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Abstract

The integration of renewable energy sources (RES) into energy systems is becoming in-
creasingly widespread around the world, driven by various factors, the most relevant of
which is the high environmental friendliness of these types of energy resources and the
possibility of creating stable generation systems that are independent of the economic and
geopolitical situation. The large-scale involvement of green energy leads to the creation of
distributed energy networks that combine several different methods of generation, each
with its own characteristics. As a result, the issues of data collection and processing nec-
essary for optimizing the operation of such energy systems are becoming increasingly
relevant. The first stage of renewable energy integration involves building models to
assess theoretical potential, allowing the feasibility of using a particular type of resource in
specific geographical conditions to be determined. The second stage of assessment involves
determining the technical potential, which allows the actual energy values that can be
obtained by the consumer to be determined. The paper discusses a method for assessing
the technical potential of solar energy using the example of a private consumer’s energy
system. For this purpose, a generator circuit with load models was implemented in the
SimInTech dynamic simulation environment, accepting various sets of parameters as input,
which were obtained using an intelligent information search procedure and intelligent
forecasting methods. This approach makes it possible to forecast the amount of incoming
solar insolation in the short term, whose values are then fed into the simulation model,
allowing the forecast values of the technical potential of solar energy for the energy system
configuration under consideration to be determined. The implementation of such a hybrid
assessment system allows not only the technical potential of RES to be determined based
on historical datasets but also provides the opportunity to obtain forecast values for en-
ergy production volumes. This allows for flexible configuration of the parameters of the
elements used, which makes it possible to scale the solution to the specific configuration
of the energy system in use. The proposed solution can be used as one of the elements
of distributed energy systems with RES, where the concept of demand distribution and
management plays an important role. Its implementation is impossible without predictive
models.

Keywords: renewable energy; intelligent methods; energy systems; potential assessment;
technical potential; simulation modeling
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1. Introduction

The development of society, the phenomenon of widespread industrialization and
automation of production leads to a large-scale increase in power consumption, which
cannot always be met using traditional energy sources [1], making the supply of electricity
to consumers one of the most challenging tasks of the twenty-first century [2]. In addition
to the ever-increasing demand for electricity, the global community faces various contin-
gencies, such as pandemics or unstable geopolitical situations, leading to a high level of
concern for a number of states seeking to increase their own energy independence and, in
general, to achieve greater efficiency in their own energy systems [3,4]. Despite all measures
taken, currently a significant number of people living in rural areas still remain without
access to a stable energy network, using small generating substations and generators for
private households [5,6].

One of the important results of the process of world globalization is the emergence
of high interdependence in different sectors of the economy, which has contributed to the
growth of socio-economic development [7], the introduction of new innovations and the
formation of new consumer trends [8,9], in which an important place is given to environ-
mental issues that play a dominant role in decision-making. Since the energy sector is
closely related to all sectors of the economy [10,11], it receives the most attention, attracting
new investments that allow the introduction of new approaches in energy conversion [12]
and utilization through the implementation of more environmentally friendly modes of
transportation [13,14], thereby reducing the detrimental impact on the environment. One
of these approaches is the use of renewable energy conversion technologies (Figure 1):,
i.e., solar [15], wind [16], tidal energy [17], bioenergy [18] and small hydropower [19],
the use of which allows a significant reduction in greenhouse gases, including carbon
dioxide, and the vast areas of distribution of these resources allow the realization of energy
systems in various regions that are difficult to access, ensuring greater energy indepen-
dence and stability of the operated systems. All these aspects lead to the fact that during
the last years there has been an annual growth of interest in renewable energy sources,
which is confirmed both by the volume of publications on this topic [20-22] and by the
increasing percentage of green energy in the total share of energy generation in the world
market (Figure 2) [23,24]. Table 1 presents the main advantages and disadvantages of
renewable energy.

Table 1. Some advantages and disadvantages of RES.

Source of Energy

Advantages Disadvantages

Geothermal
Bio
Hydro

Solar

Wind

Cheap to construct; waste products

No air/water pollution; free source

Potentially unlimited source

Development cost can be expensive.
of energy.

can be utilized. Can potentially cause greenhouse gases.

No standby losses; relatively Costly to build a dam; possibility of causing flood;
inexpensive; abundant sources. water availability is highly uncertain.
No air/water pollution; infinite Manufacturing costs of PV panels are costly;
potential of energy. storage/backup is mandatory; dependent on sunlight.

Requires constant stream of air and large space;

£ ; wind f L . .
Ot energy, wind larms are significant visual impact on the landscape.

relatively inexpensive.
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Figure 1. Access to electricity (% of population).
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Figure 2. Global installed renewable energy generating capacity per capita, 2000-22.

