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Abstract- The primary purpose of this study is to enhance the operational stability and fault recovery capabilities of grid-
connected photovoltaic (PV) systems, which frequently encounter challenges related to environmental variability and severe
grid faults. To address these issues, the paper proposes an advanced maximum power point tracking (MPPT) controller
utilizing an artificial neural network (ANN) trained with the Levenberg-Marquardt (LM) algorithm. The research procedure
involves modelling a detailed grid-connected system comprising a DC-DC boost converter and a three-level neutral-point-
clamped (NPC) inverter within the MATLAB/Simulink environment. The proposed control strategy is rigorously evaluated
and compared with a conventional perturb-and-observe (P&O) method with dynamic step-size tuning under two distinct
scenarios: normal operation with varying irradiance and severe three-phase-to-ground (LLLG) fault conditions. The main
results demonstrate the superior performance of the proposed ANN-LM technique. Under normal conditions, the proposed
method provides greater stability, with a total percentage overshoot of only 1.292%, which is significantly lower than the
1.496% observed with the conventional method. In the event of an LLLG fault, the proposed controller exhibits exceptional
resilience, achieving a rapid voltage recovery time of 0.539 seconds compared to 0.713 seconds for the benchmark.
Furthermore, the proposed technique improves power quality by limiting the inverter voltage total harmonic distortion (THD)
to 122.37% during faults, whereas the conventional method reaches 147.31%. These findings confirm that the ANN-LM
controller effectively optimizes energy extraction and ensures robust system operation in the face of grid disturbances.

Keywords: Grid-connected photovoltaic system, maximum power point tracking (MPPT), artificial neural network (ANN),
Levenberg-Marquardt algorithm, fault recovery.

1. Introduction operating costs, mitigate emissions, and enhance grid
reliability. A prominent research trend involves shifting

In recent years, the field of power systems and  towards multi-objective algorithms and intelligent control
renewable energy has made significant strides, focusing on ~ methods to address the increasing uncertainty of distributed
advanced optimization and control techniques to reduce  resources. Renewable energy, particularly solar power, is
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increasingly pivotal in replacing fossil fuels due to its
environmental benefits and abundant availability [1, 2]. In
the context of the world facing increasingly serious
challenges related to carbon emissions and climate change,
the transition from fossil fuels to renewable energy sources,
especially solar energy and photovoltaic (PV) systems, is an
inevitable path. Studies show that integrating PV systems
into energy and industrial systems has the potential to replace
a significant portion of traditional electricity, thereby
contributing to indirect CO2 emission reductions at the
system level through reduced fossil fuel demand [3].
Furthermore, energy and exergy analyses have demonstrated
that harnessing PV energy in integrated structures not only
improves overall energy efficiency but also significantly
improves the environmental sustainability of modern energy
systems [4, 5]. Furthermore, studies based on energy-exergy
analysis and system structure optimization show that
prioritizing clean, renewable energy sources, including solar
energy, can significantly reduce the carbon emission intensity
per unit of useful energy, thereby confirming the important
role of PV systems in long-term carbon emission reduction
strategies [6, 7].

Among renewable energy sources, PV systems are
widely deployed globally, in both grid-connected and
standalone configurations, serving diverse applications in
energy production and the industrial sector [8, 9]. However,
the energy conversion efficiency of PV systems is heavily
influenced by environmental conditions such as shading, dust
accumulation, temperature, and radiation intensity, which
directly affect the determination of the maximum power
point (MPP) [10]. Consequently, tracking and maintaining
the MPP, also known as maximum power point tracking
(MPPT), is a critical factor for optimal energy extraction.
Although traditional algorithms, such as perturb and observe
(P&O) and incremental conductance, are simple and easy to
implement, they often struggle under rapidly changing
weather conditions, leading to large oscillations and
relatively low tracking accuracy [11].

Grid-connected PV systems typically comprise PV
panels, DC-DC converters, DC-AC inverters, MPPT
controllers, and grid synchronization controllers [12].
Beyond efficiency, stability is a paramount concern. When
grid faults occur, such as voltage sags or severe three-phase-
to-ground (LLLG) short circuits, the grid voltage can drop
sharply within a short period, causing instability in the PV
system and potentially forcing the inverter to disconnect [13,
14]. While the design of renewable energy systems has
advanced, ensuring stability, robust control, and high fault
ride-through performance remains a major challenge due to
the complex nonlinear characteristics of these systems [11].

Enhancing the stability and reliability of power systems
through intelligent optimization and control is a rapidly
expanding research area. PV systems are generally
categorized into two main types: grid-connected systems and
standalone systems [15, 16]. To maximize performance,
various optimization techniques have been investigated
across different aspects of the smart grid [17]. For instance,
in microgrid operation, the NSGA-II algorithm has proven
effective in reducing costs and pollution by accounting for

forecast errors in renewable sources [18]. Similarly,
metaheuristic algorithms, such as genetic algorithms (GA)
and particle swarm optimization (PSO), play a crucial role in
optimizing energy storage systems for load flattening [19]. In
the domain of protection and reliability, fuzzy logic methods
have been applied to rapidly detect transformer failures.
Improved bee algorithms have optimized the design of solar-
wind hybrid systems to satisfy reliability constraints [20].

Furthermore, the artificial bee colony algorithm has
demonstrated significant results in reducing losses in
distribution grids, and Monte Carlo simulation, combined
with multi-objective algorithms, has been utilized to address
unit commitment problems under uncertainty. Regarding
dynamic stability, optimal coordination between flexible AC
transmission system devices and power system stabilizers
has demonstrated superior oscillation-damping capabilities
[21]. Additionally, studies on the aging process of insulation
materials under contamination provide critical insights into
component durability in outdoor environments [22]. These
studies collectively aim to develop optimal control strategies
that adapt to strong fluctuations in load and renewable
sources while ensuring cost-effectiveness, stability, and
reliability. This forms the basis for discussing the main
objective of this paper.

