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For simple-input and simple-output (SISO) discrete-time nonlinear systems, an observer-based event-triggered
model-free adaptive sliding mode predictive control technique (EMFASPC) is put forth in this study. The
estimate of pseudo partial derivatives (PPD) and the transmission of I/O data are both carried out aperiodically
at the time of event triggering to conserve network resources. A unified framework of event-triggered model-
free adaptive control with an adaptive observer and an event-triggered PPD estimation method is constructed
based on the equivalent data model after compact format dynamic linearization (CFDL). The controller part
adopts integral sliding mode control (SMC) combined with a rolling optimization idea of model predictive
control (MPC) to predict the expected trajectory of the sliding mode state and generate the optimal control input.
According to the relationship among the system tracking error, current measurement data, and the previous
trigger time output, the event trigger condition is set to determine the next event trigger time, which reduces the
unnecessary transmission on the premise of system stability. The stability performance of the closed-loop system
is analyzed by the Lyapunov method. Finally, numerical simulation and the shell-and-tube heat exchanger
control system simulation are carried out to verify that the proposed algorithm has good robustness and tracking
accuracy under the limited bandwidth and computing resources
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1. Introduction

With the development of information technology, the use
of data-driven techniques to process massive amounts of
online data carrying dynamic information has become a
hot topic of research in the current control theory commu-
nity. Among many data-driven control methods, model-
free adaptive control (MFAC) with unique dynamic lin-
earization (DL) method (equivalent DL data model replaces
the traditional approximately linearization model), novel
PPD (virtual parameters), and excellent adaptive capabil-
ity [1], has received much attention and achieved notable

achievements. For example, [2] and [3] implemented the
bounded-input bounded-output stability and tracking er-
ror monotonic convergence analysis for partial-format and
full-format DL techniques, respectively. [4] proposed a new
observer-based MFAC method and extend the study [5].
[6] adds terminal sliding mode control to the traditional
MFAC system to improve the anti-disturbance capability.
In addition, there are also studies in motion control systems
[7], industrial control systems [8], energy control systems
[9], and other applications.

The traditional MFAC method does not consider the
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variation between data but instead simply transmits data
at a fixed period, resulting in a double waste of network
and computational resources. The data of two adjacent sam-
pling intervals are likely unchanged or not very different
and do not affect the steady state of dynamic performance.
As with adding a judgment box holding a trigger mech-
anisms to the control flowchart, event-triggered control
is driven by monitoring events rather than the passage of
time. If the trigger mechanism fulfills the trigger conditions
for sequential execution, the data can go to the next actua-
tor. In recent years, research on transmission-based event-
triggered control has made great progress, from linear sys-
tems [10] to nonlinear systems [11], from continuous sys-
tems [12] to discrete systems [13], from centralized systems
[14] to distributed systems [15] and multi-intelligent body
systems [16] and so on. Among them, [12] develops two
types of controllers for model-based singularly perturbed
nonlinear systems with slow dynamics, ensuring differ-
ent asymptotic stability properties; [13] uses event-driven
neural dynamic programming to design approximate op-
timal control strategies, with the appropriate number of
events to ensure the required approximate accuracy; [15]
presents the optimization problem of maximizing the trig-
ger threshold with a sensor network communication mech-
anism, achieving satisfactory filtering performance. Un-
fortunately, the aforementioned event-triggered controllers
are model-based designs, which makes it challenging for
them to be applied to many real-world systems.

To solve the bandwidth-constrained problem of un-
known nonlinear systems that are difficult to build accu-
rate mathematical models, it is a good choice to combine
event-triggered control ideas and MFAC theory. At present,
some scholars have carried out related research. [17] re-
places a single input increment with a set of input-output
data increments in the DL method, and chooses a radial
basis function neural network to approximate the PPD,
which only causes event triggering when the input-output
data changes sufficiently, saving the cost of transmission,
but the introduced radial basis function increases the bur-
den of computation. [18] introduces a non-periodic neural
network weight update law method in the parameter esti-
mation of the controller to achieve an on-demand update
of the controller. [19] proposes an event-triggered MFAC
scheme based on offline parameter identification under
three different DL methods, and sets the triggering condi-
tions based on Liapunov functions. [20] adds a prediction
compensation module to the control framework, and the
results show that the event-triggered multi-step prediction
compensation algorithm can effectively prevent data loss
from jamming attacks or continuous attacks. [21] inves-

tigates the model-free adaptive event-triggered tracking
control problem with unknown bounded disturbances, de-
signs unknown disturbance estimators, and incorporates
disturbance compensation in the controller to make the
tracking error converge. Considering the computational
pressure and time cost, [22] sets a static threshold event
triggering mechanism. [23] investigates the MFAC of an
event triggering information-physical fusion system in the
case of disinformation injection attacks, and establishes a
novel ET-MFAC framework that enables nonlinear systems
to overcome attacks and achieve trajectory tracking.

