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Abstract. In this paper, a model-free adaptive maximum power point tracking (MPPT)
control strategy is proposed to address the issues with the MPPT methods used in previous
photovoltaic systems. Firstly, a nonlinear model of the photovoltaic system is established,
the nonlinear model is described as an equivalent linear model through a compact form
dynamic linearization method, and the pseudo partial derivative is estimated based on
an observer-based adaptive law. Then, an anti-windup compensator is used to solve the
actuator saturation phenomenon in the control system, and a control law is designed on
the integral sliding mode surface to enhance the robustness of the system. Considering
the computational pressure and cost of the actual system, an event triggering mechanism
is designed, which only updates the control signal when the preset event triggering condi-
tions are met, and the stability of the proposed control algorithm is proved. Finally, the
good applicability and control performance of the proposed control strategy on photovolta-
ic systems are verified by simulation results.
Keywords: Maximum power point tracking, Event-triggered control, Model-free adap-
tive control, Sliding mode constrained control

1. Introduction. In the past few decades, solar energy has been regarded as the most
important clean energy source, and people have been continuously researching related
technologies to achieve greater utilization of solar energy. Among them, photovoltaic
maximum power point tracking (MPPT) technology has received much attention. When
the photovoltaic cell operates at its maximum power point, the output power of the pho-
tovoltaic cell is maximized, and the highest photoelectric conversion rate can be obtained.
In order to enable photovoltaic cells to operate at maximum power under different external
environmental conditions, it is necessary to adopt appropriate MPPT control methods to
track the maximum power point of photovoltaic cells. At present, there are many methods
for MPPT, and traditional control methods include constant voltage tracking (CVT) con-
trol, perturbation and observation method (P&O) control, conductance increment (INC)
control, etc. Based on this, a series of improved algorithms and hybrid algorithms have
been derived [2-4]. With the continuous advancement of control technology, some intel-
ligent control methods and optimization algorithms have also been applied to MPPT

DOI: 10.24507/ijicic.21.03.649

649



650 Z. HAN, T. PAN AND D. XU

technology [2], such as neural network control [5], sliding mode control (SMC) [6], fuzzy
control [7], model predictive control [8], and genetic algorithm [9].
Under the influence of external conditions such as light intensity and battery temper-

ature, the output characteristics of the battery have strong randomness and fluctuation.
The traditional MPPT control methods can achieve maximum power tracking, but the
tracking performance is not satisfactory, especially when the environmental conditions
change greatly. Taking disturbance observation as an example, the output of its controller
is the voltage change signal, which needs to be combined with PID control to obtain the
duty cycle signal. At this point, it is not only necessary to have a suitable step size, but al-
so to adjust the parameters in the PID, which can result in poor control performance and
difficulty in responding well to environmental changes. Fuzzy control, neural network con-
trol, and model predictive control have also been applied in MPPT control of photovoltaic
systems. However, fuzzy control requires setting membership functions and control rules,
neural network control requires certain data for training, and model predictive control
relies on an accurate system model. It is necessary to study a photovoltaic system MPPT
control strategy that has fast tracking speed, high tracking accuracy, and strong stability,
can cope with external environmental changes, and does not rely on model information
to address the problems of existing MPPT control methods in the past.
In 1994, Professor Hou Zhongsheng first proposed the model-free adaptive control (MF-

AC) method [10], which was a novel control method for discrete-time nonlinear systems
at that time. MFAC is essentially a data-driven control method that, when applied to
nonlinear systems, first requires equivalent dynamic linearization of the system model.
The MFAC algorithm has three different dynamic linearization data models, which are
suitable for systems with different numbers of inputs and outputs. Specifically, the com-
pact format dynamic linearization (CFDL) model is suitable for single input single output
systems, the partial format dynamic linearization model is suitable for multiple input and
single output systems, and the full format dynamic linearization model is suitable for
complex multiple input and multiple output systems [11]. Compared to the other two
models, the model of CFDL technology is simpler and has similar control performance.
The MFAC algorithm only requires the input and output data of the controlled system,
without relying on the mathematical model of the system, and has strong applicability in
practical systems [12].
At present, most MFAC algorithms continuously update control signals, which may sac-

