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Abstract— This paper presents a method for reference management within a sliding mode predictive control
(SMPC) formulation with terminal constraint. The feasible target-tracking (FTT) technique is employed to
introduce intermediate target values for the state and control in the optimization problem. For this purpose,
the terminal target set is parametrized with respect to these intermediate targets. The resulting control scheme,
termed FTT-SMPC, naturally handle set point modifications in the presence of state and control constraints.
The results show that the proposed FTT-SMPC formulation has larger feasibility region compared to traditional
SMPC.

Keywords— Model Predictive, Sliding Mode Control, Control of Constrained Systems, Reference Manage-
ment, Feasibility Region.

Resumo— Este trabalho apresenta um método para gerenciamento de referência em uma formulação de con-
trole preditivo com modos deslizantes (Sliding Mode Predictive Control - SMPC) com restrição terminal. A
técnica conhecida como Feasible Target-Tracking (FTT) é empregada para introduzir valores alvo intermediários
de estado e controle no problema de otimização. Para esse propósito, o conjunto terminal alvo é parametrizado
com respeito a esses valores intermediários. A abordagem de controle resultante, chamada de FTT-SMPC, per-
mite rastrear alterações na referência com tratamento sistemático de restrições sobre o estado e o controle. Os
resultados mostram que o FTT-SMPC proposto proporciona uma região de factibilidade maior quando compa-
rado ao SMPC tradicional.

Palavras-chave— Controle Preditivo, Controle com Modos Deslizantes, Controle de Sistemas com Restrições,
Gerenciamento de Referência, Região de Factibilidade

1 Introduction

In view of the robustness properties of slid-
ing mode control (SMC) and the capability of
handling constraints of model predictive control
(MPC), different combinations of these techniques
have been proposed in the literature. In Zhou
et al. (2000), MPC was used to guide and maintain
the state trajectory onto a pre-defined surface dur-
ing the reaching and sliding phases, respectively.
The resulting strategy was named sliding mode
predictive control (SMPC). In a subsequent paper,
Parte et al. (2002) employed an MPC formulation
to determine an optimal gain for the reaching con-
trol term. More recently, Rubagotti et al. (2011)
proposed a hierarchical control scheme composed
by a non-linear MPC and an SMC to improve the
robustness properties of the MPC controller. In
Xu and Li (2012), the SMC equivalent control
term was combined with a predictive control law,
resulting in a chattering-free control scheme. In
this approach, MPC was used during the reaching
phase, whereas the equivalent control directed the
state trajectory along the sliding surface. To re-
duce the online computational workload required
by SMPC formulations with control and/or state
constraints, multi-parametric programming can
be employed (Wang et al., 2013), thus allowing
the control of systems with fast dynamics (Assis
and Galvão, 2017).

As in traditional MPC formulations, the

SMPC control law involves the solution of an opti-
mization problem at each sampling time. In MPC
schemes, recursive feasibility of the optimization
problem and closed-loop stability are usually guar-
anteed by means of a terminal constraint, i.e. by
imposing that the system state lies in an invari-
ant and admissible set at the end of the predic-
tion horizon (Maciejowski, 2002). Typically the
maximal admissible set (MAS) is used as termi-
nal target set (Limon et al., 2008). This approach
can also be adopted in SMPC schemes (Wang
et al., 2013). In particular, if the sliding dynam-
ics are stable in the terminal set, it can be shown
that the state trajectory will converge to the ori-
gin, provided that the initial condition is inside
the feasibility region of the optimization problem
in the state space.

Techniques to enlarge the feasibility region are
crucial for the implementation of controllers based
on MPC formulations. For this purpose, meth-
ods of reference management can be used to ar-
tificially reduce the distance between the current
state and the terminal set (Limon et al., 2008).
In this context, Almeida (2011) proposed the so-
called “feasible target-tracking” model predictive
control (FTT-MPC) approach for reference man-
agement with terminal constraint. The key idea
consists of parametrizing the terminal set with re-
spect to feasible steady-state vectors correspond-
ing to the plant state and input. These vectors
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are then included as decision variables in the op-
timization problem. As a result, the control sys-
tem is capable of filtering changes in the reference
signal, in order to satisfy the constraints on the
system inputs and states (Almeida, 2011).

