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ABSTRACT
In this paper, the problem of sampled-data adaptive tracking control for a class of switched nonlinear sys-
tems with prescribed performance is considered. In order to guarantee the system is stable and achieves
the prescribed performance in sampled-data control, a coordinate transformation satisfying the prescribed
performance is introduced. In addition, the neural networks (NNs) used to approximate the unknown non-
linear functions and the backstepping technique are applied to design the sampled-data controller and
the adaptive laws. An upper bound on the sampling period is obtained to maintain the stability of the sys-
tems. It is confirmed that the designed sampled-data scheme ensures that all signals of the closed-loop
system are semi-globally uniformly ultimately bounded (SGUUB) and the tracking error is limited to the
prescribed performance function. The effectiveness of the designed control scheme is demonstrated by
two simulation examples.
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1. Introduction

Many industrial systems can be described as switched systems,
such as electrical systems (Wu et al., 2018), flight control sys-
tems (Jin et al., 2014), and mechanical engineering systems (Ma
et al., 2020). So far, many interesting results based on adap-
tive control have been explored for different types of switched
systems, such as switched nonlinear systems (Zhang & Wei,
2021), stochastic switched systems (Niu et al., 2018), switched
large-scale systems (Ma &Ma, 2020), and switched multi-agent
systems (Li & Zhao, 2021). Since the stability of the switched
nonlinear systems is affected by the combination of the switch-
ing signals and the stability of subsystems, common Lyapunov
functions (CLFs) (Liu et al., 2022; Zeng et al., 2021), multi-
ple Lyapunov functions (MLFs) (Chen et al., 2021; Niu, Liu,
et al., 2020), and average dwell time (ADT) (Cui et al., 2022;
Liu et al., 2021) are often applied to study switched nonlinear
systems. Among them, the CLFs-based method can ensure the
switched nonlinear system remains stable under any switch-
ing signal. Therefore, many adaptive control strategies have
been proposed (Lai et al., 2018; Niu, Wang, et al., 2020). How-
ever, if there are unknown complex nonlinear structures in
switched nonlinear systems, adaptive control faces the dilemma
of method failure and performance degradation. To address
this problem,many approximationmethods, such as fuzzy logic
systems (FLSs) and neural networks (NNs), have been exten-
sively applied to solve the control problem of nonlinear systems,
which can greatly remove the limitations of the backstepping
technique. As a result, combining approximation-basedmethod
with the adaptive backstepping control technique, many control
strategies have been reported for switched nonlinear systems.
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For example, Zeng et al. (2021) proposed an adaptive neu-
ral tracking control approach for uncertain switched nonlinear
systemswith state quantisation. Liu et al. (2022) solved the prob-
lem of full-state constraints with the help of FLSs. Meng et al.
(2020) proposed an adaptive fault-tolerant control scheme via
FLSs and backstepping methods. However, most of these con-
trol strategies for switched nonlinear systems have focused on
continuous-time control, which cannot be directly applied to
practical computer control systems.

Sampled-data control has increasingly been studied because
of its more intelligent and higher flexibility, which has been
widely applied in active suspension systems (Li, Xie, et al.,
2021) and electric power market (Zhang & Xiao, 2020). The
key idea of sampled-data control is to sample the information of
the continuous control systems periodically or randomly. And
then, the control input is obtained at the sampling moment. In
other words, the control input is a right continuous segmenta-
tion function with time intervals of twice sampling moments.
Therefore, the sampled-data control only requires information
at the moment of sampling time and does not require real-time
feedback, reducing the information transmission burden. In
recent years, researches on the problems of sampled-data con-
trol have become increasingly diverse (Guan et al., 2022; Sheng
et al., 2022; Su et al., 2018). Many interesting results have been
obtained for the problem of sampled-data control. For exam-
ple, Sheng et al. (2022) proposed a novel Lyapunov functional
method to guarantee the stability of linear sampled-data systems
in the case of aperiodic sampling. Moreover, for the sampled-
data control of nonlinear systems, the continuous-time plant
model plus controller discretisation (CTD) method has been
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one of the popular methods. As it can be derived from the
strategies and ideas of designing continuous-time controllers
and is simple to comprehend, many results have been emerged.
For examples, Li & Yu (2022) developed a sampled-data con-
trol strategy for non-strict feedback large-scale interconnected
systems with completely unknown nonlinear functions and
states. Li, Ahn, et al. (2021) investigated the stabilisation prob-
lem of switched nonlinear systems with sampled-data control.
Although there have been many remarkable results for the
study of sampled-data control, few results involved prescribed
performance control.

In fact, it’s not enough to only considering the stability of
the system in the practical. Given the prescribed performance
control, especially its ability in transient and steady of the sys-
tem, it shows widespread attention in the control problem (Li
et al., 2018; Li et al., 2017; Li & Tong, 2015; Sui et al., 2015;
Tang & Zhao, 2017; Wang, Zou, et al., 2018; Zhu & Han, 2022).
Among them, Wang, Zou, et al. (2018) studied the prescribed
performance control problem for nonlinear systems. Zhu &
Han (2022) proposed an adaptive prescribed performance con-
trol method for large-scale nonlinear systems with asymmetric
input saturation. Li et al. (2018) proposed a control scheme for
nonlinear systems with sampled-data control and prescribed
performance control. Furthermore, Ming et al. (2017) applied
prescribed performance control to air-breathing supersonic
missiles and proposed a fault-tolerant control scheme based
on sliding mode control. Huang et al. (2015) developed the
prescribed performance control to the vehicle suspension sys-
tem to balance the suspension’s smoothness and the vehicle’s
safety. Although there have been quite many achievements of
prescribed performance control, to the best of the authors’
knowledge, the few efforts have been devoted to the adaptive
sampled-data tracking control for switched nonlinear systems
under prescribed performance.

