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Abstract— This paper presents a new robust data-driven
predictive control scheme for linear time-varying (LTV) sys-
tems, in which the nominal system model is unknown. To
tackle the challenges arising from the unknown nominal
model and the time-varying nature of the system, a data-
dependent optimization problem is formulated using input-
state-output data. This optimization problem calculates an
upper bound on the objective function and designs a state
feedback controller to minimize this bound. Moreover, two
significant concerns, namely the feasibility of the optimiza-
tion problem and the stability of the closed-loop system
under the designed controller, are thoroughly investigated.
Compared with the existing data-enabled predictive control
method for LTV systems, our proposed control scheme
does not require the collected data to satisfy the persis-
tently exciting (PE) condition and uniformly exponentially
stabilizes the controlled system with guarantees. Finally,
a numerical example is provided to demonstrate the effec-
tiveness of the proposed method.

Index Terms— Data-Driven Control, Predictive Control,
Linear Time-Varying Systems

[. INTRODUCTION

ODEL predictive control (MPC) is an essential control
scheme for dynamic systems that has gained immense
popularity in scientific research and various industrial appli-
cations since its inception [1]. At each time step, MPC solves
an optimization problem to determine the optimal control
input by considering the predicted trajectory of the controlled
system [2]. Over the years, numerous MPC methods have
been developed for systems ranging from linear to nonlinear
systems [2], [3]. However, most of these methods require a
system model, which can be challenging to obtain, especially
for complex systems [4], limiting their practical application.
In recent years, cutting-edge techniques such as big data
and artificial intelligence have sparked considerable interest
in data-driven control methods [5]. Unlike traditional model-
based control methods that heavily depend on explicit model
information, data-driven control methods focus on learning
controllers directly from data [6]. The emergence of data-
driven control methods offers a fresh perspective on solving
the model issue of MPC methods. Several results have been
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reported in recent literature [7]-[12]. For linear time-invariant
(LTT) systems, multiple data-driven predictive control methods
are developed in [7]-[9] using Willems’ fundamental lemma
[13], which require the input sequence to satisfy the per-
sistently exciting (PE) condition. To relax this requirement,
a robust data-driven predictive control method is developed
in [10] using the matrix Finsler’s lemma [14]. For nonlinear
systems, two data-driven predictive tracking control methods
are designed in [11] and [12], respectively. The former approx-
imates the local behavior of the nonlinear system using the
online collected data, while the latter approximates the global
behavior of nonlinear systems by applying the Koopman op-
erator [15]. Nevertheless, the design of data-driven predictive
controllers, particularly for nonlinear systems, is still relatively
limited and deserves further research.

On the other hand, linear time-varying (LTV) systems
represent a significant type of nonlinear system that arises
in various practical problems, such as the linearization of
nonlinear systems around a time-varying operating point [16].
As mentioned, model-based control methods for LTV systems
also face the model issue, which leads to the development of
data-driven control methods [17]-[19]. For example, a data-
driven state-feedback controller is designed for LTV systems
in [17]. In addition, a data-driven predictive controller, also
called a data-enabled predictive controller, has been devel-
oped for LTV systems in [19]. This controller dynamically
updates the data matrices online to approximate the system’s
current behavior, similar to the approach presented in [11].
Furthermore, this controller is developed based on Willems’
fundamental lemma, which requires the input sequence to
satisfy the PE condition of a sufficiently high order. However,
collecting enough long data satisfying the PE condition may
be challenging, particularly for unstable systems [20].

This paper proposes a new robust data-driven control
scheme for LTV systems whose nominal model is unknown.
Our approach is inspired by the robust model predictive control
scheme in [2], which addresses the time-varying dynamics
by calculating an upper bound on the objective function and
designing a state feedback controller to minimize this bound
at each time step. However, this approach relies on the known
nominal model, rendering it inapplicable to situations where
the nominal model is unknown. To address this issue, a
data-based optimization problem is formulated using the pre-
collected input-state-output data, which can achieve the two
goals of the robust model predictive control scheme at each
time step. Furthermore, the data-based optimization problem
is feasible at each time step if it is feasible at the initial time



step. Building upon this result, the proposed control scheme
is constructed by solving the data-based optimization problem
at each time step.

The rest of this paper is structured as follows. Section
Il states the problem formulation. Section III proposes a
robust data-driven predictive control scheme for LTV systems.
The effectiveness of the proposed method is illustrated by a
numerical example in Section I'V. Finally, Section V concludes
this paper.