In this context, the present paper proposes
a method for reference management within an
SMPC formulation. As in Wang et al. (2013),
it is imposed that the system state lies into an
admissible stable set at the end of the prediction
horizon, where the sliding dynamics are defined
by the equivalent control term. Thereby, recur-
sive feasibility and closed-loop stability are guar-
anteed. The reference management is employed to
determine equilibrium points that serve as inter-
mediate targets for the control law, subject to the
state and control constraints. Moreover, terminal
constraints are handled by parametrizing the ter-
minal set with respect to such equilibrium points.
Thereby, as the equilibrium point changes, the ter-
minal set is also shifted by the controller. The
resulting control technique will be termed FTT-
SMPC as it can be seen as an adaptation of the
FTT-MPC scheme. It is shown that the proposed
approach results in a larger feasibility region com-
pared with traditional SMPC.

The remainder of this paper is organized as
follows. Section 2 describes the SMPC scheme
employed as the basis for the proposed method.
In particular, the determination of an admissible
invariant set with respect to the sliding dynamics
is discussed. In Section 3, the proposed formu-
lation to include reference management into the
SMPC optimization problem is presented. Sim-
ulation results are shown in Section 4 and final
remarks are given in Section 5.

2 Sliding mode predictive control

Consider the following state-space model:

x(k + 1) = Ax(k) +Bu(k) (1)

where x ∈ Rn and u ∈ R denote the state and
control, respectively, and A ∈ Rn×n, B ∈ Rn×1

are constant matrices with known elements.

The sliding surface is defined as S = {x(k) ∈
Rn|s(x(k)) = 0}, with

s(x(k)) = Gx(k) (2)

where G ∈ R1×n is a design vector. For simplicity,
henceforth, s(x(k)) will be denoted by s(k).

A common SMC structure involves the sum of
the equivalent control ueq with a reaching control
term (Garcia et al., 2005). The equivalent con-
trol can be obtained by imposing s(k + 1) = s(k)
(Furuta, 1990), i.e. the dynamics on S must be
invariant under the action of the equivalent con-
trol. Therefore, from (1) and (2), with u = ueq, it

follows that

ueq(k) = −(GB)−1G(A− In)x(k) (3)

where In ∈ Rn×n is the identity matrix. The coef-
ficients of G must be chosen so that GB 6= 0 and
the sliding dynamics described by

x(k + 1) = (A−B(GB)−1G(A− In))x(k) (4)

are stable. Herein, as in Zhou et al. (2000), a
predictive control term umpc is employed during
the reaching mode. Therefore, the control applied
to the plant is

u(k) = ueq(k) + umpc(k) (5)

The predictive control term is obtained by mini-
mizing a cost function of the following form (Xu
and Li, 2012):

J =

N∑
i=1

ŝ2(k + i|k) + λû2
mpc(k + i− 1|k) (6)

where N is the prediction horizon, λ > 0 is a
weight parameter and ŝ(k + i|k) is the predicted
value of s(k + i) associated to the future control
sequence ûmpc(k + i− 1|k), i = 1, 2, . . . N .

From (1), (2), (3) and (5), it is possible to
write the predictions ŝ(k+i|k) up toN steps ahead
as

ŝ(k + 1|k)
ŝ(k + 2|k)

...
ŝ(k +N |k)


︸ ︷︷ ︸

Ŝ

=


1
1
...
1


︸︷︷︸
1N

s(k)+


GB 0 . . . 0
GB GB . . . 0

...
...

. . .
...

GB . . . . . . GB


︸ ︷︷ ︸

F


ûmpc(k|k)

ûmpc(k + 1|k)
...

ûmpc(k +N − 1|k)


︸ ︷︷ ︸

Ûmpc

(7)

that is,

Ŝ = 1Ns(k) + FÛmpc (8)

The cost function (6) can be rewritten in terms of
Ŝ and Ûmpc as

J = ŜT Ŝ + λÛT
mpcÛmpc (9)

Therefore, from (8) and (9), Ûmpc is obtained from
the solution of the following optimal control prob-
lem at each sampling time k:

min
Ûmpc

2s(k)1TNFÛmpc+ÛT
mpc

(
FTF+λIN

)
Ûmpc (10)
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subject to

umin≤ û(k+i−1|k)≤umax, i = 1, 2, . . . , N (11)

