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Abstract

This paper presents the design of an £1 Adaptive Neural Network (ANN) Maxi-
mum Power Point Tracking (MPPT) controller for a Photovoltaic Energy Storage
(PV-ES) system consisting of a PV module, a DC-DC boost converter, and a bat-
tery storage unit. The controller combines the £1 adaptive control method with
a Radial Basis Function (RBF) neural network to approximate unknown nonlin-
ear dynamics and compensate for system uncertainties. This integration enables
fast adaptation while preserving robustness, thereby overcoming key limitations
of conventional MPPT strategies. Simulation results demonstrate that the pro-
posed £1 ANN-MPPT controller ensures rapid convergence to the maximum
power point, reduced steady-state oscillations, and enhanced battery charging
efficiency under highly variable irradiance and temperature conditions. These
findings quantitatively confirm that the proposed controller eliminates the con-
ventional trade-off between dynamic response and steady-state precision, offering
superior speed, stability, and accuracy in maximum power point tracking. Over-
all, the results validate its effectiveness and highlight its potential for real-time
deployment in renewable energy systems.
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1 Introduction

In recent years, solar energy has garnered increasing attention, mainly due to the
urgent need to reduce carbon emissions and combat climate change, prompting many
countries to explore renewable energy sources (Smets et al., 2016; Reinders et al.,
2017). Moreover, technological advancements have improved the efficiency of solar
panels while simultaneously reducing costs, making this energy source more accessi-
ble to households and businesses alike. Additionally, government incentives, such as
subsidies and feed-in tariffs, have further encouraged the adoption of solar energy. As
a result, the importance of solar energy in the transition towards a sustainable energy
future is becoming increasingly apparent, addressing growing energy demands while
minimising environmental impact (Pourasl et al., 2023).

PV generator systems are purposefully engineered to transform solar energy into
electricity efficiently and at a low cost (Smets et al., 2016). These systems can be
classified into two distinct types (Boubakir et al., 2021, 2022): autonomous or stan-
dalone systems, which are employed for purposes such as battery charging and water
pumping, and grid-connected systems. PV systems capture solar energy and convert
it directly into electrical power through semiconductor devices called PV cells, which
operate based on the photovoltaic effect. The capability to generate electricity directly
from sunlight makes PV systems an exceptionally advantageous and flexible solution
for a variety of energy needs (Pourasl et al., 2023). A PV-ES system is designed to
capture and retain excess solar energy for later use, providing a reliable power supply,
especially during times of reduced sunlight or power failures (Kaldellis, 2015; Yatimi
and Aroudam, 2016; Maka and Chaudhary, 2024). This system consists of solar pan-
els, a storage battery, a charge controller, and a converter. It plays a significant role in
enhancing energy efficiency and promoting the transition to renewable energy sources.
The efficiency of a PV-ES system is contingent upon multiple key factors (Yatimi and
Aroudam, 2016; Kuvshinov et al., 2019): the quality and operational performance of
the solar panels, the type and capacity of the storage battery, and the efficiency of
both the converters and the MPPT controllers. The MPPT controller is essential in
a PV-ES system, as it optimizes the generation of electricity. It consistently modi-
fies the operating point of solar panels to ensure they produce the highest possible
power, regardless of changes in sunlight and temperature (Sarvi and Azadian, 2022).
By maximizing the energy generated, the MPPT improves battery storage efficiency
and ensures effective management of interactions with the load or the electrical grid.

The literature presents a variety of MPPT controller types, each with distinct
advantages and drawbacks (Jately and Arora, 2017; Mao et al., 2020; Jately et al.,
2021; Sarvi and Azadian, 2022; Chen et al., 2024; Harrison et al., 2025). The Per-
turb and Observe (P&O) algorithm (Mao et al., 2020; Eltamaly, 2018; Chatterjee
and Mahato, 2024) is one of the most commonly used methods; its principle involves
continuously adjusting the voltage to achieve optimal power extraction. The primary



drawback of the P&O MPPT controller is its tendency to induce oscillations around
the Maximum Power point (MPP), which can result in power losses during steady-
state operation. Furthermore, it exhibits a slow response to rapid changes in sunlight
conditions and may occasionally track an incorrect MPP, particularly in environments
characterized by swift fluctuations. Another significant approach is the Incremental
Conductance (IC) method (Safari and Mekhilef, 2011; Loukriz et al., 2016), which
compares the incremental conductance to the instantaneous conductance to locate the
MPP. The IC MPPT controller presents a significant challenge in terms of implemen-
tation complexity, as it requires the simultaneous calculation of instantaneous and
incremental conductance. Moreover, despite its superior accuracy relative to the P&O
method, its effectiveness can be compromised by noise or instabilities in measurements,
which may result in inaccuracies in identifying the MPP. The Hill-Climbing (HC)
algorithm operates by perturbing the duty cycle or the voltage of the PV array and
observing the resulting change in output power (Jately and Arora, 2016, 2018; Jately
et al., 2021). If the power increases, the perturbation is continued in the same direc-
tion; otherwise, the direction is reversed. Although conceptually simple and easy to
implement, the conventional HC algorithm suffers from drawbacks similar to those of
the P&O technique. Other methodologies include fuzzy logic control (Ali et al., 2022;
Bharti et al., 2024), which applies a set of rules to address uncertainties, and algorithms
based on neural networks (Messalti et al., 2017; Tchouani Njomo et al., 2021; El Mezdi
et al., 2023) that learn to forecast the MPP based on varying input conditions. Addi-
tionally, newer methods, such as those grounded in evolutionary algorithms (Swetha
et al., 2023; Sameera et al., 2024), are starting to gain traction in the literature. While
MPPT controllers employing evolutionary algorithms and Artificial Intelligence (AI)
are efficient, they encounter several limitations (Yap et al., 2020; Raj and Samuel,
2022), including computational complexity, potential delays in convergence, the danger
of being trapped in local optima, and the requirement for high-level technical exper-
tise. Moreover, the implementation of Al is contingent upon the availability of training
data, which can further complicate their use. In this context, sensorless approaches
have emerged as promising alternatives, since they avoid reliance on additional cli-
matic sensors and often simplify system implementation. Several studies have reported
effective frameworks and models that eliminate the dependency on environmental sen-
sors while maintaining reliable PV system performance as in Harrison et al. (2025);
Wei et al. (2025); Harrison et al. (2026).

