for all initial
condition xy € XM and disturbances wr; € W.

Proof. See Appendix. O

The above theorem shows that the exact DTM (2) is stable
with the control input provided by the RAMPC algorithm. On
the other hand, Assumption 4 guarantees that the continuous-
time solution of the original system (1) between the two sam-
pling instants kT and kT + T does not diverge far away from the
system state at the sampling instant kT. Incorporating these two
facts, the stability of the system (1) by applying control signal
(5) is established.

Theorem 3. Suppose that Assumptions 1-4 and inequality (15) are
satisfied, then the original system (1) with the sample-and-hold
control signal (5) is ISpS, i.e., there are fec KL , y€ Ky and a
constant & > 0 such that

XD < BllIxoll, 6) + (&) + 6 (21)

holds for any initial condition xo € XM and w(t) € WM, where XM
and WMPC are allowable state set and disturbance set defined below.

Before proceeding, we introduce a lemma which bounds the
continuous-time solution between two sampling instants kT and
kT + T by the state at the sampling instant kT.

Lemma 2. If Assumptions 1-4 and inequality (15) hold, then there
exist y;,7, € K« such that the continuous-time solutions at time t
satisfy

(6 X0, w, W)[| < 7 ([IXo]) + 72(E) (22)

forall xo € XMPC w(t) e Wand t € [0,T].

Proof. For t € [0, T}, leveraging inequality (14) to continuous-time
solution yields

;%0 0, W) = Xo|| <[5 I (x(7), u(7)) + w(T)||dT
i+ max {T0,0,(1/0) Jg (x(x)

<
#min

<

u(r))dr}

Notice that the inequality I(x(t), u(t)) < ml(xo, uo) always holds with
a constant m > 0 for t € [0,T] due to X,U are compact set and the
Property 6 in Assumption 3, we obtain

T
/me(R)
From the definition of J%(x(k)) and inequality (25), one has
Tl(xo, Uo) < J2(X0) < o2([|%o]|) for all xo € AMPC, Thus, we have
er

min(R)

|l (t; X0, 1, W) — X0 < + max{T0, mg,(1/0)Tl(xo, Uo) }

o (t; X0, w, W) — Xo < max {T0, mg, (1/0)0t2|xo| } +—

The remainder part is to construct two function y, € X, and
Y, € K, which has the similar outline as the one in [18, Remark
4.13]. Specifically, 0 can be given by 0 = 7(||xo||), where

(r) = { 1/07'(1/y/aa(r)) if r>0
0

y ifr=0

It is easily verified that 9 € K. Hence, by letting

L7200 =

y;(r) =+ max {T)”)(r), m
one finally obtains

ll(t; X0, w, W)[| < 74 ([[Xol[) + 7,(£)
which complete this proof. OJ

The proof of Theorem 3: On the basis of Theorem 2 and Lemma
2, the stability result can be established. Our objective is to find
B e KL,y €K and ¢ > 0 to make the inequality (21) hold. The fol-
lowing process follows the same line of Theorem 5 in [25]. There-
fore, one only needs to pay attention to the set A WMPC and
expressions of f(.,.),y(.) and 4. For simplicity, we directly give
these expressions as follows:

plo.m) = max{ (507, 2 maxa ", (69(21,(6). 7 1) .
7(8) = 71(6B(27,(5),0)) + 71 (37(5)) + 712(5),
5= 7,(39)

where 1 is a positive constant such that nT € Z, and nT > 2. More-

over, the compact sets A" and W™ are taken as

{xermx=min{y1 (452), 57 (B (“52,0) )} vx e MY

{eeRr:e=min{3;"(9),77(9). &), vk e B, < Bz — p(T)}

XMPC .

WMPe . —

where a is an arbitrary number 0 < a < 1.
These complete the proof.

4. Simulation example

Consider the following cart-damper-spring system discussed in
[26]

X(t) = v(t) ,
{z’/(t) = — e XOx(t) — & v(t) + 52 + w(b), (23)

where x(t) is the cart displacement, »(t) denotes the velocity,
M, =1.25 kg is the cart mass, the other parameters are given as
ko =0.9 N/m, h =0.42 N.s/m. u(t) and w(t) are respectively, the
control input and the additive disturbance. Let z = [x, 2] denote
the system states. The state and control constraints are set as
X={z:-05<2z(t)<05} and U ={u:-0.5<u(t)<0.5}. For
simplify, we here formulate the specific form of the disturbance-
free Euler approximation of the system (23).

{an =X+ Ty

Vs :( 71%) v — kOT e Mexy + e (24)
Note that the form of modified Euler approximation [27] and
fourth-order Runge-Kutta approximation [28] can be similarly
obtained.