û(k|k) = ûmpc(k|k) + ueq(k) (12)

û(k + i− 1|k) = ûmpc(k + i− 1|k)+

ûeq(k + i− 1|k), i = 2, . . . , N (13)

ueq(k) = Lx(k) (14)

ûeq(k+i−1|k)=Lx̂(k+i−1|k),i=2, . . . , N (15)

x̂(k + 1|k) = Ax(k) +Bû(k|k) (16)

x̂(k+i|k)=Ax̂(k+i−1|k)+Bû(k+i−1|k),

i = 2, . . . , N (17)

xmin≤ x̂(k+i|k)≤xmax, i=1, 2, . . . , N − 1 (18)

x̂(k +N |k) ∈ S (19)

x̂(k +N |k) ∈ SMAS (20)

where L = −(GB)−1G(A − In) and umax, umin,
xmax and xmin represent the upper and lower
bounds on the control and states, respectively. It
should be noted that the notation hat “ˆ” is em-
ployed in (11)–(20) to indicate terms that depend
on the vector of optimization variables Ûmpc.
SMAS is the maximal in-

variant set for the dynamics
x(k + 1) = (A + BL)x(k) subject to the
constraints

In
−In
L
−L

x(k) ≤


xmax

−xmin

umax

−umin

 ,∀k ≥ 0 (21)

Constraints (19) and (20) can be combined in the
form

x̂(k +N |k) ∈ S̄ (22)

where S̄ = S ∩ SMAS . Therefore, the terminal
set S̄ can be viewed as the maximal admissible
subset of the sliding surface S. Hereafter, it is
supposed that S̄ is represented in the form S̄ =
{x ∈ Rn|AS̄x ≤ bS̄ , AeS̄x = beS̄}.

In order to solve the optimization problem,
it is convenient to rewrite the constraints (11),
(18) and (22) in terms of Ûmpc. For this purpose,
predictions of the states can be written as follows
(Assis, 2016):

x̂(k + 1|k)
x̂(k + 2|k)

...
x̂(k +N − 1|k)


︸ ︷︷ ︸

X̂

=


Ā
Ā2

...
ĀN−1


︸ ︷︷ ︸

Fx

x(k)+


B 0n . . . 0n 0n
ĀB B . . . 0n 0n

...
...

. . .
...

...
ĀN−2B ĀN−3B . . . B 0n


︸ ︷︷ ︸

Hx

Ûmpc (23)

where Ā = A+BL and 0n = [0 0 · · · 0]T . There-
fore, from (14) and (15), it follows that

ueq(k)
ûeq(k + 1|k)

...
ûeq(k +N − 1|k)


︸ ︷︷ ︸

Ûeq

=


L 0n

T . . . 0n
T

0n
T L . . . 0n

T

...
...

. . .
...

0n
T 0n

T . . . L


︸ ︷︷ ︸

Γ

[
x(k)

X̂

]
(24)

Moreover, by substituting (23) for X̂ in (24), one
obtains

Ûeq = ΓF̄xx(k) + ΓH̄xÛmpc (25)

where

F̄x =

[
In
Fx

]
, H̄x =

[
0n×N
Hx

]
From (12), (13) and (25), it follows that

Û = Ûmpc + Ûeq =
(
IN + ΓH̄x

)
Ûmpc + ΓF̄xx(k)

(26)
where Û = [û(k|k) û(k+1|k) · · · û(k+N−1|k)]T .

In addition, the N -step ahead prediction of x
can be written as

x̂(k +N |k) = ĀNx(k) + ExÛmpc (27)

with Ex =
[
ĀN−1B ĀN−2B · · · B

]
.

Therefore, the input, state and terminal con-
straints (11), (18) and (22), can be expressed as

(
IN +ΓH̄x

)
−
(
IN +ΓH̄x

)
Hx

−Hx

AS̄Ex

Ûmpc≤


[umax]N−ΓF̄xx(k)
− [umin]N +ΓF̄xx(k)

[xmax]N−Fxx(k)
− [xmin]N +Fxx(k)
bS̄−AS̄ĀNx(k)


(28)

AeS̄ExÛmp = beS̄ −AeS̄ Ā
Nx(k) (29)

where [•]N represents the vertical stacking of N
copies of •.

