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Mathematical modelling of solar power converters

Abstract. The study was conducted to develop a mathematical model of photovoltaic systems using artificial neural
networks. A mathematical model of the photovoltaic system was established, a simulation process was implemented
considering key parameters, and a maximum power point tracking method was applied to improve the efficiency of the
system. In this research, a mathematical model of photovoltaic system based on artificial neural networks was developed
and tested to improve the efficiency of solar panels. The model showed high accuracy in predicting the maximum power
point under varying environmental conditions such as illumination and temperature. Analysis of the data demonstrated that
the use of neural networks for maximum power point tracking significantly reduces energy losses compared to traditional
tracking methods. Experimental results confirmed that the proposed approach provides more stable and accurate detection
of the maximum power point in real time. The findings showed that the implementation of such a system could significantly
improve the overall performance of PV plants, especially under erratic solar conditions, making it promising for applications
in different climatic zones. In addition, the model was shown to be robust to changes in input data parameters, making
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it adaptive to different types of solar panels and operating conditions. It was also found that the neural network-based
system reduces PV plant operation and maintenance costs by minimizing the need for manual calibration and monitoring.
The resulting model will improve the accuracy and efficiency of maximum power tracking of solar panels under varying

environmental conditions

Keywords: maximum power; illumination; temperature; prediction; neural networks

INTRODUCTION

Mathematical modelling of solar converters occupies an
important place in improving their efficiency and reliabili-
ty. With the increasing interest in renewable energy sourc-
es such as solar panels, more and more attention is being
paid to the development of methods for optimizing their
performance. Current approaches based on artificial neural
networks allow for improved prediction and control, mini-
mizing energy losses under changing environmental con-
ditions. The development of mathematical models capable
of accurately tracking the maximum power point (MPP) in
real time is an important step towards increasing the per-
formance of solar converters and their adaptability to differ-
ent climatic conditions. These models help to ensure more
efficient utilization of solar energy, which in turn helps
to improve the resilience of the systems and makes them
more attractive for deployment in different regions. Giv-
en current energy trends and challenges, integrating such
models into the operation of solar plants can significant-
ly reduce maintenance costs and improve overall perfor-
mance, making research in this area particularly relevant.

The problem of improving the efficiency of solar
power converters remains relevant in light of global cli-
mate change and the need for sustainable energy sources.
C.G. Villegas-Mier et al. (2021) investigated the use of ar-
tificial neural networks to improve the efficiency of solar
panels. In their work, the authors demonstrated that such
networks significantly improve MPP prediction accura-
¢y, which in turn can lead to more efficient utilization of
solar energy under different conditions. A.M. Soomar et
al. (2022) investigated methods for optimizing the perfor-
mance of photovoltaic systems under varying solar activ-
ity. From their study, it was evident that adaptive models
outperform conventional approaches by providing higher
efficiency under variable environmental factors. K. Fati-
ma et al. (2022) emphasized the integration of intelligent
systems into MPP tracking. This solution helps to reduce
energy losses and improve the overall performance of solar
installations, which is important for reliability. C.D. He-
witt et al. (2021) proposed the development of adaptive
models that take into account the climatic characteristics
of different regions. They point out that this approach is
important to improve the efficiency of solar systems, en-
suring that they perform optimally in different climatic
conditions. A. Elnozahy et al. (2021) discussed improving
the stability of solar systems based on neural networks.
The results of their study show that process automation
can achieve more reliable operation of solar installations
and minimize the risks of failures.

A. Mellit & S. Kalogirou (2021) analysed the impact
of intelligent solutions on reducing operating costs. The
paper demonstrated that minimizing manual calibration
greatly simplifies the maintenance of solar plants and re-
duces their operating costs. K.B.M. Kiran et al. (2021) ex-
amined the robustness of models to changes in input pa-
rameters. In the study, the authors concluded that such
models are more effective under a variety of operating con-
ditions, making them promising for future use. M.A. Mari et
al. (2021) emphasized the long-term reliability of the pro-
posed solutions. Their research opened new perspectives
for future research in the renewable energy field, allowing
the improvement of solar energy technologies. P. Sharma et
al. (2021) considered the possibility of integrating the new
models into global energy networks. The authors high-
lighted that such integration could significantly expand
the application horizons of solar technologies and increase
their international availability. Nevertheless, there remain
gaps in research on the impact of long-term operation on
the stability of the models, as well as the need to better
analyse the interaction of new technologies with existing
energy systems. In addition, research does not fully cover
the integration of renewable energy into existing energy
infrastructure, which requires further attention. The aim of
the study was to develop a mathematical model using neu-
ral networks to optimize the performance of solar panels
under changing conditions.

The objectives of the study were:

1. Analysing the role of mathematical modelling in op-
timizing the performance of solar converters.

2. Reviewing various approaches to the use of artificial
neural networks in the context of predicting the maximum
power output of solar panels.

3. Evaluating the results of implementing these mod-
els in real-life operating conditions and their impact on the
overall performance of the systems.