Considering the MPC implementation of DTM (24), setting pre-
diction horizon N = 5. The local Lipschitz constant is Ly = 1.8440.
The two weighted matrices are set as Q =[0.50;0 0.5] and
P =0.5. For Euler approximation, the upper bound of one step
modeling error between F; and F; can be obtained as

To(T) = L;uT?/2. To determine a proper sampling period T, the
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value of the function G(T) = j,{,;”‘{ﬁ — To(T) — £T is depicted in Fig. 2
with external disturbance |jw(t)|| < 0.005. Then according to the
condition (15) in Theorem 1, the sampling period can be set as
T = 0.08 sec to guarantee the feasibility. The weighted matrix R
then can be calculated as

B {1.5385 0.5068}
~ 105068 0.9369 ]

the terminal set Xy = {z izl < 0.31602} and another important

set 2 = {z: llz||3 < 0.32552} can be determined by using the Jaco-

bian linearization methods in [15].

To examine this scheme, we use MATLAB subroutine fmincon
to solve the FHOCP. The initial value is x, = [0.3, —0.3], the MPC
algorithms based on the Euler approximation, modified Euler
approximation and fourth-order Runge-Kutta approximation are
performed, respectively, and the results are illustrated in Figs. 3—
5. It is easy to observe that the continuous-time state and control
constraints are all satisfied, and the overall system is ISpS. It is
worth noting that the Runge-Kutta approximation is more accu-
rate but always has a more complex expression, which increases

0.3
Euler Approximation
Y Modified Euler Approximation
0.25 — — — Runge-Kutta Approximation
02 2 p10° 1
1
0.15 T
E
x
01F 1 1
-2
005 8 10 12 14 16
or ‘\“
0.05 I I I I I I I
0 2 4 6 8 10 12 14 16

Fig. 3. Displacements of the closed-loop systems with different approximations.

oF
Euler Approximation
L A R Modified Euler Approximation | |
— — — Runge-Kutta Approximation
-0.1 | -3 8
@ o X 10
E
015 1 ) ]
0.2F il ' 1
-1
-2
025 f 8 10 12 14 16 |
03 I I I I I I I
0 2 4 6 8 10 12 14 16
t(s)

Fig. 4. Velocities of the closed-loop systems with different approximations.
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Fig. 5. Comparison of control inputs.
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Fig. 6. Comparison of displacements with different sampling periods.
=
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Fig. 7. Comparison of velocities with different sampling periods.
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0.3
T=0.08
T=0.15
——-T=02
— ——T=0.25
g 4
p=}
=
o
g ,
0.05 ‘ ‘ ‘ ‘ ‘
0 2 4 6 8 10 12

Fig. 8. Comparison of control inputs with different sampling periods.

difficulty in designing MPC algorithms. On the contrary, the Euler
approximation is low-accuracy, but it is simpler in design and
can obtain a comparable control performance under an appropriate
sampling period.

Additionally, the effect of sampling period on the FHOCP is
investigated by trying different sampling periods T for Euler
approximation system (24). The resulting Figs. 6-8 show that the
FHOCP is feasible under a small sampling period T. However, the
FHOCP does not have feasible solutions in simulation after contin-
uing to increase the sampling period, although the disturbance has
been neglected. One can also observed that the FHOCP is still fea-
sible even if the condition (15) is violated, this is because of the
conservativeness brought by the Lipschitz constants and the con-
straint tightening technique [24]. Therefore, how to reduce such
conservativeness is our future work.

5. Conclusion

The implementation of MPC for continuous-time systems in the
digital environment has been investigated in this paper. A RAMPC
scheme for NCSs has been proposed accordingly. With this scheme,
the FHOCP can be solved in discrete-time manner, which makes
the MPC algorithms computationally tractable. In addition, the
continuous-time state and control constraints satisfaction have
been achieved by a novel constraint tightening scheme. More
importantly, we have shown that the FHOCP is recursively feasi-
ble at each sampling instant and the original continuous-time
system is ISpS by applying the sample-and-hold control signal
under some mild assumptions. Our future work is to reduce the
conservativeness and the computational complexity of the
FHOCP by considering the event-triggered MPC [29] and adaptive
horizon MPC [14].
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Appendix A. Proof of Theorem 2

Proof. According to [30], we can choose a suitable ISpS-Lyapunov
function for the system (2) to prove that it is stable. We here take
the optimal value function as the ISpS-Lyapunov function candi-

date. Let J2(x) = Jr (x, a0, N) be the optimal value function at the

sampling instant kT. The following derivation we will show that
the following

o (1)) < 7)< o (][ill)

Jr®esn) = Jr(xe) < Tl=oa (X)) +7(¢) + 61]
hold with functions o;,0,,03 € K and § € K for all x, € XM,
Wy € W.