In recent times, academic literature has introduced MPPT controllers that incorpo-
rate advanced control techniques, including sliding mode (Yatimi and Aroudam, 2016;
Inthamoussou and Valenciaga, 2021), adaptive control (Manna et al., 2023), backstep-
ping (Arsalan et al., 2018; Belghiti et al., 2024), and predictive control (Lashab et al.,
2017; Ahmed et al., 2023). This growing interest is driven by the need to improve
MPPT efficiency compared to traditional MPPT controllers. While conventional meth-
ods may perform adequately under typical conditions, they often exhibit deficiencies
in robustness, response speed, and accuracy when faced with dynamic conditions or
significant disturbances (Yatimi and Aroudam, 2016). PV-ES systems exhibit rapid
dynamics and generally function under fluctuating atmospheric conditions. Therefore,
to improve the MPPT performance, it is essential to adopt a robust MPPT controller



with significant self-adaptive capability. The major advantage of the £; adaptive
control method, whose principle is well presented in Hovakimyan and Cao (2010),
compared to conventional adaptive control methods, lies in its ability to decouple the
adaptation process from control performance (Boubakir et al., 2022; Hovakimyan and
Cao, 2010; Boubakir et al., 2016). This feature enables rapid adaptation while main-
taining stability and robustness. Inspired by the preceding discussion, this research
presents an £; ANN-MPPT controller that allows for rapid adaptation without sacri-
ficing robustness. The proposed MPPT controller combines a control law, a predictor,
and an adaptive mechanism, along with an RBF neural network to address unknown
nonlinear dynamics and uncertainties throughout the system, further enhancing state
prediction and, consequently, MPP tracking performance.

The primary benefits of the introduced £; ANN-MPPT controller, along with this
paper’s key contributions, are as follows:

1. The low-pass filter incorporated into the control channel allows for the separa-
tion of the estimation loop from the control loop. Consequently, the resulting £,
ANN-MPPT controller enables rapid adaptation without compromising robustness,
positioning it as an effective approach for controlling the MPP in PV-ES systems
known for their fast dynamics.

2. In contrast to conventional NN-based MPPT controllers, the neural network in
our design is not employed as a standalone decision-making element but rather as
an adaptive estimator within the £; control law structure. Specifically, the RBF
neural network approximates uncertain system nonlinearities and external distur-
bances, thereby reducing state prediction errors and enhancing control accuracy,
while avoiding the instability risks often associated with purely NN-based methods.

3. The established MPPT control approach maintains uniform performance bounds
for the system’s inputs and outputs relative to a stable virtual reference system.
This implies that, apart from ensuring steady-state tracking, the £; ANN-MPPT
controller is also capable of ensuring that the transient response remains predictable
and bounded.

4. In contrast to conventional MPPT controllers, such as P&O methods (Mao et al.,
2020; Eltamaly, 2018) and IC methods (Safari and Mekhilef, 2011; Loukriz et al.,
2016), and newer controllers that use artificial intelligence tools like fuzzy logic
(Ali et al., 2022; Bharti et al., 2024), neural networks (Messalti et al., 2017;
Tchouani Njomo et al., 2021; El Mezdi et al., 2023), or those developed using evo-
lutionary optimization algorithms (Swetha et al., 2023; Sameera et al., 2024) or
advanced control techniques (Yatimi and Aroudam, 2016; Inthamoussou and Valen-
ciaga, 2021; Manna et al., 2023; Arsalan et al., 2018; Belghiti et al., 2024; Lashab
et al., 2017; Ahmed et al., 2023) the proposed £; ANN-MPPT controller ensures
effective MPP tracking with significant self-adjusting capabilities while maintaining
robustness.

The remainder of this paper is outlined as follows: Section 2 provides the description
and modeling of the investigated PV-ES system. Section 3 presents the design of the
proposed £; ANN-MPPT controller. Section 4 examines the stability and performance
of the proposed MPPT controller. The capability and operational efficiency of the



L1 ANN-MPPT controller are analyzed in Section 5 through a series of numerical
simulations and comparative analyses. Section 6 concludes the study by summarising
the findings.

2 Analysis and modeling of the investigated PV-ES
system

The system under study is illustrated schematically in Figure 1. It includes a PV
module, a DC-DC boost converter and a battery storage system. These components
work together synergistically to harvest solar energy efficiently, store it for later use,
and ensure the smooth operation of the PV-ES system (Yatimi and Aroudam, 2016;
Kuvshinov et al., 2019). The PV module is the primary component responsible for
converting sunlight into electricity through the photovoltaic effect (Smets et al., 2016;
Boubakir et al., 2021, 2022). The battery serves as an energy storage device in the
system; it stores excess electricity generated by the PV module during periods of
sunlight for later use when sunlight is not available. The boost converter, with its
MPPT control mechanism, maximizes the amount of power extracted from the sunlight
falling on the panels. The MPPT controller also plays a crucial role in efficiently
charging the batteries. By optimizing the power output of the solar panels, the MPPT
controller ensures that the batteries receive the maximum amount of charge possible,
resulting in quicker charging times and enhanced overall system performance.

Solar Irradiance

PV Panels

®
X

Equivalent circuit of a PV cell

Fig. 1 Schematic diagram of the investigated PV-ES system.