Specific improvements to MPPT algorithms have also
been extensively explored. In study [23], an enhancement to
the traditional P&O algorithm was proposed by incorporating
current change information to address the “drift”
phenomenon caused by sudden irradiance changes. Similarly,
a study [24] modified the incremental conductance algorithm
to mitigate incorrect responses under rapidly changing
conditions, increasing tracking speed by approximately 20-
30%. To address partial shading, study [24] proposed a
hybrid of the simulated annealing algorithm and P&O,
effectively preventing the system from being trapped in local
maxima. Furthermore, the slime mold golden sine algorithm
was presented in [25] to offer superior convergence speed
compared to PSO and other heuristic methods. Another
strategy involving variable-step-size P&O using GA was
discussed in [21], which adjusts the step size based on
proximity to the MPP to balance speed and oscillation.

Despite these advancements, traditional and heuristic
methods can still struggle with the nonlinear complexities of
PV systems under severe disturbances. Consequently,
machine learning techniques, particularly artificial neural
networks (ANNSs) [26], have emerged as powerful tools for
MPPT. ANNs can model the nonlinear relationship between
inputs, such as voltage, current, temperature, and output
power, without requiring prior mathematical assumptions. In
this study, an ANN-based MPPT controller is designed using
a dataset of historical voltage and current values to estimate
the optimal duty cycle for the DC-DC converter. Unlike
standard training algorithms, this study employs the
Levenberg-Marquardt (LM) algorithm, an efficient quasi-
Newton optimization technique, to train the network,
enabling rapid convergence with minimal error.

The ANN trained with the LM algorithm not only
improves power prediction accuracy but also ensures high
stability and adaptability under rapidly changing weather
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conditions. The primary objective of this research is to
design an intelligent MPPT controller that quickly locates the
GMPP while minimizing power fluctuations. The proposed
method is validated through simulations involving irradiance
changes and, crucially, under an LLLG fault scenario,
utilizing fault analysis methodologies consistent with
previous research [27]. The results demonstrate that the
proposed controller significantly reduces harmonic
distortion, enhances the quality of the DC bus voltage, and
ensures rapid system recovery.

This study contributes to control theory by
demonstrating an advanced control framework that enhances
the stability and fault tolerance of photovoltaic systems
under grid failures. The research provides system-level
insights into the dynamic interaction between photovoltaic
systems and the grid during faults, supporting the reliable
integration of large-scale photovoltaic systems in compliance
with grid regulations. In summary, the main contributions of
this research are presented as follows:

» This paper introduces a novel approach for the MPPT
controller utilizing an ANN trained with the LM algorithm.
This method enables precise system identification and
dynamic control of parameters, optimizing energy extraction
from PV panels under varying irradiation and temperature
conditions.

» The system is simulated under an LLLG fault
scenario, demonstrating that the proposed controller exhibits
high resilience. The system recovers quickly and resumes
stable operation after the fault, showcasing the robustness
and adaptability of the controller under real-world
conditions.

» The proposed method significantly reduces harmonic
distortion and enhances the quality of the DC bus voltage.
This improvement minimizes performance losses caused by
harmonic interference and optimizes the DC-AC energy
conversion process.

The primary objective of this study is to develop and
validate an intelligent MPPT strategy for grid-connected PV
systems, ensuring rapid global MPPT, high operational
stability, and robust fault tolerance under severe grid
disturbances. Specifically, this study aims to design an MPPT
controller based on an ANN trained with the LM algorithm
to accurately estimate the optimal duty cycle of a DC-DC
converter under rapidly changing radiation and temperature
conditions. In addition to improving steady-state power
extraction capabilities, the proposed controller is evaluated
under severe LLLG conditions to assess its robustness,
dynamic recovery performance, and impact on DC bus
voltage quality and harmonic distortion. Through
comprehensive simulation analysis, this study seeks to
demonstrate that the proposed ANN-LM-based MPPT
method offers superior performance compared to
conventional MPPT techniques in terms of tracking accuracy,
system stability, and grid fault tolerance.

One of the main advantages of this study lies in the
integration of an ANN-based MPPT controller with the LM
training algorithm, enabling rapid convergence and high
prediction accuracy without the need for a specific

mathematical model of the PV system. This data-driven
approach effectively captures the nonlinear behavior of PV
characteristics under varying environmental conditions.
Another key strength is the comprehensive evaluation of
system performance under both normal operating conditions
and severe grid disturbances. By considering the LLLG fault
scenario, this study goes beyond conventional MPPT
performance evaluation and demonstrates the robustness and
fault tolerance of the proposed controller. Furthermore, the
reduction of harmonic distortion and improvement of DC bus
voltage quality highlight the practical benefits of the
proposed method in enhancing overall energy conversion
efficiency and grid compatibility. Despite these advantages,
the proposed method still has some limitations. The
performance of ANN-based MPPT controllers is highly
dependent on the quality and representativeness of the
training dataset. Insufficient or skewed training data can
reduce tracking accuracy under unknown operating
conditions. Furthermore, the computational complexity of
training ANNs using LM algorithms can make real-time
deployment on inexpensive embedded platforms challenging,
especially in large-scale optoelectronic systems. Moreover,
this research is primarily validated through simulation. While
the results show promising performance, experimental
validation on a hardware test system is necessary to fully
assess real-world implementation issues such as sensor noise,
parameter uncertainty, and communication latency. These
aspects will be addressed in subsequent studies.

Following this introduction, the paper is organized into
several sections. Section 2 details the grid-connected solar
energy conversion system. Section 3 discusses the proposed
control solutions. Section 4 presents the simulation results
under both normal and fault conditions. Finally, the
conclusion summarizes the research's key findings.

2. Grid-Connected PV Solar Energy Conversion System

Fig. 1 shows the configuration of the grid-connected PV
control system. The PV array is rated at 219.961 W under
standard test conditions, 1000 W/m? irradiance, and 25°C
cell temperature. It is interfaced with a dedicated DC-DC
boost converter. The converter is controlled by an ANN-
based MPPT algorithm to regulate the PV terminal voltage
and ensure maximum power extraction. The boost converter
output is connected to a common DC-link with a nominal
voltage of 1000 V.
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Fig. 1. Grid-connected solar power system.
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The energy is then converted to three-phase AC via a
three-level neutral point clamped (NPC) inverter, producing
an AC voltage of approximately 500 V. A DC voltage link
controller controls the inverter to maintain a DC voltage of
1000 V despite variations in input power from the PV arrays.
Additionally, the system is equipped with a reactive power
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controller, allowing the inverter to either generate or absorb
reactive power up to £1 MVAr. To connect to the grid, the
system uses a three-phase transformer with a power rating of
2.25 MVA and a voltage rating of 500 V/25 kV. The grid-
side model includes a 25 kV distribution line and a 120 kV
transmission grid.
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Fig. 2. The control method of the studied grid-connected solar energy.