MATERIALS AND METHODS
In this study, the equivalent external characteristics’ meth-
od was used to mathematically model the operation of a
photovoltaic system. The main objective of this approach
was to create a mathematical model of a high-power pho-
tovoltaic system that takes into account the key parame-
ters of a real power source such as short circuit current,
no-load voltage, maximum current, operating point volt-
age, temperature and illumination intensity, and physical
properties of the solar cells. The modelling was carried
out in MATLAB/SIMULINK environment, where the model
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parameters were carefully calculated to describe the oper-
ation of the photovoltaic power source. An important step
in the process was the simplification of the complex math-
ematical equations detailing the operation of the photo-
voltaic cells, allowing the formulas to be optimized to ac-
curately calculate current and voltage in response to light
and temperature conditions.

One of the key steps was the use of amathematical mod-
elincluding an equivalent circuit of the photovoltaic system
based on an equivalent circuit consisting of a current source,
diodes, and resistors connected in series and parallel. This
model was used to calculate the dependence of the system
current and power on temperature and illumination level,
which is important for evaluating its performance (Fig. 1).

25+273.15 —@ 1.1 —»{ [Eg]
Tr_value Tr Eg_value Eg0
1.2805°10(-23) —><E 1000 _.@
Boltzman Constant k Shunt resistance Rsh1
12 n] 1000 [1r0]
Ideality factor n 0 o
Short circuit cumrent Isc 43.2/72 [Vod]
Open circuit voltage Voc

Figure 1. Parameters set before running the model
Note: Tr - reference temperature (298.15 K), n — diode ide-
ological factor (1.2), k - Boltzmann constant, q — elementary
charge, Isc — short circuit current under standard test con-
ditions (STC), Eg0 - silicon forbidden bandwidth, Rs - series
resistance, Rsh — shunt resistance

Source: created by the authors

As part of the study, a simplified version of the equa-
tions describing the operation of the photovoltaic system
was created, making it easier to account for the effects of
temperature and changes in solar radiation intensity on its
operation. The main focus was on the equations for cal-
culating the short-circuit current, no-load voltage, and
maximum current and voltage at the operating point of
the system. In order to obtain accurate results, a simula-
tion modelling process of the solar module was developed
based on the above equations. The process was carried out
in a step-by-step manner where each circuit component
including the photocurrent source, and the reverse satura-
tion current of the module was modelled separately. Sep-
arate circuits were also created to simulate each equation
at each stage of the calculation, which provided higher
simulation accuracy and facilitated further analysis of the
performance of the photovoltaic system.

In the investigated photovoltaic system, six modules
were used, each module comprising six solar cells connect-
ed in series. This configuration was chosen to achieve the

required power level. To improve the overall efficiency of
the system, maximum power point tracking was imple-
mented, which significantly improved its performance un-
der varying light and temperature conditions. The use of
modern technology in the simulation process will ensure
high reliability and accuracy of the results, which will opti-
mize the performance of photovoltaic systems and improve
their efficiency in real-world conditions.

In this study, neural networks were used to optimize
the mathematical modelling of photovoltaic systems. Spe-
cifically, artificial neural networks were applied and trained
on historical data to predict power output as a function
of temperature and lighting intensity. This approach al-
lowed the identification of non-linear dependencies that
are difficult to describe using traditional methods. Neural
networks were also used to identify deviations in system
performance, which increased the accuracy of the model-
ling and enabled effective monitoring and control of the
photovoltaic plants, improving their overall performance.

RESULTS

Mathematical model of photovoltaic systems
Photovoltaic cells are the heart of solar cells. Their oper-
ation is based on the principle of converting light ener-
gy into electrical energy by means of a PN junction. The
equivalent circuit of a photovoltaic cell includes photocur-
rent, which depends on the light intensity, and diode cur-
rent, which is determined by the voltage on the cell. The
external characteristic of a photocell describes the voltage
dependence of the output current and allows calculating
its parameters (1):

I'= Ly — I (exp (q(z%) - 1) - %. (1)

The parameters A, k, g, R_and R, are included in the
equation describing the solar cell voltampere character-
istic. The ideality factor A characterizes the quality of the
p-n junction, while the resistances Rs and Rsh account for
ohmic losses in the base and emitter layers, respectively. To
develop a mathematical model of a high-power photovolta-
ic system, the method of equivalence of external character-
istics is applied. This method is based on the comparison of
real solar cell characteristics, such as short-circuit current,
no-load voltage and maximum power, with the parameters
of a simplified electrical circuit (Katche et al., 2023). The
aim of the method is to create a universal model that al-
lows simulating the behaviour of a photovoltaic system,
regardless of the number and type of elements used. The
mathematical model is created based on (Fig. 2).