Meanwhile, Sliding mode predictive control combines
SMC and MPC [24], which not only can exploit the advan-
tages of SMC in terms of rapidity and robustness but also
considers the control optimization problem of entering the
sliding mode surface and has received a lot of attention[25–
29]. For example, [25] uses the sliding mode predictive con-
troller in a solar air conditioning unit to improve the ability
to handle set point variations and suppress disturbances.
The sliding mode predictive controller designed by [26] and
[27] in the precision motion control system eliminates the
system jitter. [28] compensates and solves the time delay
and data packet loss problems in the network control sys-
tem through the sliding mode predictive control idea. To
improve the load-tracking capability and robustness of the
boiler-turbine unit, [29] designed a discrete-time sliding-
mode predictive controller with a dual-mode control law
to demonstrate the input state stability of the closed-loop
system.

Inspired by the above analysis, this paper designs an
observer-based event-triggered model-free adaptive sliding
mode predictive control method for discrete-time nonlinear
systems to improve the robustness and tracking accuracy
of the system under the bandwidth and computational re-
source constraints. Specifically, the unknown nonlinear
system is first converted into an equivalent linear data
model based on the CFDL technique, and then an adap-
tive observer is designed to build an observer-based event-
triggered PPD estimation algorithm and model-free adap-
tive sliding mode predictive controller based on the idea of
the transmission-based event triggering. The PPD and con-
trol input updates are no longer triggered by a fixed period,
but by satisfying the designed event triggers generated
after satisfying the designed event triggering mechanism.
The combination of a sliding mode control and MPC im-
proves the control accuracy and robustness by considering
the optimal control input for each trigger moment. The
main contributions of this paper include: 1) compared with
the traditional MFAC, the proposed method updates the
PPD and control inputs acyclically, reducing the utilization
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of computational resources and unnecessary data trans-
mission; 2) compared with the traditional event-triggered
control, the proposed method is based on a data-driven
approach that does not rely on the structure and parame-
ter information of the mathematical model, avoiding the
model deviation or inaccurate 3) the combination of sliding
mode control and predictive control ensures fast conver-
gence speed while optimizing the motion trajectory.

The remainder of the paper is divided into the following
sections. An equivalent data model is created in Section
II. Section III provides specifics on the EMFASPC scheme’s
design process and related stability analysis. Results of
numerical simulation and simulation of a shell and tube
heat exchanger system are presented in Section IV. This
paper is summarized in Section V.

2. Problem statement

2.1. Equivalent data model

Consider the SISO discrete-time nonlinear system as
follows:

y(k + 1) = f (y(k), y(k − 1),

· · · , y
(
k − ly

)
, u(k), u(k − 1), · · · , u (k − lu)

) (1)

where y(k) and u(k) are the system output and input,
f (·) is the unknown nonlinear function, and ly and lu are
the unknown orders of the y(k) and u(k), respectively. The
following assumptions need to be made before DL:

Assumption 1. The partial derivative of f(·) with respect
to control input u(k) is continuous.

Assumption 2. The system Eq. (1) is generalized Lip-
schitz, that is, |∆y(k + 1)| ≤ cφ|∆u(k)| for any k and
∆u(k) ̸= 0, where ∆y(k + 1) = y(k + 1)− y(k) is output
data increment, ∆u(k) = u(k)− u(k − 1) is input data in-
crement and cφ is a positive constant.

Assumption 1 is a prerequisite for the controllability
of the system, and assumption 2 is a manifestation of the
law of energy conservation in the control system, so the
assumption is reasonable. Based on this, the system Eq. (1)
can be expressed in the form of a CFDL data model as:

∆y(k + 1) = φ(k)∆u(k) (2)

where φ(k) is PPD and represents the virtual input in-
cremental gain at the moment k.