Notation: Let N, Z, R, and R* denote the set of natural
numbers, integers, real numbers, and positive real numbers,
respectively. I, is the identity matrix with dimensions n X n.
0y xm 18 a zero matrix with dimensions n X m. The subscripts
of I, and 0,,x,,, may be omitted if the dimensions are evident
from the context. Given a matrix M, let M T denote its trans-
pose, M ~! denote its inverse if it is nonsingular, o ,;, (M) and
Omax (M) denote its minimum and maximum eigenvalue if it is
square, respectively, and M < 0 (M < 0) means it is negative
(semi)-definite. diag(My, ..., M) denotes a matrix where the
square matrices M7, ..., M, are arranged on the diagonal. For
a signal z(i) : Z — R"™, define ||2(7)|2 = v/2(¢) T2(3), and
2 = [2(@)7,...,2(j)T]", where i, j € Z and i < j.

Il. PRELIMINARIES AND PROBLEM FORMULATION

Consider the following discrete-time LTV system

o(k +1) =A(K)z (k) + B(k)u(k),
y(k) =C(k)z(k) + D(k)u(k),
[A(k), B(k), C(k), D(k)] € ©,

where u(k) € R™, z(k) € R", and y(k) € RP are the system
input, state, and output, respectively; A(k) € R"*", B(k) €
R™*™ C(k) € RP*™ and D(k) € RP*™ are system matrices.
In addition, 2 is a convex hull of a set of vertices, specifi-
cally, Co{[A1, B1,C1,D1],...,[As, Bs,Cs, Ds]}, where Co
denotes the convex hull, and [A;, B;,C;, D;], Vi € N =
{1,..., s}, are the vertices. Any [A, B, C, D] in the convex set
() is a linear combination of the vertices, i.e., A = Y 7_; N A;,
B= Z::l NB;, C = Zf:l ANCi,and D = Zle A D; with
Z::l >\z = 1, and )\z 2 0.

Without loss of generality, the following two assumptions
are made for the system (1).

Assumption 1: The dimensions of the matrices A;, B;, C;,
and D;, Vi € N, are known, i.e., m, n, and p are known.
Howeyver, the entries of these matrices are unknown.

Assumption 2: For each vertex ¢, Vi € N, a length T; >
n+m input-state-output trajectory can be pre-collected where
the system (1) satisfies A(k) = A;, B(k) = B;, C(k) = C;
and D(k) = D; for T; time steps.

The first assumption is widely adopted in the data-driven
control literature [6], [7]. The second assumption is similar
to the requirement for both identifying the model of LTV
systems [21] and designing data-driven controllers for LTV
systems [17]. Furthermore, numerous practical systems meet
this assumption, such as transport aircraft, which maintain an
unchanged dynamic model before and after airdrop.

If the system matrices (A;, B;, C;, D;), Vi € N are known,
a robust model predictive control scheme can be formulated for

(1a)
(1b)

the LTV system (1), drawing inspiration from [2]. At each time
k, a state feedback controller u(k+¢|k) = F(k)xz(k+t|k), ¢ €
N, is designed to minimize an upper bound on the following
robust performance objective
max J(k), ()
[A(k+1),B(k+t),C(k+t),D(k+)]€Q,.eN
where

J0) =3 @k + k), + |REuk + up)l[;; 3
Q € RPXP and R € R™*™ are weight matrices satisfying
Q@ > 0 and R > 0, respectively; F'(k) € R™*" is the control
gain matrix at time k; x(k|k) = x(k) is the measured value
of the system state at time k; x(k + ¢|k), Vo > 1 are the
predicted value of the system state at time k + ¢ based on
the measurement x(k); similarly, y(k + ¢|k), V¢ € N are the
predicted value of the system output at time k£ + ¢ based on
x(k); u(k + ¢|k), Vo € N are the calculated control inputs
based on x(k) but only u(k|k) is applied to the system (1).

Since the matrices (A;, B;, C;, D;), Vi € N are unknown,
the robust model predictive control scheme is inapplicable.
Traditionally, this problem can be addressed by using pre-
collected data to identify the system model. However, this
paper proposes a new approach to tackle this issue, which
bypasses the identification step and directly learns the con-
troller from the pre-collected data. This paper aims to develop
a new robust data-driven predictive control scheme for the
system (1). In some way, this scheme can be seen as a data-
driven version of the robust model predictive control scheme,
utilizing pre-collected data instead of the model information.