Fig. 2 illustrates the connection between the PV array
and the grid, which involves key components such as the
solar panel, boost converter, DC link [31], three-phase
inverter, RL filter, step-up transformer, and the electrical
grid. In this system, the grid-connected PV uses a three-level
NPC inverter and a sophisticated control structure that
integrates artificial intelligence. The input energy from the
PV array is processed through a diode and an RL filter before
entering the boost converter, which steps up the Vy to the
DC link voltage Vg.. The MPPT control is executed in
parallel by two algorithms: the traditional P&O algorithm,
which uses an adaptable step size, and the proposed LM-
based algorithm. This enables the system to switch flexibly
between these two algorithms depending on the actual
operating conditions.

The MPPT signal is then used to control the boost
converter's duty cycle (D). The DC voltage from the boost
converter is fed to the three-level NPC inverter, where it is
converted to a three-phase AC voltage and filtered by the RL
circuit. The signal then passes through the transformer and is
connected to the grid via the distribution line. In terms of
control, the system employs a double closed-loop control
strategy, comprising current control and reactive power

control. The measured outputs from the grid, Vanc g and lasc g,
are fed into a phase-locked loop (PLL) block to extract
synchronized components such as frequency, real power
Pmean, and reactive power Qmean, as well as voltage and
current components in the dg frame.

The reactive power regulator block handles the error
between the actual and reference reactive power Qref,
adjusting the reference current Iq rer. Similarly, the Vg
regulator block controls the reference current Iy ref to
maintain a stable DC voltage. All control signals, 14 rer and
Iq rer, are compared with the actual currents Iy mean and lq_mean,
and the error is sent to the current regulator block to compute
the control voltage Vuq_conv, Which generates the three-phase
reference voltage Vanc_ref for the three-level PWM controller.

2.1. Photovoltaic Array Model

The goal of equivalent circuit models [29] is to represent
the overall |-V characteristic of a PV cell, module, or array as
a continuous mathematical relationship involving key
electrical variables. A PV array is formed by connecting
multiple PV modules in series to achieve the desired voltage
and in parallel to provide the required current. This
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configuration allows the system to efficiently meet specific
power requirements. The equivalent circuit model
representing a PV module arranged in np parallel and ns series
connections is illustrated in Fig. 3 [28].

\A%Solar Irradiance
Np

|L G nsé

Fig. 3. Electrical equivalent model of a photovoltaic array.

To mathematically describe the equivalent circuit of a
PV cell, Kirchhoff’s current law is applied, leading to the
following expression for the output current [29].

I —lg—lg 1)

where I, is the photocurrent generated by sunlight, g is the
loss diode current, and I, is the photocurrent generated by
sunlight. The diode current lg in a single-diode PV model
follows the Shockley equation for an ideal diode [30].

_ OVarr +Reelarr ) |
Id_ls[exp[ n(KT. /a) j 1} (2)

where Is is the reverse saturation current of the diode, q is the
electron charge 1.6x10°° C, n is the diode ideality factor
typically between 1 and 2, Rs is the internal series resistance,
Varr is the terminal voltage of the PV cell, k is the
Boltzmann’s constant 1.38x102J/K, and T is the is the
cell’s junction temperature in Kelvin. Meanwhile, the shunt
current Isn, caused by leakage through the shunt resistance
Rsh, is given as follows.

Vyr + R lo0)0
Ish — arr R se " arr (3)
sh

arr = I

Combining these relationships, the final expression for
the output current of the single-diode PV model as follows.

(Varr + Rse I arr )q

e =11 1A ot @
in with A= exp| Varr *Reelarr)d )
n(KT, /q)

This comprehensive formulation captures both the
diode’s nonlinear characteristics and the effects of resistive
losses within the PV cell. As illustrated in Fig. 3, the
equivalent circuit of a PV array consists of multiple PV cells
arranged with n;s cells in series and n, strings in parallel. The
overall output current of the array can be expressed using the
following relation.

(Varr +Rse (ns/np) I arr)q
Rsh (ns/np)

Ia,,:anL—nplsB—[ (5)
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(Varr +RSE (nS/n p)l arr )q
n,n(kT./q)
is the total voltage of the array, and la is the total output

current. Therefore, the reverse saturation ls is the diode
current, n is the diode coefficient.

where B =exp[ ]—1, in which Vg

The simulation and demonstration are based on a
Solarex PV module, Canadian Solar Inc. CS5P-220M [31],
consisting of 66 polycrystalline cells connected in series
Table 1. The I-V and P-V characteristics of the P-V array are
illustrated in Figs. 4a and 4b.
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Fig. 4. Specifications of a PV array; (a) the 1-V characteristic
and (b) the P-V characteristic.

Table 1. The unique electrical properties of a single module

PV panel parameters Symbols Values
Maximum power Prmax 219.961W
Cells per module Narr 96
Open circuit voltage Voc 59.40 V
Short-circuit current Isc 510 A
Voltage at MPP Vinp 46.90 V
Current at MPP Imp 4.690 A
Temperature coefficient of Vo %l/deg.C | -0.374
Temperature coefficient of I %/deg.C | 0.089
Cell-temperature te 25°C

2.2. DC/DC Converter Model

One of the essential components of this system is the
DC/DC boost converter, which increases the voltage from
the PV array to the level required for conversion to AC via
the inverter and grid integration. This converter plays a vital
role in boosting the DC voltage from the PV array to the
optimum level for efficient use in conversion to AC and grid
integration, as shown in Fig. 2. The DC/DC boost converter
is controlled by the duty cycle, with the output voltage Vo
and current o related to the input voltage and current as
follows:
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Y/ :Vi
" 1-a (6)
IOzlpv(:l-_a)

where o is obtained as the output of the MPPT control
system.