Model description:

i. the term (U+IR /R in equation (1) is much smaller
than the photogenerated current and is ignored;

ii. under normal conditions, the resistance R_is less
than the forward conduction resistance of the diode, which
allows us to ignore the coefficient IR/AkA. In this case,
I, can be equated to I, which leads to a simplification of
equation (1) to the following form (2):
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Figure 2. Schematic diagram showing the process of con-
verting light energy into electrical energy in a solar cell

Note: I - photocurrent current; I, —diode current; I, -
bypass current; R, —shunt resistor; R_-series resistor; I -
current, v — voltage

Source: created by the authors

If C,=1I_/I and C,=AR6/q, then the above formula is
expressed as (3):

I=1,(1=C (exp () — 1) 3)

where U is the voltage at the terminals of the solar cell; U
is the open circuit voltage.

To find C, and C,, the following two conditions are used:

i. in the open circuit state I=1, U=U_;

ii. at the point of maximum power U=U_,I=1 .

When substituted into equation (ii), the authors obtain
4, 5):

Co=(1-")exp (=), )

where U, is the maximum voltage.

C, = (UZ’; 1) (1n (1 - Lﬂc))_l‘ (5)

Based on this, taking into account the change in
temperature Af=6- 6 _.and the change in light intensity
AS=S§/S .- 1,it turns out (6-9):

I' =I (1+AS)(1+axAof), (6)
U'oc=Uoc(1-cxAbfln(e+b x AS), (7)
I'm=Im(1+AS)(1+axAd), ®)
Um=Um(1 -cxAf)In(e +b x AS), 9)

where 6 _.=25°C and S =1 kW/m* - ambient tempera-
ture and luminous intensity under standard conditions,
respectively; a = 0.0025°C' - current temperature co-
efficient under standard conditions; b = 0.5 - constant;
¢=0.00288°C! — temperature coefficient of voltage under
standard conditions; e — base of natural logarithm.

As input data for the model, the main technical char-
acteristics of the solar panel are used. Based on mathemat-
ical equations (3-8), a simulation model is created in MAT-
LAB/SIMULINK environment, where current and power are

Sadykov et al.

output quantities depending on temperature and illumi-
nation level. The model is an electrical circuit including
diodes, current source and resistors and allows simulating
the operation of the solar module under different condi-
tions (Fig. 3).

Ng
,_‘,N\F___ Ny R
A4
— > +

Figure 3. Electrical diagram corresponding
to the actual behavior of a photovoltaic cell
Source: created by the authors

The mathematical model describing the dependence of
current on voltage in a solar cell is as follows. The photo-
current of the module, i.e., the current generated by light,
is (10):

I, =[I +K(T-298)] < Ir/1000. (10)

The dependence of the current on the voltage in a so-
lar cell is described by the following equation. The current
created by light is (11):

I.=1I /[exp(qV,/NknT) - 1]. (11)
Maximum module current (12):
2 Ego

lo = bs [1] e[S G- P (12)

Current generated by solar panel (13-15):

14 Rs
s N,
I'=N, X L, — Ny X Iy X [exp <—Snxvt ”) - 1] — Iy, (13)

kXT
Ve="" (14)
VX%+I><RS
Iy = —— (15)

where N is the number of panels connected in parallel; R
is the resistance in the circuit; R, is the additional resist-
ance; V. is the temperature-dependent voltage.

The photocurrent given by equation (10) was numer-
ically simulated and presented graphically in Figure 4 (at
standard illumination intensity).

The dependence of the reverse current on various
parameters is described by equation (11). The results of
the numerical solution of this equation are presented in
Figure 5.

The saturation current of the module is presented in
equation (12) and modelled in Figure 6.
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It was simulated circuits for equation (15) (Fig. 7) and  and shown in Figure 9. Simulation can be used to evaluate
equation (13) (Fig. 8). the performance of photovoltaic modules and arrays under

The simulation process of the solar module is shownin  various operating conditions. Changes in solar radiation,
Figures 3-8. The photovoltaic system consisting of 6 mod-  temperature, and partial shading have a significant impact
ules with 6 elements connected in series was simulated on the system output.
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Figure 7. Simulated circuit for equation (15)
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Figure 8. Modelling of a photovoltaic system

Note: a) block diagram corresponding to equation (13); b) simulation model of solar power plant
Source: created by the authors
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Figure 9. Model simulating the operation of a solar battery

Source: created by the authors

Optimization algorithms: MPPT in solar panels
Maximum power point tracking (MPPT) algorithms are
used to improve the efficiency of solar energy conversion.
Figure 10 shows a block diagram of a solar generator in-
cluding a DC-DC converter with an MPPT algorithm.
I — Sensor
I 1/3 VI'I'

Boost Converter

DC

Load
-

DC

' PWM
Digital controller

Figure 10. Structural diagram

of the photovoltaic installation
Note: I - current generated by solar panels (A); V.-
voltage generated by solar panels (V); PWM - pulse width
modulation — a method of power control in electronic
devices by changing the width of DC pulses
Source: created by the authors

Boost converter, controlled by the MPPT algorithm,
ensures maximum efficiency of the solar photovoltaic sys-
tem. MPPT, in turn, uses data on solar radiation, temper-
ature and other parameters to optimize the output pow-
er. Artificial intelligence allows increasing the speed and

accuracy of the MPPT algorithm (Sarang et al., 2024). The
structural diagram of the system is shown in Figure 11.