Before ending this section, a lemma is reviewed for future
reference, which regards the criterion for uniform exponential
stability of LTV systems [22], [23].

Lemma 1 ( [22], [23]): The system (1) with u(k) =0, k €
N, is uniformly exponentially stable if and only if any one of
the following statements is true

1) There exist positive definite matrices P(k) € R"*", k €

N, and positive scalars v, n and p such that

A(k)TP(k+1)A(k) — P(k) < —vI,,
nln, < P(k) < plyp.

2) There exist positive definite matrices P(k) € R™*", k €
N, uniformly exponentially stable function u(k) : k —
R, and positive scalars i and p such that

A(E)TP(k 4+ 1)A(k) < u(k)?P(k),
nl, < P(k) < pl,.

I11. RoBUST DATA-DRIVEN PREDICTIVE CONTROL
SCHEME

This section presents a comprehensive approach to the
development of a robust data-driven predictive control scheme
for the system (1). Firstly, a data-based optimization problem
is formulated to obtain an upper bound on the robust per-
formance objective (2) and design a state feedback controller
that minimizes this bound. Then, it is proved that the data-
based optimization problem is feasible at each time step if
it is feasible at the initial time. Building upon this result,



the robust data-driven predictive control scheme is constructed
by solving the data-based optimization problem at each time
step. Finally, the stability of the closed-loop system under the
designed controller is proved.

Under Assumption 2, for each vertex ¢, Vi € N, an
input-state-output trajectory of the system (1) is collected,
denoted as, (u; o, 1,—1]> T4,[0,73]> ¥i,[0,7i—1])- Then, we define
the following data matrices

X’i = []}7,(0)7 e ,a?l(ﬂ — 1)],Xi7+ = [I‘Z(l), e ,in(Ti)],
which, together with (1), implies
X+ = A X; + BiU;, (4a)
Y, = C; X; + D;U;. (4b)

Then, the results of the upper bound and the state feedback
controller are summarized in the following theorem.

Theorem 1 (Upper bound): Consider the system (1) under
Assumptions 1-2. Given a scalar « satisfying 0 < v < 1, if
there exist a scalar n, = n(k) > 0, matrices S, ,, = S;(k) €
RT:x7 /i € N at time k such that the following optimization
problem (5) is feasible,

min (5a)
o S vieN
s.t.
[ = w(klk) " ,
x(k|k) —”Y*le‘Sqi,k <0,VieN, (5b)
[ X:Sie STXT SLY,T SLUT
X}%gf;k fXSSi,k _6(2)71 8 <0,YieN,
L UiSi,k 0 0 —R1
(5¢)
Ulsl,k == UsSs,ka (Sd)
X181 == XSk, (5¢)

XiSi,k >0,Vi € N, (59)

then x(k|k) "y(X;S; ) tx(k|k) for any i € N is an upper
bound on the robust performance objective (2). Further, the
upper bound is minimized by the state feedback controller
u(k+u|k) = Fra(k+1|k), « € N with the control gain matrix
F, = UiSi’k(XiSi’k)_l for any 1 € N.

Proof: Under the state feedback controller u(k + ¢|k) =
Frax(k + k), ¢ € N, the closed-loop system is given by

a(k+ o+ 1|k) = App ez (k + k),
y(k -+ 1K) = Cypuppr(h + olb),

(6a)
(6b)

where Ay = Apqor + Bryo Fr and Crgie = Crgore +
Diy i Fre with [Ag i, Bryos Crtolkr Ditojr] being the
predicted matrices of [A(k+¢), B(k+¢),C(k+¢), D(k+1)]
at time k£ + ¢.

According to (5e), we define P, = (X151)" ' = =
(XsSsx)"t, where P, € R™ "™ is positive definite due to
(5f). From (5d) and (5e), the control gain matrix Fj, satisfies

F=U1S16(X181%) = = UsSs p(XsSs.0) "1 (1)

Substituting P, = (X;S; x) ™!, Vi € N, into (7) gives
F, = UisiykaV’L. eN. (8)
Define A; ) € R™ ™ and C; ) € RP*", Vi € N as

Ai = A; + B Fy,

Cir =Ci+ D;Fy.