2.3. RL Filter

The RL filter is incorporated into the inverter to enhance
the load current and minimize switching losses in the power
components. The inductance value is determined by the
current ripple, which typically ranges from 15% to 25% of
the rated current. To calculate the appropriate inductance, the
maximum current ripple can be calculated as follows.

A=l Ve @)
8 Lf 1:sw

where Vg is the DC voltage, L; is the filter inductance, and
fsw is the inverter switching frequency. The inductance value
Lt in this system is typically set so that the current ripple does
not exceed 20% of the rated current. The RL filter plays a
crucial role in minimizing inverter-induced harmonic
distortion, improving current quality, and mitigating negative
impacts on the system's electronic devices.
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Fig. 5. The model of a three-phase electrical system.
2.4. Model of Different Grid Elements
This model simulates a three-phase electrical system,

including key components such as a three-phase transformer,
three-phase power source, transmission lines, and RLC loads
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in Fig. 5. The transformer has an input voltage of 120 kV and
an output voltage of 25 kV, with a power rating of 47 MVA,
which adjusts the voltage between different levels of the
system. The three-phase power source provides energy to the
system, with a voltage of 120 kV and a power rating of 2500
MVA. The model also features a grounding transformer to
safeguard the system in the event of faults, ensuring the
safety of both personnel and equipment.

The transmission lines, with lengths of 8 km, 2 km, and
6 km, model the distributed parameters such as resistance
and reactance, which affect the power transmission and
system efficiency. The three-phase parallel RLC loads, rated
at 30 MW and 2 MW, simulate energy-consuming devices,
enabling analysis of the load's impact on system stability.
Voltage and current measurements at key points enable
monitoring and ensure proper system operation, allowing
early fault detection and performance optimization. This
model helps analyze the stability and efficiency of the three-
phase electrical system when the system operates under
normal conditions and when an LLLG occurs.

3. Proposed Control Solution for Maximum Power
Point Tracking

3.1. Dynamic Step Size Tuning Solution

This improved P&O MPPT algorithm adjusts the
dynamic step-size tuning during MPP tracking. The process
begins by measuring the voltage and current of the PV array
at a time. The PV power at this time is calculated as follows.

va )= va Ml pv ®) (8)

Next, the algorithm calculates the change in power and
voltage between time (t) and (t —1), as follows.

APy, (1) =V, (D1, (t-1) ©)
AV, (1) =V, OV (1) (10)

This calculation of the changes helps the system
understand the trend in power and voltage, allowing it to
decide the direction of the next adjustment. Once the changes
in power and voltage are computed, the algorithm calculates
the step-size adjustment as follows.

AD = N (abs(AP,, + AV, Al ) (11)

where N is a scaling factor that helps adjust the step size
appropriately. When there is a significant change in power,
the step size will be large to help track the MPP quickly.
Conversely, when power changes are small, the step size
decreases to avoid oscillations around the MPP.

The algorithm continues by checking three key
conditions. If APp(t) = 0, indicating no change in power, the
algorithm will not change the step size and will continue
tracking the current state. If APy (t) > 0, meaning power is
increasing, the algorithm will increase the step size to track
the MPP faster. If APy (t) < 0, meaning power is decreasing,
the algorithm will reduce the step size and reverse direction
to move closer to the MPP.
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The step-size adjustment is crucial for improving the
efficiency of the MPPT algorithm, enabling the system to
dynamically adapt to changing environmental conditions,
minimize oscillations around the MPP, and thereby ensure
faster convergence.

D(t+1) =D(t) + AD (12)

where D(t) is the duty cycle at time, D(t + 1) is the duty cycle
at the next time step (t + 1), and +AD means the step size can
either be added or subtracted, depending on the change in

L.V. Dai and H.H.B. Nghia, Vol.10, No.1, March, 2026

power AP between the two time steps. Finally, after each
adjustment, the values of D(t), Vp(t), In(t), and Pp(t) are
stored and used in the next iterations, allowing the system to
continue tracking the MPP stably. This method helps reduce
oscillations and improve MPPT accuracy, especially under
rapidly changing environmental conditions such as solar
irradiance and temperature. Fig. 6 illustrates the flowchart of
the proposed P&O MPPT approach with an adaptable step
size.

Measure: Vp,(t) and I,,(t)

!

Applying Egs. (8)-(11)

o,

€s

AP, (1) =0

D(t+ 1) = D(t) + AD D(t+ 1) = D(t) - AD

D(t + 1) = D(t) + AD D(t+ 1) = D(t) - AD

I I

I }

!

D(t) = D(t + 1); Vpu(t) = Vpu(t - 1); 1pu(t) = o (t + 1); Ppu(t) = Ppu(t + 1)

l

Update: D(t + 1)

Fig. 6. Flowchart of the P&O MPPT algorithm using the dynamic step size tuning solution.

3.2. Artificial Neural Network Solution

Fig. 7 presents a neural network architecture with two
layers, each incorporating bias (b) and weight (W) elements.
The inputs are first combined with the bias, then passed
through an activation function, represented by the curved line
in Layer 10 and the straight line in Layer 2. This design
allows the input data, which includes two signals as voltage
and current, to undergo nonlinear transformations. As a
result, the network is capable of learning complex patterns
and relationships between the input data and the output
signal, which corresponds to the D [32].

LM is a widely used optimization algorithm for training
an ANN. It is especially effective at addressing nonlinear
regression issues and determining optimal weights to
minimize the discrepancy between predicted and target
outputs. The LM method combines the Gauss-Newton and
steepest descent approaches, iteratively adjusting the weights

to reduce the error, typically quantified by the mean squared
error (MSE).