2.1 Modeling of the PV module

PV cells are essential components found in all PV generator systems (Smets et al.,
2016). They function as p—n junctions, enabling the direct conversion of sunlight into
electrical power. Illustrated in Figure 1, the equivalent circuit model of a PV cell



comprises a light-generated current source in parallel with a diode, as well as a series
resistance (R;) and a shunt resistance (Rsp, ). The components R, and Ry, characterize
internal losses and parallel leakage pathways, respectively. Recognizing that a single
PV cell can only provide a limited amount of energy, multiple cells are arranged
in series-parallel configurations to create a PV module capable of generating higher
current and voltage levels. The combination of these PV modules, interconnected in
both series and parallel, forms a PV generator, facilitating the achievement of the
desired output power.

The essential behavior of a PV module, comprising n cells in series and n, cells
in parallel, across various operational conditions, can be described by (Yatimi and
Aroudam, 2016; Boubakir et al., 2021, 2022):

. ) Qe Ng _ . n ve Ry,
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where i, and v, denote the current and voltage of the PV module, ¢. is the electron
charge (qe =1,6x10"1 C’), dy is the ideality factor of the diode, K} is the Boltzmann
constant (Kb =1,38x 10723 J/K), T is the cell temperature. The currents 4,5, and
Iy represent, respectively, the PV current and the cell reverse saturation current, and
they are expressed as (Boubakir et al., 2021, 2022):
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with i, is the short circuit current under standard temperature and radiation condi-
tions, K. is the short circuit current temperature coefficient, 7, denotes the reference
temperature, Ipr is the reverse saturation current at T,.. G stands for the total solar
radiation in W/m?, and E, represents the band gap of the semiconductor employed
in the cell.

2.2 Averaged modeling of the boost converter linked to the
battery storage

The boost converter plays a crucial role in power electronics, primarily focusing on
increasing voltage while simultaneously decreasing current levels to enhance power
transfer efficiency. It serves as a vital link between PV modules and loads or batteries,
employing semiconductor switches like a diode and a transistor, in addition to essential
components such as an inductor and input/output capacitors. These elements work
together to regulate energy flow, ensuring that the PV module operates at its MPP
to optimize energy output.

The average dynamic model (4) encompasses the combined behavior of the boost
converter operating in continuous conduction mode and the battery storage system.
It captures the fundamental dynamics of both components while omitting intricate



details, thereby facilitating analysis and design (Yatimi and Aroudam, 2016), and can
be expressed as follows:

dve _ - .
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where ¢, and v, stand for the output current and voltage of the PV generator, while ¢;
indicates the current flowing through the inductor. v, represents the output voltage of
the boost converter, and C; refers to the input capacitor. L; denotes the inductance
of the boost converter, and C, represents the output capacitor. « is used to denote
the duty cycle of the boost converter and it represents the proportion of time during
which the switching element of the boost converter is active, relative to the entire
switching period. As illustrated in (1), the battery is viewed as a constant voltage
source Ej linked in series with a constant resistance Ry (Yatimi and Aroudam, 2016):
vp = Ep + Ry - 1p.
The state representation of the average dynamic model (4) can be expressed as
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where 1 = v, 9 = i;, 3 = vp and u = 1 — « stand for the control input.

3 Design of an £; ANN-MPPT Controller

This section thoroughly explores the various stages involved in designing an £; ANN-
MPPT controller. The proposed MPPT controller comprises a predictor, a control law
with its adaptive law, and incorporates an RBF neural network to serve the purpose of
function approximation. This approach marks a departure from conventional MPPT
methods, presenting an efficient solution for enhancing the performance of PV systems.
Our objective is to develop a robust and rapid MPPT controller capable of dynamically
adjusting the system’s operating point to consistently harness maximum power under
various weather conditions.

3.1 Problem statement

The design of the proposed MPPT technique revolves around a fundamental obser-
vation: at the MPP, the slope of the power-voltage characteristic curves, represented
by g—i, reaches zero. Mathematically, this relationship can be articulated as follows
(Yatimi and Aroudam, 2016):

OP, :3(vexze):ie+ve%:0 (©)
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Hence, in order to fulfill the control objective, we designate y as the system output
to be driven to zero within a finite time. This output is defined as follows:

or, i
= 8;06 = e +,Ueaifue (7)

Based on the preceding analysis, we can express the input-output representation
of the average dynamic model (5) as follows:

j=f(@t)+g(@t)u (8)
where f (z,t) and g (z,t) are given by (Yatimi and Aroudam, 2016) :
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Given that the input-output model in (8) has a relative degree of 2, we define a
sliding surface o as follows:

oc=9+Ay (12)
where A\ > 0. We deduce from (12) that the solution of the linear differential equation
o = 0 indicates that both the output y and its derivative y tend towards zero. Addi-
tionally, constraints on o can be straightforwardly translated into bounds on y and
¥ (Slotine and Li, 1991; Boubakir et al., 2014). To elaborate, if |o| < O, where O
represents a positive constant, we can infer that y() (t) <2"A"1O, r=0,1.

Based on (8), we can depict the dynamics of o as follows:

o=[f(z,t)+g(@t)ut Ay (13)
By definition of a signal § such that § = Ay + So with 8 > 0, the dynamics (13)
can also be expressed by

c=—Po+ f(z,t)+g(z,t)u+d (14)
It is evident that, for the unknown nonlinear term g (x,t) w in (14), there are always
A and V¥ (z,u) that satisfy the condition that

gz, t)u=—-Au+ VU (z,u) (15)
Here, ¥ represents the discrepancy between g(x,t)u and Au, where A is an unknown
positive constant assumed to be bounded and positive, such that 0 < g1 < A < go,
with g1 and g2 being positive constants. Since the input—output gain g(zx,t) in (10)
depends only on PV quantities evolving within bounded physical limits, the function



g(z,t) is naturally bounded. Hence, g1 and g represent theoretical positive bounds
whose numerical values are not required; only their existence, which ensures that
0 < g1 < A < go, is needed for the design of the proposed £; ANN-MPPT control law.

