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The sharp rise in global energy demand over recent decades has necessitated
the exploration of alternative energy sources. Solar energy, known for being
both pollution- and fuel-free, stands out as a preferred choice. However, its
efficiency is sensitive to factors like temperature fluctuations and solar
irradiation. To optimize energy extraction, a maximum power point tracking

algorithm is crucial for photovoltaic systems. This paper proposes a robust
sliding mode control enhanced with an artificial neural network to achieve the
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1. INTRODUCTION

The global energy demand has increased dramatically in recent decades, driven by rapid
industrialization, urbanization, and population growth. This trend highlights the urgent need for sustainable
energy solutions to replace fossil fuels, both finite and major contributors to environmental problems like
climate change. Among renewable energy sources, solar energy is distinguished by its abundance and
environmental benefits, and low maintenance requirements. Photovoltaic systems, in particular, provide clean,
renewable energy and are particularly useful in remote areas.

However, daily and seasonal fluctuations in environmental factors, such as temperature and solar
radiation, have a major impact on these systems. To address these challenges, maximum power point tracking
(MPPT) techniques have been developed to optimize energy capture and enhance system performance under
varying conditions [1]-[4].

In recent years, a variety of MPPT techniques have been proposed [5]-[8]. Traditional methods such
as perturb and observe (P&O) [6] and incremental conductance (IC) [3] are widely renowned for their
simplicity, low cost, and effectiveness under standard sunlight and temperature conditions. The perturb and
observe (P&O) method is particularly preferred in areas with constant solar irradiation and minimal
environmental variations. However, it faces significant challenges when dealing with rapidly changing
conditions [7], including slower response times, persistent oscillations around the maximum power point, and

Journal homepage: http://ijpeds.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

Int J Pow Elec & Dri Syst ISSN: 2088-8694 a 1927

decreased tracking accuracy, which can limit their performance. These issues are especially critical in areas
with rapidly changing weather conditions, such as tropical or mountainous regions [9].

Advanced MPPT methods, including fuzzy logic controllers (FLC), have been developed to address
these challenges [10]-[14], genetic algorithms (GA) [15], [16]. When dealing with complex environmental
variations, these techniques offer superior adaptability and efficiency. FLC-based approaches improve
response times and mitigate oscillations [10], while GA proves highly effective in locating the global maximum
power point, particularly under partial shading effects [17].

Artificial neural network-based algorithms have been widely studied in [18]-[21] for various
applications. ANN-based MPPT systems that use RBFN architectures for non-linear PV arrays, integrate PI
controllers for enhanced response time and stability, or use field-oriented control to optimize the frequency of
the inverter can significantly improve the efficiency, stability, and reliability of photovoltaic systems
[22]-[24]. Additionally, neural network approaches have been used in [25], [26] for applications such as PV
pumping systems.

To further enhance performance, sliding mode controllers (SMCs) have been extensively proposed in
the literature [17], [27]-[29]. These controllers ensure stable operation by maintaining a constant voltage at the
load, even under varying environmental conditions, thus providing robustness and precision. A main
contribution of this study is to improve the performance of maximum power point tracking (MPPT) by
combining sliding mode control (SMC) with artificial neural networks (ANN). Although SMC usually suffers
from chattering issues, this limitation has been overcome by using continuous functions. This results in smoother
control signals, improving system stability and ensuring robust and efficient MPPT performance. Simulation
results are used to evaluate the effectiveness of the suggested method, which is then compared to the standard
P&O algorithm and the hybrid ANN-PI approach under diverse irradiance and temperature scenarios.

The paper is structured as follows: Section 2 deals with the modeling of the PV module and the DC-
DC boost converter. Section 3 presents the architecture of the ANN and its role in generating the reference
voltage. Section 4 describes the methodology used to design and implement the sliding-mode controller,
highlighting how it reduces chattering and ensures system stability. Section 5 discusses the results in a
comparative context, highlighting the advantages of the proposed method over traditional and hybrid
approaches. Concluding the study, Section 6 proposes potential avenues for future research.