(9a)
(9b)
Substituting (8) into (9a) gives

_ I, PP
Aix = [Ai, B |:UiSz‘ kPk:| = [, Bil {U“kgz k}];k:| - 10

Further, substituting P, L= XiSik, Vi € N, into (10) gives

[li,k = [Ai,Bi] |:)U(1:| Si’kPk,Vi S ./\/, (1
which, together with (4a), gives
Ai,k = Xi’+Si’kPk,vi eN. (12)

Similarly, substituting (8), Pk_1 = X;Sik, Vi € N, and
(4b) into (9b) yields

Cir =Y:S: 1P, Vi € N. (13)

In addition, pre- and post-multiplying (5¢) with diag(Pj,
I,,1,,1,,), and substituting Pk_1 = X;Sik, Vi € N into the
resulting expression yield

7Py PST X PSLYT RS UT
Xi+SixPe P! 0 ) 0 <0
Y S kP 0 -Q~ 0 -
UiSi i Py 0 0 ~R™!
(14)
for all 7 € AV. Substituting (8), (12) and (13) into (14) gives
M, < 0,¥i € N, (15)
=Py A;rk ég:k Flj
Ay -PY 0 0
where M, = Ci,k 0 _Q-! 0
F 0 0 —R!

Since, at each time k, the system matrices (A, By, Ck,
Dy,) is a linear combination of the vertices (4;, B;, C;, D;),
Vi € N, we have Ay = A(]{,‘) = Zj:l /\i,kAia By = B(k‘) =
Z;?:l /\i,kBi’ Ck = C(k}) = Zle )\i,kci’ and Dk = D(k‘) =
Sl XikD;, where \;x € R, i = 1,...,s could be any
values satisfying Z;;l Xikg=1and N\ >0, VieN.

Combining M; ; <0 in (15) and \; ;, > 0, Vi € N, yields

2;1 Ai Mg < 0.

Substituting M; j, right_ defined in (15) into (_1 6), and further
substituting (9a)-(9b), Ay, = Ap+BiF), and C;, = Ci,+DF}.
into the resulting equation yield

(16)

Py AL Cy F/
Ay —-P? 0 0
f <0.
G o —Qt' o =0 UD
Fy, 0 0 ~R7!
Applying Schur complement [24] to (17) gives
A P Ay, — P, < =G QC, — F{ RF,. (18)



Since (16) holds for all \; i, i € A satisfying Ele Aik =
1 and A\, > 0, Vi € N, both (17) and (18) holds for
all [Ag, Bk,Ck,Dg] € €. Therefore, (18) holds for all
(Ao Brtulis Crotulr Do) € 4t €N e,

A;gr+b|kPkAk+L\k_ rypk' < _OJ+L|kQék+L|k - FJRFIH L6N7
which is equivalent to
ok + o[k) " (AL, PrAigur — YPR)z(k + o[k)

< —a(k+ k) (O, QChpur + Fy RF)x(k + o|k)
(19)

for all © € N. Substituting (6a), (6b) and u(k+¢|k) = Frz(k+
k), v € N, into (19) gives

w(k+1+11k) " Pox(k+o+1]k)—z(k + |k) Ty Pra(k + k)

< —y(k+ k) " Qy(k + t|k) — u(k + o|k) T Ru(k + t|k)
(20)

for all © € N. Summing (20) from ¢ = 0 to ¢+ = oo yields
J(k) < w(klk) "y Pra(k|k),

which holds for all [Ak-&-/‘\lm Bk—&-/,\ka Ck+1/|k7 Dk—&-/‘\k} €N, L€
N. It follows that

J(k) < 2(klk) TP (klE).

max
[Ak+0,BrtisCriti,Di4]EQ,LEN
Therefore, x(k|k) " vPyx(k|k) is an upper bound on the robust
performance objective (2).
Further, applying Schur complement to (5b) and substituting
P, = (X;Six)"1, Vi € N into the result give

z(k|k) Ty Pox(k|k) < . 1)

In addition, since the objective function (5a) is convex,
and the constraints (5b)-(5f) are LMIs, the optimization prob-
lem (5) is convex. Hence, if (5) is feasible, the objective
function 7 is minimized. Based on (21), the upper bound
x(k|k) Ty Pyx(k|k) is also minimized by the designed state
feedback controller. [ |