However, despite all the advantages of renewable energy, there are a number of
difficulties associated with its successful integration into energy systems, among which
we can highlight the most important aspect—the variable nature of the supply of these
types of resources [25], which creates the need to organize distributed energy networks
and energy hubs to meet demand in times of unstable generation, and the organization of
effective management systems of such distributed systems [26]. The general approach to
the implementation of successful integration of renewable energy sources is presented in
Figure 3 [27].



Energies 2025, 18, 5296

4 of 25

Development plan
for a Community

Literature
Renewable Energy
Expert Identification in proximity
Opinion l

Scrutinization of RE E
sources nergy

| —

Economics

| Environment

of Scenarios > ysis of i -~
’ impacts | | impacts
Compare amongst
scenarios v
\ bI N ive of Mult |
l O l D pers | Government
Y
L ;[ Field ]

Figure 3. Basic strategy implementation for renewable energy integration.

Various approaches are used to solve such problems [28], based on assessing potential,
modeling energy supply and forecasting production and generation volumes. The use
of such practices makes it possible to assess the most suitable locations for energy infras-
tructure, determine the potential amount of energy supplied and generated using specific
converters and make forecasts with different time intervals to optimize energy system
management processes.

In this regard, the paper considers a hybrid approach for assessing and forecasting
the technical potential of solar energy, based on the use of simulation modeling, for which
an energy system model was implemented that allows for the specific characteristics of
energy converters and artificial intelligence technologies used to implement the procedure
for forecasting the incoming level of solar radiation, the results of which are further used as
input data for the technical potential assessment model.

2. Main Approaches for Assessing the Theoretical Potential of RES

The use of renewable energy sources allows us not only to achieve the goals of low-
carbon energy realization, but also to provide residents of areas with few traditional
resources with the possibility of using electrification, thus reducing the costs of logistics
costs, conducting power lines, allowing full utilization of the potential of locally available
resources, further stimulating the economic development of the region [29]. Depending on
the existing situation, three main directions of RES integration can be chosen:

e Integration of separate conversion technology [30]—applied to provide energy to
isolated areas and private energy consumers, for which the following types of energy

can be used:

o Solar photovoltaic systems, which are the most affordable and easy to imple-
ment, but are not able to generate energy during dark hours [31];

o Systems based on wind energy [32];

o Systems based on biogas/biomass gasifier, the application of which show high

efficiency in remote forest and agricultural areas [33];
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° Micro-hydro power (MHP) systems, which are best suited for remote moun-
tainous areas with many small rivers and streams [34].

e Realization of an aggregated integration technology, which involves the use of multiple
sources of “green energy”, which allows us to achieve greater sustainability of the
energy system with a large volume of coverage of potential demand. As a result, the
concept of Integrated Renewable Energy System (IRES) [35,36] was developed, which
is the most suitable for off-grid energy generation from RES, an example of which is
presented in Figure 4.

e Integration of RES into already existing energy systems to reduce the amount of
energy generation from hydrocarbon resources, resulting in so-called distributed
energy systems, combining several different generation sources [37], the list of which
is presented in Figure 5:

Renewable Energy Resources

Wind Power Solar Micro Hidro
Power
[
Inverter
Y Y
Control System ———®|  Load
Charge Storage
‘7 4—."
Dump Load Controller Subsystem

Figure 4. Schematic of wind-solar—-MHP based integrated system.

With this variety of conversion methods, generation technologies allow us to create
different configurations of energy systems, to meet the stated requirements and to achieve
the necessary results in the operation of the system. However, the initial step in the
development of renewable energy systems is the evaluation of the gross or theoretical
potential of the type of energy of interest [38], which is necessary to estimate the amount of
incoming energy, allowing us to determine the most suitable locations for the placement of
energy plants, as well as to determine the most relevant types of energy resource.

Each type of energy resource has its own specialized methods for assessing its en-
ergy potential. The toolkit of such approaches is most widely developed for solar and
wind energy, as these types of renewable energy are currently the most widespread and
account for the largest percentage of energy generation compared to other types of RES.
In the case of solar energy, one of the key parameters in assessing the theoretical potential
is solar radiation (insolation), the amount of which directly affects the total amount of
generation [39].
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Figure 5. Distributed Generation technologies for power generation.

In general, models for solar energy estimation can be divided into the following
groups [40]: mathematical models (linear and nonlinear empirical models) and models
based on artificial intelligence and data mining techniques. Such approaches are aimed at
modeling the amount of solar energy inflow and are usually used on the following groups
of parameters [41]:

e  Geographical, such as latitude and longitude, altitude and albedo;

e  Geometric, which takes into account the position of the transforming elements in
space;

e  Physical parameters, which take into account factors such as dust and dispersion of
air molecules;

e  Meteorological parameters such as temperature, precipitation, humidity, cloud
cover, etc.