2.  SYSTEM MODELING
2.1. Photovoltaic model

Solar cells are semiconductor devices that generate direct current when sunlight hits their surface. The
equivalent electrical circuit, known as the one-diode model, consists of a current source, a single diode, and
two resistors, as shown in Figure 1 [23], [30]. The output current of a photovoltaic cell can be determined by
applying the law of Kirchhoff, as shown in (1).

Vpv+Ipy-Rs

Ipv=ph_1d_lsh =ph_1d _T (1)

According to the Shockley equation, the diode current I, is given by (2).

I =1, (exp (%) - 1) (2)

where [, represents the reverse saturation current, k represents the Boltzmann constant, g denotes the
elementary charge, n signifies the ideality factor of the p-n junction, and T indicates the temperature of the
photovoltaic cell [23]. The I-V characteristics of the PV cell model may be obtained by subsuming (2) into (1),
as described by the formula below.

In (3) indicates how temperature T and irradiance I. affect the photocurrent I,,,.

q(Vyp+Ipy.Rs) Vpv+Ipy.Rs
T A ®
G
Iph = [Isc + ki(T - 298) 1000 (4)

Where G represents the solar irradiation, I . is the short circuit current at 25 °C and 1000 W/m?, and k;
corresponds to the temperature coefficient of I,.

A photovoltaic module is generally composed of several PV cells arranged in series or parallel
configurations. The photovoltaic module consists of np PV cells connected in parallel and ng PV cells are
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connected in series. Based on this configuration, the output voltage V and output current | of the module can
be defined as (5) and (6).

V =n.V, (5)
I = np. Ipl] (6)

We obtain the formula for the PV module's output current by substituting (5) and (6) into (3).

q(%+an.Rs) ’:L—’:.VH.RS
I =np.L,, —np.Iy | exp — -1)]-= @)

Rsn

The photovoltaic array described in this paper can generate a maximum output power of 100.8 kW
under standard test conditions (STC). It consists of 64 strings, each containing 5 modules connected in series,
with each module having a maximum power output of 315.073 W. The total power is calculated as follows:
64 x5 x 315.072W = 100.8 kW. The parameters of the SunPower SPR-305E-WHT-D module under STC
are presented in Table 1. The characteristics of the photovoltaic array, consisting of 5 series-connected modules
and 64 parallel strings, are illustrated in Figures 2 and 3, showing the 1-V and P-V curves under varying
irradiance and temperature conditions, respectively.

Table 1. SunPower SPR-305E-WHT-D module parameters under STC

Parameter Value
Maximum power Ppgp 315.073 W
Current at lppp 576 A
Voltage at Vinpp 54.7V

Short-circuit current I, 6.14 A
Open-circuit voltage Voc  64.6 V
No.of cells per module 96

ANN——>—
wdb

AN TN |
Vp = \a Ra Vo
[
L

Figure 1. Equivalent electrical circuit of photovoltaic cell
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Figure 2. Comparison of the I-V and P-V characteristics of the PV array under varying irradiance levels at
T =25°Cin (a) I-V characteristic and (b) P-V characteristic
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Figure 3. Comparison of the I-V and P-V characteristics of the PV array under varying temperature
at G = 1000 W/m? in (a) 1-V characteristic and (b) P-V characteristic

2.2. Boost converter modeling

i1
350

The averaged model of the Boost converter is derived by applying the basic principles of system
expressed as (8)-(10).

. v X2
TG
x X3
] x2=fl—(1—u)f
X3 X2
-2 +a-w2
X3 RC, ( u)Cz

Wherex = [X1 Xy X3] = [VPV IL Vo].

The boost converter, which is powered by the solar module, is subject to continuous input voltage
variations due to changing weather conditions. Consequently, the duty cycle must be dynamically adjusted to

the boost converter are provided in Table 2.

