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Abstract: The increasing penetration of photovoltaic (PV) systems and the need for reliable
backup power solutions have led to the development of hybrid uninterruptible power sup-
ply (UPS) systems. These systems integrate PV energy storage with battery backup and grid
power to optimize real-time energy management. This paper proposes an advanced energy
management strategy and an artificial neural network (ANN)-based control method for PV-
integrated hybrid UPS systems. The proposed strategy dynamically determines the optimal
power-sharing ratio between battery storage and the grid based on real-time economic
parameters, load demand, and battery state of charge (SoC). A centralized ANN-based
controller ensures precise control of the LLC converter and rectifier, achieving stable and
efficient power distribution. Additionally, a genetic algorithm is implemented to optimize
the power sharing ratio, minimizing the LCOE under varying load and electricity pric-
ing conditions. The proposed approach is validated through simulations, demonstrating
significant improvements in cost-effectiveness, system stability, and dynamic adaptabil-
ity compared to conventional control methods. These findings suggest that integrating
ANN-based control with optimized energy management can enhance the efficiency and
sustainability of hybrid UPS systems, particularly in fluctuating energy markets.

Keywords: hybrid UPS systems; real-time energy management; neural network control;
photovoltaic integration; optimal power sharing; dynamic load management; microgrid
stability; battery energy storage system; renewable energy integration

1. Introduction
The global community is facing considerable challenges due to the increasing growth

in energy consumption and the need to reduce carbon emissions. In order to achieve
sustainability, electric power systems must adapt to new technologies and evolving patterns
of energy consumption. While the widespread adoption of solar panels over the past
decade has led to substantial advancements, their integration into the electricity grid
poses significant challenges, both technological and economic. Ensuring system stability,
maintaining a balance between production and consumption, and managing decentralized
generation require particular attention [1,2].

In this context, uninterruptible power supplies, especially hybrid solutions integrating
solar panels, play a key role. These systems not only provide a continuous power supply but
also offer the possibility to optimize energy management. With energy management, hybrid
UPS systems can be operated more economically by allowing the electricity generated by
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the solar panels to be consumed locally instead of being fed into the grid. This provides a
significant advantage, especially in changing market conditions.

With the increasing prevalence of renewable energy sources, there has been a grow-
ing focus on decentralized energy supply systems, such as microgrids and nanogrids,
which seek to optimize local energy utilization and enhance independence from the grid.
Hybrid UPS systems and microgrid or nanogrid systems exhibit numerous similarities;
however, for smaller systems, hybrid UPS systems are often the preferred option due
to their cost-effectiveness and ease of control, attributable to their more straightforward
design. Microgrid and nanogrid systems offer greater flexibility and more complex control
options but come at a higher investment cost due to advanced control and integration of
multiple power sources. Hybrid UPS systems are ideal where meeting local power demand,
ensuring continuous power supply, and simple implementation are key considerations,
especially for smaller-scale systems. These systems are more efficient when the aim is to
use the energy generated by the solar panels locally, while providing cost-effectiveness
and easy controllability. Generally, the architecture of a hybrid UPS system includes solar
panels, battery storage, and an inverter system. Solar panels are used to convert sunlight
into electricity that may be directly utilized for feeding the connected loads or stored in
batteries for later use [3]. Optionally, the system can also include supercapacitors and fuel
cells. Figure 1 shows an example of an intelligent hybrid UPS system [4,5].

 

Figure 1. Intelligent online hybrid UPS system with optional bypass switch.

In hybrid UPS systems, centralized leader–follower control strategies are essential to
manage distributed energy resources and ensure stable operation. This control architecture
includes a leader unit that oversees the operation of multiple follower units and coordinates
their actions to maintain voltage levels, efficiently share power, and respond to changes in
load demand. Yang et al. say that for centralized DC microgrid systems, leader–follower
control can be implemented, where the leader controls voltage and the followers control
current [6]. Gao et al. also argue, symbolized in Figure 2, for a centralized leader–follower
control strategy [7]. The figure shows that the control unit generates a voltage error signal
from the voltage base signal and the feedback signal and sends it to the various modules,
electronic converters, on the communication line. Each module has a droop controller, a
voltage PI controller, and an internal control circuit. The output of each electronic converter
is connected in parallel to the common DC circuit.
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Figure 2. Centralized leader–follower control strategy [7].