By substituting (15) in (14) and defining H (z,u,d) as H (z,u,d) = f(x,t) +
U (z,u) + 9 , it results

6 =—po—Au+ H(x,u,d) (16)
Given that the nonlinear function H (x,u,d) in (16) is unknown, our approach in
this study involves utilizing an RBF neural network to approximate this term.

3.2 Description of the employed RBF neural networks
approximator

The commendable function approximation capabilities, adaptability, and straight-
forward structure of RBF neural networks have allowed them to play a crucial
role in adaptive controllers design (Sanner and Slotine, 1992; Boubakir and Labiod,
2023). These neural networks, characterized by linear parameterization, can be easily
designed and implemented. In this work, a Gaussian RBF neural network is employed
to closely approximate the function H. The effectiveness of Gaussian RBF neural net-
works in approximating arbitrary continuous functions has been established (Sanner
and Slotine, 1992; Chen and Chen, 1995). The output of the considered RBF neural
networks approximator can be computed as

Yn (1) = w"y (m) (17)

where 7 € Qp C RY denotes the input vector, w = [wi,wa," - ,wz]T e R*?

are the weights vector, z > 1 is the neural network node number and ¢ (7) =

[thy (), o () -+, . (7)]" designates a vector of Gaussian RBF given by (Boubakir
and Labiod, 2023):

T
™ — a; ™ — a; .
i (r) = exp [—( )b2( )],z:l,...,z (18)
here, a; = [aq1, a2, ,aiq]T represents the center of the receptive vector and b;

denotes the width of the Gaussian function.

3.3 £L; ANN-MPPT control architecture

Now, we describe in detail the architecture of the developed £; ANN-MPPT controller.
Initially, based on the universal approximation theorem (Sanner and Slotine, 1992;
Chen and Chen, 1995), we hypothesize that the nonlinear term H (x,u,d) can be
closely approximated over a compact set by an RBF neural network as follows

H (x,u,6) = wly () + e (), |e(m)] < € (19)
where 7 denotes the input vector of the RBF neural network and e represents the
approximation error, which is assumed to be bounded such that |e| < e*, with €* being
a positive constant.



Now, by substituting (19) into (16), one can obtain the following closed-loop
dynamics

6 =—Po—Au+wly(r)+e(r),0(0) =0 (20)

At this point, we present the key components of the designed MPPT controller,

followed by an assessment of its effectiveness. To begin, we define the predictor (21)

which replicates the dynamics in (20), with the unknown terms A and w substituted
by their estimates A and w, respectively, as

6 =—B6 - Au+wTp (n),6(0) = o9 (21)
where 6 € R denotes the estimation of the sliding surface o (¢). The terms A and 0
are determined by the subsequent projection-type adaptation laws
A. =I'Proj (A, &u) (22)

w = L Proj (0, —6v (7))
where ¢ stands for the prediction error such that & = 6—o, I represents the adaptation

gain and Proj (-,-) denotes the projection operator (see Appendix B).
As for the control law, we choose its structure as follows :

u= KD (p)n(p) (23)

here p denotes the complex variable, 7 (p) denotes the Laplace transform of 7 (t)
defined as 7 (t) = —Au + w71 (n), K serves as a feedback gain, D (p) is chosen as a
strictly proper transfer function to achieve stability in the resulting closed-loop filter,
denoted C (p), such that

AKD (p)
Cp)=—F7""— 24
W)= TTAKD () (24)
Accordingly, the form of the closed-loop filter C (p) can represent a first order
low-pass filter when the transfer function D (p) is selected as D (p) = %, leading to
AK
C = 25
W)= AR (25)

with DC gain C (0) = 1.
Prior to introducing the stability analysis of the suggested £; ANN-MPPT con-
troller, we present the subsequent assumption concerning the function H (x,u,d)

Assumption 1. Given that the state vector z(t) exhibits comparable stability

and boundedness characteristics to o (t), the subsequent boundary can be deemed
reasonable

\H (2,u,6)| < Llo| + Lo (26)

where L1 and Lo are some positive constants. ]
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Remark 1. In Assumption 1, we assume that the uncertain quantity H (x,u,d) is
bounded above by a functional bound. Consequently, considering the bound in equation
(26), it becomes evident that it is not constant; instead, it increases as the sliding sur-
face o (t) tends toward infinity. This characteristic renders this assumption physically
acceptable. ]

The schematic representation of the proposed £ ANN-MPPT controller is illus-
trated in Figure 2. The control input « for the system described by (8) is determined
by the control law given in (23), incorporating a predictor outlined in (21), and an
adaptive law specified by (22). To ensure stability, the design parameters A and the fil-
ter C (p) are chosen such that the condition for the £;-norm is satisfied, as expressed
in (27):

1Q)ll¢, L <1 (27)

where Q (p) = M (p) (1 —C (p)), M (p) = (p+ B8)”" and L is introduced in (26). Let
us point out here that both functions M (p) and Q (p) are proper BIBO-stable transfer
functions as long as the design parameter § is strictly positive and the filter C (p) is
a BIBO-stable strictly proper transfer function .

Remark 2. In this approach, the design parameters A and B are employed to define
the desired closed-loop dynamics, while the feedback gain K can be adjusted to tune
the bandwidth-limited filter C (p). Within a specified frequency range, this filter plays a
crucial role in ensuring accurate tracking of reference signals and improving robustness
against uncertainties. ]

gy
ol e
’_:—.[I ) —| D(s)| Equation (23)

Control law

'
'
i
h '
ﬁ[l : :
5 Equation (22 @
gy 6 q (22) T

o e e
Adaptive laws

Equation (21)
S,

Predictor

Fig. 2 Block diagram of the suggested £; ANN-MPPT controller.
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4 Analysis of the £L; ANN-MPPT controller

4.1 Ideal closed-loop reference system

We introduce a well-behaved closed-loop reference system and provide proof of its
stability. The structure of the closed-loop reference system is outlined below

(28)

Uy

or = —Bo, — Au, +wl (7)) + € (1), 0, (0) = 09
=By (p)

where u, denotes the output of the ideal non-adaptive version of the £; ANN-MPPT
controller, given by (23), (21) and (22), and 7, (p) is the Laplace transform of 7, (t) =
why (7).