Remark 1. φ(k) is a fictitious parameter rather than
an actual parameter that exists. All potentially complex
behaviors of the original dynamic nonlinear system, includ-
ing nonlinearity, time-varying parameters or structure, are
condensed and merged into this parameter. However, the

numerical behavior of φ(k) is relatively simple and can be
estimated by choosing a suitable adaptive algorithm that
satisfies |φ(k)| ≤ cφ

2.2. Observer-based event-driven PPD estimation algo-
rithm

φ(k) is estimated using an adaptive observer, and the ob-
server structure is first established:

ŷa(k + 1) = ŷa(k) + φ̂(k)∆u(k) + Kaεa(k) (3)

where ŷa(k) denote the output estimates, and φ̂(k) de-
notes the estimate of the PPD. Ka is the observation error
gain satisfying 0 < Ka < 1. Let εa(k) denote the output
estimation error, and the following relation is available:

εa(k) = y(k)− ŷa(k) (4)

Substituting Eqs. (2) and (3), one can obtain:

εa(k + 1) = (1 − Ka) εa(k) + φ̆(k)∆u(k) (5)

Where φ̆(k) = φ(k) − φ̂(k), denotes the PPD estimation
error.

In addition, considering ea(k + 1) is not directly avail-
able, with the help of the two-step delayed uncertain pa-
rameter estimation technique of es(k+ 1) ≈ 2εa(k)− εa(k−
1) to be estimated, a new descriptive form of y(k + 1) is
made from the meaning of the output estimation error:

y(k + 1) = ŷa(k)+

∆u(k)φ̂(k)− εa(k − 1) + (2 + Ka) εa(k)
(6)

The observer-based algorithm for estimating the PPD is
as follows:

φ̂(k + 1) = φ̂(k) + 2∆u(k)
(
|∆u(k)|2 + σ

)−1
E(k) (7)

Where σ denotes the penalty factor, σ > 0, and E(k) =

εa(k + 1)− (1 − Ka) εa(k).
Remark 2. The above estimation algorithm is time-

triggered, i.e., the PPD estimates are updated with a fixed
sampling period, which greatly wastes computational re-
sources and network bandwidth. By introducing an event-
triggered factor in the estimation algorithm, it is updated
only when an event occurs.

The addition of the event-triggered operator and the
joint reset algorithm constitute the new PPD estimation
algorithm:

φ̂(k + 1) = φ̂(k) + β(k)
2∆u(k)E(k)
|∆u(k)|2 + σ

φ̂(k) = φ̂(1) |φ̂(k)| ≤ δ

or |∆u(k)| ≤ δ

(8)
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Where δ is a sufficiently small positive number to guarantee
the tracking performance of the PPD. β(k) represents the
index operator, with β(k) = 1 at the trigger moment and
β(k) = 0 at the non-trigger instant.

The control objective of this paper is to design an
observer-based event-triggered PPD estimation algorithm
and EMFASPC scheme based on the data model to drive
a discrete-time nonlinear system of unknown structure to
track the desired trajectory.

3. Data-driven controller design and stability anal-
ysis

This section proposes an observer-based and event-
triggered EMFASPC scheme. The addition of the
transmission-based event-triggering idea modifies the orig-
inal fixed-cycle triggering mechanism, and stability analy-
sis is carried out using the Lyapunov theory.

3.1. Sliding mode predictive control

Define the integral sliding mode surface function as fol-
lows:

λ(k) = ε(k) + m
k

∑
h=1

Tε(h) (9)

where m is the coefficient of the integral term satisfy-
ing m > 0, T denotes the sampling interval, and ε(k) de-
notes the systematic tracking error, i.e. ε(k) = yd(k)− y(k),
where the given output satisfies |yd(k)| ≤ A

Consider the sliding mode surface satisfies the relation
∆λ(k + 1) = λ(k + 1)− λ(k) = 0, and the equivalent con-
trol u1(k) is obtained by Eq. (9):

u1(k) =
φ̂(k)

φ̂2(k) + τ

(yd(k + 1)− ŷa(k)−

(2 + Ka) εa(k) + εa(k − 1)− ε(k)
1 + mT

) (10)

Where τ > 0.
Remark 3. SMC typically consists of two stages: the

sliding surface stage and the sliding stage entering the
sliding surface. The sliding surface stage is subjected to
equivalent control. MPC is chosen in this paper during
the sliding surface entry process to maximize the sliding
surface function’s ideal trajectory.