There are currently several scientific problems with hybrid UPS, microgrid, and
nanogrid systems. One of the biggest problems is the primary and secondary control of
parallel connected generators (e.g., grid, solar, battery) when they supply different propor-
tions of consumers. The control is performed by a droop controller which, in addition to
load sharing, also tries to stabilize the voltage. Traditional droop control methods can lead
to issues such as voltage deviations and poor load sharing when the sources have different
characteristics or when there are variations in line impedances [8–10]. Variability in renew-
able generation can lead to rapid fluctuations in power output, which traditional droop
control methods may struggle to accommodate. This variability can result in significant
voltage deviations and challenges in maintaining system stability [8,11]. In addition to
these technical challenges, the communication requirements of hybrid UPS systems can
also pose problems. While droop control is advantageous due to its decentralized nature,
the lack of communication can lead to difficulties in achieving coordinated control among
multiple sources [12]. Furthermore, the design of droop control parameters is crucial for
ensuring optimal performance in hybrid UPS systems. The selection of appropriate droop
coefficients is essential for achieving accurate power sharing and voltage control, according
to Bunker et al. [13].

Artificial neural networks have emerged as a promising alternative to traditional
PID controllers in managing power sharing within hybrid UPS systems. This assertion is
supported by various studies that highlight the advantages of ANN-based control strategies,
particularly in terms of adaptability, efficiency, and performance under varying operational
conditions. One of the primary advantages of ANN controllers is their ability to learn and
adapt in real time, which is crucial for hybrid UPS systems that often face dynamic load
conditions. For instance, Alatshan et al. emphasize that ANN controllers can learn from
historical data and make informed decisions without requiring a precise mathematical
model of the system, thus providing a fast dynamic response [14]. This capability allows
ANNs to effectively manage the complexities associated with power sharing in hybrid
systems, particularly when compared to the static nature of PID controllers, which rely on
fixed parameters that may not adequately respond to changing conditions [15]. Moreover,
the robustness of ANN controllers in handling nonlinear and time-varying systems is well
documented. Amer et al. note that ANNs can model nonlinear, multiple-input multiple-
output (MIMO) systems, making them particularly suitable for the intricate dynamics of
hybrid UPS systems [16]. This adaptability is further enhanced by the ability of ANNs to
optimize control strategies in real time, as demonstrated in various applications ranging
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from microgrid energy management to voltage stability improvement in power systems [17].
In contrast, PID controllers often struggle with nonlinearity and require extensive tuning to
achieve optimal performance, which can be time-consuming and inefficient [18]. Yang et al.
highlight that ANN-based controllers significantly enhance the performance of electrified
pressure-swing distillation by dynamically adapting to process variations and nonlinear
system behaviors. Unlike traditional control methods, ANN controllers can learn complex
relationships within the system, enabling precise composition control and reducing energy
consumption. This adaptability improves robustness against disturbances and ensures a
more stable and efficient separation process [19].

Battery selection also plays a significant role in the operating environment of UPS
systems. For example, in data centers and hospitals, where reliability is paramount, factors
such as temperature stability, cycle life, and maintenance requirements should be consid-
ered when selecting battery technology, according to Ciancetta et al. [20]. In these critical
applications, the use of lithium-ion batteries may be justified despite their higher cost due
to their improved performance and lower overall cost in the long term. Understanding
the factors that affect battery performance, such as the depth of discharge (DoD), load
current, and degradation mechanisms, is essential to optimize battery life and efficiency.
The results of several studies shed light on the complex dynamics of the Li-ion battery life
cycle, focusing on the interaction between DoD, load current, and degradation processes.
The lifetime of Li-ion batteries is significantly affected by the depth of discharge. DoD
is the percentage of the battery’s capacity relative to its total capacity. Research shows
that deeper discharges generally lead to increased degradation rates as they can cause
structural changes in the battery’s electrodes and electrolyte system. For example, deep
discharges can lead to the formation of solid electrolyte interphase layers that consume
active lithium and contribute to a decrease in capacity over time, according to several
research groups [21–23].

In addition, studies have shown that operating at high DoD can increase internal
resistance and reduce overall battery cycle time [21,22,24]. Increased internal resistance
causes greater internal heating and reduces the amount of energy that can be extracted, but
also accelerates chemical reactions [25,26]. In contrast, lower load currents tend to increase
battery life by minimizing thermal stress and allowing more efficient lithium-ion interca-
lation and deintercalation processes, according to several research groups [27–29]. This
underlines the importance of optimizing DoD and load current to increase the operational
efficiency and lifetime of Li-ion batteries, as these affect degradation mechanisms.