rifice computational costs to seek better performance. In order to reduce computational
burden, scholars have explored the combination of MFAC and event-triggered control
(ETC). In recent years, ETC has received increasing attention. Unlike traditional sam-
pling control, ETC controllers are used, and the control signal is only updated when a
specific “event” is triggered, which is bound to effectively save computing resources. In
1999, Professor Åarzén proposed the concept of event triggering and combined it with
PID control, which proved the effectiveness of ETC [13]. At present, research in related
areas is still ongoing [10,14-17]. These studies indicate that the control strategy combining
ETC and MFAC is feasible.
This article introduces an event-triggered model-free adaptive integral sliding mode

constrained control method into photovoltaic systems to achieve maximum power track-
ing control. By introducing an anti windup compensator into the proposed integral sliding
mode constrained control strategy to solve the actuator saturation problem, the robust-
ness and performance of the control system are ensured. Meanwhile, an event triggering
mechanism is proposed and integrated into the proposed control strategy. Unlike tradition-
al MFAC algorithms that calculate control signals at fixed sampling times, the proposed
algorithm only updates the control signal when the event triggering parameters meet the
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design conditions. In addition, the event triggering mechanism and event triggering pa-
rameters proposed in this article are designed based on the system output data; therefore,
the control performance and computational cost of the system output can be balanced by
adjusting the preset event triggering parameters.

The rest of this article is organized as follows. In Section 2, based on the output char-
acteristics of photovoltaic cells and the circuit structure adopted by the photovoltaic
system, a nonlinear model of the photovoltaic system is constructed. A data-driven mod-
el of the nonlinear photovoltaic system is established through a compact form of dynamic
linearization method and an observer based pseudo partial derivative (PPD) estimation
algorithm. Then, in Section 3, an integrated sliding mode constrained control strategy
for photovoltaic systems is proposed, which is combined with event-triggered mechanisms
and analyzed for its stability. Afterwards, the proposed control method is subjected to
simulation experiments in Section 4 to verify its feasibility. Finally, Section 5 presents
some conclusions drawn from the research.

2. Preliminaries.

2.1. Nonlinear model of photovoltaic system. Figure 1 shows the P -U characteris-
tic curve of a photovoltaic cell. According to the analysis of the traditional incremental
conductance method [2], the condition for the photovoltaic cell to operate at the max-
imum power point is the derivative of power with respect to voltage dP/dU = 0, and
P = U · I. Therefore, it can be concluded that

I

U
+

dI

dU
= 0 (1)

That is, at the maximum power point, the sum of the instantaneous rate of change of
conductance and conductance is zero. Let it be Y , that is,

Y =
I

U
+

dI

dU
(2)

Figure 1. P -U characteristic curve of photovoltaic cell

According to the expression of battery output current in [18] and the relationship
between output voltage and input voltage in Boost circuit [19], the specific expression of
Y (k) can be obtained as follows:

Y (k) =
Isc

(1−D(k))Uout

(1 +K1)− Isc ·K1

(

1

(1−D(k))Uout

+
1

K2Uoc

)

e
(1−D(k))Uout

K2Uoc (3)



652 Z. HAN, T. PAN AND D. XU

where k represents the current operating time of the system, D(k) is the duty cycle, Uout is
the output voltage of the Boost circuit, Isc and Uoc are the short-circuit current and open
circuit voltage of the photovoltaic cell, and K1 and K2 are two undetermined coefficients.
The specific expressions are shown in [18].
In the subsequent equivalent linearization and controller design, Equation (3) will be

used as the nonlinear model of the photovoltaic system. It can be seen that there is a
strong nonlinear relationship between Y (k) and the duty cycle D(k). However, the com-
plex nonlinear relationships result in poor control performance of model-based methods.
Therefore, the MFAC method is used to achieve maximum power point tracking of pho-
tovoltaic systems in this paper.