The deployment of ANN optimized via the LM
algorithm has emerged as a cornerstone for enhancing the
efficacy of PV systems. This computational approach is not
merely an engineering preference but a strategic necessity to
minimize the carbon footprint of energy-intensive processes
by maximizing renewable penetration. The architectural
workflow begins with the acquisition of stochastic physical
signals: PV voltage Vv and current ly. To ensure numerical
stability and prevent gradient saturation, a common pitfall,
deep learning input signals are subjected to a normalization
process within the input block. This maps the physical
domain into a closed interval using the min-max transform:

X— Xmin

X

-1 (13)

Xmax ~ Xmin

where Xmin and Xmax are the minimum and maximum values of
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the training dataset, respectively, and x is the actual value Vp,
or lp,. Upon entering Layer 1, the system uses a tapped-delay
line. From my experience, this is critical for PV applications
as it provides the network with temporal awareness, allowing
it to remember previous irradiance states. The mathematical
core of this layer consists of 15 parallel neurons. Each
neuron i computes a weighted sum of the inputs based on the
input weight matrix IW{1,1}, defined as:

(14)

Il
M-
=

This weighted input is then biased by b; to adjust the
decision threshold as follows.

N =2%; +bi (15)

To capture the highly nonlinear characteristics of
semiconductor  devices under varying environmental
conditions, the Hyperbolic Tangent Sigmoid activation
function is employed and can be defined as follows.

n; -n;
a; = tansig(n;) =% (16)
e’ +e

The hallmark of this specific implementation is the LM
training protocol. Unlike standard gradient descent, the LM
algorithm provides a robust bridge between the Gauss-
Newton method and the steepest descent. It updates the
weight vector w by approximating the Hessian matrix and
can be calculated as follows.

System-level block dlagram
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Wiy =W, —[3TI+4707e (17)

where J is the Jacobian matrix and u is the damping factor.
This ensures rapid convergence even in complex search
spaces, which is vital for real-time MPPT control. The latent
features processed in Layer 1 are then aggregated in the
output Layer 2 through a linear transfer function, denoted as
purelin, and computed as follows.

a{2} = IW2}x a{l} + b{2} (18)

Finally, the process output block performs de-
normalization to translate the network's abstract output into a
tangible PWM signal, denoted as D, and determined as
follows.

D= (a{2}+l)(Dzmax — Dmin)

By integrating ANN-LM control into PV systems to
maximize power output from PV arrays using precise
nonlinear control, a faster, more stable transition towards
high-power renewable energy integration is facilitated.
Ultimately, this framework ensures dynamic stability and
enhances system efficiency, maintaining optimal operating
points even under rapidly changing atmospheric conditions,
thereby guaranteeing a robust and sustainable energy
architecture.

+ Dmin (19)

Process Input 1
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Fig. 7. Feedforward neural network architecture.

The LM algorithm adjusts the step size based on the
curvature of the error surface, using a damping parameter to
balance local and global search directions. This approach
ensures fast convergence and stability while avoiding local
minima. LM is effective in approximating the Hessian matrix
without requiring direct computation, making it suitable for
large networks. The algorithm is also resistant to local
minima and automatically adjusts during training. It is
widely used in machine learning due to its fast convergence
and efficient handling of complex error surfaces [33].

Based on the regression plots in Fig. 8, we observe high
accuracy in the artificial neural network training and testing
model using the LM algorithm. Specifically, during the
Training phase, the training correlation coefficient (R) value
is 0.93129; see Fig. 8a. The relationship between the output
and target fits well with the dotted line (Y = T). The training
R value of 0.93129 indicates that the model has been trained
effectively, with relatively small errors between the actual
data and the predicted values. In the validation phase, the
validation R value of 0.93024, shown in Fig. 8b, indicates
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that the model generalizes well when applied to the
validation data. The output is still close to the target value,
although there is a slight decrease in accuracy compared to
the training phase. During the test phase, the test R value was
0.93142. As shown in Fig. 8c, the model performs
excellently on the test data, achieving a test R value of
0.93142. This demonstrates that the model can accurately
predict not only on training and validation data but also on
completely new data. The overall R value of 0.93115; Fig. 8d
combines the training, validation, and test phases, showing
an overall regression R value of 0.93115.

This indicates that the model maintains accurate and
stable prediction performance across all datasets. The high
regression values across all phases indicate that the LM
algorithm has effectively trained the ANN, with minimal
error and strong generalization across training, validation,
and test data.
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Fig. 8. Regression plot of the LM algorithm with the
different correlation coefficient (R): (a) the training R value
of 0.93129, (b) the validation R value of 0.93024, (c) the test

R value of 0.93142, and (d) the overall R value of 0.93115.
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Fig. 9. Error histogram plot of the LM algorithm.

The error histogram in Fig. 9 shows the results obtained
with the artificial neural network using the LM algorithm.
This histogram consists of a total of 20 bins, with errors
ranging from -1.161 to 1.683. The data is distributed across
these bins, with errors mainly concentrated in the range from
-1.161 to 1.683. Notably, the bar representing 0% error
indicates that some samples have zero errors, demonstrating
that the model has learned accurately and made almost
perfect predictions. These results show that the ANN has
effectively optimized the MPPT with minimal error,
achieving accurate convergence during the training, test, and
validation phases.

Figs. 10a -10c and Fig. 11 illustrate both the training and
performance evaluation phases of the artificial neural
network used to process the selected dataset. The validation
checks for the training dataset, as well as the gradient and
momentum (mu) parameters at 1000" epochs, are shown in
Fig. 9. The simulation results indicate that at the 1000™
epoch, the gradient value is 0.031757, suggesting minimal
variance from the training data and a small loss function.
These results imply that the cumulative error is primarily due
to the decision to generate zero outputs and the average value
for each input vector. The effectiveness of the LM algorithm
for MPPT is evident from the very low gradient values and
the validation tests on the training dataset.

Gradient = 0.031757, at epoch 1000

=3
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Validation Checks = 0, at epoch 1000A
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Fig. 10. Training test plot of the LM algorithm; (a) the
gradient, (b) the mu, and (c) the valfail.

Fig. 11 shows the MSE for the samples in the training
dataset across different epochs, indicating an optimal training
outcome at the 1000 epoch. As a result, the dataset achieves
the highest validation performance after 1000" epochs.
Based on the simulation results, the validation performance
of 0.030737 at the 1000" epoch is the best. The MPPT
estimation using the LM method achieved nearly zero
validation performance, indicating a very low error rate.
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Best Validation Performance is 0.030737 at epoch 1000
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Fig. 11. Performance plot of the LM algorithm.