Remark 3. The closed-loop reference system (28) describes the desired system dynam-
ics, assuming all uncertainties are known. Furthermore, the control law u, is purely
theoretical and used only for analytical purposes, as they depend on the unknown quan-
tities A and w. It is worth noting that the proposed L1 ANN-MPPT controller follows
this ideal closed-loop reference system in both transient and steady-state phases. [l
Lemma 1. Assuming that both the design parameter A and the filter C (p) satisfy
the £1-norm condition specified in (27), the following bound holds for all 7 > 0 with
respect to the closed-loop reference system representation in (28)

lovllz, < pr (29)

_ 1Rz, (" +Lo)+IM D), € +llon (Pl -
where p, = 1 1—||Q(p)|\£1L11 . -

Proof . By replacing u, with it expression from (28), we obtain

or (p) = Q(p)nr (p) + M (p) € (p) + o0 (p) (30)

where oy, (p) = M (p) 0g and €, (p) is the Laplace transform of e (7). Given that the
transfer functions M (p), Q (p) and C (p) are proper and BIBO-stable, and that o, (t)
is uniformly bounded, it follows from (28) and (26) that ||o..||, can be upper bounded
on t € [0, 7] as follows:

lorrllz., <NQ Wz, Irrll ey + 1M Pz, € + llonrliz., (31)
From (19) and (26), an upper bound for 7., () can be determined as follows:

el = I1H —e(m)ll; <€+ Lilorl 2o + Lo (32)
By substituting (32) into (31) and solving the resulting inequality for ||oy+| £,
we obtain:

1Q (P)llz, (€ + Lo) + 1M (P), € + llom (P)l .,

L={Q P, L

Therefore, if the £1-norm condition in (27) is satisfied, ||o. || .. temains uniformly
bounded for all 7 > 0, which confirms the inequality in (29). This concludes the proof.

||Ur‘r||[:(x, < (33)
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4.2 Transient and steady-state performance

In the following, we conduct a performance analysis of the resulting closed-loop dynam-
ics system (20) using the proposed controller outlined in (23), (21) and (22), with a
focus on both transient and steady-state behaviors. This analysis is conducted in com-
parison to the well-behaved closed-loop reference system depicted in (28). Initially, we
establish the prediction error dynamics by subtracting (20) from (21), which results
in the following expression :

6 =—B6 — Au+ 0Ty (1) — e (7) (34)
with A = A — A and @ = @ — w are the estimation errors. Additionally, the error
dynamics in (34) can be expressed in the frequency domain as

& (p) = M (p) (1 (p) — €(m)) (35)
where 7 (p) is the Laplace transforms of 7 (t) = —Au + 97 () .
Lemma 2. Assuming that the £i-norm condition described in (27) is satisfied for
the system given by (8), which is controlled by the £; ANN controller specified in
(21)—(23), the following result is obtained:

ol < Vio (36)

with
po == (4mag [wl] + (92— 91)* ) + "¢ (37
r wed
where v = (28 — 1) and 3 > 1. -
Proof . Let us select the candidate Lyapunov function in the following form
V=54 2T+ 2A (38)
r r

Using (34), the time derivative V of (38) is as follows

V = —2862 + 2w <&¢T (m) + %w) — 25¢€ (m) + 2A <5U + 1115) (39)

From (26) and (22), we can establish an upper limit for V such that

V < 2852 + 20 (Proj (, =60 (r)) + &9 (r)) + 216] € + 24 ((Proj (A, 5u) - u)

(40)
Once we consider the properties of the projection operator (see Appendix B), the
inequality (40) transforms into:

V < 2862 + 215 € (41)

or .
V < —752 + €2 (42)
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By employing the projection operator, we ensure that w (t) € ® and A (t) € Q for
t > 0, thus leading to:

L

I
AL W + A%< f4q}gw lwl + (g2 — 51)° (43)

Substituting (43) into (42) results in:
V (t) < =V (£) + o (44)

Consequently, if at any time ¢; > 0, we have V (t1) > po, then according to the
inequality in (44), it implies that V (¢1) < 0. Additionally, given & (0) = o (0), it

is straightforward to verify that V (0) < g (4mag w| + (G2 — 51)° ) < po. Conse-
v we

quently, V () < po for all ¢ > 0. Finally, as 62 < V (¢) and |||, < |||, it follows
that||a| . < /1o, thereby completing the proof. -
In Lemma 2, based on the expression for p, it becomes evident that increasing the
design parameter § and the adaptation gain I' can result in a significant reduction in
prediction errors. This adjustment enhances the control system’s capacity to accurately
anticipate deviations from expected outcomes.
Theorem 1. Considering the system described in (8) and (20), the reference system
defined by (28) and the £1 ANN controller consisting of (23), (21) and (22), along
with the £1-norm condition specified in (27), we obtain

lor —ollz,, <G

lur —ull o < Go (45)

and
Llim (on () =0 () =0 (46)
o (ur (t) —u(t)) =0 (47)

with

1C Pl BIQ Wz, + 1M @)l .,)
_ 0= MWLy 1 1/ * 48
TR0 >||[;/’7°+ 1—\|@< e ()
& —H (L + 3¢ ‘ Vi (19)
Ly

and M (p) = AC/[((Z )) is proper stable transfer function. -

Proof . First, by defining n,, (t) = ¥ (7)w (t), we can rewrite the control law in
(23) as

u= KD (p) (—Au+ny (p) +1(p)) (50)
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which can be alternatively expressed as follows

where C' (p) is the filter introduced in (24).
By replacing the control law (51) in the dynamics (20), we get

o =QP)nw (p) — M (p)C(p) i (p) + M (p)€(p) + on (p) (52)
this can be rearranged as follows

o= Q(p)nw (p) — M (p)C (p) (7 (p) —e(p)) +Q(p) e (p) +on (p) (53)