MPPT technique

> Microcontroller/|
. digital signal
Voltage L processor

sensor PWM
+ + +

pe-pe DC load
— —{converter —

Figure 11. Scheme
of the solar energy optimization algorithm
Note: PWM - pulse width modulation — a method of
controlling power in electronic devices by changing the
width of DC pulses
Source: created by the authors

Current
sensor

Solar panel

Designing a traditional control system requires math-
ematical modeling, since the developer needs to create a
mathematical model of the control object before monitor-
ing it. Numerous artificial intelligence algorithms demon-
strate satisfactory results, among which the algorithms
of artificial neural networks (ANN, Artificial Neural Net-
works (ANN). In general, an ANN is a computational model
that imitates a biological neural network (Pulvermiiller et
al., 2021). In such a model, a neuron is a processor that first
linearly weights the input data, then calculates the sum
using a nonlinear function called the activation function
(activation function, AF), and finally sends the results to
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the next neurons. The model of a regular neuron (Figure
12) is given by the relation:

z=YM w x +a,

m=1"m"m

(16)

where z is the final variable, which is the sum of the prod-
ucts, M is the total number of elements in the sum, W _is
the weighting coefficient for the mmm -th element, x_ is
the value of the mmm-th element, which affects the final
value, « is a constant or free term added to the sum.

Figure 12 shows a three-layer neural network, where
the input layer receives a vector of features characterizing
the solar battery (IPV and VPV), the hidden layer performs
a nonlinear transformation of the input data, and the out-
put layer generates a vector of output values.

Vpyi
Loy " &
°
°
°
Ve o ¢
IPVn .
Input Output
Layer a Layer (OL)
Wrnzgl
O Lo i 5 | z,| Activation | ¥
Wit el Jfunction
‘1]" ------ |

Figure 12. Neural network for solar panels

Note: V , V - input variables. V are the voltages
measured on the photovoltaic panels (PV). Index “n”
indicates the number of such panels or voltage sources used
as input to the neural network, I, I - the corresponding
currents for the same photovoltaic panels. These pairs of
data (voltage and current) represent the state of each panel,
Input Layer (IL) is the input layer of the neural network,
Hidden Layer (HL) is the hidden layer of the neural network,
Output Layer (OL) is the output layer consisting of one
neuron that produces the predicted value - the voltage
at the maximum power point, VMPP is the target variable
denoting the voltage of maximum power point (Maximum
Power Point), at which the photovoltaic system generates
maximum electrical power

Source: created by the authors

ANN is used to train and test the nonlinear relation-
ship between IV and PV characteristics. Using input data
such as current, voltage, solar radiation, temperature and
metrology data, ANN extracts these parameters and con-
tinuously learns to optimize the operation of the solar en-
ergy system to achieve maximum power. To implement the
maximum power point tracking (MPPT) algorithm based

Sadykov et al.

on artificial neural network, a supervised learning meth-
od is used (Fig. 13). Solar radiation and temperature data
are used as training data (Abouzeid et al., 2024). A trained
neural network controls a DC/DC converter to obtain max-
imum power from a photovoltaic array.

Boost Converter

‘BV array

F‘..

Load

+ Control signal
Pl [Pwm]

G —

T—.

Figure 13. Modelling the operation of a photovoltaic
system using a neural network
Note: a) system diagram; b) neural network structure
Source: created by the authors

Photovoltaic inverters are classified into two types (Sa-
lem et al., 2024): stand-alone inverters for isolated systems
(SAPV) and grid-connected inverters for systems connect-
ed to the general power grid (GCPV) (Fig. 14).

Buck
convetrter

Load

" AN

Vpv
Ipv —>

PV array

PWM

MPPT

Figure 14. Autonomous SAPV system with MPPT inverter
Source: created by the authors
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The volt-ampere characteristic (IV curve) is the most
important parameter of a photovoltaic module, determin-
ing its electrical properties (Fig. 15). The maximum power
point (MPP) on this curve corresponds to the optimal oper-
ating conditions of the module.

MPPT control using artificial neural networks (ANN) is
being actively researched in photovoltaic systems (Roy et
al., 2021). The neural network demonstrates the ability to
adaptively track the maximum power point in a wide range
of meteorological parameters. The system operation dia-
gram is shown in Figure 16.

Fuzzy logic (FL) provides an effective tool for design-
ing controllers in systems with high uncertainty. A hybrid
technique combining FL with artificial neural networks,
better known as Adaptive Neuro-Fuzzy Inference System
(ANFIS) (Figure 17), serves as a tool for dealing with non-
linear systems (Nabavi-Pelesaraei et al., 2021).

I-V Curve

ALY
Isc short circuit

P Voltage

Power
from cell
P=V*

Open circuit
b Voltage

Figure 15. Volt-ampere characteristic
of a photovoltaic module
Source: created by the authors

Feedforward Multilayer NN

R N
Temperature .