Another major challenge for hybrid UPS systems is the control of multiple power
sources by an EMS. The use of energy management in hybrid UPS systems is key to
increasing system efficiency and economy. Energy management algorithms allow the
system to draw energy from the batteries and the grid in optimal proportions, considering
the current production of solar panels, grid energy prices, and changing consumption
patterns. These algorithms not only improve the stability and reliability of the system
but also result in significant cost savings over long-term operation. Dynamic energy
management allows the system to adapt to changing loads and energy sources in real time,
while minimizing the cost of energy use. This is particularly important in changing market
conditions, where grid energy prices often fluctuate, and solar power generation is also
dependent on weather conditions. Long et al. highlight that the integration of different
power sources requires sophisticated control systems to manage the fluctuations in power
output effectively [30]. Moreover, the management of energy flow within hybrid systems is
often hindered by the bidirectional nature of energy transfer. As noted by Zhang et al., the
increasing penetration of renewable resources introduces challenges related to randomness
in power generation and the need for effective demand response mechanisms [31]. This
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bidirectionality necessitates advanced EMS capable of real-time monitoring and control
to optimize energy distribution and minimize losses [32]. Another significant issue is
the optimization of energy management strategies to minimize operational costs while
maximizing efficiency.

The economic model for hybrid UPS systems is fundamentally based on the opti-
mization of energy sources and storage solutions. The study by Saidi et al. claims that
integrating PV systems with battery storage can significantly reduce energy costs by lever-
aging renewable energy during peak generation periods while utilizing stored energy
during high-demand periods [33]. The Levelized Cost of Energy (LCOE) is a critical met-
ric in EMSs, particularly regarding the economic viability of various energy generation
technologies [34]. LCOE represents the per-unit cost (typically in terms of currency per
kilowatt-hour) of building and operating a power plant over an assumed financial life and
duty cycle. This metric is essential for comparing the cost-effectiveness of different energy
sources, including renewables like solar and wind. The integration of LCOE into EMSs
allows for a more informed decision-making process regarding energy investments and
operational strategies.

It is necessary to be prepared for the possibility that some utilities in the EU will switch
from 15 min settlement to minute or even more dynamic billing systems in the future,
which will create additional opportunities to optimize energy use. In this case, the ability
to consume simultaneously from the grid and from batteries, with the optimal ratio being
determined in real time based on an economic model, will become increasingly important.
This not only helps to reduce costs, but also increases the flexibility of the system.

This study proposes an optimized real-time energy management and control strategy
for PV-integrated hybrid UPS systems. The EMS determines the optimal power-sharing
ratio between battery storage and the grid, considering real-time economic parameters,
load demand, and the SoC of the battery. The ANN-based centralized control system
ensures the LLC converter and rectifier accurately execute these setpoints, maintaining
system stability and efficiency.

Additionally, a dynamic power management scheme is introduced, designed for
bypass-free, solar online hybrid UPS systems. This system enhances flexibility by allowing
real-time adjustments based on electricity tariffs, renewable generation, and load varia-
tions. It ensures a continuous and cost-effective power supply even during grid outages,
addressing the limitations of existing EMSs, which often rely on slow and coarse control. By
integrating ANN-based control with dynamic power management, this approach enables a
more responsive and efficient operation, reducing costs and improving sustainability. Fu-
ture developments in electricity pricing, such as shorter billing intervals, further emphasize
the necessity of advanced energy management strategies.

The remainder of this paper is structured as follows. Section 2 describes the materials
and methods, including the ANN-based centralized control strategy, real-time energy
management, optimization methodology, and validation methods. Section 3 presents the
results, including simulations of the ANN-based controller, analysis of optimized energy
management, and validation of the identification algorithm. It is also shown that the green
current ratio (power sharing) should be controlled in real time. Section 4 concludes the
paper, summarizing the key findings and outlining potential future research directions.

2. Materials and Methods
This research discusses the ANN-based centralized control, real-time energy manage-

ment, optimization methodology, and related validation results for the online UPS system
shown in Figure 3.
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Figure 3. Block diagram of the hybrid UPS system studied in this research.

In the system, a grid-connected rectifier and an LLC resonant converter simultaneously
feed the DC bus. The LLC converter is a DC/DC voltage boost converter that achieves
voltage boosting with excellent efficiency through soft switching. By simultaneously
controlling the two converters, the ratio of electricity drawn from the battery and solar
panel and from the grid can be adjusted. In this study, this ratio is referred to as the green
current ratio. The DC bus feeds the inverter that supplies the loads. The DC bus can also
be connected to an inverter designed for motor drives, which acts as a frequency converter.
The battery is charged exclusively by the solar panel in the tested arrangement, which
makes the system more cost-effective. The LLC converter is not capable of bidirectional
power flow but provides galvanic isolation between the grid and the battery.