To obtain the expression for the error between o, and o, we subtract (53) from (30),
resulting in

or =0 =Q(P)n.(p) +C(p)a(p) — Q) e(p) + M (p) e (p) (54)
with ne (t) = (T (mrey) — ¥7T (7)) w. Given that the transfer functions M (p), Q (p)
and C (p) are BIBO-stable and proper, and based on (54), we conclude that the
following upper bound is valid for ¢ € [0, 7]

l(or =)l < 1Q @)z, Ier Pl +IC Bl 157 @) —(1Q DI, + |M((P))||L1) €
95
Additionally, using (26), an upper bound on ||7¢-||,  can be determined as

Inerlle < @7 (r)w =0T (mw). |,
<|(m, - H‘U)TH&E P (56)

< Lil(or — o), Il +2¢

When we substitute (56) into (55) and solve the resulting equation for ||(c, —o)_||,
we obtain

oo < DL B M)
T 1-Q Mg, £oe 1= Q®l,,
IC®)l - BIRWIlz, +IM®) ) .
Thus, ||(or —0).|| < W‘/uo + 1—Hé(p)|\£1 L2 ¢e*, holds uniformly for all

7 > 0, and subsequently results in the first bound in (45).
Similarly, to demonstrate the second bound in (45), we begin by subtracting (51)
from (28), yielding

ur )~ ) = 0 )+ S ) 59)
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It can be inferred from Lemma A.12.1 in Hovakimyan and Cao (2010) that %f] (p)
can be expressed as

C(p) -

D5 = 2anya )+ T (59)

Note that M; (p) in (59) is a stable and proper transfer function because C (p) is
BIBO-stable and strictly proper. This implies that the errors in (58) can be upper
bounded, for ¢ € [0, 7], as follows

C(p)

s )= o) e, < || L)

(Lll(ora)T|Lm+3E*)+HMA

Vi
Ly

(60)

. (Lt + 3€r) +

1

Ly

Lastly, by using (57), we obtain ||(u, (p) — u (p))

H M, (p)
A

C(p)
e, < |42

o /fwo, which demonstrates the second bound in (45).

1

For the subsequent part of the proof, it is clear that the function ug, as defined

in (37), is subject to the following limit . lim o= 0, which readily allows us to
—>00, €X—

deduce that  lim (;=0and lim ({ =0.Thus, lim (o.(t)—0c(t)) =
0 r —0 I'—o0,e*—0

I'—oo, e*— —00, €*

Oand  lim  (u,(t) —u(t)) =0. That complete the proof. -
I'—o0,e*—0

Based on the findings of the prior study, we can conclude that if the adaptive
gain I' is chosen to be sufficiently large and the resulting approximation error e is
sufficiently small, meaning that the RBF neural network approximate uncertainties,
then the proposed £1 ANN controller can ensure that the signals o (t) and u (¢) follow
o, (t) and u, (t) of the stable system described in (28) during both transient and
steady-state periods.

Remark 4. The filter C (p) is crucial in the developed L1 ANN controller. Notably,

if we set C(p) = 1, the transfer function M (p) = % from (59) simplifies to
M (p) = % This leads to an unbounded norm of the resulting transfer function.

Therefore, achieving a uniform performance bound for the control signal is impossible
without C (p). -

5 Simulation results and discussions

In this section, we will focus on assessing the performance of the proposed £; ANN-
MPPT controller. The evaluation will be carried out under different conditions of
solar irradiance and temperature to determine the controller’s effectiveness in tracking
the MPP. Additionally, we will compare the performance of the developed £; ANN-
MPPT controller against traditional MPPT controllers, including P&O, IC, and the
PI controller, to highlight its advantages. In this research, a BP3280T solar panel is
utilised as the PV generator, capable of delivering a peak power of 280.6 W. The
parameters of this panel are presented in Table 1, and its V-I characteristics are
depicted in Figure 9 and Figure 14 for various environmental conditions. The details
regarding the parameters of the DC-DC converter are enumerated in Table 2. We
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opted for a 48V /5.5Ah lithium-ion battery as the storage component, beginning with
an initial State Of Charge (SOC) set at 60%.

Solar Irradiance DC-DC Boost Converter

; <
i %

Equation (12) PWM Generator

Li Adaptive Neural Networks MPPT Controller

w0 e

PV Panels
AY|
]
g

(]}
<
Battery Storage System

Duty Cycle

Eguations (12), 21)-23)

_________________________________________

Fig. 3 L£1 ANN-MPPT controller designed for a PV-ES system.

The block diagram illustrating the controlled PV-ES system, along with the
proposed £1 ANN-MPPT controller, is shown in Figure 3. The MPPT controller
parameters used in this simulation are specified as follows : A = 350, 5 = 1000,
the adaptation gain I' = 5 x 10°, and the projection bounds A; € [200,400], with
A(0) = 0.1, and 1; € [~5 x 10%,5 x 10*] for i = 1,..., z, where 1; (0) = 0 . The feed-
back gain K and D (p) in the control law (23) are set to K = 65 and D (p) = 1 . The

RBF neural network was configured with an input vector set to 7 = [y, 9,u]’ € R3.
The network consists of a total of z = 200 nodes, with the width of the Gaussian func-
tion fixed at b; =5 for s =1, ..., z. Furthermore, the centre of the receptive vector is
set at a; € [—16.5, 16.5}T7 increasing progressively by 0.1658 for each subsequent node.
The performance assessment of the developed £; ANN-MPPT controller is carried
out across three scenarios. The initial scenario aims to evaluate its operation under
normal weather conditions. The second scenario focuses on the controller’s behavior
in response to variations in solar irradiation. The third scenario, in turn, assesses its
performance in relation to temperature fluctuations. For each scenario, we evaluate
the performance in terms of tracking efficiency and response time.
Remark 5. In practice, the projection intervals [Amin, Amax] and the bounds on
the neural network weights w; are selected according to the expected operating ranges
of the PV woltage, current, and nominal converter parameters. These intervals are
chosen wide enough to ensure that the adaptive estimates remain within safe limits,
as confirmed through preliminary simulations. Furthermore, the number of neurons
in the RBF' hidden layer is determined using a compact-domain coverage criterion:

S
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Table 1 Parameters and specifications of the PV module

BP3280T.
Parameters Notation ~ Numerical value
Maximum Power Perrox 280.6 W
Voltage at maximum power point Ve p 36.2 V
Current at maximum power point lemp 7.75 A
Open circuit voltage Voc 445 V
Short-circuit current isc 8.55 A
Temperature coefficient of isc Kse 0.15501 %/°C
Cells per module Ns 60

Table 2 Specifications of the DC-DC boost converter and the
battery energy storage system (Yatimi and Aroudam, 2016).

Parameters Notation =~ Numerical value
DC-DC Boost Converter

Inductance Ly 2.2 mH
Input capacitor C; 47 mF
Output capacitor Co 4.7 mF
Switching frequency 20 kHz
Battery energy storage system

Nominal voltage 48V
Rated capacity 5.5 AH
Initial SOC 60 %

a sufficient number of Gaussian centers is distributed over the bounded region of the
regressor m = [y, 9, u]T to provide accurate approvimation while maintaining real-time
feastbility. Bl

5.1 Assessment of performance under normal weather
conditions

We begin by evaluating the MPPT performance of the proposed £; ANN-MPPT con-
troller under normal weather conditions, characterized by solar irradiation of 1 kW /m?
and a temperature of 25°C. As illustrated in Figure 9, the MPP under these condi-
tions is P, ,. = 208.6 W and the corresponding voltage and current are ve,,,, = 36.2
V and i.,,,, = 7.75 A. The simulation results for this scenario are depicted in Figures
4,5 and 6. In Figure 4 (top), both the theoretical power and the actual output power
generated by the PV module are illustrated. Figure 5 displays the controlled output
y and the tracking efficiency curve. Meanwhile, Figure 6 showcases the curves of the
PV current i, and the PV voltage v.. Figure 4 (bottom) shows the time evolution of
the SOC.

Figures 4 (top) and 5 show that the proposed MPPT controller provides excellent
MPP tracking, achieving a response time of 0.184 sec. and a tracking efficiency of 95.25
%. In addition, this tracking is free of oscillations, as shown in the zoomed-in section
of Figure 4 (top), thereby contributing to the stability of the PV-ES system. Figure
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6 shows that both the PV voltage v. and PV current i, converge to their maximum
values v, and .. Figure 4 (bottom) shows that the SOC rises linearly starting
from 0.2 sec.

Fig. 4 Analysis performed under normal weather conditions: Top.
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5.2 Assessment of performance under irradiance variation

The objective in this scenario is to assess how effectively the suggested £; ANN-
MPPT controller operates under conditions of rapidly changing solar irradiance. The
simulation was performed at different irradiance levels (1000 W/m?2, 500 W/m?2, 800

19




W/m?2) with the temperature held constant at 25 °C, as displayed in Figure 8. The
peak power for each specific irradiance level is depicted in Figure 9.

Figures 7-11 illustrate the results of this scenario. Figures 7 (top) and 10 (top)
confirm that the proposed MPPT controller enables fast and precise tracking of the
expected MPP, with a rapid response time of 0.231 sec, a tracking efficiency of 93.20%,
and no oscillations near the maximum point. Figure 11 shows that the PV voltage
ve and PV current i, rise or fall in response to each change in solar irradiance levels
to instantly track the new MPP. The SOC continuously increased at each irradiance
level, displaying different slopes as illustrated in Figure 7 (bottom).
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Fig. 7 Analysis performed under varying solar irradiation conditions: Top. PV output power P, and
maximum power P, ... Bottom. Time evolution of SOC.
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tion conditions at constant temperature. BP3280T solar panel under various irradiance
conditions.
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5.3 Assessment of performance under temperature variation

Figure 13 illustrates the temperature change profile considered in this study to evaluate
the performance against temperature change. In this assessment, the solar irradiance
was kept at 1000 W/m? and performance was examined under four distinct tem-
perature conditions: 20°C, 25°C, 35°C, and 40°C. The peak power for each specific
temperature value is listed in Figure 14.

Figures 12-16 present the results of this robustness test. Figures 12 (top) and 15
(top) demonstrate the proposed MPPT controller’s capability to deliver rapid transient
response during sudden temperature changes and Figure 15 (bottom) displays the
tracking efficiency, which is 95.14% for this simulation case. From 0 to 0.5 sec, the £4
ANN-MPPT controller tracks the instantaneous MPP with a response time of 0.184
sec. The response time is 0.02 sec between 0.5 and 1 sec, 0.016 sec between 1 and 1.5
sec, and 0.015 sec between 1.5 and 2 sec. In Figure 12 (bottom), we can observe that
even for this test, the SOC value increases continuously from 0.2 sec onward, indicating
that the battery is charging but at different rates depending on the temperature.
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5.4 Comparative Study and Performance Analysis of MPP
Tracking

A comparative analysis was carried out to evaluate the performance of the proposed
L1 ANN-MPPT controller against widely used conventional methods, namely P&O,
IC, and PI controllers. The comparison was performed under identical conditions—a
temperature of 25°C and a solar irradiance of 1000 W /m?—using the same PV energy
storage system parameters to ensure fairness and consistency.