2.2. Observer based PPD estimation algorithm. The model (3) of the photovoltaic
system can be regarded as a single input and single output system, so the CFDL method
is adopted to linearize it equivalently in this paper. Model (3) is rewritten in the following
general form:

Y (k + 1) = f(Y (k), . . . , Y (k − nY ), D(k), . . . , D(k − nD)) (4)

where Y (k) ∈ R and D(k) ∈ R respectively represent the output and input signals of the
photovoltaic system at time k, nY and nD are two positive integers representing unknown
output and input sequences, and f(·) is an unknown nonlinear function.
For photovoltaic system (3), when |∆D(k)| 6= 0 holds, there must be a PPD parameter

φ(k) that allows the model of the photovoltaic system (3) to be converted into the following
equivalent CFDL model [10]:

∆Y (k + 1) = φ(k)∆D(k) (5)

Since the value of PPD cannot be directly obtained from the system, an observer based
estimation algorithm is used to estimate the value of PPD online in this paper [11]. Firstly,
provide the structure of the output observer as follows:

Ŷ (k + 1) = Ŷ (k) + φ̂(k)∆D(k) +Goeo(k) (6)

where Ŷ (k) is the estimated value of the system output, φ̂(k) is the estimated value of

PPD, Go is the undefined observer gain, and eo(k) = Y (k)− Ŷ (k) represents the estima-
tion error of the system output.
The dynamic characteristics of the output estimation error can be obtained by combin-

ing Equations (5) and (6) as follows:

eo(k + 1) = αeo(k) + ϕ(k)∆D(k) (7)

where α = 1 − Go is the coefficient of output observation error, with a value range of
−1 < α < 1, and ϕ(k) = φ(k)− φ̂(k) represents the estimation error of PPD.
On the basis of the above content, the update law of PPD estimation value is defined

as

φ̂(k + 1) = φ̂(k) +G1(k)∆D(k)(eo(k + 1)− αeo(k)) (8)

where G1(k) = 2
(

β+∆D2(k)
)

−1
, and β is a positive constant that limits the variation of

PPD.
Considering that D(k) is bounded, then ∆D(k) is also bounded. Assuming |∆D(k)| ≤

d1, then G1(k) satisfies

G1(k) ≥
2

d21 + β
= d2 (9)



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.21, NO.3, 2025 653

In addition, from Equations (7) and (8), and considering ∆φ(k) ≈ 0, the dynamic
characteristics of ϕ(k) can be derived as follows:

ϕ(k + 1) = G2(k)ϕ(k) (10)

where G2(k) = 1−G1(k)∆D2(k) represents the gain of ϕ(k). According to Equation (9),
G2(k) < 1 can be obtained.

To ensure the tracking ability of PPD for time-varying parameters, a PPD reset mech-
anism is defined as follows [10]:

φ̂(k) = φ̂(1), if
∣

∣

∣
φ̂(k)

∣

∣

∣
≤ σ or |∆D(k)| ≤ σ or sign

(

φ̂(k)
)

6= sign
(

φ̂(1)
)

(11)

where σ is a positive constant, sign(·) is the sign function, and φ̂(1) is the initial value of

φ̂(k).
Considering the structure of the output observer in Equation (6), the output of the

system at time k + 1 can be expressed as

Y (k + 1) = Ŷ (k) + φ̂(k)∆D(k) +Goeo(k) + eo(k + 1) (12)

Due to the inability to obtain the value of eo(k+1) at the k moment, a two-step delay
estimation algorithm is used to estimate eo(k + 1) in this paper, as shown below [20]:

eo(k + 1) ≈ 2eo(k)− eo(k − 1) (13)

By substituting it into Equation (12), the output of the system can be further expressed
as

Y (k + 1) = Ŷ (k) + φ̂(k)∆D(k) + (2 +Go)eo(k)− eo(k − 1) (14)

At this point, the CFDL linearization process and observer based PPD estimation
algorithm design have been completed, and the processing of the photovoltaic power
generation system model has been completed, laying the foundation for the subsequent
controller design.

3. Controller Design.

3.1. Design of model-free adaptive integral sliding mode constrained MPPT

controller. Sliding mode control has strong robustness and is not affected by system
parameter changes and external disturbances, and has been widely used in various in-
dustrial systems [6]. Given the above advantages, integral sliding mode control (ISMC)
is introduced in this paper. In this section, based on the previous section, a model-free
adaptive integral sliding mode constrained control algorithm is further designed. Firstly,
the tracking error output of the system is defined as

e(k) = Y ∗(k)− Y (k)− θ(k) (15)

where Y ∗(k) represents the reference signal output by the system, and θ(k) is the com-
pensation signal.