®)

©)

(10)

ensure that the system tracks the maximum power point of the photovoltaic array. The electrical parameters of

Cg::

Boost DC-DC converter

Figure 4. Boost converter schematic

Table 2. Main electrical parameters of the boost converter
Electrical parameter

Value
Inductor L 5mH
Input capacitor C; 1mF
Output capacitor C, 5mF
Switching frequency f 5 KHz
Intelligent MPPT system improved with sliding mode control (Said Dani)
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3. CONTROL OF THE SYSTEM

This paper presents a hybrid MPPT system combining ANN and SMC to enhance power extraction
from photovoltaic (PV) systems, as shown in Figure 5. The ANN predicts the reference voltage (Vi) at the
maximum power point (MPP) by analyzing real-time solar irradiation and temperature variations. At the same
time, the SMC calculates the duty cycle (u) by comparing Ve with the actual PV voltage (V). The duty cycle
is then processed through pulse width modulation (PWM) to regulate the boost converter’s switching (Q),
ensuring that V,y tracks Vrer and achieves MPP. The boost converter increases the PV panel voltage using an
inductance (L1), capacitors (C; and C5), and diodes, coordinated through switching control. A resistive load
was selected to simplify the experimental setup and facilitate the analysis of the system's core performance.

ol

wl=a L0 = W DR

N . Boost DC-DC converter
»| Artifiel neural &. ,,,,,,,,,,,,,,,,,,,,,,,,, '
> network E’ Siiding

% mode U PWM

‘23! control

Loyl

Figure 5. Proposed system

3.1. Generation of reference by neural networks MPP

The proposed ANN predicted the MPP voltage of the photovoltaic array. A feedforward neural
network consisting of three layers has been implemented, as illustrated in Figure 6. The network receives
temperature and solar irradiation as inputs, processes them through hidden layers, and outputs the reference
voltage (Vrer) for the SMC.
a) Input layer:

The input neurons receive the solar irradiation x; and temperature x,. Each input neuron has a bias
term, denoted as 1.
b) Hidden layer

The net input to a hidden neuron i is given by:

Z; = Z?:l Wij Xj + bi (11)

Where x; are the input signals (solar irradiation x; and temperature x,); w;; are the weights from the input
neurons j to the hidden neuron i; and b; is the bias term for the hidden neuron i. The output of the hidden

neuron i after applying the activation function (sigmoid function o) is (12).

1

hi=o(z;) = —=; (12)

c) Output layer:
The net input to the output neuron k is given by (13).

Zg = Xie1 Wi by + by (13)

Where h; are the outputs from the hidden neurons; wy,; are the weights from the hidden neurons i to the output
neuron K; by is the bias term for the output neuron k; and the output of the network, which is the V,.., voltage
value at the MPP is (14).

Yk = 2 = Vref (14)

Int J Pow Elec & Dri Syst, Vol. 16, No. 3, September 2025: 1926-1938



Int J Pow Elec & Dri Syst ISSN: 2088-8694 O 1931

The database for this study, derived from photovoltaic module simulations, includes irradiation
patterns, temperature variations, and the corresponding MPP voltage, as illustrated in Figure 7. This dataset is
divided as follows: 70% is used for training, 15% for validation, and 15% for testing the feedforward neural
network. To train the neural network effectively for predicting the target variable, the mean square error (MSE)
serves as the loss function, as indicated in (9). The MSE assesses the accuracy of the network'’s predictions by
averaging the squared differences between the predicted and actual values. Through gradient-based
optimization, this error is minimized by iteratively adjusting the model’s parameters, thereby improving its
predictive performance over time.

Figure 8 shows the performance of the ANN, showing an MSE of 3.6775e%, which indicates
satisfactory results.

MSE =2 S, (Vyer () = Vrep(0)? (15)

Where n is the number of data points; V... (i) is the actual voltage for the i-th data point; and ?ref(i) is the
predicted voltage for the i-th data point.

Input layer Hidden layer Oudput layer
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Figure 6. The proposed ANN architecture Figure 7. The optimal PV voltage according

to the environmental conditions
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Figure 8. Mean square error

3.2. Sliding mode control design

Sliding mode control (SMC) is a nonlinear technique that has been developed for use with highly
nonlinear systems, such as photovoltaic arrays. The fundamental objective of the SMC is to offer stability and
optimal energy transfer between the PV array and the DC load. The SMC method involves defining a sliding
surface and designing a control law that maintains the system state at this surface. By continuously adjusting
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the control input, this method ensures that the system remains at the MPP of the photovoltaic array, effectively
adapting to varying weather conditions [31].