The results, summarized in Table 3 and illustrated in Figures 17 and 18, clearly
demonstrate the superior performance of the £; ANN-MPPT controller in both tran-
sient and steady-state operation. The proposed controller reaches the steady state
in approximately 0.18 sec, which is significantly faster than the PI controller whose
settling time exceeds 0.26 sec. Furthermore, the £1 ANN-MPPT controller exhibits
a much smoother response with minimal oscillations around the MPP, whereas con-
ventional methods such as P&O, IC, and PI display noticeable fluctuations. These
results confirm that the proposed strategy ensures both rapid convergence and reduced
steady-state oscillations, thereby offering superior overall performance compared to
traditional MPPT techniques.

This superior dynamic behavior is further substantiated by an exhaustive quanti-
tative analysis of steady-state tracking accuracy, as detailed in Table 3. An evaluation
of the tracking error (e, = pe — Pe,,..) Over the interval from 0.4 sec to 1 sec reveals
the pronounced advantage of the proposed controller. The £; ANN-MPPT strategy
achieves an average absolute error of merely 0.0593 W, which is approximately four
times lower than that of the PI controller (0.2357 W) and over nine times lower than
the errors of both the P&O (0.5419 W) and IC (0.5362 W) algorithms. Furthermore,
the proposed controller’s error range is exceptionally tight, between 0.0590 W and
0.0620 W, demonstrating remarkable stability. In stark contrast, the P&O and IC
methods exhibit error ranges exceeding 1.25 W, highlighting their characteristic oscil-
latory behavior, while the PI controller shows a range of 0.5774 W. The standard
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Table 3 Comparative study on MPPT tracking efficiency.

MPPT strategy Avg (abs(ep)) Range of e, Std of e, MPPT Efficiency
L1 ANN-MPPT controller 0.0593 (0.0590, 0.0620) 4.9106 x 10~ % 99.98
P&O algorithm 0.5419 (0.0590, 1.3320) 0.4510 99.80
IC algorithm 0.5362 (0.0590, 1.2598) 0.4353 99.81
PI controller 0.2357 (0.0590, 0.6364) 0.1559 99.91

deviation of the error for the £; ANN controller is a negligible 4.91 x 10~%, under-
scoring its consistent precision. This value is over 300 times smaller than that of the
PI controller and three orders of magnitude lower than the standard deviations of the
P&O and IC methods. Consequently, the £; ANN-MPPT controller achieves a peak
MPPT efficiency of 99.98%, outperforming all other controllers. These findings quan-
titatively confirm that the proposed controller successfully eliminates the traditional
trade-off between rapid response and steady-state precision, offering unmatched speed,
stability, and accuracy for maximum power point tracking.
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Fig. 17 Tracking performance of the £; ANN- Fig. 18 Dynamic response of the £; ANN-
MPPT controller compared with conventional MPPT controller compared with conventional
MPPT methods. MPPT methods.

6 Conclusion

In this study, we have developed an £; ANN-MPPT controller for a PV-ES system.
The proposed MPPT controller integrates a control law, an adaptive mechanism, a pre-
dictor, and an RBF neural network to approximate unknown nonlinear dynamics and
uncertainties within the entire system. This new approach ensures rapid adaptation
and robust performance, effectively enhancing power extraction from the solar pan-
els and improving battery charging efficiency. Simulation results have demonstrated
the MPPT controller’s effectiveness and robustness in maximising power extraction
from the solar panels, even under fluctuating weather conditions. In addition, the
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use of an online-adapted RBF neural network, initialized without any offline training,
reinforces the practicality and reproducibility of the proposed MPPT strategy. These
findings suggest that the proposed £1 ANN-MPPT controller represents a significant
advancement in enhancing the efficiency and reliability of PV-ES systems, making it a
promising solution for future renewable energy applications. In future work, we intend
to enhance the proposed £; ANN-MPPT controller by incorporating observer-based
schemes to improve state estimation and adaptability. Experimental validation will
also be carried out to confirm its effectiveness under real-world conditions.

Appendix A

In this appendix, we present some definitions and a lemma that are essential for
deriving the main results of this paper.
Definition 1. (Hovakimyan and Cao, 2010; Yoo et al., 2010): Consider a signal

z(t) : [0,00) — R", we define its truncated L, norm, denoted as|z||, , by

zell . = maz (supo<r<t |z; (7)]). Similarly, the Lo.-norm of x(t) is given by
had 1=1,...,n - -

lzl|, = mazx (supr>o |z (7)]), such that z; denotes the ith component of z . g
b 1= n -

.....

Definition 2. (Hovakimyan and Cao, 2010; Yoo et al., 2010): For a stable proper SISO
system [’ (p) where p is the Laplace operator, the £i-norm is defined as || F (p)| ., =
Jo° IF (t)|dt, with F (t) being the impulse response of F (p). Moreover, for a strictly
proper stable system defined as y (p) = F (p) u (p), the following inequality is valid :
el < IF (), sl - .
Lemma 3. (Hovakimyan and Cao, 2010): Let y(p) = F (p)u(p) represent a
continuous-time LTI (proper) system with impulse response matrix F'(t). This sys-
tem is considered BIBO stable if and only if its £i-norm is bounded, meaning that
[ F'll;, < oo, or, equivalently, that F () € Ly. -

Appendix B

In this appendix, we provide the definition of the projection operator (Hovakimyan
and Cao, 2010), which is commonly used in adaptive control design.

For two vectors § € R™ and ¢ € R™, the projection operator Proj (-, -) is described
as follows:

9 — Mﬁ 0 EF(0) > 0andVET ()9 > 0
Proj (0,9) = IVFO)] F () iF( ).> and VFT (6)9 > 0, (1)
v otherwise,
where F (6) is defined by
(e +1)0T0 — 62
0) = mag )
]:( ) 699727“136 (6 )

where 0,4, € R representing the norm bound on the vector 8, and ey € RT being
the chosen projection tolerance bound.
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The projection operator (61) satisfies the following important property

(0 — 6% (Proj (0,9) —9) <0 (63)
where 0 is the vector being projected, 6* is the reference vector (often an optimal or
target vector), and ¥ is the vector onto which 6 is being projected.
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