Rechetion —'—>O< \\( \/75;

Array

i Maximun ¢nergy

calculation > MPPT

controller
————e———¥

DC/DC

converter

Figure 16. Neural network diagram for MPPT control

Source: created by the authors

ANTIS MPPT Controller

Current
| I

Photovoltaic
ane

DC/DC
converter

l .()‘.l(l

Figure 17. Block diagram of the ANFIS controller with 2 inputs

Source: created by the authors

Using a hybrid approach combining artificial neural
networks and genetic algorithms in combination with the
traditional P&O method allows optimizing the input data
and increasing the efficiency of the MPPT algorithm. The
scheme of such a solution is shown in Figure 18.

To improve the efficiency of solar energy conversion, it
is proposed to use the MPPT algorithm based on artificial
neural networks (Fig. 19). The model is trained on data ob-
tained under various operating conditions, which allows it
to adapt to dynamic changes in the external environment
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and ensure optimal operation of the system in a wide range
of conditions (Gonzalez-Castano et al., 2021). Figure 20
shows the DC/DC converter.

This figure illustrates the operating principle of a di-
rect current to direct current (DC-DC) converter, where
the listed elements play a key role in regulating elec-
trical energy. The step-up converter, which operates on
the principle of discontinuous conduction mode, con-
sists of passive elements (choke, diode, capacitor) and an

Sadykov et al.

active element (switch). The P&O algorithm implement-
ed in the converter control system ensures tracking of the
maximum power point of the photovoltaic module by pe-
riodically changing the pulse width of the control signal
(Osmani et al., 2021). The disadvantage of the algorithm
is the presence of output power fluctuations in the steady
state, which can negatively affect the operation of sub-
sequent elements of the system. Figure 21 illustrates the
P&O algorithm.

Photovoltaic Panel Array

DC-DC
Energy Load
Converter
A
Voltage V & § MPPT
iCurrent I Sensors:

Ambient
Temperature

Perturbation &
bservation
Algorithm

Genetic
Algorithm

Solar

Radiation Multi Layered Neural Network

Figure 18. Structural diagram of a hybrid controller that optimizes solar battery energy production
Source: created by the authors

Lpv Io

DC-DC
V_pVv | Boost Converter

PV Module

(200W) Vo Battery

_
Duty

cycle

D —

MPPT
Algorithum

Figure 19. Solar energy production system
Source: created by the authors
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Figure 20. DC-DC converter
Note: D is a diode that ensures one-way flow of current in a DC-DC converter, s is a switch that controls the on/off of the
circuit to regulate voltage and current, g is a control element for the key transistor used to change the state of the key, C
is a capacitor that accumulates and smoothes the voltage, ensuring stable output voltage
Source: created by the authors
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Figure 21. P&O Algorithm

Source: created by the authors

InC algorithm, based on the slope analysis of the volt-
age-power characteristic of a photovoltaic module, is one
of the most common methods for tracking the maximum
power point (Restrepo et al., 2021). The method is charac-
terized by high stability and ease of implementation and is
widely used in combination with the P&O algorithm. Fig-
ure 22 illustrates the control principle of InC.

PA B
dpP 5 C \L
—>0¢— dp
dv A, T o
dp dv
=0
dv
b v

Figure 22. InC management theory
Source: created by the authors

Vref=Vref-AV |
]

|Vref=Vref+AV|

Equation (17) has a positive slope of the VP charac-
teristic curve, indicating the left MPP point, equation (18)
has a negative slope, indicating the right MPP point, and
equation (19) has a slope of 0, indicating the MPP point.

dp _ d(VxI) _

dl .
o ——=1+V_ >0 (point C), (17)
dp _ dxIl) _ dar ;
P =D = [ +V <0 (point C), (18)
dp _ dWxD) _ a _ i
v ="y =1tV =0 (point C). 19

InC is an algorithm that overcomes the shortcomings
of P&O and has the advantage that the solar panel output
voltage always corresponds to the maximum power point
voltage and does not deviate from the MPP tracking con-
trol. However, it requires significant computation and there
is a high probability that the MPPT will not work due to
sudden changes in solar radiation. Figure 23 illustrates the
InC algorithm.

| Vref=Vref+AV |
1

| Vref=Vref-AV |

Figure 23. InC Algorithm

Source: created by the authors
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Where V(k) and I(k) represent the current values of volt-
age and current, respectively, while V(k-1) and I(k-1) reflect
their values at the previous step. dV and dI characterize the
changes in photocurrent and photovoltage, and AV is the
difference between the current and previous voltage values.

Neural networks in solar system management

The model combines the traditional MPPT algorithm
with an artificial neural network to more accurately and
quickly determine the maximum power point. The neural
network, trained on current and voltage data under differ-
ent lighting and temperature conditions, allows the MPPT
algorithm to adapt to dynamic changes in the external en-
vironment (Fig. 24).

Sadykov et al.