3 Proposed feasible target-tracking
sliding mode predictive control

Let the plant dynamics be represented as

xp(k + 1) = Axp(k) +Bup(k) (30)

yp(k) = Cxp(k) (31)

where the subscripts p are used to distinguish (30)
from (1). More precisely, the notation x, u will
be employed to represent the deviation of xp, up
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from the corresponding steady state values xp,ss,
up,ss, that is, x(k) = xp(k) − xp,ss and u(k) =
up(k) − up,ss. Equation (31) defines an output
variable yp ∈ R, with C ∈ R1×n.

The control task consists of driving yp to
a reference rp,ss while enforcing constraints on
the state xp and control up, with (lower, upper)
bounds denoted by (xp,min, xp,max) and (up,min,
up,max), respectively. This can be done by finding
values for xp,ss and up,ss such that (In−A)xp,ss =
Bup,ss and Cxp,ss = rp,ss (Franklin et al., 1998),
and then using the formulation described in Sec-
tion 2 to drive x(k) to zero.

It is worth noting that the constraints (11)–
(20) will involve the values of xp,ss and up,ss, and
the resulting SMPC optimization problem may
become infeasible for large changes in the refer-
ence rp,ss. In Almeida (2011), this problem was
handled by considering xp,ss and up,ss as vari-
ables, which could be adjusted to make the op-
timization problem feasible. To introduce this ap-
proach in the SMPC formulation, the cost func-
tion (9) will be modified as

J =ŜT Ŝ + λÛT
mpcÛmpc+

(Cx̂p,ss−rp,ss)TQss(Cx̂p,ss−rp,ss) (32)

where Qss = QT
ss > 0, subject to the con-

straints (11)–(20) with xmin = xp,min − x̂p,ss,
xmax = xp,max − x̂p,ss, umin = up,min − ûp,ss and
umax = up,max−ûp,ss. Furthermore, the following
constraints must be added:

x̂(k|k) = xp(k)− x̂p,ss (33)

û(k|k) = up(k)− ûp,ss (34)

up,min ≤ ûp,ss ≤ up,max (35)

xp,min ≤ x̂p,ss ≤ xp,max (36)

x̂p,ss = (In −A)−1Bûp,ss (37)

where the hat notation “ ˆ ” indicates the vari-
ables involved in the optimization problem. If
the matrix (In −A) is not invertible, a null space
parametrization can be adopted to parametrize
the values of xp,ss and up,ss.

The total control up applied to the plant at
each sampling time will be given by

û∗p(k|k) = û∗mpc(k|k) + û∗eq(k|k) + û∗p,ss (38)

where ∗ indicates the solution of the optimization
problem. Note that once û∗p,ss is determined, x̂∗p,ss
is obtained from (37).

It is worth noting that, differently from the
scheme described in Section 2, ûeq(k|k) is a vari-
able in the optimization problem, since it depends
on x̂p,ss. Thus, new prediction equations for X̂

and Ûeq need to be derived, as shown in the fol-
lowing.

• Equivalent control ueq

As in (24), it is possible to write the predic-
tions of the equivalent control up to N steps ahead
as

Ûeq =


L 0Tn . . . 0Tn 0Tn
0Tn L . . . 0Tn 0Tn
...

...
. . .

...
...

0Tn 0Tn . . . L 0Tn


︸ ︷︷ ︸

Γ̄


x̂(k|k)

x̂(k + 1|k)
...

x̂(k +N − 1|k)
x̂(k +N |k)


︸ ︷︷ ︸

X̂r

(39)

where the subscripts r are used to distinguish the
state predictions on (39) from (23).

It is worth noting that x̂(k|k) is now a term
that depends on the decision variable x̂p,ss.