As a result, it is possible to define the following classification [42] of models for
assessing the theoretical solar energy potential, presented in Figure 6.

A general classification of forecasting methods is presented in Figure 7. The use of
forecasting methods, most often based on intelligent methods, allows not only to assess
the theoretical potential of energy resources in the studied area, but also to determine
the amount of energy received within a specific forecasting horizon, thereby allowing the
prospects for energy generation to be assessed. This can be used to make correct decisions
when determining the power balance, which is particularly relevant when using distributed
systems [43] with variable levels of demand from end users.
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Figure 6. Block diagrams of models for estimating global solar radiation.

The methods considered for assessing and forecasting renewable energy sources allow

for an evaluation of the theoretical potential of energy resources, but they do not take into

account the conversion technologies used, thereby preventing an assessment of the technical

potential, the significance of which is reflected in actual energy production volumes. In

order to assess the technical potential, it is necessary to use either data from real energy

installations, which can serve as a basis for building intelligent models for assessing and

forecasting energy production volumes, or to use a comprehensive approach based first on

forecasting the necessary parameters [44] (climatic), after which this data can be used in

models that take into account the specific characteristics of energy facilities.
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3. Assessment of Technical Potential of RES

The assessment of the gross potential (theoretical) will allow us to determine the
most favorable locations for the location of power plants, but it is not sufficient for the
full design of an energy system, the configuration of which strongly depends not only
on the availability of resources, but also on the efficiency of conversion elements and
economic costs [45]. Analyzing the most convenient ways to design such energy systems, a
study [46] divided technical and economic factors, defining six different types of renewable
energy potential:

o  Theoretical potential—this is the simplest potential, for the assessment of which only
natural and climatic factors are taken into account;

e  Geographical potential is the second highest level in this list, which depends on the
constraints of geographical areas (i.e., land use);

e  Technical potential is obtained through geographical potential, which is limited by
conversion efficiency (technical constraints);

e  Techno-economic potential is obtained through technologies that are technically feasi-
ble and economical;

e  Economic potential is technical potential in terms of economic competitiveness;

e  Market potential is the total amount of renewable energy that applies to the market,
taking into account energy demand, costs and government incentives for renewable
energy and barriers.

Technical potential is the theoretical annual electricity production if power plants
were deployed in all suitable areas based on the prevailing state of technology. It can
also be defined as part of the real potential of an energy resource, which is a subset of the
economic potential that takes into account social and environmental factors that may limit
technology deployment, such as high initial costs that may deter investment [47]. In this
way, it can be understood that the technical potential allows us to determine the theoretical
amount of energy to be produced with specific energy conversion technologies based on a
predetermined energy system configuration [48,49].

In the following study we will only focus on the aspect of technical potential definition,
which will determine the amount of energy produced for the considered energy system
configuration under specific geographical conditions, and the main types of green energy
potential are presented in Figure 8.
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Figure 8. Types of renewable energy generation potential.

When determining the technical potential of the involved energy source, one of the
important factors is the realization of the possibility to take into account the efficiency
of the converter used and the specific technology, which will make it possible to obtain
generation volumes using similar technological solutions. One of the possible ways to
estimate the technical potential is to use large datasets, the processing of which is carried
out using machine learning methods and artificial intelligence technologies. A similar
approach was used by the authors of the study [50], who, using clustering methods, first
assessed the theoretical potential for different regions, and then, by adding additional sets
of parameters (such as installed capacity, voltage levels and type of conversion technology
used), produced an estimation of the possible generation volumes and potentially possible
substitution of conventional power generation.

In the study [51], the authors investigated ways to assess the technical potential of
solar energy using such technology as concentrating solar power (CSP), for which they
conducted a comprehensive analysis of the features and characteristics of such converters,
determined the necessary requirements for the location of such installations, which allowed
us to determine only suitable locations for placement of all potential points identified
in the calculation of the theoretical potential of solar energy. After all these actions, a
typical example of such a converter was selected, which is the most suitable for the realized
requirements and then the calculation of generation volumes for each of the considered
regions and states was made. The undoubted advantage of this approach is its relative
simplicity, as there is no need to build complex models that require real data on the
operation of such energy facilities, which allows the solution to be applied to any region
on the basis of statistical data. However, this approach cannot be characterized by high
accuracy because it is not able to reflect all technical aspects of the converter, which can
negatively affect the design of small autonomous energy systems.