4, Results and Simulation

A control system for connecting a PV array to the grid
has been developed and comprehensively simulated in
MATLAB/Simulink. A comparative analysis is performed to
evaluate the performance and efficiency of the proposed
control strategy. Specifically, the study focuses on assessing
the robustness and dynamic response of the controller under
two distinct conditions: normal operation and during an
LLLG fault. The proposed control system exhibits strong
stability and reliable performance in both scenarios,
demonstrating its resilience and adaptability to disturbances.
The simulation model is constructed and illustrated in Fig. 2,
with the PV panel parameters provided in Table 1 and the
system parameters presented in Appendix 1.

In the simulation of the system control using the ANN
controller trained with the LM algorithm, the following
parameters are set: the DC voltage supplied to the rectifier is
Vec = 1000 V throughout the simulation, the switching
frequency is Ts = 2.5x107 seconds, and the simulation time is
t = 2.5 seconds in without fault, and t = 1.5 seconds in with
fault. The simulation, conducted in MATLAB/Simulink,
aims to evaluate the performance of the proposed MPPT
control method compared to the conventional method that
incorporates a dynamic step-size tuning solution.

4.1. Case Study 1

Considering Normal Operating Conditions: The initial
analysis of the grid for all parameters is carried out without
any faults in the distribution network, with irradiance set as
shown in Fig. 12. Based on Figs. 13a - 13c, both MPPT
algorithms, the conventional method and the proposed
method, maintain stable voltage and current for the PV
arrays, with the proposed method demonstrating better
stability throughout the simulation. Specifically, while the
voltage of PV arrays remains stable at high levels in both
methods, the proposed method maintains smoother power
and achieves optimal values more quickly compared to the
conventional method.

Fig. 14 illustrates the DC-link voltage under the control
of two MPPT algorithms: the proposed method and the
conventional method. The DC-link voltage is controlled to
maintain stability, as indicated by the red reference voltage
line. From the figure, it can be observed that while the

conventional method causes significant fluctuations in the
DC-link voltage, the proposed method maintains a more
stable voltage with fewer variations.
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Fig. 12. The solar irradiance pattern applied to PV arrays.
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Fig. 13. The PV panel parameters: (a) the voltage, (b) the
current, and (c) the active power.
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Fig. 14. Dynamic performance of the DC-link voltage under
normal operating conditions.

The current of the PV arrays increases similarly in both
methods, but the proposed method experiences fewer
fluctuations. Table 2 summarizes the voltage, current, and
power values for the two panels, showing that from 0.2 to 0.4
seconds, the power of both PV arrays increases, but the
conventional method produces lower power than the
proposed method. Meanwhile, the proposed method
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maintains more stable power and is less affected by changes
in irradiance conditions.

Specifically, with the conventional method, the DC-link
voltage fluctuates strongly around the reference value, as
shown in Table 3, and both methods exhibit voltage
overshoot. The percentage overshoot total (%POT) indicates
that the proposed method is more effective at maintaining a
stable DC-link voltage than the conventional method.
Specifically, the conventional method yields a total % POT
of 1.496%, while the proposed method yields 1.292%. This
indicates that the proposed method causes less fluctuation

_ I\ L.V. Dai and H.H.B. Nghia, Vol.10, No.1, March, 2026

and overshoot, helping to maintain better voltage stability
throughout the operation.

Figs. 15a and 15b show the voltage at the PCC bus with
a constant, where the peak voltage per phase is 2x10% V.
Regardless of variations in the injected power from the
combined system, the PCC bus voltage for both the
conventional method and proposed methods remains stable.
This demonstrates the ability of both methods to maintain
voltage stability despite fluctuations in irradiance or changes
in input power conditions.

Table 2. Summary of PV array values by the conventional and the proposed methods in case study 1

PV array values
Time .
Conventional method Proposed method
(seconds)
Vo (V) lov (A) Poux10%(W) | Vpy (V) lov (A) Ppyx10° (W)

0-0.2 0 0 0 0 0 0
0.2-0.4 | 646.017 | 1333.550 8.23825 689.519 | 1086.800 7.53377
0.4-0.6 | 645.563 | 1377.380 8.99997 689.959 | 1194.290 8.26264
0.6-12 | 647.657 | 1873.300 12.02330 690.494 | 1611.230 11.16610
12-15 | 647.860 | 2317.430 15.01660 691.413 | 2013.750 13.95530
15-1.8 | 653.187 | 1721.640 11.26930 690.257 | 1507.730 10.44850
1.8-2.0 | 645.653 | 1376.910 9.00257 689.373 | 1194.610 8.27390
2.0-25 | 647.220 | 1607.700 10.51800 690.145 | 1404.500 9.87954

Table 3. Overshoot and stability of DC-link voltage for the conventional and the proposed methods

Stidied values
(sz;rcm?js) References Vee (V) POT (%)
Ve (V) Conventional method | Proposed method | Conventional method | Proposed method

0.2 1022.100 1026.600 2.162 2.591
0.6 1015.440 1011.710 1.520 1.157
1.2 1015.090 1010.920 1.486 1.080
1.5 1000 977.426 982.221 2.309 1.810
1.8 985.230 988.956 1.499 1.116
2.0 1009.040 1006.530 0.895 0.648

Total 1.496 1.292
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Fig. 15. Dynamic performance of the voltage at the PCC bus
under normal operating conditions: (a) proposed method and
(b) the conventional method.

The current data for the PCC bus is distributed across
three phases, as shown in Figs. 16 and 16b. When irradiance
conditions change, slight variations in the current of each
phase can be observed, but the voltage remains stable and
undistorted, indicating the effectiveness of both the
conventional and proposed methods in maintaining voltage
quality under external changes. This shows that both
methods are effective in maintaining system stability,
especially when irradiance and injected power fluctuate.

Based on Figs. 17 and 18, it can be observed that both
the active and reactive power of the system under the control
of the conventional and proposed method algorithms remain
stable, with the proposed method showing superior stability.
Specifically, the active power of the system remains stable at
25 MW, with the proposed method more effective at
maintaining this level without significant fluctuations,
whereas the conventional method shows slight variations in
active power. Regarding reactive power, the system
maintains 0.911 MVAr, indicating a relatively high level,
while the power factor remains close to 1, ensuring high
operational efficiency and minimizing energy losses. Both
algorithms maintain stable reactive power at 0.911 MVAr,
but the proposed method better preserves the stability of both
active and reactive power, particularly under changing
irradiance conditions.