The predictive control input is defined as u2(k), com-
bined with Eqs. (6), (9) and (10), the sliding mode surface
can be obtained:

λ(k + 1) = λ(k)− (1 + mT)φ̂(k)u2(k)−
τmT

φ̂2(k) + τ
ŷa(k) +

τ(1 + mT)
φ̂2(k) + τ

p(k)
(11)

Where p(k) = yd(k + 1) − yd(k)
1+mT −(

2 + Ka − 1
1+mT

)
εa(k) + εa(k − 1).

Define predictive control functions:

λa(k) = Θλ(k)− ΞUa(k − 1)−

ΩY(k − 1) + ΨP(k − 1)
(12)

where λa(k), Ua(k − 1), Y(k − 1) and P(k − 1) can be
expressed in the prediction domain as:

λa(k) =
[

λ(k + 1) λ(k + 2) · · · λ(k + N)
]T

Ua(k− 1) =
[

u2(k) u2(k + 1)
... u2(k + N − 1)

]T

Y(k− 1) =
[

ŷa(k) ŷa(k + 1) · · · ŷa(k + N − 1)
]T

P(k − 1) =
[

p(k) p(k + 1) · · · p(k + N − 1)
]T

The symbols Θ, Ξ, Ω, Ψ are as follows:
Θ =

[
1 1 . . . 1

]T

Ξ = (1+mT)


φ̂(k) 0 . . . 0
φ̂(k) φ̂(k + 1) . . . 0

...
...

. . .
...

φ̂(k) φ̂(k + 1) . . . φ̂(k + N − 1)



Ω =


τmT

φ̂2(k)+τ
0 · · · 0

τmT
φ̂2(k)+τ

τmT
φ̂2(k+1)+τ

· · · 0
...

...
. . .

...
τmT

φ̂2(k)+τ
τmT

φ̂2(k+1)+τ
· · · τmT

φ̂2(k+N−1)+τ



Ψ =



τ(1+mT)
φ̂2(k)+τ

0 · · · 0
τ(1+mT)
φ̂2(k)+τ

τ(1+mT)
φ̂2(k+1)+τ

· · · 0
...

...
. . .

...
τ(1+mT)
φ̂2(k)+τ

τ(1+mT)
φ̂2(k+1)+τ

· · · τ(1+mT)
φ̂2(k+N−1)+τ


Assuming that the predictive and control domains are

the same, define a cost function:

F = λa(k)Tλa(k) + vUa(k − 1)TUa(k − 1) (13)

where υ is a weight factor used to constrain the predic-
tive control input.

According to the optimal control theory ∂F
∂Ua(k−1) = 0,

substitute Eqs. (12) and (13), then the optimal control solu-
tion in the prediction range is

Ua(k) = −
(
(−Ξ)T(−Ξ) + vI

)−1
(−Ξ)T×

(Θλ(k)− ΩY(k − 1) + ΨP(k − 1))
(14)

where Y(k − 1) and P(k − 1) contain values for fu-
ture moments, which are not directly available and
the estimated values need to be adopted: Ŷ(k −
1) =

[
ŷa(k) ŷa(k) · · · ŷa(k)

]T , P̂(k − 1) =[
p(k) p(k) · · · p(k)

]T

The first part of the optimal control is selected as the
predictive control function at k time:
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u2(k) = −γ
(
(−Ξ)T(−Ξ) + vI

)−1
(−Ξ)T×

(Θλ(k)− ΩŶ(k − 1) + ΨP̂(k − 1))
(15)

where γ =
[

1 0 · · · 0
]
. Thus, the total control

input is formed:

u(k) = u(k − 1) + u1(k) + u2(k)

=
φ̂(k)

φ̂2(k) + τ
(yd(k + 1)− ŷa(k)−

(2 + Ka) εa(k) + εa(k − 1)− ε(k)
1 + mT

)
+ γ

(
(−Ξ)T(−Ξ)

+ vI)−1ΞT(Θλ(k)− ΩŶ(k − 1) + ΨP̂(k − 1))
(16)

3.2. Event-triggered model-free adaptive sliding mode
predictive control

Suppose the event trigger instant is ki , where i=0,1,2, · · · ,
set the event trigger function:

ϱ(k) = |o(k)| − ϑ|ε(k)| (17)

where ϑ > 0 denotes the event trigger threshold, o(k) =
y(k)− y (ki) denotes the trigger error, and y (ki) is the out-
put of the most recent event trigger instant.