This section presents the SMC design using a reference voltage, x;4 = V,..; When feeding the ANN.
The sliding surface of this control is defined as (16).

€1 =X1 — X4 (16)
Where x,4 = V. Taking the derivative of (16) along the dynamics given in (2).

é = ?31 — X1q

b =E-2_ 4 (17)

17 C1 1d
The second error,

e2 = é1 (18)
Taking the derivative of e,,

s = 1 diy, % :

2 — 61 =" 1d

. 1 di x x x ..

bp=— It BT, (19)
¢, dt LC;  LC LG

The sliding surface S is defined as (20).

S=e,+ a.e; (20)
The derivative of (14).
.S" = é1 + aé1 = éz + Olél (21)

Substituting in (17) and (19) into (21),

by X X3 X3 - X2 .
=——-——+—F—-—"—Fu—-¥4gta——a-——ax
c, LC, LC, LG 1d C, C, 1d
Setting $ = 0 gives the equivalent control law, denoted by u.q, which is crucial for achieving the desired
tracking, i.e x;— x4 = 0.

i x X X i X
1 2% 1 3 3 pv 2 .
— U, —Xgta——a——ax;u =0
q 1d 1d
¢, LC, LC, LC, oG
LCix3 [ipv X1 X3 ]
Ugg =——— |/——— — X +a——0(——ax 22
eq X3 c, LC, LC, 1d 1d ( )

The reaching law is defined as follows: u; = +K.sign(S) with K > 0. The total control law for the nonlinear
SMC-based MPPT system can be described as (23).

U= Upg + U (23)

SMC is robust and effective in handling nonlinearity, but often suffers from chattering due to the
discontinuous switching term u;, = +K.sign(S), which leads to high frequencies. To address this, the
suggested method replaces the sign function with a continuous saturation function, represented as: u, =
+K.sat(S/@). Where @ defines a boundary layer around the sliding surface. This adjustment smoothens the
control input, reducing oscillations while maintaining accuracy.

Stability analysis uses the Lyapunov stability function, which is defined as (24).

v =-s?

v _ %1 X3 X3 v X2 _ 4 )]
V= S[ LC1+LC1 e, Y x1d+a( .~ Y (24)
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Substituting (17) in (18).

4 =S[i”—”—x—1+ =X (ueq +K.sat(5/®))—5c'1d +a(iz—:—x—2—5c1d)]

¢, L, Lo Le, ol
. s
V=Ss. (—"—3) K.sat (—)
LCy [4]

The saturation function sat(S/@) is bounded by —1 < sat(S/@) < 1. Therefore:

.K.ISI.%<O

X3
LCy

V=

This indicates that the Lyapunov function V decreases as time passes, confirming the stability of the system
while mitigating chattering due to the use of the continuous saturation function.

4. RESULTS AND DISCUSSION

In order to assess the effectiveness, the proposed MPPT method, a simulation model was developed
using MATLAB/Simulink. Figure 9 shows the simulation model of the photovoltaic system with the ANN-
SMC MPPT technique. Specifically, Figure 9(a) represents the complete system architecture, and Figure 9(b)
details the implementation of the SMC algorithm. The performance of the ANN-SMC controller was evaluated
under various weather condition scenarios, as shown in Figure 10.

@—»
—fr
[o>—1 |
e _ -
[ ﬁ@ =0
B~ il
B2 oo : =
) ~= ]
F ()—p.
L),

(b)

Figure 9. Simulation model of the photovoltaic system with ANN-SMC MPPT in Simulink:
(a) overall system architecture in Simulink and (b) detailed implementation of the SMC

Intelligent MPPT system improved with sliding mode control (Said Dani)



1934 O ISSN: 2088-8694

To evaluate its adaptability, the system was tested in three different operating scenarios. During the
first time interval (0 to 0.5 s), the photovoltaic module functioned under STC, with an irradiance of 1000 W/m?
and a temperature of 25 °C. In the second time interval (0.5 s to 1 s), the irradiance was decreased from 1000
W/m?2 to 500 W/m?, and the temperature was decreased from 25 °C to 15 °C. In the final time interval (1 s to
1.5 5), the irradiance was increased from 500 W/m2 to 800 W/m2, while the temperature was maintained at a
constant 30 °C, to evaluate the system's response under improved solar conditions.