The model based on the neural network trained using
the fuzzy logic controller enables the implementation of
adaptive control of the DC-DC converter to track the max-
imum power point of the photovoltaic module. Taking into
account the influence of temperature and solar radiation
on the module parameters, the model provides higher ef-
ficiency compared to traditional MPPT algorithms. Fig-
ure 25 shows the photovoltaic modules and the neural
network modules. Temperature and solar radiation are fed
through IL Ctrl, which controls the photocurrent. The se-
ries resistance Rs and parallel resistance take into account
the voltage drops and leakage current in the modules, and
the output values are Ipv and Vpv. Figure 26 shows module
schemes in fuzzy management.
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Figure 24. MPPT model
Source: created by the authors
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Figure 25. Photovoltaic and neural networks module
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Fuzzy Logic Controller (FLC) analyses how the solar
panel power changes and sends a command to the convert-
er to change the output voltage to achieve the best result.
The input nodes of the artificial neural network are tem-
perature and solar radiation, and the output nodes are the
volt-ampere current MPP. The temperature range for the
photovoltaic cells was from 0°C to 50°C in 5°C increments,
and the solar radiation range varied from 200 to 1200 W/m?
in 200 W/m? increments.

Since the temperature and solar radiation ranges to be
used as input data are different, the data ranges must be
the same or the distribution must be the same. In addition,
since small input and output data are required for efficient
Al training, the independent variables, temperature and
solar radiation data, were normalized using min-max nor-
malization, as shown in the equation (20):

T _ d;—min (1:d)
U™ max(1:d)-min (1:d)’

(20)

where d, - temperature and solar radiation data, min (1:d)
represents the smallest value among each element, and
max (1:d) represents the largest value among each element.

Nftool is a neural network tuning tool that performs
training, validation, and testing by specifying the number
of input units, output units, and mid-level nodes of an ar-
tificial neural network and choosing algorithms such as
Levenberg Marquardt (LM), Bayesian regularization, and
scaled confluent gradient. In this model, Nftool was used
to build an artificial neural network with 2 input nodes, 10
mid-level nodes, 1 middle-level, and 2 output nodes. Fig-
ure 27 shows the structure of the artificial neural network.

Thus, the analysis of the theory and practice of mod-
elling solar energy systems with ANN networks demon-
strates the potential advantages of ANN in modelling these
devices, such as high accuracy, generalization ability and

short computation time compared to other theoretical and
experimental modelling methods. Despite the simplifica-
tions applied in modelling based on ANN, their use elimi-
nates the need to solve complex mathematical models.

Hidden
Layer

Input

10x 2 @ 2x 10

Weight Weight
Matrix Matrix

Figure 27. ANN structure
Source: created by the authors

DISCUSSION

In this study, a mathematical model of PV system based
on artificial neural networks was developed and tested.
The main result showed that the proposed model signifi-
cantly improves the prediction accuracy of the maximum
power point under varying environmental conditions such
as illumination and temperature. The model also showed
high real-time stability, which is important for improv-
ing the efficiency of solar power converters. This was
also investigated by M. Talaat et al. (2022) where the re-
sults confirmed that predicting the maximum power point
(MPP) of solar panels depends on the accuracy of tracking
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algorithms. These algorithms must take into account
changing weather conditions to work correctly. The stabili-
ty of the predictions is critical for optimizing power gener-
ation and reducing losses.

Studies by N. Ghadami et al. (2021) also showed that
neural networks can learn efficiently from solar data and
operating conditions. They are able to adapt to changing
external factors, providing accurate control of the panels.
This helps to improve system efficiency and reduce energy
losses. It is worth noting that the use of neural networks in
solar panel control not only improves their performance,
but also minimizes the impact of human error. Automat-
ed systems with learning algorithms can respond faster to
changes in operating conditions than traditional methods
(Kudabayev et al., 2022). This is especially important in a
variable climate, where the accuracy of prediction directly
affects the performance of the entire system. The results
confirmed that neural networks are more efficient than tra-
ditional maximum power tracking methods such as pertur-
bation and observation and incremental conductance algo-
rithms. Neural networks are better at adapting to changing
conditions, which significantly reduces power loss under
erratic solar activity (Stoliarov, 2024). This is especially
important for systems operating in regions with variable
climatic conditions, where traditional methods are less
efficient. A. Zafar et al. (2022) concluded that traditional
solar panel control methods are often based on fixed maxi-
mum power point tracking algorithms. Neural networks, in
contrast, have the ability to learn and adapt to changes in
external factors. This makes them more flexible and effi-
cient in the long term.

In a study by F. Granata & F. Di Nunno (2021), it was
found that climatic conditions such as cloud cover and
temperature significantly affect the performance of solar
panels. Algorithms based on neural networks show high
efficiency in changing weather conditions by quickly ad-
justing the system settings. This allows maintaining an
optimal level of power generation even under unfavour-
able climatic conditions. These results support the above
study, as neural networks have shown high adaptability to
different operating conditions. Unlike traditional methods,
they respond faster to environmental changes, which helps
to minimize energy losses (Smyk & Arkhypova, 2023). In
addition, their self-learning ability enhances system per-
formance in the long term. Another significant finding was
that the developed model showed robustness to changes in
input parameters such as solar radiation intensity and op-
erating temperature. This indicates the high adaptability of
the model to different operating conditions and its ability
to work correctly with different types of solar panels. Thus,
the proposed system can be applied in a variety of climatic
zones and scales of solar installations.