Briefly,

Ûeq = Γ̄X̂r (40)

• State x

Substituting (37) for x̂p,ss in (33), it follows
that

x̂(k|k) = xp(k)− (In −A)−1Bûp,ss (41)

From (30), (33) and (37), it is possible to write

x̂(k+1|k)=Axp(k)+Bûp(k|k)−(In−A)−1Bûp,ss
(42)

Substituting (38) for ûp(k|k) in (42), it follows
that

x̂(k + 1|k) = Axp(k) +B(ûmpc(k|k) + ûeq(k|k))

+ (B − (In −A)−1B)ûp,ss (43)

By a similar procedure, for i steps ahead, one ob-
tains

x̂(k+i|k)=Aixp(k)+Ai−1B(ûmpc(k|k)+ûeq(k|k))

+Ai−2B(ûmpc(k + 1|k) + ûeq(k + 1|k)) + . . .+

B(ûmpc(k + i− 1|k) + ûeq(k + i− 1|k))+

(Ai−1B+Ai−2B+. . .+B−(I−A)−1B)ûp,ss (44)

From (44), the predictions of x up to N steps
ahead can be stacked in the following matrix form:

X̂r =Fxrxp(k)+Hxr

(
Ûmpc+Ûeq

)
+Hssr ûp,ss (45)

where

Fxr
=


In
A
A2

...
AN

, Hxr
=


0n 0n . . . 0n
B 0n . . . 0n
AB B . . . 0n

...
...

. . .
...

AN−1B AN−2B . . . B


(46)
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and

Hssr=


−(In −A)−1B
B − (In −A)−1B

AB +B − (In −A)−1B
...

AN−1B + . . .+B − (In −A)−1B

 (47)

Briefly,

X̂r=Fxr
xp(k)+Hxr

(Ûmpc+Ûeq)+Hssr ûp,ss (48)

Thus, substituting (40) for Ûeq in (48) and rear-
ranging the terms, the predictions can be written
as

X̂r = F̃xr
xp(k) + H̃xr

Ûmpc + H̃ssr ûp,ss (49)

where

F̃xr = (I(N+1)n −Hxr Γ̄)−1Fxr (50)

H̃xr
= (I(N+1)n −Hxr

Γ̄)−1Hxr
(51)

H̃ssr = (I(N+1)n −Hxr
Γ̄)−1Hssr (52)

From (2), the N step ahead predictions of s
are given by

Ŝ =

0Tn G . . . 0Tn
...

...
. . .

...
0Tn 0Tn . . . G


︸ ︷︷ ︸

Σ

X̂r (53)

Finally, substituting (49) for X̂r in (53), it follows
that

Ŝ=ΣF̃xr︸ ︷︷ ︸
F̆xr

xp(k)+ΣH̃xr︸ ︷︷ ︸
H̆xr

Ûmpc+ΣH̃ssr︸ ︷︷ ︸
H̆ssr

ûp,ss (54)

In view of (37) and (54) and denoting Ŵ =[
Ûmpc ûp,ss

]T
, the cost function (32) can be

rewritten as

J(k) = ŴT

[
H̆T

xr
H̆xr + λIN H̆T

xr
H̆ssr

(H̆T
xr
H̆ssr )T Υ

]
︸ ︷︷ ︸

Hqp

Ŵ+

[2xTp (k)F̆T
xr
H̆xr Ψ]︸ ︷︷ ︸

fqp

Ŵ + c (55)

where Υ =H̆T
ssrH̆ssr +(C(In−A)−1B)TQssC(In−

A)−1B, Ψ = 2xTp (k)F̆T
xr
H̆ssr − 2rTp,ssQssC(In −

A)−1B and c is a constant term.

Therefore, the optimization problem to be
solved at each sampling time is

min
Ŵ

J(Ŵ ) = ŴTHqpŴ + fqpŴ (56)

subject to

up,min≤ ûp(k+i−1|k)≤up,max,i=1,2,. . .,N (57)

ûp(k + i− 1|k) = ûmpc(k + i− 1|k)+

ûeq(k + i− 1|k) + ûp,ss, i = 1, 2, . . . , N (58)

ûeq(k+i−1|k)=Lx̂(k+i−1|k),i=1,2,. . . ,N (59)

x̂(k|k) = xp(k)− x̂p,ss (60)

x̂(k+i|k)= x̂p(k+i|k)−x̂p,ss, i = 1, 2,. . . ,N (61)

x̂p,ss = (In −A)−1Bûp,ss (62)

x̂p(k + 1|k) = Axp(k) +Bûp(k|k) (63)

x̂p(k + i|k) = Ax̂p(k + i− 1|k)

+Bûp(k + i− 1|k), i = 2, . . . , N (64)

xp,min≤ x̂p(k+i|k)≤xp,max, i=1, 2,. . ., N−1 (65)

x̂(k +N |k) ∈ S (66)[
x̂(k +N |k)