Remark 1: In the problem (5), if only the constraints (5d)-
(5f) are considered, a sufficient condition to ensure their
feasibility is that the matrices U; and X satisfy

rank([U;", X;']") =n+m,Vie N. (22)

Remark 2: The condition (22) can be theoretically guaran-
teed by using Willems’ fundamental lemma [13]. According
to this lemma, if the input sequence u; 9,7, 1] is PE of order
n + 1, and the pair (A;, B;) is controllable, then (22) is
satisfied. The minimum length of pre-collected data required
to satisfy the PE condition is (n + 1)m + n [6]. However, in
practice, it is possible to satisfy (22) using pre-collected data
of length m +n, i.e., T; > n+m, as assumed in Assumption
2. Therefore, the condition (22) can be checked directly, for
which T; > n + m is its necessary condition.

In order to establish a robust data-driven predictive control
scheme, it is necessary to solve the problem (5) at each time
step. Consequently, it becomes crucial to investigate whether
the problem (5) is feasible at each time k£ € N. The answer to
this question is provided in the following theorem.

Theorem 2 (Feasibility): Under the same conditions as
Theorem 1, if there exist a scalar ng > 0, matrices S; o €
RTix" i € N such that the problem (5) is feasible at time
k = 0, then the problem (5) is feasible at any time k£ € N.

Proof: The feasibility of the problem (5) at time £k = 0
implies that LMIs (5b)-(5f) are feasible at time k£ = 0.
Applying Schur complement to (5b) with £ = 0 gives

2(0[0) "y(X;S;.0) " tx(0[0) < no, Vi €N (23)
From (19) with k = ¢ =0, and Py = (X;S;0) ", we get
95(0|0)T(A(;F\O(Xisi,o)_lf‘iow — ¥(X;8:,0)H)(0]0)
< — 2(00) " (CyoQCojo + Fy RF)2(0[0),Vi € N, (24)

where Ao‘o = Ao‘o + BO\OFO and éo|0 = Colo + Do‘oFo,
V[Aojo, Bojo, Cojo, Dojo] € 2. Since [Ag, Bo, Co, Do) € Q,
(24) holds for [Ag, By, Co, D], which implies

z(11) T (X;S0) " 2(1]1) — 2(0]0) "v(X:Si0)~ 2(0]0)

< —y(0[0) " Qy(00) — u(0]0) " Ru(0]0),¥i € N, (25)
where x(1|]1) = (Ao + BoFp)z(0]0), y(0[0) = (Co +
Dy Fy)x(0]0), and u(0|0) = Fyz(0]0).

Combining (23), (25) and 0 < v < 1 yields

x(1|1)T’y(XiSi70)_1x(1\1) <yno < Mo, Vi € N. (26)

Therefore, (19, Si0,Vi € N) is a solution to LMI (5b) at
time k£ = 1. In addition, if only LMIs (5c)-(5f) are considered,
(10, Si,0, Vi € N) is also a solution to them at time k = 1. It
follows that (1o, S;.0, Vi € N) is a solution to LMIs (5b)-(5f)
at time k = 1. As a result, the problem (5) is feasible at time
k = 1. Repeating the above process shows that the problem
(5) is feasible at any time k& € N. [ |

Utilizing Theorems 1-2, a robust data-driven predictive
control scheme can be formulated for the system (1). The
scheme is outlined in Algorithm 1.

Algorithm 1: Robust data-driven predictive control scheme

1 Pre-collect Input-state-output sequence and set k£ = 0;
Let z(k|k) = x(k) and solve (5);

Set F(k) = U;S; 1(X;S; )" for any i € N;
Apply the input u(k|k) = F(k)z(k|k);

Set £k = k + 1 and return to 2;

wm A W N

Before applying Algorithm 1, it is necessary to address
another crucial question: whether the designed controller sta-
bilizes the system (1). To answer this question and facilitate
the subsequent stability analysis, a special case of Lemma 1
is introduced as follows:

Lemma 2: The system (1) with u(k) = 0 is uniformly
exponentially stable if and only if there exist positive definite
matrices P(k) € R™*™, a scalar 0 < « < 1, and positive
scalars 77 and p such that A(k)" P(k 4+ 1)A(k) < vP(k) and
nly < P(k) < ply.

Proof: The proof is straightforward by applying Lemma
1, and thus is omitted. |

With the help of Lemma 2, the answer to the stability issue

is summarized in the following theorem.