2.1. Intelligent Dynamical Power Sharing
2.1.1. ANN-Based Centralized Control Strategy

The following subsection describes the control strategy and system topology devel-
oped. It presents an automatic system identification algorithm that allows efficient training
of an artificial neural network for the control of nonlinear electronic converters. It also
discusses simulation methods and layouts for validation. The control strategy can be
applied to hybrid UPS systems where the DC bus is fed by SCR rectifiers or active rectifiers
with Park vector control in parallel with LLC converters.

The hybrid UPS system and the associated smart control strategy are shown in Figure 4.
The main circuit consists of the grid, rectifier, battery, LLC converter, and inverters. In the
main circuit, the rectifier and the LLC converter need to be controlled in order to share
the power and to stabilize the DC bus voltage. These converters are controlled by an
ANN-based unit with inputs of green current base signal (G*), load resistance (Rl) and
battery voltage (Ubat). The figure shows an active rectifier, but a thyristor rectifier can also
be used, so a firing circuit is required instead of a Park vector controller. In this case, it
is not advisable to incorporate a PID controller in the firing circuit, thus simplifying the
control strategy. For vector-based control, 4 PI controllers are required.

The G* green current ratio setpoint is generated by an intelligent EMS considering
operational (technical) parameters and economic aspects. The operating parameters are the
grid voltage (UAC), the DC bus voltage (UDC), the total inverter current (Itot), the actual
green current ratio (G), the battery state of charge (SoC), and the battery current (Ibat).
Economic parameters include the current tariff (weighted average price) of grid electricity,
the LCOE of energy extracted from batteries, and the LCOE of energy extracted from
solar panels. The solar panel and the MPPT charge controller (DC/DC converter) are not
shown in the figure as they are not part of the control strategy. The battery monitoring
management system (BMS) provides feedback on the charging and discharging current
(Ibat) of the battery, so there is no need to control and monitor the MPPT charge controller
separately. The BMS is also able to provide feedback on the battery state of charge (SoC)
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and the battery voltage (Ubat). The battery voltage and the charging current can therefore
be used to determine the power of the solar panel.

Figure 4. ANN-based centralized control strategy.

The availability of a sufficient amount and quality of data is a prerequisite for the
efficient operation of a neural network. The amount of data required for learning depends
on several factors, the most important of which are the complexity of the network, the
nature of the learning task, and the variety and redundancy of the data. In general, the
performance and accuracy of the network is highly correlated with the size and quality of
the data set used for learning. To achieve adequate performance, the data set must reflect
the diversity of patterns in the system.

As shown in Figure 4, the neural network performing the control has three inputs and
two outputs. For the neural network to set the desired magnitude of the green current ratio
and DC bus voltage in the hybrid UPS system, it needs to know the setpoint signals of the
local controllers (rectifier and LLC converter controllers) associated with the given battery
voltage, DC bus voltage, and load. These setpoint signals are indicated in the figure by the
parameter REC for the rectifier and Udc* for the LLC converter.

The data set for training is generated by the algorithm shown in Figure 5. When the
algorithm is started, it obtains the desired green current ratio setpoint signal and measures
the battery voltage, the green current ratio magnitude, and the load magnitude. It then
compares the voltage of the DC bus with the desired value (e.g., 340 V). If not equal, it
also tests for equality. If the Udc voltage is greater than 340 V and the green current ratio is
greater than the desired value, then we increase the firing angle for a thyristor rectifier. If
G is greater than the desired value (G*), then the setpoint signal of the LLC converter is
reduced, and so on. The process runs until DC bus voltage and the green current ratio reach
the desired value. When this happens, the algorithm saves the setpoints of the converters,
the battery voltage, and the load magnitude. The algorithm should be run for multiple
battery voltage, load, and green current ratio setpoints to cover all possible values in the
system and to include extreme values in the data set.

For an active (vector-controlled) rectifier, minimal modification to the algorithm is
required. If Udc < 340 V and G > G*, then an REC parameter increment is required. If Udc

> 340 V and G < G*, then an REC parameter decrement is required. The increment and
decrement speeds can be set using a ramping method.
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Figure 5. Identifier algorithm for hybrid UPS system with thyristor rectifier.