ûp,ss

]
∈ SMASr (67)

As x̂p,ss and ûp,ss can change at each sampling
time, the associated terminal set SMASr

would
need to be recalculated at each new sampling time,
which increases the computational workload and
may prevent the implementation of the SMPC
scheme. An alternative is to parametrize the ter-
minal set in terms of up,ss as in the original FTT-
MPC formulation. This can be done by defining
the following closed-loop dynamics:[

x(k + 1)
up,ss

]
=

[
A+BL 0n

0Tn 1

] [
x(k)
up,ss

]
(68)

subject to the constraints

In (In −A)−1B
−In −(In −A)−1B
L 1
−L −1
0Tn (In −A)−1B
0Tn −(In −A)−1B
0Tn 1
0Tn −1


[
x(k)
up,ss

]
≤



xp,max

−xp,min

up,max

−up,min

xp,max

−xp,min

up,max

−up,min


(69)

∀k ≥ 0.
It is worth noting that the resulting SMASr is

also implicitly parametrized with respect to xp,ss,
in view of the relation (62) between ûp,ss and x̂p,ss.

Finally, it is convenient to write the system
constraints in terms of the vector of decision vari-
ables Ŵ as described below.

• State constraints

From (61) and (65), the state constraints are
given by

xp,min ≤ x̂(k + 1|k) + x̂p,ss ≤ xp,max (70)

xp,min ≤ x̂(k + 2|k) + x̂p,ss ≤ xp,max (71)

...

xp,min ≤ x̂(k +N − 1|k) + x̂p,ss ≤ xp,max (72)
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Then, in view of (48), the state constraints can be
written as[

αH̃xr
αH̃ssr + [In]N (In −A)−1B

−αH̃xr −αH̃ssr − [In]N (In −A)−1B

]
Ŵ ≤[

[xp,max]N − αF̃xr
xp(k)

−[xp,min]N + αF̃xr
xp(k)

]
(73)

where

α =


0n×n In 0n×n . . . 0n×n
0n×n 0n×n In . . . 0n×n

...
...

...
. . .

...
0n×n 0n×n 0n×n . . . 0n×n

 (74)

• Input constraints

From (57) and (58), the input constraints can
be written as

[up,min]N ≤ Ûmpc+Ûeq+[ûp,ss]N ≤ [up,max]N (75)

In view of (40), (49) and (75), it follows that[
IN + Γ̄H̃xr [1]N + Γ̄H̃ssr

−IN − Γ̄H̃xr
−[1]N − Γ̄H̃ssr

]
Ŵ ≤[

[up,max]N − Γ̄F̃xrxp(k)

−[up,min]N + Γ̄F̃xr
xp(k)

]
(76)

• Terminal constraint

Finally, considering that SMASr =
{[x(k) up,ss]

T ∈ Rn+1|ASMASr
[x(k) up,ss]

T ≤
bSMASr

}, from (49) the constraints (66) and (67)
can be imposed as

ASMASr

[
βH̃xr

βH̃ssr

0TN 1

]
Ŵ ≤bSMASr

−ASMASr

[
βF̃xr

xp(k)
0

]
(77)

Gβ[H̃xr
H̃ssr ]Ŵ =−GβF̃xr

xp(k) (78)

where β = [0Tn 0Tn · · · 0Tn︸ ︷︷ ︸
N

In].

4 Simulation example

This example involves the following model pre-
sented in Wang et al. (2013):

xp(k + 1) =

[
1 0.1

0.3 1

]
xp(k) +

[
0
1

]
up(k) (79)

with constraints |xp,1| ≤ 3, |xp,2| ≤ 3 and |up| ≤ 1.
Herein it is considered that the output vari-

able is given by yp(k) = xp,1(k), i.e.

yp(k) =
[
1 0

]
xp(k) (80)

The reference is initially set to rp,ss = 0.

The prediction horizon and the control weight
were set to N = 5 and λ = 10−4, respectively.
The sliding surface coefficients were chosen as G =
[5 1]T , which allocates the sliding pole at 0.5. In
the FTT-SMPC scheme the tracking weight was
set to Qss = 50.