Theorem 3 (Stability): Under the same conditions as The-
orem 1, if there exist a scalar n; > 0, matrices .S; 1, € RTixn
Vi € N such that the optimization problem (5) is feasible at
each time k € N, then the state feedback controller u(k) =
Frx(k) with Fy, = U;S; (X;S; 1) ! for any i € N uniformly
exponentially stabilizes the system (1).

Proof: Since S; 1,1 € N, is the optimal solution to the
problem (5) at time k£ = 1, from (5b), we have

2(1)Ty(X;Sin) (1) < 2(1) y(XiSi0) T 2(1),  @7)
for all i € A/ where z(1) = z(1|1).
Combining (25) with (27) gives
(1) T (XiSi1) ta(1) — 2(0) Ty(XiSi0) " z(0)
< —y(0)"Qy(0) — u(0) " Ru(0),Vi € N, (28)

where x(0) = 2(0[0), u(0) = u(0|0), and y(0) = y(0]0).
Generalizing (28) to any time k£ and substituting P, =
(X;:S: k)Y, i € N into the resulting expression yield
2k +1)" Popx(k + 1) — x(k) "y Pex(k)
< —y(k) " Qu(k) — u(k) " Ru(k). (29)
Substituting x(k + 1) = Apz(k), y(k) = Crx(k), and
u(k) = Frx(k) into (29) gives

Al P 1Ay —yP, < —Cl QCr — F/ RFy,,  (30)
which, together with C’,;'—QC’;C + F, ,;'— RFy > 0, implies
Al P Ay < Py (31)
Define &min = mingen Omin(Pr) and Epnax = maxgey
Omax (Px)- It follows that
Eminln < Pr < &maxIn, Vk € N. (32)

According to Lemma 2, since there exist positive definite
matrices Py, k € N, a scalar 0 < v < 1, and positive scalars
Emin and Enax such that inequalities (31) and (32), the system
(1) is uniformly exponentially stabilized by the designed state
feedback controller. ]

Remark 3: The proposed method can be extended to in-
corporate typical input-output constraints, such as norm con-
straints on the input and output and peak constraints on each
entry of the input and output [2]. The basic idea involves
converting the input and output constraints into LMIs and
incorporating them into the optimization problem (5). This
aspect will be further investigated in future work.

Remark 4: Compared to the robust model predictive control
scheme presented in [2], which relies on a known nominal
model, our method removes the need for the model informa-
tion and instead relies solely on pre-collected data.

Remark 5: The control gain matrix F}, in the state feedback
controller u(k) = Fya(k) may take any value in R™*". In
the case where the problem (5) is feasible, the data matrix X,
Vi € N, must have full row rank while U;, Vi € A/, may or
may not have full row rank. If U; has full row rank, the term
U;Sik(X;S; k)~ can represent any value in R™*". Hence,
the structure imposed on F}, is not conservative in this case. If
U, does not have full row rank, the term U;S; . (X;S; ) ! can
only describe a subset of R™*". Consequently, the structure
imposed on F}, introduces some conservativeness in this case.

[V. NUMERICAL EXAMPLE

This section demonstrates the effectiveness of the proposed
method through an LTV system that has the same form as (1),
where z(k) € R%, u(k) € R?, and y(k) € R?. The number of
vertices is s = 3, and the corresponding matrices are

030 —0.35 0.71 0.04 -1.07 0.33
4 |-015 042 014 003| L _|-081 0.5
1=1056 011 —022 047|°°' 7 |—-294 137 |
| 0.01 —0.09 0.52 0.81 0 0
[—0.10 0.32 0 —0.16
“=l-02¢4 0 -003 063 } ' D1=0,
r0.19 044 —042 0.39 291 —0.47
4,020 031 053 -—022 o |08 -0.27
271059 —-0.30 0.07 032 (*727] 138 1.10 |’
|—0.01 047 024  0.33 —-1.06 —0.28
[0.70 0 —-158 0
2= —o0s2 051 0.03} D2 =0,
ro21 037 033 0.05 —0.16 —0.88
Ao | 034 030 004 -018| . _|-0.15 048
371011 014 015 0.04 |'737[-053 —0.71|’
|—0.05 —0.10 0.24 0.37 1.68 —1.17
_[-0.19 153 —1.06 1.23 .
@G=l_027 0 0 —0.23} D3 =0.