Due to factors such as algorithm or performance, the actuator may experience satura-
tion during signal conversion. The saturation problem reduces the stability of the system
and causes certain power losses. Therefore, this article introduces an anti-windup compen-
sator into the MPPT control system, which simulates actuator saturation by imposing
constraints on D(k), thereby compensating for the loss of output signals and ensuring
the stability of photovoltaic system operation [20]. In a photovoltaic power generation
system, the system input is the duty cycle D(k). According to its definition, D(k) is only
constrained by amplitude, as shown below:

Dmax > D(k) > Dmin (16)
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where Dmax and Dmin respectively represent the maximum and minimum values of D(k),
and both are constants. According to the actual physical meaning of the duty cycle, it
can be inferred that 0 ≤ Dmin < Dmax ≤ 1.
According to Equation (16), the constrained D(k) can be expressed as

D(k) = Sat {Do(k), Dmax, Dmin} (17)

where Do(k) represents the duty cycle before applying the limiting constraint, and its
definition will be given later. Sat(·) is a limiting function.
According to the amplitude constraint on D(k), the dynamic characteristics of θ(k) are

defined as
θ(k + 1) = ηθ(k) + φ̂(k)(Do(k)−D(k)) (18)

where η is the gain coefficient of θ(k), with a value range of (0, 1).
Next, based on the error e(k), the design of the integral sliding mode surface [20] is

carried out as follows:

s(k) = e(k) + λ
k

∑

i=1

Tse(i) (19)

where λ > 0, Ts > 0 is the system sampling periods.
Due to the fact that sliding mode control includes two stages, namely the arrival stage

and the sliding stage, it is necessary to design control laws for each stage separately. In
order to ensure system stability, it is necessary to operate the system state on the sliding
surface as much as possible and ultimately reach the equilibrium point. Therefore, this
article focuses on the sliding phase and adopts an equivalent control law to limit the
system state, keeping it on the sliding surface. The equivalent control law is as follows:

Deq(k) =
φ̂(k)

φ̂2(k) + ε

((

1

λTs + 1
− η

)

θ(k) + eo(k − 1)− (2 +Go)eo(k)

+
Y (k)

λTs + 1
− Ŷ (k)

)

(20)

where ε is a sufficiently small positive constant.
For the arrival stage, a switching control law is adopted. This control law can make the

system state that deviates far from the sliding surface return to the sliding surface again,
thereby ensuring control performance. The switching control law is as follows:

Dsw(k) =
φ̂(k)

φ̂2(k) + ε
·
υsign(s(k)) + µs(k)

1 + λTs

(21)

where υ > 0 is the switching coefficient, and 0 < µ < 2 is the convergence coefficient.
Combining the equivalent control law with the switching control law, the following

expression for Do(k) is given:

Do(k) = D(k − 1) +Deq(k) +Dsw(k) (22)

Combining Equation (17), the structure of the model-free adaptive sliding mode con-
strained MPPT controller can be obtained as follows:

{

Do(k) = D(k − 1) +Deq(k) +Dsw(k)

D(k) = Sat {Do(k), Dmin, Dmax}
(23)

3.2. Controller design based on event triggering. This section uses the actual track-
ing error output of the system to design the event triggering mechanism. And the actual
tracking error E(k) of the system is defined as follows.
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E(k) = Y (k)− Y ∗(k) (24)

Next, based on E(k), define the following event triggering error eET (k):

eET (k) = E(k)− E(ki), ki ≤ k < ki+1 (25)

where ki, i = 1, 2, 3, . . . is the event triggering time, and E(ki) represents the actual
tracking error of the MPPT control event triggering time before and closest to the current
time k.

Finally, based on the output voltage of the photovoltaic cell and whether it is near the
maximum power point, as well as the event triggering error eET (k) mentioned above, the
following event triggering conditions are set.