The simulations were carried out in the
Matlabr 2011b software. The multi-parametric
programming toolbox 3.0 was employed for the
determination of the invariant sets SMAS , SMASr

,
and the regions of feasibility in the state space
(Herceg et al., 2013).

Figure 1 shows the sets of admissible states
for which the SMPC and FTT-SMPC optimiza-
tion problems are feasible, which are denoted by
Px and Pxr

, respectively. As can be observed
Px ⊂ Pxr . This result is in agreement with
the reference management concept. Indeed, if
xp(k) ∈ SMAS , a feasible SMPC control sequence
is a feasible solution for the FTT-SMPC optimiza-
tion problem with x̂p,ss = [0 0]T and ûp,ss = 0.

Figure 1: Comparison between the feasibility re-
gions of SMPC (Px) and FTT-SMPC (Pxr ). Two
initial conditions that will be used in simulations
are also shown.

Figures 2 and 3 present the simulation re-
sults for the SMPC controller with initial condi-
tion xIp(0)=[1 − 3]T ∈Px. Figure 2b presents the
state trajectory as well as the feasibility region
Px, the maximal admissible set SMAS , the sliding
surface S and the terminal set S̄. For the FTT-
SMPC controller, the results are shown in Figures
4 and 5.

Figure 2: SMPC results obtained with xIp(0) =

[1 − 3]T . (a) Time evolution of the states. (b)
State trajectory.
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Figure 3: SMPC results obtained with xIp(0) =

[1 − 3]T . (a) Equivalent (ueq) and predictive
(umpc) control. (b) Total control up = ueq +umpc.

Figure 4: FTT-SMPC results obtained with
xIp(0) = [1 −3]T . (a) Time evolution of the states.
(b) State trajectory.

Figure 5: FTT-SMPC results obtained with
xIp(0) = [1 − 3]T . (a) Equivalent (ueq), predictive
(umpc) and steady-state (up,ss) control terms. (b)
Total control up = ueq + umpc + up,ss.

As can be seen, both controllers were able to
drive the output yp = xp,1 to zero with proper en-
forcement of the system constraints. In this case,
the SMPC and FTT-SMPC controllers lead to
similar results, which shows consistency between
both formulations when xp(0) ∈ Px.

If the initial condition is modified to xIIp (0) =

[3 − 3]T the SMPC optimization problem is no
longer feasible, as can be seen in Figure 1. In con-
trast, the FTT-SMPC can be employed, with the
results presented in Figures 6 and 7. Again, the
output yp = xp,1 was driven to the origin with

proper satisfaction of the input and state con-
straints. These results illustrate the main contri-
bution of the present work, namely the possibility
of handling initial conditions farther from the ori-
gin by using the proposed FTT-SMPC approach,
compared to the original SMPC formulation.

Figure 6: FTT-SMPC results obtained with
xIIp (0) = [3 − 3]T . (a) Time evolution of the
states. (b) State trajectory.

Figure 7: FTT-SMPC results obtained with
xIIp (0) = [3 −3]T . (a) Equivalent (ueq), predictive
(umpc) and steady-state (up,ss) control terms. (b)
Total control up = ueq + umpc + up,ss.

Finally, Figures 8 and 9 present the FTT-
SMPC results with a change in the reference from
rp,ss = 0 to rp,ss = 2 at k = 20. As can be ob-
served, the reference was tracked with constraint
satisfaction.

Figure 8: FTT-SMPC results considering a
change in the reference at k = 20. (a) State
xp,1 = yp. (b) State xp,2.
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Figure 9: FTT-SMPC results considering a
change in the reference at k = 20. (a) Equiv-
alent (ueq), predictive (umpc) and steady-state
(up,ss) control terms. (b) Total control up =
ueq + umpc + up,ss.

5 Conclusions

This work combined the feasible target-tracking
technique with a sliding mode predictive control
formulation. As in FTT-MPC, the main idea is
to parametrize the terminal set with respect to
intermediate target values for the state and con-
trol, which are also included in the optimization
problem. As a result, the feasibility region is en-
larged with respect to the traditional SMPC and
changes in the set point are naturally handled by
the controller.

Future research could be concerned with the
experimental evaluation of the FTT-SMPC ap-
proach. Such evaluation may include a compar-
ison with the original FTT-MPC formulation.
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