Of note is the work of J. Jasitinas et al. (2021), who
also found that neural networks allow the system to adapt
to rapid changes in environmental parameters such as
light level and temperature. Due to its ability to learn
from a large amount of data, the system can adjust its

Sadykov et al.

performance in real time. This increases the stability of
power generation and reduces the risks of efficiency deg-
radation. In turn, S. Gorjian et al. (2021) concluded that the
developed neural network-based models can be successful-
ly applied to both residential and industrial solar installa-
tions. Their versatility allows systems to be customized for
different scales and operating conditions. This makes them
attractive to a wide range of users, from private homeown-
ers to large energy companies.

These findings are consistent with the thesis in the
previous section, where the flexibility and adaptability of
neural networks were discussed. Models using such net-
works are not only better able to cope with environmental
changes, but are also more versatile in their application.
This confirms their relevance for different types of solar in-
stallations and a wide range of climatic conditions. Experi-
mental results have also demonstrated that automating the
maximum power point tracking processes using neural net-
works reduces the operation and maintenance costs of PV
installations. This is achieved by minimizing the need for
manual calibration and continuous monitoring. Reducing
human intervention in system operation not only reduc-
es operating costs but also improves system reliability and
durability (Shahini et al., 2024). M.S. Qureshi et al. (2024)
also conducted a study, the results of which confirmed that
the use of neural networks in solar panel control contrib-
utes to lower operating costs through more accurate pre-
diction and optimized operation. The systems automat-
ically adjust their operation, which reduces the need for
regular maintenance. This reduces the cost of repairs and
technical inspections, increasing cost efficiency. J.F. Dera-
khshandeh et al. (2021) also found that automating solar
panel control processes using neural networks reduces the
need for constant human monitoring. Algorithms are able
to independently monitor and adjust system operating pa-
rameters in real time. This not only reduces the risks of hu-
man error, but also makes operation more convenient and
efficient (Szafraniec et al., 2021).

Comparing the data obtained in the course of research,
there is a clear trend towards cost reduction and increased
efficiency due to the automation of processes. Neural net-
works can minimize human involvement and optimize the
operation of solar systems in the face of various external
factors (Rexhaj, 2024). This emphasizes the importance
of adopting such technologies to improve overall perfor-
mance and reduce operating costs. In addition, the pro-
posed mathematical model opens up opportunities for fur-
ther research in the field of optimizing the performance of
solar converters. This includes the development of meth-
ods for integrating weather forecasting and solar panel
angle control to further improve the efficiency of power
systems. Combining such approaches with neural network
algorithms can significantly improve the management of
energy resources.

G. Li et al. (2022) concluded that the field of solar en-
ergy continues to evolve, opening up opportunities for
further research in optimizing panel performance and
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energy storage. One area of focus is improving neural net-
work-based algorithms to improve their accuracy and re-
sponsiveness. Research into integrating solar systems with
other renewable energy sources to create hybrid solutions
is also relevant. S.U. Khan et al. (2023) revealed that inte-
grating artificial (AI) intelligence with weather forecasting
systems can improve real-time control of solar panels. Al
can analyse weather data and adjust panel operating pa-
rameters to maximize energy generation. This enables
more accurate and efficient utilization of solar energy, es-
pecially in regions with variable climatic conditions.

When analysing the results of the study, it is clear
that integrating AI with weather forecasting significantly
improves solar panel management. Such technologies not
only improve the accuracy of the systems, but also allow
them to adapt to rapidly changing climatic conditions. This
opens new perspectives for a more efficient utilization of
renewable energy sources and their integration into the
energy networks of the future. In conclusion, the devel-
oped model shows significant potential for solar energy
applications. The increased accuracy of maximum power
prediction, reduced operating costs and improved system
stability make this approach promising for widespread de-
ployment in the renewable energy sector, especially under
intermittent solar conditions.

CONCLUSIONS

As a result of the conducted study of mathematical mod-
elling of solar electric power converters, several key con-
clusions have been reached, reflecting the efficiency and
relevance of these technologies. The developed mathemat-
ical model based on the equivalent circuit of photovoltaic
cells has demonstrated high accuracy in describing the ba-
sic electrical characteristics of solar modules. The model

The equations used to describe the photocurrent and
saturation inverse current were the basis for creating an ef-
ficient simulation in the MATLAB/SIMULINK environment.
This simulation provides the opportunity to investigate the
behaviour of solar converters under different environmen-
tal conditions, which in turn improves the prediction of
their performance and life cycle. The implementation of
maximum power point tracking algorithms has had a sig-
nificant impact on the performance of solar systems. The
results of the study showed that the algorithms based on
artificial neural networks provide more accurate and faster
maximum power point detection compared to traditional
methods such as lift-and-watch and incremental conduct-
ance. This significantly improves the overall performance
of solar converters.