Set event trigger conditions:

ki+1 = inf {k ∈ N | k > ki, ϱ(k) > 0} (18)

The trigger condition is met if ϱ(k) > 0, i.e., k = ki , the
control input is:

u(k) = u(k − 1)+

+
φ̂(k)

(φ̂2(k) + τ) (1 + mT)
λ(k)

+

(
φ̂2(k) + 2τ

)
φ̂(k)q(k)

(φ̂2(k) + τ)
2

(19)

Where q(k) = yd(k + 1)− ŷa(k)− (2 + ka) εa(k) + εa(k −
1)− ε(k)

1+mT .
And when k ∈ [ki−1, ki), no sampling data is transferred

and no new computations are generated, there is:

u(k) = u (ki−1) (20)

The block diagram of EMFASPC is shown in Fig. 1. It
can be seen there are three modules, namely the event-
triggered control module, observer-based PPD estimation
module, and sliding mode predictive control module. The
sampled data first enters the event trigger control module,
where the

Fig. 1. Block diagram of the proposed control scheme.

triggering mechanism determines whether the trigger-
ing condition is satisfied. If it is, S1 is closed, β(k) = 1,
and the data enters the sliding mode predictive control
module via the PPD estimation module to generate a new
control input; however, if the triggering condition is not,
S1 is opened, β(k) = 0, and the PPD and the control input
remain unchanged.

3.3. Stability analysis

Theorem 1. For the nonlinear system Eq. (1) satisfying
Assumptions 1-2, with the controller EMFASPC( Eq. (16)),
the observer-based PPD estimation algorithm Eq. (8) and
the event trigger condition Eq. (17), the tracking of the
desired trajectory can be achieved and the tracking error
are uniformly ultimately bounded.

Proof. The stability of the system is closely related to
φ̂(k), εa(k), and ε(k). The boundedness of these parameters
is discussed respectively.

1. Boundedness of φ̂(k) When k = ki, the estimation
algorithm is executed to calculate the PPD, φ̂(k) =

φ̂ (ki). Based on (6), subtracting its left and right sides
by φ(k + 1), considering the slow time-varying prop-
erty of PPD, and combining (5), we can get:

φ̆ (ki+1) = φ̆(k)
(

1 − 2∆u2(k)
(
|∆u(k)|2 + χ

)−1
)
(21)

Where χ > 0 with ∆u2(k)
(
|∆u(k)|2 + χ

)−1 ∈ (0, 1),
and let there exist 0 < c̄ < 1, such that:

0 <

∣∣∣∣1 − 2∆u2(k)
(
|∆u(k)|2 + χ

)−1
∣∣∣∣ ≤ c̄ < 1 (22)

Substituting into Eq. (7), while taking absolute values
on both sides of the equation, we get

|φ̆(k + 1)| ⩽ c̄|φ̆(k)| ⩽ · · · ⩽ c̄k|φ̆(1)| (23)
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It can be seen that φ̆(k) is bounded, so φ̂ (ki) is
bounded.

When k ∈ [ki − 1, ki), it belongs to the region where
the trigger condition is not satisfied, φ̂(k) = φ̂ (ki−1),
just discussed that φ̂ (ki) is bounded, so the non-
trigger instant φ̂(k) is also bounded.

2. Boundedness of εa(k)

Define the Lyapunov function Vε(k) = 1
2 θεa(k)2, θ > 0,

and substitute Eqs. (4) and (5):

∆Vε(k + 1) =
1
2

θ
(

K2
a − 2Ka

)
ε2

a(k)+

θ (1 − Ka) εa(k)∆u(k)φ̆(k) +
1
2

θ∆u2(k)φ̆2(k)

≤ θ

2

(
K2

a − 2Ka +
1
2

εθ2
)

ε2
a(k)+(

1
2

θ +
1
2ε

(1 − Ka)
2
)

∆u2(k)φ̆2(k)

(24)

Since 0 < Ka < 1, there is K2
a − 2Ka < 0. If the polyno-

mial θ
2

(
K2

a − 2Ka +
1
2 εθ2

)
and 1

2 θ + 1
2ε (1− Ka)

2 are
less than 0 , then ∆Vε(k) < 0. In this way, ∆Vε(k) → 0
when k → ∞, εa(k) is bounded and limk→∞ εa(k) = 0

3. Boundedness of ε(k) In the operation of the controller,
the sliding surface function plays a crucial role, so we
discuss the boundedness of the sliding surface before
analyzing the boundedness of ε(k).