Inspired by the research mentioned above, this paper studies
the problem of sample-data control for a class of switched non-
linear systems with prescribed performance. The radial basis
function neural networks (RBFNNs) are used to approximate
the unknown nonlinear functions. Then, an adaptive sampled-
data tracking control scheme is proposed based on backstepping
technique. The proposed approach can ensure the closed-loop
system semi-globally uniformly ultimately bounded (SGUUB)
and the tracking error achieves the prescribed performance
requirements. In contrast to the existing research results, the
main contributions of this paper are summarised as follows:

(1) It is the first time to consider sampled-data tracking con-
trol with prescribed performance for a class of switched
nonlinear systems. A novel adaptive sampled-data control
scheme is proposed with the information sampled periodi-
cally, which can greatly reduce the computational load and
the burden of transmission information.

(2) Compared with the available results (Li et al., 2017; Tang &
Zhao, 2017; Wang, Zou, et al., 2018), which merely focus
on the application of prescribed performance control in
continuous-time control processes, our study will design a
discrete controller in the switched nonlinear system based
on sampling information. The structure of the designed
controller is more simplicity andmore reliable. Meanwhile,

it also guarantees that all signals are SGUUB and the track-
ing error is always limited to the range of performance
function.

(3) In contrast to the sampled-data control-based prescribed
performance control method proposed in (Li et al., 2018),
which mainly focues on nonlinear systems. In this paper,
the sampled-data control with prescribed performance is
extended the tracking problem of switched nonlinear sys-
tems.

2. Problem formulation and preliminaries

2.1 System and control objective

In this paper, the following switched nonlinear systems contain-
ing multiple subsystems are considered⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

ẋi = xi+1 + fi,σ(t)(x̄i)

i = 1, 2, . . . , n − 1

ẋn = u + fn,σ(t)(x)

y = x1

(1)

where x1, · · · , xn denote the system states, x̄i = [x1, · · · , xi]T ∈
Ri for i = 1, · · · , n. σ(t) : [0,∞) → N = {1, 2, · · · ,N} denotes
the switching signal with N being the N - th subsystems.
fi,l(·), l ∈ N denotes an unknown continuous nonlinear func-
tion with fi,l(0) = 0. T denotes the sampling period, then
tk = kT and tk+1 are discrete sampling moments. u ∈ R
denotes the sampled-data controller, where u(t) = u(tk),∀t ∈
[tk, tk+1), k = 0, 1, 2, · · · . y ∈ R denotes the system output. In
this paper, the system state does not jump at the switching
instant.

To better understand the objectives of this paper, the follow-
ing definition of SGUUB needs to be introduced.

Definition 2.1 (Li, Ahn, et al., 2019): Consider the nonlin-
ear system described by ẋ = f (x), x, f (x) ∈ Rn. If for any com-
pact subset � ∈ Rn and state x(t0) = x0 ∈ �, there exist ε > 0
and δ(ε, x0), which satisfy ||x(t)|| ≤ ε,∀t > t0 + δ. Then the
solution of the system is SGUUB.

Consider the switched nonlinear systems (1), the objective of
this study is to design an adaptive sampled-data control strategy
that can achieve the following goals:

(i) All signals of system (1) are SGUUB under any switching
signal.

(ii) The output signal y can effectively track the reference signal
yd. Meanwhile, the tracking error is limited to the given
prescribed performance range.

The following assumptions and lemmas are needed for the
convenience of control strategy design.

Assumption2.1: All states of the switched nonlinear system (1)
are measured only at the sampling moment, which can be used
to design the adaptive sampled scheme.

Remark 2.1: It is important to note that the system (1) can be
regarded as an abstract expression of the systemmodel of many



INTERNATIONAL JOURNAL OF CONTROL 3

practical systems, such as the single-link robotic manipulator
(Lian & Li, 2020), the mass-spring damper (MSD) (Wang &
Long, 2022; Zhai et al., 2018), the continuous stirred tank reac-
tor (CSTR) (Liu et al., 2022), etc. Thus, the research of system
(1) has very important practical meaning and applicable value.

Remark 2.2: In the practical control process, it is more flexi-
ble to use digital controllers. However, digital controllers can’t
obtain the real-time state of the continuous system, instead rely-
ing on the sampling time to acquire the instantaneous state
of the system. Therefore, Assumption 2.1 is widely used in
sampled-data control.

In the tracking control process, the reference signal yd needs
to be considered.

Assumption 2.2: The reference signal yd is a continuous func-
tion and differentiable of order n.

Lemma 2.1 (Li, Guo, et al., 2019): Consider a real region G :=
[a, b] ⊂ R, there exist real continuous functions v(t), w(t) and
τ(t) ≥ 0 defined in the region G. The following inequality holds
for ∀t ∈ G

v(t) ≤ w(t) +
∫ t

a
w(s)τ (s)e

∫ t
s τ(r)drds

if v(t) satisfies the following inequality

v(t) ≤ w(t) +
∫ t

a
τ(s)v(s)ds

2.2 Prescribed performance function

The idea of prescribed performance control is introduced to
achieve the objective (ii), which can limit the tracking error
within a specific range. Firstly, a time-variable gain function ι(t)
is introduced to describe the control input

u(t) = ι(φ(t),m(t), ||y(t) − yd(t)||)(y(t) − yd(t))

where φ(t) is the boundary function, m(t) is the scaling func-
tion withm(t) = 1

ρ(t) and ||y(t) − yd(t)|| is the Euclidian norm
of the tracking error.