When the system starts running, if the event triggering error eET (k) is within a certain
range, the first layer event is triggered. When

∣

∣eET (k)
∣

∣ ≥ δ is applied, MPPT control is
applied, where δ ≥ 0 is the threshold for event triggering error; When the system power
approaches the maximum power point, that is, when the absolute value of Y = dP/dU
is less than a certain value ρ, the second layer event is triggered. At this point, select
a threshold with a larger event triggering error to further reduce the number of control
iterations and lower control costs. In this article, δ and ρ are both referred to as event-
triggered parameters.

After being combined with ETC, the PPD estimation algorithm and integral sliding
mode control algorithm will only run at the event triggering moment. Therefore, the
structure of the event-triggered model-free adaptive integral sliding mode constrained
MPPT controller can be obtained as follows:











Do(k) =

{

D(k − 1) +Deq(ki) +Dsw(ki), k = ki

D(k − 1), k ∈ (ki, ki+1)

D(k) = Sat {Do(k), Dmin, Dmax}

(26)

During the time when the event is not triggered, the duty cycle remains unchanged,
i.e., ∆D(k) = 0. Considering the PPD reset mechanism Equation (11), the update law
for event-triggered PPD estimation values is as follows:

φ̂(k + 1) =

{

φ̂(k) +G1(ki)∆D(ki)(eo(ki+1)− αeo(ki)), k = ki

φ̂(1), k ∈ (ki, ki+1)
(27)

Finally, the above event-triggered MFAC control strategy diagram is shown in Figure
2.

3.3. Stability proof.

Theorem 3.1. For the photovoltaic system model (3), under the proposed model-free
adaptive integral sliding mode constrained MPPT controller, by selecting appropriate pa-
rameters, it is possible to ensure that the defined system output tracking error e(k) satisfies
the final uniform boundedness, that is,

lim
k→∞

|e(k)| = 0 (28)

Proof: By defining the Lyapunov function as V (k) = 1
2
s2(k), we can obtain

∆V (k + 1) = V (k + 1)− V (k)

=
1

2
s2(k + 1)−

1

2
s2(k)

=
1

2
(s(k + 1)− s(k))(s(k + 1) + s(k))
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= ∆s(k + 1)

[

1

2
∆s(k + 1) + s(k)

]

(29)

Figure 2. Block diagram of MFAC control strategy based on event triggering

By combining Equations (14), (15), (18), (19), and (22), we can obtain

∆s(k + 1)

= s(k + 1)− s(k)

= (1 + λTs)e(k + 1)− e(k)

= (1 + λTs) [Y
∗(k + 1)− Y (k + 1)− θ(k + 1)]− e(k)

= (1 + λTs)

[

Y ∗(k + 1)−
(

Ŷ (k) + φ̂(k)∆D(k) + (2 +Go)eo(k)− eo(k − 1)
)

−
(

ηθ(k) + φ̂(k)(Do(k)−D(k))
)

−
e(k)

1 + λTs

]

= (1 + λTs)

[

Y ∗(k + 1)− Ŷ (k)− (2 +Go)eo(k) + eo(k − 1)− ηθ(k)

− φ̂(k)(Deq(k) +Dsw(k))−
e(k)

1 + λTs

]

(30)

Continuing with Equations (20) and (21), we can obtain

∆s(k + 1) = −µs(k) +
ε(1 + λTs)

φ̂2(k) + ε

[

µs(k)

1 + λTs

−
φ̂2(k)υsign(s(k))

ε(1 + λTs)
+ Y ∗(k + 1)

− Ŷ (k)− (2 +Go)eo(k) + eo(k − 1)− ηθ(k)−
e(k)

1 + λTs

]

= −µs(k) +
ε(1 + λTs)

φ̂2(k) + ε
a(k) (31)
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where a(k) = µs(k)
1+λTs

− φ̂2(k)υsign(s(k))
ε(1+λTs)

+Y ∗(k+1)− Ŷ (k)− (2+Go)eo(k)+ eo(k− 1)− ηθ(k)

− e(k)
1+λTs

.
At this point, we can obtain

∆V (k + 1) =

(

1

2
υ2 − υ

)

s2(k) +
ε(1− υ)(1 + λTs)a(k)

φ̂2(k) + ε
s(k) +

ε2(1 + λTs)
2a2(k)

2
(

φ̂2(k) + ε
)2

≤ a0s
2(k) + a1s(k) + a2 (32)

where
(

1
2
υ2 − υ

)

≤ a0 < 0, a1 =
ε(1−υ)(1+λTs)a(k)

φ̂2(k)+ε
s(k), a2(k) =

ε2(1+λTs)2a2(k)

2(φ̂2(k)+ε)
2 .