Choose the Lyapunov function Vλ(k) = λ(k)2 , one
can obtain:

∆Vλ(k + 1) =

(
− φ̂2(k)

φ̂2(k) + τ
λ(k) +

τ2(1 + mT)

(φ̂2(k) + τ)
2 q(k)

+ 2λ(k))

(
τ2(1 + mT)

(φ̂2(k) + τ)
2 q(k)− φ̂2(k)

S2(k) + τ
λ(k)

)

= −
φ̂2(k)

(
φ̂2(k) + 2τ

)
(φ̂2(k) + τ)

2 λ(k)2 + j1(k)λ(k) + j2(k)

(25)

where j1(k) = 2τ3(1+mT)
(φ̂2(k)+τ)3 q(k) and j2(k) =

τ4(1+mT)2

(φ̂2(k)+τ)4 q2(k), since τ > 0, there must be

φ̂2(k)(φ̂2(k)+2τ)
(φ̂2(k)+τ)2 > 0

that is, the coefficient of λ2(k) is less than 0 . Let j0(k) ≤
φ̂2(k)(φ̂2(k)+2τ)

(φ̂2(k)+τ)2 , substituting Eq. (34) we have:

∆Vλ(k + 1) ≤ −j0(k)λ2(k) + j1(k)λ(k) + j2(k) (26)

so when λ(k) >
(

j1(k) +
√

j21(k) + 4j0(k)j2(k)
)

/ (2j0(k)) ,
∆V(k + 1) < 0, λ(k) is bounded and there exists

limk→∞ |λ(k)| ≤
(

j1(k) +
√

j21(k) + 4j0(k)j1(k)
)

/ (2j0) =
M, where M is for the convenience of subsequent use.

When k = ki , one can get:

ε (ki + 1) = yd(k + 1)− ŷa(k) + εa(k − 1)−

(2 + Ka) εa(k)− φ̂(k)
(

φ̂(k)λ(k)
(φ̂2(k) + τ) (1 + mT)

+

(
φ̂2(k) + 2τ

)
φ̂(k)q(k)

(φ̂2(k) + τ)
2

)

=
τ2

(φ̂2(k) + τ)
2 Π(k) +

φ̂2(k)
(

φ̂2(k) + 2τ
)

ε (ki)

(φ̂2(k) + τ)
2 (1 + mT)

− φ̂2(k)λ(k)
(φ̂2(k) + τ) (1 + mT)

(27)

where φ̂(k) = φ̂ (ki) , Π(k) = yd(k + 1) − ŷa(k) −
(2 + Ka) εa(k) + εa(k − 1) at the trigger instant can also
be transformed after further simplification:

Π(k) =yd(k + 1)− o(k)− y (ki)−

(1 + Ka) εa(k) + εa(k − 1)

=∆yd(k + 1) + ε (ki)−

(1 + Ka) εa(k) + εa(k − 1)

(28)

Let mT
1+mT = d1, because 0 < mT < 1 + mT, so 0 < d1 <

1. Let
φ̂2(k)(φ̂2(k)+2τ)

(φ̂2(k)+τ)2 = d2, and τ > 0 determines that 0 <

φ̂2(k)
(

φ̂2(k) + 2τ
)
<
(

φ̂2(k) + τ
)2, so 0 < d2 < 1, thereby,

0 < 1 − d1d2 = d3 < 1. If the symbols H1 and H2 are used

to denote τ2

(φ̂2(k)+τ)2 and φ̂2(k)λ(k)
(φ̂2(k)+τ)(1+mT) , combined with

Eqs. (27) and (28):

|ε (ki + 1)| ≤ d3 |ε (ki)|+ 2H1 A + H2|λ(k)|

≤ d2
3 |ε (ki − 1)|+ d3 (2H1 A + H2|λ(k)|) +

2H1 A + H2|λ(k)| ≤ · · ·

≤dk
3|ε(1)|+

(2H1 A + H2|λ(k)|)
(

1 − dk
3

)
1 − d3

(29)