100 ‘ . i 2

Current at PCC bus (A)

(b Time (s) A

Fig. 16. Dynamic performance of the current at the PCC bus
under normal operating conditions: (a) proposed method and
(b) the conventional method.
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Fig. 17. The active power under normal operating conditions.
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Fig. 18. The reactive power under normal operating
conditions.

Based on the analysis of Figs. 19a and 19b show a clear
distinction between the two MPPT control methods, the
proposed method, and the conventional method, in terms of
voltage waveforms, phase current, and harmonic distortion
(THD). Although the THD of the input voltage is relatively
high in both methods, with the proposed method showing a
THD of 38.99% and the conventional method at 39.07%, this
is primarily due to the DC-AC conversion process in the
inverter and the rapid changes in irradiance conditions.
However, both methods maintain very low THD in phase
current, 0.04%, indicating nearly ideal current quality with
negligible harmonic distortion.

Inverter voltage Phase A current
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Fig. 19. Comparison of output voltage waveform, phase
current, and their THD under normal operating conditions:
(a) the proposed method and (b) the conventional method.

The proposed method maintains higher stability in
voltage and phase current, with fewer fluctuations than the
conventional method, resulting in better system performance.
Despite the high harmonic distortion in the input voltage, the
proposed method still maintains stable reactive power and
better energy quality. In contrast, the conventional method
shows greater fluctuations in voltage and current waveforms,
leading to higher THD in the input voltage, yet it keeps
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reactive power at a low level, indicating reasonable
performance under varying light conditions.

4.2. Case Study 2

Considering Grid Fault Condition: LLLG is a common
electrical fault that frequently occurs in industrial
environments, particularly in renewable energy systems that
utilize power electronics, such as inverters and DC-AC
converters. When this fault occurs, excessive current can
flow, causing significant fluctuations in the system's voltage
and current parameters, and posing a risk of damage to
semiconductor devices due to their fast response times.
Therefore, managing and stabilizing voltage and current
during the fault event is crucial to protect the system [34]. In
this simulation, an LLLG fault at the PCC bus with a
duration of 0.1 seconds occurs at 0.4 seconds, while the
irradiance is maintained at 1000 W/m? throughout the
simulation period, as shown in Fig. 20. This fault has a
noticeable impact on the operational parameters of the PV
arrays.
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Fig. 20. The solar irradiance pattern applied to PV arrays.

Specifically, as shown in Fig. 21a, the voltage of the PV
arrays both increased sharply during the LLLG fault. Within
0.4 to 0.5 seconds, the conventional method caused the
voltage to increase from about 650 to 780 V, while the
proposed method increased from 690 to 780 V. After the
fault was cleared within about 0.5 seconds, the voltage began
to recover and stabilize back to its original value of about
650 V for the conventional method and 690 V for the
proposed method. Regarding the current, as shown in Fig.
21b, the current of both PVs decreased significantly during
the fault. The current almost dropped to 0 A at the time of the
fault, indicating an interruption in the power supply from the
PV arrays due to the three-phase fault. After the fault is
cleared, Fig. 21b shows that the current recovers and
increases again to approximately 2000 A for the conventional
method and 2300 A for the proposed method, indicating a
gradual return to stability.

Regarding power, Fig. 21c shows that the output power
from the PV arrays drops sharply during the LLLG fault.
Observing from this figure, the power drops from a high
value of about 14x10° W to nearly 0 MW for the proposed
method and from 15x10° W to nearly 0 MW for the
conventional method, indicating that both PV arrays are
unable to supply power during the fault. However,
immediately after the fault is cleared, the power recovers
rapidly and stabilizes to its initial level, demonstrating the
system's ability to quickly return to normal operation. Thus,
although there is a significant drop in voltage, current, and

power during the LLLG fault, the system recovers rapidly
and maintains stability after the fault is cleared.
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Fig. 21. PV panel parameters: (a) the voltage,
(b) the current, and (c) the active power.

The DC voltage suddenly increases at 0.4 seconds, and
the conventional method causes it to rise from 1000 to
2071.780 V before dropping back to 1000 V once the fault is
cleared, with a settling time of te = 0.713 seconds. In
contrast, the proposed method causes the voltage to rise from
1000 to 1357.660 V before returning to 1000 V when the
fault is resolved, with a shorter settling time of ts: = 0.539
seconds, demonstrating the proposed method more flexible
adjustment and quicker fault recovery, as shown in Fig. 22.
The voltage increase for the conventional method is a factor
of 2.07 from 1000 to 2071.780 V, while for proposed
method, the voltage increase is a factor of 1.36 from 1000 to
1357.66 V.
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Fig. 22. Dynamic performance of the DC-link voltage under
LLLG fault.

The three-phase voltage behavior at the PCC bus during
the LLLG fault, using two control methods, the conventional
method and the proposed method, is illustrated in Figs. 23a
and 23b. The voltage remains constant at 2x10* V before the
fault. During the fault, the grid voltage drops to zero between
0.4 and 0.5 seconds. The voltage then recovers to its normal
level after 0.5 seconds. It is noted that the inverter is off for
0.4 to 0.5 seconds during the fault.

Figs. 24a and 24b present the behavior of the three-phase
current at the PCC bus during an LLLG fault under the
control of two MPPT methods: the conventional method and
the proposed method. In Fig. 24a, the current remains
constant at 95 A before the fault occurs, then increases to 560

42



]
W
’o.’

&
W

JSmartCrid

INTERNATIONAL JOURNAL of SMART GRID

A during the fault. After the fault is cleared, the current
returns to 95 A and stabilizes once the fault is resolved.
Similarly, Fig. 24b shows the current at 93 A before the fault,
rising to 610 A during the fault, and dropping back to 93 A
after the fault is cleared. Once the fault condition ends, the
current stabilizes at its normal value of 93 A. Both methods
effectively handle the fault, with the proposed method
demonstrating slightly better current recovery, suggesting a
marginally more efficient response to fault events.
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Fig. 23. Dynamic performance of the PCC-Bus voltage under
LLLG fault conditions: (a) the proposed method and (b) the
conventional method.
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Fig. 24. Dynamic performance of the PCC bus current under
LLLG fault: (a) the proposed method and (b) the
conventional method.