2.1.2. Validating the Identification Algorithm with Simulations

The following subsection presents simulation methods for a hybrid UPS system
controlled by a neural network. The simulations are designed to monitor how the ANN-
based system can keep the power sharing and DC bus voltage stable while dynamically
varying the battery voltage, load, and desired green current ratio.

In the identifier operation, the loads are represented by resistors in the circuit, with
several resistors and circuit breakers connected in parallel to vary the load. The identifier
block varies the setpoints of the rectifier and LLC converter until the desired G and Udc

values are established in the system. A system with a thyristor rectifier is shown in Figure 6.

 

Figure 6. Identification of the hybrid UPS system with a thyristor rectifier.
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The LLC converter has been extensively analyzed in previous studies [35–37]; therefore,
it will not be elaborated further in this section. However, its key parameters are presented
in Table 1.

Table 1. Key parameters of LLC converter.

Parameter Name of Parameter Value Unit

Vin Input voltage 25–40 V
Vout Output voltage 340 V
Pout Rated power 400 W

IDCout Rated current 1.1765 A
n Transformer ratio 0.128414 -
Cr Resonant capacitance 2154 nF
Lr Resonant inductance 1.1756 µH
Lp Primary inductance 9.405 µH
Lm Magnetizing inductance 8.2294 µH
fr Resonant frequency 100 kHz

fmin
Lowest switching

frequency 38.6 kHz

The rectifier used in the simulation is a half-controlled thyristor-based design, with its
main parameters presented in Table 2 and its internal structure illustrated in Figure 7.

Table 2. Key parameters of rectifier.

Parameter Name of Parameter Value Unit

Rtion Thyristor on-state resistance 1 mΩ
Utif Thyristor forward voltage drop 0.8 V

Rdion Diode on-state resistance 1 mΩ
Udif Diode forward voltage drop 0.8 V
Cbuff Buffer capacitor capacitance 3000 µF
Rbuff Buffer capacitor series resistance 20 mΩ
PSCR Rated output power 11 kVA

UinSCR Rated input voltage 1 3 × 400 V
1 During the simulations, the grid voltage is symmetrical and does not flicker.

 

Figure 7. Three-phase rectifier block internal structure.
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Both the three-phase and single-phase inverters constitute IGBT switching elements,
controlled by the SPWM algorithm. The inverters do not include any internal control
circuits. Their parameters are presented in Table 3.

Table 3. Key parameters of inverters.

Parameter Name of Parameter Value Unit

RIGBTon IGBT on-state resistance 30 mΩ
UIGBTf IGBT saturation voltage 1.5 V

RIGBTdion Flywheel diode on-state resistance 1 mΩ
UIGBTdif Flywheel diode forward voltage drop 0.8 V

A squirrel-cage induction motor is connected to the output of the three-phase inverter,
with its parameters listed in Table 4. During the simulation, the motor is subjected to a
constant torque load.

Table 4. Key parameters of induction motor.

Parameter Name of Parameter Value Unit

Pn Rated power 371.8 W
Un Rated voltage 230 V
fn Rated frequency 50 Hz
Rs Stator resistance 10 mΩ
Lls Stator inductance 18.42 mH
Rr
′ Rotor resistance 625.8 mΩ

Llr
′ Rotor inductance 5.473 mH

Lm Mutual inductance 701.3 mH
J Moment of inertia 0.08 kg·m2

F Friction coefficient 5.879 mNm·s
p Number of pole pairs 2 -

An RL load is connected to the output of the one-phase inverter, with a resistance of
230 Ω and an inductance of 4 mH.

2.1.3. Validating the ANN-Based Control Strategy

The training of the neural network can be performed using the results of the system
identification. The results obtained must be saved in an Excel spreadsheet. This spread-
sheet is imported by MATLAB R2024a during the neural network training process. The
optimal number of neurons and the selection of the training method should be determined
experimentally through testing on a validation data set. The main power circuit of the
system controlled by the neural network trained on the data set generated by the identifier
is shown in Figure 8.

Simulink calculates the value of the load resistance using Ohm’s law, based on the
linear average of the DC bus voltage and current. The linear average is referenced to
50 Hz. The system also manages power outages, as shown on the left side of the figure.
The three-phase circuit breaker can be manually switched off, causing a power outage,
leaving the rectifier without supply. Within the rectifier block, a voltage monitor detects
the presence of mains voltage. If no mains voltage is detected, the Voltage_on variable
returns a value of 0. In this case, the reference signal sent to the local controller of the LLC
converter jumps to 359 V, overriding the value received from the neural network.