Secondly, introduce a new function as follows

D(t) = ρ(t) − ||y(t) − yd(t)||

where D(t) denotes the vertical distance between ρ(t) and
||y(t) − yd(t)||. Therefore, the time-varying gain ι(t) is given as

ι(t) = m(t)
D(t)

= m(t)
ρ(t) − ||y(t) − yd(t)||

(2)

Then, the prescribed performance function φ(t) is designed as

φ(t) = (φ0 − φ∞)e−λt + φ∞

where φ0 is the initial value of φ(t). φ∞ is the limit of the per-
formance function at the steady state with φ∞ = lim

t→∞ φ(t). λ

is the rate of convergence of the exponential function. φ0, φ∞,

λ are pre-designed positive constants. The prescribed perfor-
mance is satisfied when the tracking error reaches the control
target −φ(t) < y(t) − yd(t) < φ(t).

Finally, according to Wang, Zou, et al., 2018; Zhu & Han
(2022), the following coordinate transformation is designed to
accomplish the performance goal

ξ(t) = (y(t) − yd(t))2

φ2(t) − (y(t) − yd(t))2
(3)

Meanwhile, according to (3), we can also obtain

ξ̇ (t) = 2ς
(
ẏ − ẏd − y

φ̇

φ

)
(4)

where ς = (y(t)−yd(t))φ2

(φ2−(y(t)−yd(t))2)
2 .

Remark 2.3: According to the equation (2), it is obvious that if
the tracking error converges to φ(t), the time-varying gain ι(t)
will increase. Therefore, the prescribed performance control can
guarantee a prescribed transient behaviour.

2.3 RBFNN

In this paper, RBFNNs are used to deal with the unknown
smooth nonlinear functions.

Lemma2.2 (Sanner&Slotine, 1992): Considering anunknown
smooth nonlinear function f (X) : Rn → R defined on a closed
interval 
X ⊂ Rn, for ∀δ∗ > 0, there exists a RBFNN such that

f (X) = W∗TH(X) + δ(X)

where X ∈ 
X ⊂ Rn denotes the input vector with n being input
dimension, W∗ = [W1,W2, · · · ,Wm]T ∈ Rm denotes the ideal
weight vector, m denotes the number of nodes in the hidden layer
of the neural network, H(X) = [h1(X), h2(X), · · · , hm(X)]T
denotes the Gaussian basis function, and δ(X) denotes the
approximation error and satisfies |δ(X)| < δ∗.

Remark 2.4: It is theoretically possible to approximate the non-
linear function with arbitrary accuracy with a sufficient number
of hidden nodes and sufficient learning. Therefore, RBFNNs
are suitable for solving the control problems in nonlinear sys-
tems with complex nonlinearity (Wang, Chen, et al., 2018;
Zhang et al., 2021). Since RBFNN has the advantages of self-
study ability and fast calculation, the RBFNN-based control
algorithm demonstrates excellent control performance with a
simple structure.

3. Main results

Before controller design, the following coordinate transforma-
tion is introduced:{

z1 = x1 − yd
zi = xi − αi−1, i = 2, · · · , n (5)

where αi−1 denotes the virtual control signal, which will be
designed later.
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3.1 Sampled-data controller design

If ∀t ∈ [tk, tk+1), the l − th subsystem is activated and σ(tk) =
l, l ∈ N.

Step 1: The following Lyapunov function is considered

V1 = 1
4
ξ 2 +

N∑
j=1

θ̃T1,jθ̃1,j

2

where θ̃1,j = θ1,j − θ̂1,j is the parameter estimation error of
RBFNN, θ1,j and θ̂1,j are the weight vector and its estimation.

By taking the derivative of V1, we have

V̇1 = ξ

(
ςz2 + ςα1 + ς f1,l − ς ẏd − ςx1

φ̇

φ

)
−

N∑
j=1

θ̃T1,j
˙̂
θ1,j

= ξ(ςz2 + ςα1 + F1,l) −
N∑
j=1

θ̃T1,j
˙̂
θ1,j (6)

where F1,l = ς f1,l − ς ẏd − ςx1 φ̇
φ
.

Obviously, F1,l is an unknown nonlinear function, which
cannot be directly used for controller design. Therefore, accord-
ing to Lemma 2.2, F1,l can be approximated by a RBFNN with
the following form

F1,l(S1) = θT1,lP1(S1) + δ1,l(S1) l ∈ N (7)

where S1 = [x1]T, θ1,l is the ideal weight vector and δ1,l is the
approximation error satisfying |δ1,l(S1)| ≤ δ∗

1,l with δ∗
1,l being a

positive constant.
Substituting (7) into (6), we have

V̇1 ≤ ξςz2 + ξςα1 + ξθ rmT1,l P1(S1) + ξδ1,l −
N∑
j=1

θ̃T1,j
˙̂
θ1,j (8)

According to (8), the virtual control signal α1 and adaptive
control law ˙̂

θ1,l(t) are constructed as follows

α1 = − 1
ς

⎛
⎝μ1ξ +

N∑
j=1

θ̂T1,jP1(S1)

⎞
⎠ (9)

˙̂
θ1,l(t) = ωl,σ(t)(ξ(tk)P1(S1(tk)) − σ1,lθ̂1,l(t)) (10)

where μ1 and σ1,l are positive design parameters, and ωl,j ={
0, l 
= j
1, l = j .