At the moment, there is no clearly defined general methodology that could allow the
assessment of the technical potential of renewable energy [52]. Over the years, groups
of researchers have proposed a variety of approaches to this task: the use of GIS-based
decision support systems [53], other researchers use geospatial data, green resource dis-
tribution maps and available calculators to calculate the efficiency of implementing such
energy solutions [54], while others take into account current land use and develop specific
scenarios [55]. There are also a number of different tools to assess both the theoretical and
technical potential of RES [56], but most of them have a rather limited functionality, not
allowing the selection of the necessary energy system configurations or not allowing the
assessment of some areas due to limited spatial resolution [57].
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Considering various approaches and methodologies to the assessment of theoretical
potential, the following approach applicable to all major types of RES can be proposed
(Figure 9).

Assessment of theoretical
potential

GIS
Meteorological data
Transducer
characteristics

Regional level?

Infrastructure facilities
Settlements
Water bodies -
Impassable and protected
areas

Defining the system

— | Definition of constraints N AN
configuration, its scope

(]

Identification of available
space Y

Characterization of the
transducers used

technology and converter
model to be used

'

— =P Simulation model of the designed system

'

Obtaining technical potential for
a specific configuration

|
|
|
|
|
|
|
|
| Selection of the conversion
|
|
|
|
|
|

Figure 9. Simulation-based approach to assessing the technical potential of renewable energy sources.

The proposed approach involves the use of flexible simulation-modeling tools, whose
functionality allows for the highly accurate recreation of the type of real energy converter
under consideration, enabling the consideration of important technical characteristics that
determine the amount of energy generated.

However, if we are talking not only about assessing technical potential, but also about
forecasting it in the short term, then the general approach based on the use of artificial
intelligence technologies and a simulation model of the system can be represented as shown
in Figure 10.

Data processing
methods

L = S

Figure 10. Approach to assessing and forecasting the technical potential of renewable energy sources
based on the use of artificial intelligence methods and a physical object model.
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4. Use of Simulation-Modeling Tools for RES Assessment

Modern simulation tools provide a wide range of capabilities used in modeling real
technical systems [58]. Each of them has its own features and functionality, allowing, among
other things, to make models of energy systems with the integration of renewable sources,
which allows not only to study the features of the behavior of the simulated system, but also
to estimate the resulting volumes of energy generation. One of the most common tools for
creating simulation models is the MATLAB/SIMULINK R2024b environment [59], which
has been used to study various configurations of wind turbines [60,61], systems based on
solar panels [62] and small hydropower systems [63]. However, in addition to such a tool as
MATLAB R2024b, there are many other solutions, one of which is the SimInTech dynamic
simulation environment [64,65], which was originally developed for modeling complex
technical systems, for example, energy and electromechanical. SimInTech has extensive
built-in libraries containing ready-made, verified components, including photovoltaic
panel modules—standard models with detailed volt-ampere characteristics that consider
dependence on solar insolation and ambient temperature. The second reason for choosing
the SimInTech environment is that the basic version can be provided to researchers on
request, without purchasing additional licenses, unlike MATLAB/Simulink and its vari-
ous expansion packs (such as Simscape Electrical /SimPowerSystems), which require an
additional license and are more difficult to configure for specific physical processes.

To apply the models and obtain relevant results, it is necessary to use sets of real input
data for each of the simulated energy sources located in the geographical area under study.
Some of the values can be obtained using open data sources such as PVGIS [66] (this is
how data on temperature, solar radiation and wind speed were obtained). Other data can
be obtained through the use of autonomous measuring complexes [67] and information
from actual functioning energy generation facilities (in particular, small hydroelectric
power plants).

When assessing the potential of solar energy using solar panels, one of the important
parameters is the temperature of the panel in operation, whose dependence on the ambient
temperature can be determined from the following expression [68,69]:

E; o
Tpi = Tair + ==+ (Tuot — 20 °C), @

800
where Tpi—solar panel surface temperature, °C; E,—incoming solar radiation;
T,,—ambient temperature at the calculation point, °C; and T),(;—normal operating temper-
ature of the solar panel, °C.

To build the model, a monocrystalline solar panel YSM-100 [70] was used, the normal
operating temperature of which is 45 °C. In order to determine the amount of generated
energy taking into account the efficiency of the converter used, the following expression
was used [71]:

PIIgtC~F‘1’]~(1—kt~(Tpi—25)), (2)

where P—solar power plant capacity, W; Io;—total solar radiation, W/ m?; F—area of
solar panels, m?; y—efficiency of photovoltaic converters; k;—temperature coefficient
of variation in photovoltaic panel efficiency, relative units; and T),—solar panel surface
temperature, °C.