It should be noted that the LLC converter internal controller only includes a propor-
tional controller, resulting in a significant steady-state error. Therefore, an approximately
359 V reference signal is required to maintain a voltage of around 340 V at rated power.
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The results of the identification and simulations are presented in the Results Section,
where the ANN training is also described in detail.

 

Figure 8. ANN-based centralized controller simulation.

2.2. Optimized Real-Time Energy Management

The optimized real-time energy management strategy ensures that loads are powered
solely by the battery and solar panels during a grid outage. When grid electricity is
available, the system switches to optimization mode and defines the green current ratio
setpoint for the control circuit. This study does not focus on the control system, which can
be implemented using a conventional PID controller or an intelligent approach based on
neural networks and artificial intelligence.

The following sections present the developed methodology and economic model,
which facilitate the reduction in LCOE under dynamically changing loads, grid electricity
prices, and solar energy generation. The economic model considers the time-invariant
input parameters listed in Table 5, which are essential for implementing optimization. This
study does not examine the costs of the grid-connected rectifier, as its LCOE has a negligible
impact on the overall LCOE.

Table 5. Constant input parameters for optimization.

Description of the Parameter Parameters Dimension

Maximum power of loads 1 PL kW
Initial capacity of the battery pack Cbat Ah

Nominal voltage of the battery pack Ubatnom V
Initial cost of the battery pack Cinbat EUR

Peukert exponent of the battery k -
Initial cost of the LLC converter CinLLC EUR

Initial cost of the PV system CinPV EUR
Initial nominal power of the PV system PPVi kWp

Degradation rate of the solar panel d -
Annual energy production per 1 kWp of solar panel capacity E1year kWh

MPPT charge controller efficiency 2 ηcharge %
1 DC bus total load. 2 Regardless of the solar panel power in this case.

2.2.1. Battery Life Cycle

To parameterize the model, the life cycle of the battery pack must first be analyzed
or approximated by regression based on the manufacturer’s data. As a function of the
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percentage value of the DoDat different loads, the cycle number (lifetime) of the battery
can be calculated. The cycle number is the reduction in the initial capacity to 80% and is a
function of the DoD and the load (C). C is the ratio of the discharge current of the battery to
its rated capacity. The functions can be approximated by n polynomials for n load curves,
described by Equation (1) [38]. In the equation, a and b denote coefficients.

Cyclen(Cn, DoD) = an·DoD−bn (1)

If the cycle numbers for each load current are known, the capacity reduction per cycle
can be determined. The equation gives, for an arbitrary cycle curve, the amount of capacity
loss in the battery caused by one cycle of immersion (Equation (2)).

C∆bat =
20

Cyclex
[%] (2)

The actual capacity of the battery depends on the size of the load. The Peukert equation
can be used to determine how much actual energy can be drawn from the battery at a given
current. The discharge time can be calculated using Equation (3). tdis is the discharge time,
Cbat is the battery capacity, Ibat is the discharge current, and k is the Peukert exponent; k is
about 1.15 for lead–acid batteries and close to 1 for LiFePO4 batteries.

tdis =
Cbat

Ibat
k [h] (3)

The real capacitance (Creal) is the product of the discharge time and the current drawn:

Creal = tdis·Ibat =
Cbat

Ibat
k ·Ibat [Ah] (4)

From the real capacity and the nominal voltage of the battery pack (Ubatnom), the
energy that can be extracted from the battery in kWh can be determined using Equation (5).

Ereal =
Ubatnom· Creal

1000
[kWh] (5)

It is also necessary to determine the capacity per cycle (Creal/kWh), based on
Equation (6).

C real
kWh

=
Ereal ·DoD

100
[kWh] (6)

The real capacity loss per cycle is the ratio of the previously defined capacity loss per
cycle to the capacity per cycle (Equation (7)).

C∆real =
C∆bat
C real

kWh

[
%

kWh

]
(7)

The specific battery life cycle cost of energy (LCOE) (80% capacity reduction), which
gives the cost per kWh of energy, can be determined from Equation (8) below.

LCOEbat =
C∆real

20
·Cinbat

[
EUR
kWh

]
(8)

The previous Equations (2)–(8) can be combined to form Equation (9).