The MATLAB/Simulink simulation model includes a photovoltaic (PV) array, which is modeled
using a single-diode equivalent circuit, a boost converter to regulate the voltage V,,, , and an MPPT controller
that implements the ANN-SMC approach. The ANN-SMC controller integrates an ANN to estimate the
reference voltage (V;..r) and an SMC to ensure robust tracking of V,..,. The ANN is trained on a dataset
covering different irradiance and temperature variations, enabling it to dynamically predict the optimal value.
The SMC uses a sliding surface designed to minimize tracking error while mitigating chattering effects.

To evaluate the efficiency of the ANN-SMC controller, a comparative analysis was conducted against
two reference MPPT techniques: perturb and observe (P&QO) and ANN-PI. As illustrated in Figure 11, the power
output response demonstrates the superior performance of ANN-SMC, which rapidly reaches the MPP with
minimal oscillations. In contrast, P&O exhibits slower convergence and higher oscillations, while ANN-PI
achieves better results than P&O but remains less stable than ANN-SMC. The improved stability of ANN-SMC
is further confirmed by the voltage and current responses shown in Figures 12 and 13. ANN-SMC ensures
smoother voltage and current transitions with minimal fluctuations compared to the other methods, while P&O
suffers from excessive oscillations and ANN-PI faces moderate instability.

1000 ] 30 F—_—————

B = - - - "

Irradiance (w/m?)
~1
2
Temperature (“C)

I
20 '
1
I

500 ] 15 b

0 0.5 1 1.5 0 0.5 1 1.5
Time (s) Time (s)

(@) (b)

Figure 10. Weather conditions: (a) irradiance and (b) temperature
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Figure 11. Power output generated by ANN-SMC, ANN-PI, and P&O methods
under diverse weather conditions
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Figure 13. Current output generated by ANN-SMC, ANN-PI, and P&O methods
under diverse weather conditions

Table 3 shows clear advantages of the ANN-SMC method over P&O and ANN-PI in tracking the
MPP for MPPT algorithms. The ANN-SMC technique demonstrates superior accuracy, rapid adaptability to
changing environmental conditions, and exceptional stability across different climates. The results clearly show
the strengths of ANN-SMC over ANN-PI and P&O techniques, positioning it as a highly effective solution for
enhancing the MPPT performance of solar photovoltaic systems.

Table 3. Comparison results of ANN-SMC, ANN-PI, and P&O methods

Temperature 25 °C Temperature 15 °C Temperature 30 °C
Irradiance 1000 W/m? Irradiance 500 W/m? Irradiance 800 W/m?
MPPT method  Power oscillation Tracking response Power oscillation Tracking response Power oscillation Tracking response
(kW) time (s) (kW) time (s) (kW) time (s)
ANN-SMC 0.1 0.12 0.1 0.55 0.08 1.15
ANN-PI 0.3 0.14 0.2 0.60 0.15 1.2
P&O 0.6 0.25 0.4 0.65 0.3 1.25

5. CONCLUSION
This study demonstrates the effectiveness of the ANN-SMC technique for maximum power point
tracking (MPPT) in PV systems, highlighting its clear advantages over ANN-PI and P&O methods in terms of
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accuracy, responsiveness, and reliability under variable conditions. The use of a continuous saturation function
significantly reduces the chattering effect, making the approach both energy efficient and stable.

While the use of resistive loads helps simplify the analysis, it limits the realism of the evaluation. Future
research will focus on evaluating how the system performs with non-linear loads and grid integration to confirm
its practical applicability in real photovoltaic systems. In addition, efforts could focus on improving the
computational efficiency and extending the method to other renewable energy applications. Furthermore, as the
proposed approach has been tested using simulations, future work will consider an experimental implementation
to determine its real-world feasibility and ensure its robustness under practical operating conditions.
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