For Equation (32), when s(k) >
(

a1 +
√

a21 + 4a0a2

)/

(2a0), ∆V (k + 1) < 0 can be

obtained, which is limk→∞ |s(k)| ≤
(

a1 +
√

a21 + 4a0a2

)/

(2a0). According to [20], it can

be obtained that

lim
k→∞

|e(k)| ≤

(

a1 +
√

a21 + 4a0a2

)

a0λTs

(33)

Therefore, when the values of λ and ε are appropriate, the system output tracking error
satisfies the final consensus boundedness.

The stability of the model-free adaptive sliding mode constrained MPPT controller
under event triggering can be discussed separately for event triggering and non-triggering.
By selecting appropriate parameters, the output tracking error e(k) of the system can be
ensured to converge at all times k. The above demonstrated system is stable at all k
moments when the controller is working, and k = ki is a partial working time of the
controller when the event is triggered. Therefore, the photovoltaic system is stable at
k = ki moments when the event is triggered.

Therefore, the next step is to continue demonstrating the stability of the photovoltaic
system before the event is triggered.

Assuming that the current time κ is the time when any event has not been triggered
and is between two adjacent triggering times, i.e., κ ∈ (ki, ki+1). So as the system runs,
ki → ∞, then κ → ∞. Based on the designed event triggering mechanism, it can be
concluded that

e(κ+ 1) = Y ∗(κ+ 1)− Y (κ+ 1)− θ(κ+ 1)

= Y ∗(κ+ 1)− (Y (κ) + (1 +Go)eo(κ)− eo(κ− 1))− ηθ(κ)

= Y ∗(κ+ 1)−
(

eET (κ) + Y (ki) + Y ∗(κ)− Y ∗(ki)
)

−Θ(κ)

= e(ki)− eET (κ) + Υ∗(κ)−Θ(κ) (34)

where Υ∗(κ) = Y ∗(κ+ 1)− Y ∗(ki), Θ(κ) = (1 +Go)eo(κ)− eo(κ− 1) + ηθ(κ)− θ(ki).
In this article, the default given system output reference tracking signal Y ∗(k) is bound-

ed, i.e., Y ∗

m ≤ Y ∗(k) ≤ Y ∗

M . For Υ∗(κ), the following relationship can be obtained:

|Υ∗(κ)| = |Y ∗(κ + 1)− Y ∗(κ) + Y ∗(κ)− Y ∗(ki)| ≤ 2(Y ∗

M − Y ∗

m) = Υ∗

m (35)

Considering also that at the moment when the event is not triggered, the event trigger-
ing error eET (k) satisfies

∣

∣eET (k)
∣

∣ < δ. Therefore, the following inequality can be derived
from Equation (34):

|e(κ+ 1)| ≤ |e(ki)|+
∣

∣eET (κ)
∣

∣+ |Υ∗(κ)|+ |Θ(κ)|

< |e(ki)|+ δ +Υ∗

m + |Θ(κ)| (36)
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When the event is triggered, limki→∞ |e(ki)| = 0, and when ki → ∞, κ → ∞, so
limκ→∞ |e(ki)| = 0. According to [10], it is known that Θ(κ) also satisfies the final con-
sensus boundedness, i.e., limκ→∞ |Θ(κ)| = 0. Therefore, based on the above equation, the
following relationship can be derived:

lim
κ→∞

|e(κ)| = lim
κ→∞

|e(κ+ 1)| <
(

lim
κ→∞

|e(ki)|+ δ +Υ∗

m + lim
κ→∞

|Θ(κ)|
)

= ζ (37)

where ζ = δ +Υ∗

m is a positive real number.
Based on the above analysis, it can be concluded that as the system operates, the system

output error corresponding to all events that have not been triggered will only fluctuate
between intervals (−ζ, ζ), indicating that the output error at this time is oscillating and
converging.
Ultimately, it can be concluded that the proposed method remains stable even after

incorporating event triggering.