LCOEbat =

105

Cyclex

Ubatnom· Cbat
Ibat

k ·Ibat·DoD
·Cinbat

[
EUR
kWh

]
(9)
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LCOE values calculated for different DoD levels and load currents can be represented
graphically as data points, and a polynomial can be fitted to these points. This approach
provides a continuous function that allows the estimation of battery LCOE for any given
load current at a specific depth of discharge. Based on the relationship between load current
and DoD, a bivariate approximation function can be formulated, which determines the
battery LCOE for any current level and depth of discharge. In the case of a fourth-degree
polynomial, its general form is expressed by the following equation, where c0 to c14 are the
coefficients (Equation (10)):

LCOEbatreg(Ibat, DoD) = c0 + c1·Ibat + c2·DoD + c3·Ibat
2 + c4·DoD2 + c5·Ibat·DoD + c6·Ibat

3

+c7·DoD3 + c8·Ibat
2·DoD + c9·Ibat·DoD2 + c10·Ibat

4 + c11·DoD4 + c12·Ibat
3·DoD + c13·Ibat·DoD3

+c14·Ibat
2·DoD2

[
EUR
kWh

] (10)

2.2.2. Battery LCOE, Considering Efficiencies

If the parameters of LCOEbatreg are known, the LCOE can be determined for different
loads (Ptot) and green current ratios (GPV0), while the grid electricity tariff (Cgrid) also
varies. In the scenario where the solar panel connected to the battery does not generate
power (PPV0 = 0), the battery LCOE is given by the following equation, which applies only
to the battery.

LCOEbatPV0 =
GPV0

100
·LCOEbatregrealPV0(IbatrealPV0, DoD) +

(
1− GPV0

100
·Cgrid

)[
EUR
kWh

]
(11)

The LCOEbatregrealPV0 regression must be performed using the previously calculated
coefficients c0 to c14. The IbatrealPV0 parameter represents the actual discharge current.
Since the efficiency of the LLC converter is not ideal, achieving the desired green current
ratio requires more current from the battery than in an ideal scenario. The actual current,
IbatrealPV0, is determined by the following equation, where Ubat represents the instantaneous
voltage of the battery and Ptot denotes the total power of the DC bus.

IbatrealPV0 =
Ptot·1000

Ubat
·GPV0

ηLLC
[A] (12)

The efficiency of the LLC converter can be described by an approximate polynomial in
the ratio of the load, which has a different shape depending on the converter. Equation (13)
shows an example equation describing the efficiency, where f and g are the coefficients:

ηLLC = f ·
(

1− e−g· Ptot
PL
·100
)
[%] (13)

2.2.3. Total LCOE, When PPV = 0

So far, LCOEbatPV0 has only been applied to the battery, assuming that charging comes
at no cost. However, the battery is charged by the solar panel, which also has its own LCOE
that must be considered. Additionally, the DC bus is powered by the LLC converter, which
has its own LCOE and operates with non-ideal efficiency.

In order to determine the LCOE of a solar panel, it is necessary to know the annual
energy production associated with its geographical location, for a solar panel of 1 kWp. In
Hungary, this usually varies within E1year = 1100–1300 kWh, provided that the orientation
and tilt angle are ideal, and the solar panel is not contaminated or damaged. The lifetime
of a solar panel is given as 25 years. Meanwhile, the efficiency of the solar panel decreases,
based on the so-called degradation rate. On average, this value is around 0.5% per year.



Energies 2025, 18, 1321 14 of 32

The amount of electricity delivered over 25 years (E25year) can be determined as described
in Equation (14) [39].

E25year =
24

∑
year=0

E1year·PPVi·(1− d)year [kWh] (14)

where PPVi is the initial rated capacity of the solar panel in kWp, d is the degradation rate,
and E1year is the annual energy production. After 25 years, the solar panel can only deliver
87.5% of its rated output if d = 0.5%. In this context, the amount of electricity controlled by
the LLC converter is equivalent to the energy produced by the solar panel.

Thus, the LCOE of the PV system can be calculated according to Equation (15), where
ηcharge is the efficiency of the battery charge, which includes the efficiency of the MPPT
controller (charge controller):

LCOEPV =
CinPV

E25year·ηcharge

[
EUR
kWh

]
(15)

The LCOE of an LLC converter can be simplified as follows (Equation (16)). The ratio
of the investment cost to the amount of electricity delivered during its life cycle gives the
LCOE, where the total energy delivered is the product of the lifetime (TLLC) in years and
the rated power (PLLC).