Using the available technical characteristics of the panel, it is possible to determine
some coefficients, as a result of which expression 2 will take the following form:

P = Igtc - 0.5092 - 0.1964 - (1 — 0.0045 - (T); — 25)). 3)
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Using expression 3, it is possible to realize a user block for calculating the generated
power to the input of which real data such as ambient temperature and the amount of solar
radiation are fed. The scheme of realization of the solar energy potential estimation module
is presented in Figure 11.

——P» radiation PL
T
== > power
“ = ﬁm temperature
Input data P Chart

Power calculation

Figure 11. Structure diagram of the solar energy potential assessment module.

The result of the calculation is presented as a graph in Figure 12. Unfortunately, the
used environment does not allow us to realize the output of values for several intervals,
so for displaying the theoretical power of energy generation the integrator block was
additionally used, which allows us to output the total amount of energy at the current
moment considering the previously generated volume.

2 Sun - [m] X

Sun

Electricity generation, kWh

6
Month

Figure 12. Chart of energy generation per year.

The realization of such a model does not allow us to consider all technical aspects of
the inverter used, so to increase the accuracy of the assessment of the technical potential of
solar energy, the scheme was realized using a functional block of the photovoltaic panel,
which allows for a more accurate adjustment, as well as using a load model and an inverter

that converts DC voltage into AC voltage. The functional diagram of the PV module is
shown in Figure 13.

External
factors

y

Solar _| Photov oltaic
radiation | panel

Y

ey

Load —

Y

Inverter

Figure 13. Functional diagram of the photovoltaic module.

Based on Figure 13, the simulation model shown in Figure 14 was implemented, which
includes a typical solar panel module, an inverter and a load model simulating a consumer.
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Figure 14. Scheme of the simulation model of the photovoltaic panel.

The solar module has the following parameters: peak power is 100 W under standard
STC measurement conditions (Standard Test Conditions), corresponding to the panel’s
operation under ideal conditions: radiation 1000 W/ m?, air mass AM = 1.5, nominal
temperature of the solar cell 25 °C. Characteristics of the solar module for STC: no-load
voltage—27.20 V, short—circuit current—4.67 A, Voltage at the maximum power point—
22.89 V, current at the maximum power point—4.37 A, number of cells—39, module area—
0.5092 m?, normal operating temperature—45 °C and efficiency—19.64%. Figure 15 shows
the parameters of the inverter during module initialization in the Sim in Tech environment.
The consumer’s load model is calculated taking into account the electrical parameters
specified by the STC standard, according to Ohm’s law.

» Properties: ac_UZ1F4p3 = O X

Properties Common Ports  Visual layers

Search by caption, name, formula, value v‘ s Q-

Caption Name Expression Value

= Parameters WAH

+ Element type_vax IGBT + diode
Resistance in the forward direction, Ohm Ron 0.01
Voltage drop in the forward direction, V uf 0.7
i Resistance of the back of the included diode in the forward direction,... RonVD 0.01
i Voltage drop back on diode in the forward direction, V ufvD 0.7
= Snubber options
i Type of snagber type_sn R
Resistance of snubber, Ohm Rsn 1,000,000
= Extra options
++ Name on the scheme SC_name
(. Change ports side P_side Ono
@| R BOM| AN A+

Figure 15. Inverter parameters in the Sim in Tech environment.

To verify the operation of the proposed model, test runs were performed with various
input data, and the settings for the simulation process are shown in Figure 16.

At the first stage, the input was the value of solar radiation of 1000 W/m? and the
ambient temperature equal to 25 °C, at the outputs of the photovoltaic module, after
the conversion of DC voltage to AC voltage, appears a current of 4.18 A, voltage level—
21.92 V (zone 1, Figure 17). In the second stage, there is a change in input exposure to the
level of 300 W/m? (zone 2, Figure 17), the current and voltage drop to the values of 1.39 A
and 7.26 V, respectively, and when the radiation increases to the level of 800 W/ m2, the
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current is 3.65 A, the voltage is 19.1 V (zone 3, Figure 17). The percentage of inverter losses
is ~6.3%.

@ Project properties: C:\SimInTech_models\Solar.prt - o X

Calculation parameters  Calculation management  Project settings

» Main settings Search by caption, name, formula, value v‘_t' Q-
Code Generation Caption Name Expression  Value
Calculation management Minimal step hmin 0.0001
Settings for the NAU solution Maximum step hmax 0.01
Visualization of data Synchronization step synstep 0.05
Remote Code Debugging Execution mode serial_mode Parallel
Sorting blocks The initial step of integration (if 0 is ... startstep 0
Thin settings for the SLAU solution The method of integration intmet Euler

+ Thin settings for the NAU solution Initial time of calculation starttime 0
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Initial value InitOutputs... 0

Figure 16. Parameters of the modeling process.
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Figure 17. Chart of voltage and amperage produced by the solar panel under different operating conditions.