4. Simulation Analysis. Firstly, photovoltaic cells and boost circuits are built in Simu-
link, and the proposed model-free adaptive integral sliding mode constrained MPPT con-
trol strategy is simulated and compared with traditional control methods.
Set the reference signal Y ∗ = 0 for the system output based on the condition that

the photovoltaic cell operates at its maximum power point. To simulate changes in the
external environment, the variations in light intensity S and temperature T are given as
shown in Figure 3.

(a) (b)

Figure 3. Curve of changes in external environmental parameters of pho-
tovoltaic cells

Based on the theoretical analysis in the above section, the parameters in the controller
have been selected with appropriate values within their respective ranges, as shown in
Table 1.
Simulate under the above parameter conditions and obtain the simulation results shown

in Figures 4 to 7. Figure 4 shows the output power of photovoltaic cells under different
MPPT control methods. It can be seen from this that under the proposed model-free
adaptive integral sliding mode constrained MPPT control strategy, the output power of
the photovoltaic cell can quickly and accurately track the ideal reference maximum output
power, and has strong stability under external environmental changes. In addition, to



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.21, NO.3, 2025 659

Table 1. Values of various parameters in the controller

Parameter Value

Go 0.9

β 200

σ 10−8

φ̂(1) 0.005

Dmin 0

Dmax 1

λ 5× 106

η 0.99

ε 10−4

υ 0.05

µ 10−4

Ts 10−6

Figure 4. Output power of photovoltaic cells under different MPPT con-
trol methods

demonstrate the advantages of the control strategy proposed in this article, simulations
are conducted using both P&O and INC methods under the same external conditions. In
order to control the simulation variables, both methods have a step size of 0.05 V, and
the output power curves are presented together in Figure 4.

From Figure 4, it can be seen that in terms of tracking time, the method proposed in
this paper achieves stable tracking of maximum power in about 0.013 s, while the INC and
P&O methods have slower tracking speeds, taking about 0.018 s. Therefore, the proposed
method is slightly better than the other two methods in terms of tracking speed.

In the detailed enlarged view of 1.4-1.45 s in Figure 4, with a deviation of less than 0.5
w from the ideal reference maximum output power, the relative overall power output is
almost negligible, and the tracking accuracy is extremely high. The deviation of the other
two methods can reach 30000, which is 6-7 times that of the proposed method, and the
tracking accuracy is inferior to the proposed method.

From Figure 4, it can also be seen that throughout the entire simulation time of 1.6 sec-
onds, although the external light intensity and temperature are constantly changing, the
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power output using the proposed method did not show any significant fluctuations overall,
only an average fluctuation of 2 w up and down, with a fluctuation rate of about 0.4%,
indicating extremely strong stability. On the other hand, the other two methods have
significant fluctuations during tracking; for example, within the time period of 1.3-1.5 s,
the fluctuation amplitude can reach two to three times that of the proposed method.
Especially with the P&O method, there is a significant fluctuation between 0.7-0.75 s.
Thus, the proposed method is also superior to the other two control methods in terms of
control stability.
Figure 5 shows the variation curve of the duty cycle D(k) of the proposed method.

It can be seen that the value of D(k) is always within [0, 1], and the designed limiting
constraint plays a role. Figure 6 shows the estimated PPD value, i.e., the variation of
φ̂(k). It can be seen that the variation of φ̂(k) satisfies the reset mechanism set in this
paper, thereby ensuring the controller’s ability to track time-varying parameters.

Figure 5. Duty cycle variation curve

Figure 6. Pseudo partial derivative variation curve

Figure 7 shows the variation curve of the compensation signal θ(k) emitted by the
anti-windup compensator. When D(k) is constrained by amplitude limiting, θ(k) will
immediately respond and make compensation to avoid saturation phenomenon. The above
detailed analysis demonstrates that the simulation results obtained are consistent with
the proposed theory, which further demonstrates the superior performance of the MPPT
control strategy proposed in this paper in photovoltaic systems.
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Figure 7. Compensation signal variation curve

In order to investigate the impact of event triggering on the tracking performance of
the controller, four different sets of event triggering parameter values are set as shown in
Table 2, including a control group without event triggering, for simulation comparison.
The parameters of the controller and external environment parameters, except for the
event triggering parameters, are consistent with the above experiment. In Table 2, δ1
and δ2 are the event triggering error thresholds δ when the second layer event is not
triggered and triggered, respectively. When studying the impact of event triggering error
thresholds, only one of δ1 and δ2 needs to be changed while keeping the other unchanged.
The simulation results are shown in Figures 8 to 10 and Table 3.