Since the eigenvalues of A; are not all within the unit
circle, the investigated LTV system is potentially open-loop
unstable. The matrices A;, B;, C;, and D;, i = 1,2,3, are
presumed to be unknown and only used to build the unknown
system in the simulation. The parameters A;, ¢ = 1,2,3 are
randomly generated at each time step satisfying Z?:o A=1
and \; > 0. Additionally, the measurement data is assumed
to be noise-free. We choose ) = 10l and R = I in the
objective function J(k), v = 0.8 in the problem (5), and the
initial state zo = [0.68,0.14,0.72,0.11] T in the simulation.

To implement our robust data-driven predictive (RDPC)
method, we collect an input-state-output trajectory (u; [o,5),
T [0,6]> Yi,j0,5]) for each vertex i, i = 1,2,3, where the input
signals [y 5 take random values in the interval [—0.1,0.1].
We verify that the data matrices U; = [u;(0),...,u;(5)] and
X; = [2:(0),...,2:(5)], i = 1,2, 3, satisfy the condition (22).
In addition, T; = 6 is the minimum length we can find to make
the problem (5) feasible. The collected inputs do not meet
the PE condition of order 8 + 2L, where L is the prediction
horizon, which is essential for implementing the data-enabled
predictive controller in [19].

Furthermore, we compare the proposed method with the
robust model predictive control (RMPC) scheme presented in
Section 4 of [2] using the same objective function. For a fair
comparison, we also present simulation results of the RMPC
scheme incorporating the parameter . The latter can also be
regarded as an improved version of the controller with the
minimum delay rate in Remark 7 of [2].

The input and output outcomes of the closed-loop system for
both the proposed RDPC and RMPC with/without v schemes
are shown in Fig. 1. The simulation results for the RDPC
are shown in blue, while those for the RMPC with and
without ~ are shown in dashed green and red, respectively. It
can be observed that all control methods achieve the desired
control targets. Compared to the RMPC with ~, the proposed
RDPC exhibits the same control performance. Compared to



the RMPC without ~y, the RDPC has both advantages and
disadvantages. In terms of inputs, u; of the RDPC requires
less control effort than that of the RMPC, but conversely, us
of the RDPC requires more. As for the outputs, both y; and
yo of the RDPC have a faster convergence rate than that of the
RMPC, but y; of the RDPC has a larger overshoot. We also
consider the objective function values over the simulation time,
denoted as J = 327 [Q2y(k)|13 + | R2u(k)||3, which are
shown in Table I. It demonstrates that the objective function
value of the RDPC is equivalent to that of the RMPC with
while being smaller than that of the RMPC without . Finally,
it is worth noting that the RDPC and RMPC with ~« having
the same behavior may be attributed to two factors. Firstly, the
pre-collected data can uniquely determine the system model.
Secondly, both control schemes are designed based on the
same Lyapunov function.

0.1

Y1

=——RDPC
———RMPC without y
RMPC with y

0.1 f

-0.2

0 5 10 15 20 25 0 5 10 15 20 25
Time(k) Time(k)

Fig. 1: The input and output outcomes of the closed-loop
system under the RDPC and RMPC schemes.

TABLE I: The objective function values of the RDPC and
RMPC schemes.

Methods RMPC without v RMPC with v RDPC

J 1.4693 1.3603 1.3603

V. CONCLUSION

This paper has proposed a new RDPC scheme for LTV
systems, where the nominal system model is unknown. To
tackle the challenges arising from the unknown nominal model
and the time-varying characteristics of the system, a data-
dependent optimization problem has been formulated. This
optimization problem calculates an upper bound on the robust
performance objective and designs a state feedback controller
to minimize this bound. Furthermore, two significant concerns,
namely the feasibility of the optimization problem and the
stability of the closed-loop system under the designed con-
troller, have been thoroughly investigated. Finally, a numerical
example has been provided to demonstrate the effectiveness of
the proposed method. Overall, the proposed method has two
main advantages. Firstly, it does not rely on the explicit model
information compared to the RMPC scheme. Secondly, it relies
on less data than the data-enabled predictive control scheme
based on Willems’ fundamental lemma. On the other hand,

the proposed method may exhibit conservatism as it designs
a common controller for all vertices. However, this could
be improved by designing distinct controllers for different
vertices, which will be studied in future work. Moreover,
future work will also examine extending the proposed method
to incorporate the measurement noise.
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