Based on the results, the power at different levels of solar radiation was determined:
the power of the photovoltaic installation at solar radiation of 1000 W/ m?is 91.7 W, and at
800 W/m2—69.69 W, which, taking into account the losses on the inverter, is close to the
values specified in the technical documentation of the inverter.

The next stage was to run the model with a real set of input values with an interval of
one year to determine the amount of energy generation, the result of which is shown in
Figure 18.
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Figure 18. Electricity generation by photovoltaic panel per year.

It can be seen that, compared to the results obtained during the first model test
(Figure 12), there was a drop in generation from 135 kWh per year to 87.5 kWh. This
reduction is due to the finer tuning of the model and the inclusion of additional technical
parameters of the converter beyond just temperature and efficiency.

5. Forecasting the Technical Potential of Solar Energy Based on Data from
an Intelligent Model

As the input data for the energy system simulation model includes solar radiation data,
it is necessary to obtain forecast values for solar insolation in order to carry out the technical
potential forecasting procedure, which requires the use of some approach for forecasting it.
As mentioned above, there are many different approaches to solar energy forecasting, the
most relevant and accurate of which is the use of artificial intelligence algorithms [42,72],
However, to estimate solar insolation (solar radiation), it is best to use models that cope
well with time series, nonlinearities and incomplete data [73]. Among the best methods that
have demonstrated high accuracy and stability in predicting solar insolation in practice are:
Long Short-Term Memory (LSTM) [74,75], Convolutional Neural Networks (CNN) [76,77],
Gradient Boosting Models (XGBoost, LightGBM, CatBoost) [78], Support Vector Regression
(SVR) [79], Hybrid Models (LSTM + CNN, ANN + GA, etc.) [80,81] and Physics-Informed
Neural Networks (PINNs) [82,83]. This set of approaches allows us to work well with
forecasting tasks not only for solar energy, but also for other types of renewable energy.
Within this set of approaches, the authors chose the LSTM architecture for several reasons.
LSTMs are specifically designed to process sequential data and have the ability to remember
long-term dependencies, which is critically important when taking into account daily and
seasonal cycles and weather trends (e.g., gradual cloud thickening). Other analogs have
their advantages, but CNNs are good at identifying local patterns but do not “remember”
long-term dynamics without the help of other models, GBM/XGBoost work with tabular
features but do not preserve the temporal structure without additional transformations
(lags, rolling statistics), SVR is linear and weak over long time intervals, while Hybrid and
PINNS are accurate but difficult to implement and train. Figure 19 shows the structure of
an LSTM architecture cell.
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Figure 19. The LSTM structure [75].

In an earlier paper [74], the authors already discussed the issue of choosing an archi-
tecture for predicting solar energy, where as a result of comparison with other architectures
of intelligent models, it was determined that using the LSTM model is the most optimal,
allowing for sufficient accuracy over the short-term forecasting horizon, for which there
are several definitions of duration, one of which is given in Table 2 [84,85].

Table 2. Description of forecasting horizons.

Horizon Time
Very short-term forecast Ahead by 1 min to several minutes
Short-term forecast Ahead by 1 h or several hours to 1 day or 1 week
Medium-term forecast Ahead by 1 month to 1 year
Long-term forecast Ahead by 1-10 years

Another important parameter when choosing a model is the training time [86] and
the demands on computing resources, which can be critical for field research. Thus, the
LSTM shows excellent quality indicators [75], although it is slightly inferior in accuracy
compared to other hybrid models.

A dataset from open sources was used to train the network, specifically the NSRDB
(National Solar Radiation Database) [87]—an open platform developed by the US National
Renewable Energy Laboratory (NREL) designed to provide highly accurate meteorological
data related to solar radiation. The database contains data on global, direct and diffuse
solar radiation, as well as weather parameters (temperature, cloud cover, humidity, wind
speed, etc.) with high spatial (up to 4 km) and temporal (hourly and 30 min) resolution, an
example of which is shown in Figure 20.

A dataset for 20212022 was used to train the model for one of the observation stations
with coordinates (48°07'48.0" N 122°46'48.0" W, United States, Washington, Jefferson
County). The dataset under consideration has a large number of parameters, not all of
which were used to train the model. In Figure 20, several example objects in the locality
of the specified coordinates are marked in different colors (green, yellow, and blue). The
choice of the NASA's Prediction of Worldwide Energy Resources (POWER) database and, in
particular, the NSRDB (National Solar Radiation Database) data source was determined by
some key factors, including the ability to access long-term, homogeneous and verified data
on solar insolation with global coverage, the availability and completeness of meteorological
parameters, long-term temporal rows, which has a positive effect on the learning efficiency
of the model used. Since the proposed methodology is general, the choice of location
coordinates is determined by the possibility of extracting the necessary dataset and their
further verification. This is not always possible when using regional databases, which are



Energies 2025, 18, 5296 17 of 25

characterized either by limited sampling or by the inability to obtain data in the public
domain or even on request.
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Figure 20. Example data from the NSRDB dataset.