Based on Figs. 25 and 26, during the LLLG fault, both
active power and reactive power for the conventional method
and the proposed method experience significant reductions.
Specifically, the active power for both methods drops nearly
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to 0 MW during the fault from 0 to 0.5 seconds. However,
the proposed method recovers the active power more
quickly, reaching approximately 2.5 MW and stabilizing,
whereas the conventional method recovers more slowly,
maintaining the power below 2 MW. Regarding reactive
power, both methods exhibit substantial fluctuations during
the fault, with a peak at the time of the fault. After the fault is
cleared, the reactive power of both methods stabilizes at 1.0
MVAr, but the proposed method shows greater reactive
power fluctuations, demonstrating its more flexible
adjustment and faster recovery compared to the conventional
method. In conclusion, the proposed method exhibits faster,
more stable power recovery, whereas the conventional
method shows slower recovery.
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Fig. 25. The active power under LLLG fault.
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Fig. 26. The reactive power under LLLG fault.
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Fig. 27. Comparison of output voltage waveform, phase A
current, and their harmonic spectra under LLLG condition:
(a) the proposed method and (b) the conventional method.
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Table 4. Comparison of inverter voltage and THD (%) of phase A current under conditions of the post-fault, fault-free, and
LLLG fault when applying the proposed and the conventional methods

THD (%)
Methods Conditions Fault-free LLLG fault Post-fault
Signals (0.35 - 0.4 seconds) (0.4 - 0.5 seconds) (0.5 - 0.6 seconds)
Vinv (V) 39.07 122.37 38.25
Proposed method
la (A) 0.04 16.34 0.87
Vinv (V) 39.07 147.31 50.78
Conventional method
la (A) 0.04 16.49 0.90

Based on Figs. 27a and 27b, and Table 4, during the
LLLG fault, both the conventional method and the proposed
method exhibit significant fluctuations in voltage and phase
current, but the proposed method demonstrates more stable
and effective control. Specifically, the conventional method
has a voltage THD of 147.31%, which is much higher than
the proposed method's 122.37%, indicating that the proposed
method maintains a more stable voltage quality during the
fault. Although both methods exhibit voltage fluctuations
during the fault, the conventional method shows greater
distortion, indicating instability in maintaining the output
voltage. Regarding phase current, the conventional method
has a THD of 50.78%, which is higher than the proposed
method at 38.25%, indicating that the conventional method
experiences more significant current fluctuations during the
fault. The proposed method offers better stability with lower
THD, less distortion, and higher current control stability.
Overall, the proposed method demonstrates faster recovery
and better maintenance of power quality compared to the
conventional method during the LLLG fault, thanks to its
stability in both voltage and current. The lower THD in both
voltage and current for the proposed method demonstrates
that it is more effective at minimizing distortion and
maintaining system stability under fault conditions.

5. Conclusion

This paper has presented the development and simulation
of a grid-connected solar energy conversion system utilizing
a three-level NPC inverter and an advanced MPPT controller
based on an artificial neural network (ANN) trained with the
Levenberg-Marquardt (LM) algorithm. The study evaluated
the system's performance in terms of stability, power quality,
and fault resilience through a comparative analysis with a
conventional dynamic-step-size P&O method. Based on the
obtained simulation results, the following conclusions are
drawn:

The proposed ANN-LM control strategy significantly
improves the DC-link voltage stability under varying
irradiance conditions. The quantitative analysis shows that
the proposed method reduces the total percentage overshoot
to 1.292%, compared to 1.496% for the conventional
method. This result indicates that the neural network's
nonlinear mapping capability enables more precise tracking
of the maximum power point with minimal oscillation,

thereby reducing energy losses and mechanical stress on
system components compared to traditional gradient-based
algorithms.

The simulation of the system under a three-phase-to-
ground (LLLG) fault scenario demonstrates the superior
dynamic response of the proposed controller. The system
utilizing the ANN-LM algorithm achieves a voltage recovery
settling time of 0.539 seconds, which is markedly faster than
the 0.713 seconds required by the conventional method.
Additionally, the voltage surge during the fault is limited to
1.36 times the nominal value with the proposed method,
versus 2.07 times with the traditional approach. This rapid
recovery is attributed to the predictive nature of the trained
neural network, which can instantly estimate the optimal
duty cycle, even during severe voltage dips, unlike the
reactive adjustments of the P&O method.

The proposed method maintains better power quality
during fault conditions, as evidenced by the total harmonic
distortion (THD) analysis. During the LLLG fault, the THD
of the inverter voltage for the proposed method is 122.37%,
significantly lower than the 147.31% recorded for the
conventional method; similarly, the phase current THD is
reduced to 38.25% compared to 50.78%. This peculiarity
suggests that the ANN's robust control of the DC-link
voltage effectively mitigates the propagation of harmonic
distortions through the inverter during transient states,
ensuring safer grid integration.

The application of the Levenberg-Marquardt algorithm
for training the neural network resulted in a high correlation
coefficient equal to 0.931 across training, validation, and
testing phases. This quantitative indicator confirms the
MPPT model's precision. The essence of this result lies in the
LM algorithm's ability to combine the speed of the Gauss-
Newton method with the stability of the steepest descent
method, preventing the network from getting trapped in local
minima and ensuring reliable performance across diverse
operating conditions.
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Vs 500V
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D limits [Upper, Lower]
Lower 0.3
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Measurement filter cutoff frequency 1000 Hz
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Resistance pu length NxN 0.1153
(Q/km) [ NxN matrix ] matrix 0.413
Inductance pu length NxXN 1.05x10°
(H/km) [ NxN matrix ] matrix 3.32x103
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(F/km) [ NXN matrix] matrix 5.01x10°¢
» Grounding Transformer
Nominal power and Pn 3e6 VA
frequency f, 50 Hz
Nominal voltage (Vrms)  V 25 kv
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