The results of the study highlight the importance of
mathematical modelling and the application of advanced
algorithms to optimize the performance of solar power
converters. These findings offer new opportunities to im-
prove their efficiency and incorporate them into sustain-
able energy supply systems, thereby promoting renewable
energy development and reducing dependence on con-
ventional energy resources. The limitations of this study
are the focus on mathematical modelling of solar electric
power converters without considering the actual operating
conditions and environmental influences, which may af-
fect the accuracy of the results obtained. It is necessary to
study the impact of different materials and solar cell man-
ufacturing technologies on their efficiency and durability,
as well as to assess the economic feasibility of introduc-
ing innovative solutions into the mass production of solar
electric power converters.
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MaTteMaTuyHe MoaenioBaHHA COHAYHUX nepeTBOpIOBa‘-IiB eneKTpoeHepri'l'

AHoTauiqa. JocnigxkeHHs 6y10 mIpoBeaeHe I pO3po6KM MaTeMaTUUHOI Mozesti poToenmekKTpUIHUX CUCTEM 3
BUKOPUCTAHHSIM HITYYHUX HEMIPOHHMUX MepeX. Bylo cTBopeHO MaTeMaTUUYHy MOJe/ib (D OTOTa/IbBAHIYHOI CHUCTEMH,
peasii3oBaHO MpoleC CUMYIISAILIT 3 ypaxyBaHHSIM KIIOUOBUX MapaMeTpiB, a TAKOXK 3aCTOCOBAHO METO/I BifCTeXXeHHsI
MaKCYMaJIbHOI TOUKY MTOTYKHOCTI 17151 MTigBUIIEHHST ePeKTUBHOCTI poboTy cucTemu. ITi yac goctiaskeHHs 6y/10 po3po6iieHo
Ta MPOTECTOBAHO MaTeMAaTUYHY MOJe/Tb (DOTOEIEKTPUYHOI CMCTEMY Ha OCHOBI IITYYHUX HEMPOHHUX MEPEX, TPU3HAUYEeHY
IS TIABUILEHHST e(PeKTUBHOCTI pOOOTY COHSUHMX TaHeseii. Moesb roKas3aja BUCOKY TOUHICTh Y TPOTHO3YBaHHI TOUKM
MaKCUMaabHOI MTOTY>KHOCTI 32 MiH/IMBUX YMOB HaBKOJIUIIIHBOTO CePeOBUIIA, TAKUX SIK OCBIT/IEHICTb i TeMIepaTypa. AHasi3
OTPUMAHUX JAHUX MMPOAEMOHCTPYBAB, 110 BUKOPUCTAHHS HEIPOHHMUX MepeX JIJIs BifICTeXKeHHS MaKCMMaIbHOI MTOTY>KHOCTI
3HAYHO 3MEHIITY€ BTPATK eHeprii MOpiBHSIHO 3 TpaguIliiiHMMM MeTOJaMM BifcTexkeHHs. EKcriepMeHTa/IbHi pe3yabTaTu
MiATBEpOMIIN, 10 3aIIPOTIOHOBAaHMI ITiAXia 3a6e3meuye 6ibin cTabiibHe i TOUHE BM3HAUYEHHS TOYKM MaKCUMaJIbHOI
MOTY>KHOCTi B peaJibHOMY Yaci. BUCHOBKM TTOKasaju, 110 BIIPOBAI>KeHHS TaKOi CUCTeMM MOXKe 3HAUHO IiABUIIUTU
3arajbHy IIPOAYKTUBHICTh (POTOEJIEKTPUYHMX YCTAHOBOK, OCOOJIMBO B YMOBaX HEMOCTiTHOT COHSIUHOT aKTUBHOCTI, 1110
pOOUTS i1 TTepCITIeKTUBHOO IJIs1 3aCTOCYBAaHHS B PisHMX KJIiMaTMUYHMUX 30HaX. KpiM Toro, Moesib 1okasaja CTiiiKicTb 10
3MiHM TapaMeTpiB BXiIHUX JaHUX, [0 pOOUTH i1 agarTMBHOIO 10 PiSHUX TUIIiB COHSIYHMX TTaHeJIeil i yMOB eKcIutyaTairii.
Takosk 6yJI0 BUSIBJIEHO, III0 CMCTEMA Ha OCHOBi HEIIPOHHMX Mepek 3HMKYE BUTPATU Ha eKCIUTyaTallito Ta 00CTyrOByBaHHS
(boToenekTpUUHMX YCTAHOBOK 32 PAXYHOK MiHiMi3allii Heo6XigHOCTi pyyHOro KanibpyBaHHs i MOHiTOpMHTY. OTpMMaHa B
pe3ynbTaTi MOAEJb JaCTh 3MOTY ITiIBUIIUTY TOUHICTD i e(DeKTUBHICTb BiICTEXXEHHS MAaKCUMAaIbHOI MMOTYKHOCTI COHSTYUHUX
raHeseii 3a MiHIMBUX YMOB HaBKOJUIIHbOTO CepeloBUIIa
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