Furthermore, it follows from (8) and (10) that

N∑
j=1

θ̃T1,j
˙̂
θ1,j ≤ θ̃T1,lξ(tk)P1(S1(tk)) − σ1,lθ̃

T
1,lθ1,l(t)

+
N∑
j=1

σ1,jθ̃
T
1,jθ̃1,j(t) −

N∑
j=1,j
=l

σ1,jθ̃
T
1,jθ̃1,j(t) (11)

Then, substituting (9), (10), and (11) into (8), yields

V̇1 ≤ −μ1ξ
2 + ξςz2 + 2

√
V1(t)

N∑
j=1,j
=l

(|θ1,j| + |θ̃1,j|)

+ 2
√
V1(t)δ∗

1,l +
√
2
√
V1(t)|ξ − ξ(tk)|

+ 4
√
2
√
V1(t)

√
V1(tk) + √

2
√
V1(t)σ1,l|θ1,l|

−
N∑
j=1

σ1,jθ̃
T
1,jθ̃1,j +

√
2
√
V1(t)

N∑
j=1,j
=l

σ1,j|θ̃1,j|

≤ −μ1ξ
2 + ξςz2 −

N∑
j=1

σ1,jθ̃
T
1,jθ̃1,j +

√
2
√
V1(t)|ξ − ξ(tk)|

+ 4
√
2
√
V1(t)

√
V1(tk) + ζ1,l

√
V1(t) (12)

where

ζ1,l = √
2

⎛
⎝√

2
N∑

j=1,j
=l

(|θ1,j| + |θ̃1,j|) + σ1,l|θ1,l|

+
N∑

j=1,j
=l

σ1,j|θ̃1,j| + √
2δ∗

1,l

⎞
⎠ .

Step2: Similar to the Step 1, considering the following Lyapunov
function

V2 = V1 + 1
2
z22 +

N∑
j=1

θ̃T2,jθ̃2,j

2

where θ̃2,j = θ2,j − θ̂2,j is the parameter estimation error of
RBFNN, θ2,j and θ̂2,jare the weight vector and its estimation.

By taking the derivative of V2, we have

V̇2 = V̇1 + z2z3 + z2α2 + z2f2,l − z2α̇1 −
N∑
j=1

θ̃T2,j
˙̂
θ2,j

= V̇1 + 1
2
z23 + z2α2 + z2F2,l − ξςz2 −

N∑
j=1

θ̃T2,j
˙̂
θ2,j (13)

where F2,l = ξς + 1
2z2 + f2,l − α̇1.

Obviously, F2,l is an unknown nonlinear function, which
cannot be directly used for controller design. Therefore, accord-
ing to Lemma 2.2, F2,l can be approximated by a RBFNN with
the following form

F2,l(S2) = θT2,lP2(S2) + δ2,l(S2) l ∈ N (14)

where S2 = [x1, x2, θ̂1,1, · · · , θ̂1,N]T, θ2,l is the ideal weight vec-
tor and δ2,l is the approximation error satisfying |δ2,l(S2)| ≤ δ∗

2,l
with δ∗

2,l being a positive constant.
Substituting (14) into (13), we have

V̇2 ≤ V̇1 + 1
2
z23 + z2α2 + z2θT2,lP2(S2)
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+ z2δ2,l − ξςz2 −
N∑
j=1

θ̃T2,j
˙̂
θ2,j (15)

According to (15), the virtual control signal α2 and adaptive
control law ˙̂

θ2,l(t) are constructed as follows

α2 = −μ2z2 −
N∑
j=1

θ̂T2,jP2(S2) (16)

˙̂
θ2,l(t) = ωl,σ(t)(z2(tk)P2(S2(tk)) − σ2,lθ̂2,l(t)) (17)

where μ2 and σ2,l are design positive parameters.
Furthermore, it follows from (15) and (17) that

N∑
j=1

θ̃T2,j
˙̂
θ2,j ≤ θ̃T2,lz2(tk)P2(S2(tk)) − σ2,lθ̃

T
2,lθ2,l(t)

+
N∑
j=1

σ2,jθ̃
T
2,jθ̃2,j(t) −

N∑
j=1,j
=l

σ2,jθ̃
T
2,jθ̃2,j(t) (18)

Then, substituting (16), (17), and (18) into (15), yields

V̇2 ≤ V̇1 − μ2z22 + 1
2
z23 + √

2
√
V2(t)

N∑
j=1,j
=l

(|θ2,j| + |θ̃2,j|)

+ √
2
√
V2(t)δ∗

2,l +
√
2
√
V2(t)|z2 − z2(tk)|

+ 4
√
V2(t)

√
V2(tk) + √

2
√
V2(t)σ2,l|θ2,l|

−
N∑
j=1

σ2,jθ̃
T
2,jθ̃2,j +

√
2
√
V2(t)

N∑
j=1,j
=l

σ2,j|θ̃1,j|

≤ −μ1ξ
2 − μ2z22 + 1

2
z23 −

2∑
i=1

N∑
j=1

σi,jθ̃
T
i,jθ̃i,j

+ √
2
√
V2(t)|ξ − ξ(tk)| + √

2
√
V2(t)|z2 − z2(tk)|

+
(
4
√
2 + 4

)√
V2(t)

√
V2(tk) + ζ2,l

√
V2(t) (19)

with ζ2,l = √
2
(∑N

j=1,j
=l (|θ2,j| + |θ̃2,j|) + σ2,l|θ2,l| +∑N
j=1,j
=l

σ2,j|θ̃2,j| + δ∗
2,l

)
+ ζ1,l.