The main parameters were defined as historical values of solar radiation in the form
of a time series, air temperature and humidity values. The first stage of model construction
was the data preprocessing process, which allows avoiding the presence of peak and non-
stationary elements in the original dataset (outliers) that adversely affect the effectiveness
of using a model trained on such data. Therefore, data preprocessing methods are used to
save, eliminate missing values and scale functions. At this stage, an exponential smooth-
ing procedure [88-90] was used to suppress short-term noise inherent in solar insolation
values, which can change dramatically due to clouds, atmospheric dust, etc. As a result,
despite its noise resistance, the LSTM model still suffers from sharp fluctuations, espe-
cially with a small training sample size [91], after which the data is fed as features to the
implemented model.

ConvLSTM is a modified version of the LSTM network for efficient processing of
sequential data having a spatial or spatiotemporal structure [92]. The parameters for a
similar architecture are calculated as follows:

ip=0(Wisxt +W;sh_ g+ W;0C_;+ 1)
ft = U(Wf*xH—Wf*ht,l +Wfoct7i+bf)
Ci = froCy_; +ip o tanh(Wc * x; + We * hy_q + bc) - 4)
0t =0(Wo s x¢ +Wyxh_1+Wy0Cs_i+by)
hy = o0t 0 tanh(Ct)

Here, the asterisk (*) symbol indicates the convolution operation. The key difference
between ConvLSTM and LSTM methods is their handling of input and recurrent connec-
tions. The ConvLSTM model processes them using convolutions, while the LSTM model
processes them using fully connected layers. Figure 21 shows the architecture of the LSTM
model used, adapted to spatial data from the NSRDB dataset.
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Figure 21. Architecture of the neural network used.

The model processes data in 4D tensor format (time steps, height, width, features)
and predicts subsequent time steps for all grid points. The model parameters are shown in
Table 3.

Table 3. Model characteristics.

Parameter

Values Description

Input tensor

Output tensor

Model Layers

SEQ_IN_LEN: the number of hours of forecast data
(8760 measurements)

GRID_SIZE_H, GRID_SIZE_W: the size of the spatial
grid (32 grid cells, 32 grid cells)
N_IN_FEATURES—input attributes: air temperature
cloud type, relative humidity, solar zenith angle,
surface pressure, total precipitable water
SEQ_OUT_LEN: the number of hours of forecast data
(135 measurements).

GRID_SIZE_H, GRID_SIZE_W: the size of the spatial
grid (32 grid cells, 32 grid cells)
N_OUT_FEATURES—ghi output attribute
- Convolution in space (3x3 core) and time

SEQ_OUT_LEN,
GRID_SIZE_H,
GRID_SIZE_W,

N_IN_FEATURES

SEQ_OUT_LEN,
GRID_SIZE_H,
GRID_SIZE_W,

N_OUT_FEATURES

ConvLSTM2D - Saves the size of the space at all stages
- Returns a sequence of time steps
BatchNormalization Improves learning stability
-Coresize: 1 x1x1
The final layer - linear activation

- Does not change the dimensions of space and time

Figure 22 shows the result of the forecast.
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Figure 22. Results of forecasting using the LSTM model.

Various metrics can be used to evaluate the model [93], one of which is MSE, which
can be determined using the loss function [94]. During training, the following values were
obtained: for the test sample, the loss function took a value of 0.079 (0.0079), and for the
validation sample, the loss function was 0.248 (0.0248). Additionally, the following metrics

were used:

1« 2

RMSE — \/ o (Kt = X ) )
1—n
MAE = EZi:l ‘XP”d B Xmelms ’ 6)
T2
R2 — Zl(yl ;yl)z . (7)
Yi(vi—v;)

The assessment of the accuracy of solar radiation level forecasting using a recurrent
neural network of the LSTM type demonstrated the following metric values: RMSE = 77.4,
MAE = 42.3 and coefficient of determination R? = 0.824, which indicates a high degree of
correspondence between the forecast values and the actual data. Low error values (MAE
and RMSE) indicate that the model deviates from actual observations by an average of tens
of watts per square meter, which is an acceptable level of accuracy for short-term solar
radiation forecasting tasks. At the same time, the value of R? = 0.824 demonstrates that
the model explains more than 82% of the dispersion of the initial data, which allows us to
discuss the reliability of forecasts and sufficient stability of the algorithm to fluctuations in
input parameters.