Table 2. Event triggering parameter value table

Group Event triggering parameters
1 ρ = 0.08, δ1 = 0.0002, δ2 = 0.0030
2 ρ = 0.08, δ1 = 0.0002, δ2 = 0.0015
3 ρ = 0.2, δ1 = 0.0002, δ2 = 0.0015
4 No event-triggered control

Figure 8 shows the power tracking curves under different event triggering parameters.
According to Figure 8, comparing groups 1, 2, and 4, it can be seen that as δ increases,
power fluctuations also increase, and tracking accuracy and stability will weaken. By

Figure 8. Output power under different event triggering parameters
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Figure 9. Pseudo partial derivative variation curve under different event
triggering parameters

Figure 10. Do(k) variation curve

comparing the second, third, and fourth groups, it can be seen that as ρ increases, power
fluctuations also increase, and tracking accuracy and stability also weaken. Figure 9 shows
the curve of pseudo partial derivative variation. It can be seen that as δ and ρ increase, the
number of PPD updates also decreases. Considering the existence of amplitude limiting
effect, observing the change in D(k) cannot accurately determine whether the integral
sliding mode controller has updated the output. Therefore, Figure 10 shows the variation
curve of Do(k) before the D(k) limiting constraint. From Figure 10, it can be seen that
as δ and ρ increase, the number of updates for Do(k) decreases, which indirectly reflects
the update situation of D(k).
Table 3 shows the specific triggering times corresponding to each parameter group,

with a total of 1.6 × 106 time points set in this simulation. It can be seen that, except
for the control group which triggers updates at every moment, the other three groups
have varying degrees of reduction in the number of triggers. And as δ and ρ increase, the
number of triggers also decreases.
Taking account of the results of this simulation, the following conclusion can be drawn:

as δ and ρ increase, the tracking performance of the system will decrease, and the re-
duction in controller computation will also be greater. Taking the second group with



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.21, NO.3, 2025 663

Table 3. Triggering times corresponding to different event parameters

Group Number of event triggers
1 990988
2 1079730
3 890885
4 1600000

relatively good performance as an example, the fluctuation is about twice that of not ap-
plying event-triggered control, but the triggering frequency is only 67.5% of the original,
saving about one-third of the computational cost. Therefore, by adjusting the event trig-
gering parameters, a balance between control performance and computational cost can
be achieved.

5. Conclusions. In this paper, a model-free adaptive MPPT control strategy for photo-
voltaic systems is introduced. On the one hand, a nonlinear relationship model between
the output and input of the photovoltaic system has been established by combining the
principles of photovoltaic cells and the Boost circuit of the photovoltaic system. A lin-
earized data-driven model of photovoltaic system is constructed using CFDL technology
and observer-based PPD estimation algorithm, which solves the complex modeling prob-
lem of photovoltaic system. Meanwhile, the saturation problem of the actuator is solved
by adding an anti-windup compensator. Besides, integral sliding mode control is intro-
duced to improve system stability. And the proposed control method has been verified
through simulation to have good tracking performance in MPPT control of the photo-
voltaic system. On the other hand, the proposed MPPT control method is combined
with event triggering. The effectiveness of the proposed ETC strategy is verified through
simulation. Although the event-triggered control strategy sacrifices some tracking perfor-
mance, it greatly reduces the computational burden of the controller. By adjusting the
event triggering parameters, it is possible to balance control performance and computa-
tional cost by adjusting the number of controller operations while ensuring the desired
control performance.

In the future work, we will extend the researched event-triggered model-free adaptive
integral sliding mode constrained maximum power point tracking control strategy for
photovoltaic system to the photovoltaic storage integrated inverter system.
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