Step ρ(3 ≤ ρ ≤ n − 1): The following Lyapunov function is
considered:

Vρ = Vρ−1 + 1
2
z2ρ +

N∑
j=1

θ̃Tρ,jθ̃ρ,j

2

where θ̃ρ,j = θρ,j − θ̂ρ,j is the parameter estimation error of
RBFNN, θρ,j and θ̂ρ,j are the weight vector and its estimation.

By taking the derivative of Vρ , we have

V̇ρ = V̇ρ + zρzρ+1 + zραρ + zρ fρ,l − zρα̇ρ−1 −
N∑
j=1

θ̃Tρ,j
˙̂
θρ,j

= V̇ρ−1 + 1
2
z2ρ + 1

2
z2ρ+1 + zραρ + zρFρ,l −

N∑
j=1

θ̃Tρ,j
˙̂
θρ,j

(20)

where Fρ,l = zρ + fρ,l − α̇ρ−1.
Obviously, Fρ,l is an unknown nonlinear function, which

cannot be directly used for controller design. Therefore, accord-
ing to Lemma 2.2, Fρ,l can be approximated by a RBFNN with
the following form

Fρ,l(Sρ) = θTρ,lPρ(Sρ) + δρ,l(Sρ) l ∈ N (21)

where Sρ = [x1, · · · , xρ , θ̂1,1, · · · , θ̂1,N , · · · , θ̂ρ−1,1, · · · θ̂ρ−1,N]T,
θρ,l is the ideal weight vector and δρ,l is the approximation error
satisfying |δρ,l(Sρ)| ≤ δ∗

ρ,l with δ∗
ρ,l being a positive constant.

Substituting (21) into (20), we have

V̇ρ ≤ V̇ρ−1 + 1
2
z2ρ + 1

2
z2ρ+1 + zραρ

+ zρθTρ,lPρ(Sρ) + zρδρ,l −
N∑
j=1

θ̃Tρ,j
˙̂
θρ,j (22)

By repeating the procedure taken in Step 2, according to (22),
the virtual control signal αρ and adaptive control law ˙̂

θρ,l(t) are
constructed as follows

αρ = −μρzρ −
N∑
j=1

θ̂Tρ,jPρ(Sρ) (23)

˙̂
θρ,l(t) = ωl,σ(t)(zρ(tk)Pρ(Sρ(tk)) − σρ,lθ̂ρ,l(t)) (24)

where μ2 and σ2,l are design positive parameters. Furthermore,
it follows from (22) and (24) that

N∑
j=1

θ̃Tρ,j
˙̂
θρ,j ≤ θ̃Tρ,lzρ(tk)Pρ(Sρ(tk)) − σρ,lθ̃

T
ρ,lθρ,l(t)

+
N∑
j=1

σρ,jθ̃
T
ρ,jθ̃ρ,j(t) −

N∑
j=1,j
=l

σρ,jθ̃
T
ρ,jθ̃ρ,j(t) (25)

Then, substituting (23), (24), and (25) into (22) yields

V̇ρ ≤ −μ1ξ
2 −

ρ∑
i=2

μiz2i + 1
2
z2ρ+1 −

ρ∑
i=1

N∑
j=1

σi,jθ̃
T
i,jθ̃i,j

+ √
2
√
Vρ(t)|ξ − ξ(tk)| + √

2
√
Vρ(t)

ρ∑
i=2

|zρ − zρ(tk)|

+
(
4
√
2 + 4ρ − 4

)√
Vρ(t)

√
Vρ(tk) + ζρ,l

√
Vρ(t)

(26)

with ζρ,l =
√
2
(∑N

j=1,j
=l (|θρ,j| + |θ̃ρ,j|) + σρ,l|θρ,l| +∑N
j=1,j
=l

σρ,j|θ̃ρ,j| + δ∗
ρ,l

)
+ ζρ−1,l.

Step n: The following Lyapunov function is considered:

Vn = Vn−1 + 1
2
z2n +

N∑
j=1

θ̃Tn,jθ̃n,j

2
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where θ̃n,j = θn,j − θ̂n,j is the parameter estimation error of
RBFNN, θn,j and θ̂n,j are the weight vector and its estimation.

By taking the derivative of Vn, we have

V̇n = V̇n−1 + znu + znfn,l(x) − znα̇n−1 −
N∑
j=1

θ̃Tn,j
˙̂
θn,j (27)

where Fn,l(Sn) = 1
2zn + fn,l(x) − α̇n−1.

Obviously, Fn,l is an unknown nonlinear function, which
cannot be directly used for controller design. Therefore, accord-
ing to Lemma 2.2, Fn,l can be approximated by a RBFNN with
the following form

Fn,l(Sn) = θTn,lPn(Sn) + δn,l(Sn) l ∈ N (28)

where Sn = [x1, · · · , xn, θ̂1,1, · · · , θ̂1,N , · · · , θ̂n−1,1, · · · θ̂n−1,N]T,
θn,l, is the ideal weight vector and δn,l is the approximation error
satisfying |δn,l(Sn)| ≤ δ∗

n,l with δ∗
n,l being a positive constant.