Suppose that Assumption 3 hold, according to [16, Section 2.4],
it is easy to obtain

Jrx) < g(x) < da(xel)), Vxi€ E

For the upper bound of J2(x,) in M€, a feasible method in [31] is
utilized. Since the compactness of X,/ and the fact of Assumption
3, there exists an upper bound for J%(x;) such that J%(x;) <f for all

X, € XMPC where ] is finite. Define a set B, cR",B, =
{x e R": ||X|| < r} C &f. This set always exists since X; contains

%) and o (||x||) = € - & (||x||), we have

the origin. Let € = max(l,
Jr(xe) < oa(|xl)), VX € XM (25)

To get a lower bound for the optimal value function J%(x;), for any

X, € XMPC/10}, if the corresponding optimal state evolution is
denoted as X7, ;,,, = Fr (&%W a;gﬁ.‘,(), then we study two cases:

1) If [|%Q, i — Xkl < 3 lIxcl, which implies [[X7 .|l = 3 lIxll,
according to the property 5 in Assumption 3, we have

N -1
B xe) = g("ﬁmm) = 0 (EHXkH)

2) IF Xy = %ll = 3lIx(K)]], then

Rl <R e — Xl
N-1
_ 50 50
= H;(?‘kﬂmk*xkﬂm)ﬂ (26)
N-1
< ZHF?‘ (X2+i\k7ug+i\k) _Xgﬂ‘\k”
i=0
where
I
IFF(x,u) = x| = [IFf(x,u) = F""(x, u) + Tf (x, u)|
Eul
< o lIFr(xu) = Fr (xu) g + | Tf (x, w)|
(27)

Let g, € K, that make one step modeling error in (8) between
the exact DTM F¢ and the Euler approximate DTM F2“*" satisfy
IFf (%, u) = Fi" (x,u)]g < Te,(T) and ¢ = @ + @, then
IFS(x, 1) = FF**" (X, u)[lg < To(T) + To,(T)
= To(T)
Substituting (27), (28) with x=2%) ;, and u =1y, into (26)
yields

(28)

Hixel < (im TOT) + TIF (R840 82,50 ) )

(
< 3 (max{T0,0,(1/0)T1(%.408.00) } + 7k TOD))
(

]

0T +0,(1/0)T1 (5(2““(7 ﬂgmk) + mT@(TD

T NTO(T) + NOT + 0, (1/0)]7(xi)
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where inequality (14) is used in the third inequality. By choosing

appropriate T* to let Y20+ NeT* <lljx, thus Jp(x) >

51Xkl Let o (x) = min{oh (ix) x}, we have J9(x;) >

60,(1/2) l/s ’W
o (||xk ), Vx € XMPC/{0}. Note that this inequality also holds
for x, = 0, thus the lower bound is established, i.e.,

Jix) = oa(xell),  Vxe € XM (29)

Finally, the difference of the MPC cost function
A =J%(xki1) —J2(x¢) is calculated. For the sake of simplicity,
using X.; to represent  Xpiisik+1.Uki O represent
Uip14ijer1, X7, to denote X9, 07, to denote &y, ,,. Since
the feasible solution (16) which constructed in Theorem 1
may not optimal for the FHOCP at time (k+ 1)T, and let
Jr(Xe1) = Jr (X1, Giei1, N), it follows

A < Jr(®e) — (%)

= Tl(;‘kJrN—l 5 ﬂk+N—l) - Tl(*g: ﬂg)

N-2

A TRy tesi) = THRR, 1 004 )]
i=0

+8Rkn) — & (’22+N )

Adding and removing the same terms, it comes that

N-2
e < TR UR) + > (TR, est) — THEE, 130 00,14
i=0
+TI(Xin-1, Tesn-1) + ERisn) — E(Xicin-1)
+g(5<k+N—1) - g(5<2+N)

By virtue of inequality (18) and the Properties 4-7 in Assumption 3,
one has

(30)

1%, 1) > o3 (|IXR1]) =2 ors(l|xill) (31)
1Ry Weyi) = L&Yy, B0, 5) < Lie™T[To(T) + €T] (32)
and

8(Riin-1) — 8K, y) < Lee™ VT [TQ(T) + CT) (33)
Since Xy € Z, according to Assumption 3 we have

8(Xin) — 8Rien—1) < —Tl(Xiin-1, Ugsn-1) (34)
Substituting (31), (32), (33) and (34) into (30) yields

A < Tl=as([Ixell) +7(¢) + 61] (35)

e N-DLT oN-DLT _

with  5(¢) = [TL, St L eNlLﬂ}g and 51_[TL, Sty

Lge®"ViT]o(T).

So far, we have shown that we can choose the optimal value
function as an ISpS-Lyapunov function for the system (2), thus the
exact DTM (2) is ISpS, namely inequality (20) holds.
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