Substituting boundary M, one can get:

lim
k→∞

|ε (ki)| ≤
2H1 A + H2 M

1 − d3
(30)

where k ∈ [ki, ki+1), there are no estimates of the PPD
and update of input, which is equivalent to ∆u(k) = 0 ,
and the tracking error at this time:
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|ε(k + 1)| =|Π(k)− ∆u(k)φ̂(k)|

=| ∆yd(k + 1)− o(k) + ε (ki)

+ εa(k − 1)− (1 + Ka) εa(k) |

≤ |ϑ||ε(k)|+ |ε (ki)|+ 2A

(31)

Since 0 < ϑ < 1, it follows that:

lim
k→∞

|ε(k)| ≤ H2 M + 2A (H1 + 1 − d3)

(1 − d3) (1 − ϑ)
(32)

Moreover, if σ → 0, A → 0, m → ∞ , the tracking error
satisfies limk→∞ |ε(k)| → 0 whether it is triggered instan-
taneously or not, i.e., the control system is asymptotically
stable.

4. Simulation

In this section, we confirm the effectiveness of the proposed
method through two simulation experiments. The first one
is a numerical simulation and the second one is a simula-
tion of an industrial shell and tube heat exchanger control
system. The design of the controller does not depend on
the given mathematical model but on the input and output
data generated by the system.

4.1. Example 1

The SISO nonlinear system is selected as follows:

y(k + 1) = a(k)
y(k) + 0.1
1 + y(k)2 +

b(k)(y(k) + 1)u(k) + c(k)u(k)3
(33)

where a(k)=1+0.2 sin 2kπ
400 , b(k) = 0.5 + 0.2k

400 and c(k) =

exp
(

−k
400

)
.

The desired tracking trajectory is as follows:

yd(k + 1) = 0.5 + 0.2(sin((1.3kπ/100)+

sin((1.5kπ/170)) + sin((kπ/200)))
(34)

Set the parameters for the proposed EMFASPC as
Ka = 0.85, σ = 75, ϑ = 0.8, λ = 1.8, δ = 10−5, m =

1.75, ψ̂(1) = 2, τ = 0.02, v = 0.01. The static event-driven
proportional sliding mode model-free adaptive control (et-
MFAC) proposed in [22] is compared with the proposed
controller to demonstrate the superiority of EMFASPC in
terms of control accuracy. Its parameters are ψ̂(1) = 4.3,
Ko = 0.05, µ = 1.8, ε = 0.001, λ = 100, σ = 1e − 4, β =

0.9, ω = 0.5, ξ = 0.0035, and K f = 0.5.
As can be seen from Fig. 2(a), which displays their out-

put characteristics, the proposed method has superior track-
ing accuracy and can finish the tracking work more quickly.
Although both controllers use the event-triggered to per-
form the tracking of the desired trajectory, the proposed

controller has a better tracking performance due to the in-
troduction of predictive control and the modification of the
event-triggered mechanism (see Fig. 2(b) & (c)) is the PPD
estimation curve, and the proposed algorithm has a smaller
overshoot and less variation, which is conducive to the fast
stabilization of the system. Fig. 2(d) indicates the instant
at which each trigger event occurs. Further, the number
of triggers for EMFASPC and et-MFAC are 477 and 624,
respectively, within [0,1000] moments, which saves 14.7%
of the network bandwidth while achieving superior track-
ing results. Fig. 2(e) and Fig. 2(f) depict the interval times
between adjacent events for both algorithms. It can be seen
that the proposed interval time is short and more evenly
distributed, the interval time of et-MFAC is uneven, and
when a long interval time event occurs, it has to be com-
pensated by many short interval events, requiring multiple
updates of the control input for compensation, wasting
transmission bandwidth and making tracking less effective
than the former.