Substituting (28) into (27), we have.

V̇n ≤ V̇n−1 + zn(u − u∗) + znu∗ + znθTn,lPn(Sn)

+ znδn,l − 1
2
z2n −

N∑
j=1

θ̃Tn,j
˙̂
θn,j (29)

According to (22), the actual control law u∗ and adaptive control
law ˙̂

θn,l(t) are constructed as follows

u∗ = −μnzn − θ̂Tn,lPn(Sn) (30)

˙̂
θn,l(t) = ωl,σ(t)(zn(tk)Pn(Sn(tk)) − σn,lθ̂n,l(t)) (31)

where μ2 and σ2,l are design positive parameters.
Furthermore, according to (30), the sampled-data control

law u can be constructed via CTD approach.

u(tk) = −μnzn(tk) − θ̂Tn,l(tk)Pn(Sn(tk)) (32)

Then, substituting (31) and (32) into (29) yields

V̇n ≤ V̇n−1 − μnz2n + zn(u − u∗) + √
2
√
Vn(t)δ∗

n,l

+ √
2
√
Vn(t)|zn − zn(tk)| + 4

√
Vn(t)

√
Vn(tk)

+ √
2
√
Vn(t)σn,l|θn,l| −

N∑
j=1

σn,jθ̃
T
n,jθ̃n,j

+ √
2
√
Vn(t)

N∑
j=1,j
=l

σn,j|θ̃n,j|

≤ −μ1ξ
2 −

n∑
i=2

μiz2i + zn(u − u∗)

−
n∑
i=1

N∑
j=1

σi,jθ̃
T
i,jθ̃i,j +

√
2
√
Vn(t)|ξ − ξ(tk)|

+ √
2
√
Vn(t)

n∑
i=2

|zi − zi(tk)|

Algorithm 1: The sampled-data Controller’s Design

Input: The reference signal yd and the system states xi(tk)(1 ≤ i ≤ n)
Step 1: Design the parameters φ0, φ∞ and λ of the prescribed performance
function according to the performance requirements.

Step 2: Constructing Lyapunov function Vi(1 ≤ i ≤ n − 1). Select the parameters
μ1, · · · μn−1, σi,1, · · · σi,N , designing the virtual control signalαi(1 ≤ i ≤ n − 1)

using (9) (16) (23) and adaptive control law ˙̂
θi,l(1 ≤ i ≤ n − 1) using (10) (17)

(24).
Step3:Constructing Lyapunov functionVn . Select theparametersμn , σn,1, · · · σn,N ,

designing the actual control law u∗ using (30) and adaptive control law ˙̂
θn,l

using (31).
Step 4: Design the sampled-data controller for the system (1) in the form of (32)
and calculate the sampling period T .

Output: u(tk)

+
(
4
√
2 + 4n − 4

)√
Vn(t)

√
Vn(tk) + ζn,l

√
Vn(t) (33)

with ζn,l = √
2
(∑n−1

i=1
∑N

j=1,j
=l (|θi,j| + |θ̃i,j|) +∑n
i=1 σi,l|θi,l|

+ ∑n
i=1
∑N

j=1,j
=l σi,j|θ̃i,j| +∑n
i=1 δ∗

n,l

)
.

According to the above description, the following algorithm
is summarised to illustrate the proposed control scheme.

3.2 Stability analysis

Theorem 3.1: Consider the switched nonlinear system (1) under
Assumptions 2.1–2.2. If the virtual control signals are designed as
(9), (16), (23) and the sampled controller is designed as (32) with
the adaptive control laws designed as (10), (17), (24), and (31)
under any switching signals, then all the signals in the closed-loop
system are SGUUB and the tracking error achieves the prescribed
performance.

Proof: According to (33), we deduce

V̇n ≤ −cVn + zn(u − u∗) + √
2
√
Vn(t)|ξ − ξ(tk)|

+ √
2
√
Vn(t)

n∑
i=2

|zi − zi(tk)| + ζn
√
Vn(t)

+
(
4
√
2 + 4n − 4

)√
Vn(t)

√
Vn(tk) (34)

with c=minl∈N{cl}> 0, cl = min{4μ1, 2μ2, · · ·, 2μn, 2σi,1, · · ·,
2σi,N} and ζn = maxl∈N{ζn,l}.

Assume Z(t) = [ξ ,φ, x1 · · · , xn, θ̂1,1, · · · θ̂1,N , · · · , θ̂n,1, · · ·
θ̂n,N]T,∀t ∈ [tk, tk+1), from Lemma 2.1, it can be obtained that

||Z(t) − Z(tk)||

≤
∫ t

tk
η||Z(s) − Z(tk)||ds + η(t − tk)(||Z(tk)|| + 1)

≤ η̄
(√

Vn,l(tk) + 1
)

(eη(t−tk) − 1) (35)

where η > 0 and η̄ > 0 are constants.
From the previous process, it is clear that |ξ − ξ(tk)| ≤

||Z(t) − Z(tk)||, |xi(t)− xi(tk)| ≤ ||Z(t)−Z(tk)|| and |θ̂i,j(t)−
θ̂i,j(tk)| ≤ ||Z(t) − Z(tk)|| hold. Next, we deduce ∀t ∈ [tk, tk+1)

|u(tk) − u∗(t)| ≤ 2r2
(√

Vn(tk) + 1
)

(eη(t−tk) − 1) + 2r1θ̄
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+ 2
√
2r1
√
Vn(tk) (36)

with r1 = μn + μnμn−1 + · · · + �n
i=1μi, r2 = η̄r1 and θ̄ =

maxl∈N

{∑n
i=1 |θi,l|

}
.