The following equipment was used for training: AMD Ryzen 9 5950X 16-Core Pro-
cessor 3.40 GHz processor; 32.0 GB RAM; Samsung SSD 980 PRO 1000 GB SSD memory;
NVIDIA GeForce RTX 3070 Ti video adapter (8 GB). The time taken for one epoch was 64 s.

Since short-term forecasting is the most important for the operational management of
distributed energy systems, values were predicted in the period from 1 day to a week. This
made it possible to achieve higher accuracy within the framework of the proposed hybrid
approach (the use of neural networks and dynamic simulation models in the process of
predicting the volume of solar energy generation).

In the case of long-term forecasting, there are a number of additional difficulties,
for example, cyclical and seasonal variability and the need to use additional exogenous
variables (for example, weather conditions, temperature, cloud indices in the vicinity
of the studied object). However, the chosen LSTM-based structure can be expanded
to these horizons by re-training using appropriately structured datasets and including
additional characteristics.

Thus, the LSTM-based model can be effectively used to predict solar radiation under
conditions of climate variability, providing accuracy comparable to modern methods in
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this field. As a result, the obtained results can be used as input data for further loading into
the input of the energy system simulation model. An example of historical and predicted
values of solar insolation is shown in Table 4.

Table 4. Examples of historical data and predicted values.

Ne Historical Data, W/m? Predicted Values, W/m?
1 0.0 1.948
2 2.0 5.548
3 28.0 82.645
4 39.0 61.256
5 166.0 179.042
6 437.0 560.518
7 672.0 754.082
8 602.0 794.447
9 674.0 742.693
10 573.0 638.511
11 673.0 570.079
12 423.0 367.622
13 63.0 197.947
14 44.0 59.661
15 3.0 21.878
16 0.0 0.74

After the model is implemented, the predicted values are saved using Python 3.13.5
in the .csv format. This file is then converted to a file with the extension .dat that enters
the input of the simulation model. As a result, two sets of data are formed, historical and
predicted, shown in Figure 23.
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Figure 23. Visualization of input values.

Predicted values

5
By using data obtained during the construction of the forecasting model, it becomes
possible to predict the generation volumes of power plants with a predetermined configu-

Tune days

ration, which is an integral element in organizing demand management policies in modern
intelligent distributed energy systems based on renewable energy. The final result of the
technical potential forecast obtained from the simulation model is shown in Figure 24.
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Figure 24. Comparison of power generation capacity of an energy plant based on actual and
forecast data.

In the study, a single dataset (NSRDB) and a typical photovoltaic module configuration
were deliberately chosen as a visual example to illustrate the functionality and integration
of the proposed methodology. This approach allowed us to clearly present the workflow of
combining intelligent forecasting with dynamic simulation modeling without introducing
unnecessary complexity at the initial stage. It is important to emphasize that the methodol-
ogy itself does not impose restrictions on the use of other datasets, geographic locations, or
photovoltaic technologies. In practice, the structure is designed to be fully adaptable: when
choosing a new region/research area, the LSTM model can be retrofitted /retrained on any
available dataset corresponding to a different region, time horizon, or climatic conditions.
If it is necessary to change the configuration of the energy system (for example, another
photovoltaic module, changes in the load structure), the necessary adjustments can be
made by updating the parameters of the corresponding blocks in the simulation model.

6. Conclusions

This paper presents a methodology for comprehensive assessment of solar energy
technical potential based on the synergy of artificial intelligence and simulation-modeling
technologies. As a result, the proposed approach allows for both actual and forecast values
of solar radiation to be taken into account, making it particularly useful for analyzing
energy scenarios in distributed energy systems with a high share of renewable energy
sources. As part of the methodology, historical meteorological data on solar insolation is
used to train a model based on LSTM, one of the most effective classes of recurrent neural
networks adapted for processing time series, and the obtained forecast values of solar
radiation, taking into account temporal and seasonal dynamics, serve as input data for
the energy system simulation model implemented in the SimInTech environment, which
allows modeling the behavior of the system under various climatic conditions and loads, as
well as quantitatively assessing the technical potential of solar energy generation in specific
territorial conditions.

The developed approach allows for more informed planning of solar power plant
locations and assessment of their impact on the structure and reliability of the local power
system. Thus, the developed methodology can serve as a basis for intelligent design of
distributed energy systems that integrate renewable energy sources and digital demand
management elements. Further development of the methodology may involve expanding
the range of input factors (e.g., considering economic and infrastructure parameters) and
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introducing adaptive algorithms for optimizing energy generation and storage based on
forecast conditions.
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