Also, in the suggested controller, the system’s out-
put performance is impacted by the v option. The out-
put curves for v = 0.01, v = 1, and v = 100 are dis-
played in Fig. 3(a). while ϑ = 0.8 remains constant.
As can be seen, when v rises, the output overshoot de-
creases while the tracking precision deteriorates. The
number of events events triggered at three different v
are shown in Fig. 3(b) if ϑ is changed and the values
[0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1] are chosen, respec-
tively. It is clear that as ϑ increases from 0.1 to 1 , the
number of events triggered at various v decreases in terms
of the number of triggers. Consequently, it is important
to choose the value of v sensibly when balancing tracking
speed, tracking precision, and bandwidth consumption.

4.2. Example 2

Heat exchangers are commonly used in industrial produc-
tion temperature control devices, they can be divided into
three main categories according to the principle of cold
and hot fluid heat exchange, namely: inter-wall, hybrid,
and thermal storage types. Among them, the inter-wall
heat exchanger is the most used. The shell and tube heat
exchanger is the most widely used between the wall heat
exchanger. However, it has confident uncertain nonlin-
ear behavior limited by operating conditions and material
properties.

While the shell-and-tube heat exchanger is in use, cold
fluid enters from the liquid intake, travels through the tube
bundle, and then exits from the liquid outlet, as shown in
Fig. 4. The steam intake allows hot liquid to enter, which
flows around the heat exchanger’s tube sheet and tube
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Fig. 2. Tracking performance under different schemes.

Fig. 3. Output performance and number of triggers under ν
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Fig. 4. Internal structure of shell and tube heat exchanger.

bundle and out the steam outlet. A number of the tube
bundle’s thin tube walls serve as a barrier between the hot
fluid and the cold fluid. To complete the entire heat transfer
process, the hot fluid first transfers heat to the thin tube
wall, which then does the same for the cold fluid inside the
tube.

In this paper, the dynamic behavior of the heat ex-
changer is described by the Hammerstein model of [30]
with the process water flow as the input and the process
water outlet temperature as the output under the condition
of keeping the steam flow constant:

GH
(
z−1) = 1.2z−1−0.1z−2

1−0.6z−1+0.1z−2

N(u) = 1.5u(k)− 1.5u2(k) + 0.5u3(k)
(35)

Set the following parameters for the proposed controller:
τ = 0.02, σ = 60, ϑ = 0.3, ψ̂(1) = 2.5, λ = 1.6 and the rest
of the parameters are the same as above. The parameter ξ =

0.0015 for the et-MFAC [22] is used for comparison, and the
rest of the parameters also remain the same. The simulation
results of the two control algorithms are shown in Figs. 5
and 6, where Fig. 5(a) and Fig. 5(b) show the output and
tracking error performance of the system. At operating
points 0, 300, 500, and 750, where the desired value varies
widely and the proposed controller can respond quickly to
adjust the output with less tracking error, while when the
desired value is constant, the EMFASPC has higher control
accuracy than the et-MFAC due to the predictive control
optimized control input. EMFASPC and et-MFAC use the
event-driven approach rather than continuously updating
their respective control inputs.

Their event triggers in 10,00 operational points are 329
and 494 , respectively, demonstrating that the proposed
strategy is more favorable in terms of computational re-
source savings. When the operating point has a constant
desired value, as illustrated in Fig. 6(a) and Fig. 6(b), it
can be shown that the suggested approach will remain
untriggered for a longer duration with fewer triggers, free-
ing up more valuable bandwidth while ensuring a smaller
tracking error.

Fig. 5. Tracking performance of shell and tube heat
exchanger.

Fig. 6. Trigger performance of shell and tube heat
exchanger.

5. Conclusion

In this paper, we propose an EMFASPC scheme for the
trajectory tracking problem of discrete-time nonlinear sys-
tems from the perspective of saving network bandwidth
and computational resources. It is a combination of MFAC,
SMC, and MPC, uses a CFDL method to create the PPD
data model based on adaptive observers, and achieves
rolling optimization in the predicted time domain based
on the prediction of discrete integral sliding mode surface
functions. At each moment, the relationship of trigger er-
ror, event trigger threshold, and tracking error is used to
decide whether the PPD and control input are updated or
maintained, which realizes the conversion from periodic
update to the acyclic transmission of traditional data and
reduces the burden of signal transmission. The advantages
of the proposed algorithm in terms of control accuracy
and bandwidth utilization are verified through numeri-
cal simulations and shell-and-tube heat exchanger system
simulations. In the next step, we will consider model-free
adaptive control in a non-periodic manner for multi-input
and multi-output systems.
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