Then, substituting (35) and (36) into (34) yields, for ∀t ∈
[tk, tk+1), we have

V̇n ≤
((

4
√
2γ2 + √

2η̄
)
eη(t−tk) − 4

√
2r2 + 8r1 − √

2η̄

+ 4
√
2 + 4n − 4

)√
Vn(t)

√
Vn(tk)

+
√
Vn(t)

((
4
√
2r2 + √

2η̄
)
eη(t−tk) − 4

√
2r2

+ 4
√
2r1θ̄ + 2

√
2ζn − √

2η̄
)

≤ −cVn +
√
Vn(t)

√
Vn(tk)(r3eη(t−tk) − r4)

+
√
Vn(t)(r3eη(t−tk) − r5) (37)

with r3 = 4
√
2r2 + √

2η̄, r4 = r3 − 8r1 − 4n − 4
√
2 + 4 and

r5 = r3 − 4
√
2r1θ̄ − ζn.

SinceW(t) = √
Vn(t), from (37), we have

Ẇ(t) ≤ −β1W(t) + r6W(tk) + r7∀t ∈ [tk, tk+1) (38)

with β1 = c/2, r6 = r3eηT−r4
2 and r7 = r3eηT−r5

2
Subsequently, from (38), we deduce

W(t) ≤ β2W(tk) + ϕ∀t ∈ [tk, tk+1)

with β2 = e−β1T + γ6(1 − e−β1T)/β1 and ϕ = γ7(1 − e−β1T)/

β1.
Since t = tk+1, the following form can be obtained.

W(tk+1) ≤ β2W(tk) + ϕ,∀t ∈ [tk, tk+1) (39)

In order to guaranteeβ2 ∈ (0, 1), we choose the sampling period

T <
1
η
ln
(
r4 + 2β1

r3

)
(40)

Then, according to (39), we have

W(tk+1) ≤ βk
2W(0) + ϕ

(
1

1 − β2

)
(41)

According to (41), it can deduce,

W(t) ≤ W(0) + ϕ

1 − β2
(42)

Then, the following inequality holds.

1
4
ξ 2 = 1

4

(
(y − yd)2

φ2(t) − (y(t) − yd(t))2

)2

≤ V(t) ≤ W2(t) ≤
(
W(0) + ϕ

1 − β2

)2
(43)

Meanwhile, we have(
1 −

(
W(0) + ϕ

1 − β2

)2
)

(y − yd)4

≤ 4
(
W(0) + ϕ

1 − β2

)2
(φ4 − 2φ2(y − yd)2) (44)

Based on (43) and (44), the following inequality holds through
selecting appropriate initial conditions and design parameters

1 −
(
W(0) + ϕ

1 − β2

)2
≥ 0 (45)

φ4 − 2φ2(y − yd)2 ≥ 0 (46)

Thus, the tracking error is limited to the range of the perfor-
mance function. That is

|y − yd| ≤ ϕ√
2

≤ ϕ (47)

Above all, it can guarantee that all signals of the closed-loop
system are SGUUB and that the tracking error achieves the pre-
scribed performance under any switching period. Theorem 3.1
is proven to be complete. �

Remark 3.1: The design of the controller parameters has a
significant impact on the performance of the controller. The
control effect is significantly improved when the parameters μi
and σi,l are increased. However, when the parameters exceed
a specific value, the system output will fluctuate, and the con-
trol effect will be reduced. Therefore, it is necessary to be
careful when designing the controller parameters to prevent
irreversible damage.

Remark 3.2: In fact, there exists approximation error when
using NNs to approximate nonlinear functions. Therefore, the
proposedNN-based control strategy can only ensure the system
state satisfies SGUUB rather than globally asymptotically stable.

4. Simulation examples

In this section, two examples are given to demonstrate the effec-
tively of the proposed adaptive sampled-data control method.

Example 4.1: Consider the following switched nonlinear sys-
tem containing two subsystems⎧⎪⎨

⎪⎩
ẋ1 = x2 + f1,σ(t)(x1)

ẋ2 = u + f2,σ(t)(x̄2)

y = x1

(48)

where σ(t) : [0,∞) → N = {1, 2}, f1,1(x1) = −2x1e−0.5x1 , f2,1
(x̄2) = cos(x1) sin(x2), f2,1(x1) = −2 sin(x1)e−0.5x1 , f2,1(x̄2) =
sin(x1)cos(x2), The initial states of the system are x1(0) = 0.5
and x2(0) = 0.5..u is the control signal. The reference signal is
selected as yd = 0.1 sin(0.5t).

During the simulation, the design parameters of the pre-
scribed performance function are selected as φ0 = 5, φ∞ = 0.1
and λ = 2.5. According to Theorem 3.1, the virtual control sig-
nal α1 and the adaptive control law ˙̂

θ1,l(t) of the system (48)
are

α1 = − 1
ς

(μ1ξ + θ̂T1,1P1(S1) + θ̂T1,2P1(S1)) (49)
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˙̂
θ1,l(t) = ωl,σ(t)(ξ(tk)P1(S1(tk)) − σ1,lθ̂1,l(t)) (50)

Meanwhile, in combination with the backstepping design
method, the control input u and the adaptive control law ˙̂

θ1,l(t)
of the system (48) is

u = −μ2z2(tk) − θ̂T2,σ(t)(tk)P2(S2(tk)) (51)

˙̂
θn,l(t) = ωl,σ(t)(zn(tk)Pn(Sn(tk)) − σn,lθ̂n,l(t)) (52)

where S1 = [x1]T and S2 = [x1, x2θ̂1,1, θ̂1,2]T. There are 7 nodes
whose centre is located in [−3, 3] and widths being equal to
0.2 in the first RBF vector. There are 36 nodes whose centre
is located in [−9, 9] × [−9, 9] × [−9, 9] × [−9, 9] and widths
being equal to 0.2. The controller parameters are taken as μ1 =
16 and μ2 = 5. And the sampling period is chosen as 0.1. The
simulation results are shown in Figures 1–5.

Figure 1 shows the result of the output signal y tracking the
reference signal yd. Figure 2 shows the tracking error and the
boundary via the prescribed performance function, which is
show that the tracking error always satisfies the prescribed per-
formance and converges quickly to near the origin. Figure 3
shows the control input based on the sampled-data control,
which changes only at the sampling moment. Figure 4 shows
the system states x1 and x2 are bounded. Figure 5 displays the
specific switching signal for the simulation process.

In addition, Figures 6–7 show the effects of controller param-
eters and neural network coefficients on the control perfor-
mance.

In Figure 6, it is clear that the control parameters have a sig-
nificant effect on the control performance. The control perfor-
mance changes dramatically when the parameter k1 is altered.
Increasing k1, the control performance gradually changes until
k1 reaches a value, and the control performance start to weaken
and fluctuate. When the parameter k2 is changed, the control
performance changes slightly. Increasing k2, the control per-
formance gradually improves until k2 exceeds a value, and the
control effect does not change much.

Figure 1. The system output y and the reference signal yd .

Figure 2. The tracking error and the prescribed performance function φ(t).

Figure 3. The control signal u(t).

In Figure 7, we can obtain that the number of neural net-
work nodes has little effect on the control performance, and the
width has some impact on the control performance. However,
increasing the number of neural network nodes add the com-
plexity of computer computation and the training time of the
control strategy.

Example 4.2: To further demonstrate the value of our proposed
control scheme in the practical control system, consider a prac-
tical engineering MSD with controller switching. According to
(L i et al., 2018), its mathematical can be specifically expressed
as follows⎧⎪⎪⎪⎨

⎪⎪⎪⎩

ẋ1 = x2

ẋ2 = u − 1
m
[f (x1) + Δfσ(t)(x) + g(x2)]

y = x1

(53)
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Figure 4. The state variable x1 and the state variable x2.

Figure 5. The switching signal.

Figure 6. The impact of different controller parameters on the tracking perfor-
mance.

Figure 7. The impact of different RBFNNparameters on the tracking performance.

Figure 8. The output y and the reference signal yd of MSD system.

where σ(t) : [0,∞) → N = {1, 2}, m = 1
3 , f (x1) = 2x21, g(x2)

= 0.5x2, Δf1(x) = x1 cos(x22),Δf2(x) = ex
2
2 sin(x21), The initial

state of the system are x1(0) = 0.3 and x2(0) = 0.5. . u is the
control signal. The reference signal is yd = 0.1 sin(0.5t).

In simulation, the parameters of the prescribed performance
function are selected as φ0 = 5, φ∞ = 0.1 and λ = 2.5. The
controller parameters are taken as μ1 = 15 and μ2 = 5. And
the sampling period is chosen as 0.1. The simulation results are
shown in Figures 8–12.

In theMSD system, Figure 8 shows the tracking performance
of the output signal. Figure 9 shows that the tracking error is
always limited to satisfy the prescribed performance function.
With the control signal in Figure 10 and the switching signal in
Figure 12, the tracking error quickly converges near the origin.
Figure 11 displays the MSD system states, x1 and x2, are both
bounded.
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Figure 9. The tracking error of the MSD system and the prescribed performance
function φ(t).

Figure 10. The control signal u(t) of MSD system.

From the simulation results, the control scheme designed in
this paper has been controlled well in both Example 4.1 and
Example 4.2. And the controller structure is simple, which is
of great significance for solving the problem of sampled-data
adaptive tracking control for switched nonlinear systems with
prescribed performance.

5. Conclusion

In this paper, a novel adaptive sample-data control approach is
proposed to address the tracking problem for a class of switched
nonlinear systems with prescribed performance. Firstly, a coor-
dinate transformation is constructed to satisfy the prescribed
performance requirements. Secondly, by using RBFNNs and
the backstepping technique, the adaptive control signal and the
adaptive laws are obtained. Thirdly, the limitation of the sam-
pling period is derived from stability analysis. Finally, it can be

Figure 11. The state variable x1 and the state variable x2 of MSD system.

Figure 12. The switching signal of MSD system.

proven that all closed-loop signals are SGUUB, and the track-
ing error is always within the range of prescribed performance
requirements. Two simulation examples, one numerical and one
practical, validate the effectiveness of our proposed strategy.
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