LCOELLC =
CinLLC

365·24·TLLC·PLLC
≈ CinLLC

E25year

[
EUR
kWh

]
(16)

With the LCOE of the battery, PV system, and LLC converter known, the total
LCOE can be calculated for the scenario in which the solar panel output is zero. Thus,
Equation (17) provides the cost of the electrical energy extracted from the previously solar-
charged battery via the LLC converter.

LCOEtotPV0 =
GPV0

100
·
(

LCOEPV + LCOELLC + LCOEbatregrealPV0

)
+

(
1− GPV0

100
·Cgrid

) [
EUR
kWh

]
(17)

2.2.4. Method for Finding the Optimal Green Current Ratio with Genetic Algorithm

It can be observed that LCOEtotPV0 varies significantly as a function of the green
current ratio (GPV0). Meanwhile, the value of LCOEbatregrealPV0 is highly dependent on
both the load magnitude and the green current ratio. Finding the optimal green current
ratio is crucial, as it helps minimize the LCOE of consumed electricity. The LCOE minimum
corresponding to each grid electricity cost can be determined using iterative or graphical
methods. For different loads, LCOE should be plotted while varying the green current
ratio between 0% and 100%. The results are illustrated in Figure 9, which provides an
example. The minimum points (global optima) of the curves are also visible in the figure,
while the values of Cgrid and DoD remain constant. The dashed line represents the actual
grid electricity cost (Cgrid).

The green current ratios corresponding to the lowest LCOE must be identified as a
function of load and approximated using a polynomial. Based on this, the optimal green
current ratio can be determined for any given load. In some cases, the fitted polynomial
exhibits an R2 determination coefficient close to 1, but for different electricity tariffs and
DoD values, R2 varies over a wide range. The graphical representation reveals that the poly-
nomial exhibits oscillatory behavior, causing the selected optimal GOPTPV0 green current
ratios to deviate from the ideal values. Additionally, significant approximation errors occur
at the breakpoints of the computed values. Therefore, an optimization approach is required
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to address the variability arising from different grid tariffs and DoD values. Since conven-
tional algorithms often fail to find the global optimum in these cases, and approximation
errors lead to significant distortions, a more effective and flexible method is necessary.
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Figure 9. Total LCOE as a function of green current at different loads, if the solar panel is not
producing energy (the points on the curves represent the optimum).

The genetic algorithm was chosen because it efficiently solves optimization problems
where the search space is large, complex, and contains multiple local optima. Conventional
algorithms, such as gradient-based methods, tend to become stuck in local optima, whereas
the genetic algorithm, with its population-based approach and stochastic elements, can
explore a broader search space and identify the global optimum.

As a metaheuristic algorithm, the genetic algorithm does not require an exact mathe-
matical formulation of the problem but instead provides a general solution strategy. This
flexibility is particularly valuable for nonlinear, discrete, and multidimensional problems.
Furthermore, the genetic algorithm processes multiple solutions (a population) in parallel,
enabling faster convergence toward the optimal solution.

Another advantage of using the genetic algorithm is its speed, as it does not require
evaluating all possible solutions. Instead, it generates candidate solutions (individuals) ran-
domly and refines them over multiple generations. Consequently, rather than exhaustively
computing every possibility, the genetic algorithm rapidly converges toward the optimal
solution through selection, crossover, and mutation.

2.2.5. Total LCOE, When PPV > 0

So far, the calculation of LCOEs has assumed that the solar panel is not currently
producing electricity (PPV = 0). Given the current power of the solar panel, the optimal
green current ratio is expressed implicitly as follows (Equation (18)):

GPV =

{
100 ·(PPV+PbatPV0)

Ptot
, i f GPV ≤ 100

100, i f GPV > 100
[%] (18)

The GPV optimal green current ratio already considers the current power of the solar
panel. The ratio depends on the GPV0 optimized value previously determined by the
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genetic algorithm. The PbatPV0 is the battery power without solar generation (PPV = 0),
expressed by Equation (19).

PbatPV0 = Ptot − PgridPV0 [kW] (19)

PgridPV0 is the grid power if the solar panel is not producing energy (PPV = 0). Then, the
grid power without instantaneous PV production can be written up using Equation (20).

PgridPV0 = Ptot −
(

GPV0

100
·Ptot

)
[kW] (20)

The battery performance without a solar panel based on the optimized green current
ratio is as follows (Equation (21)):

PbatPV0 = Ptot·
GPV0

100
[kW] (21)

If the solar panel is also producing electricity PPV > 0, then the cost calculated by
LCOEbatreg regression should be applied to the current IbatrealPV instead of IbatrealPV0, where
IbatrealPV is the actual current drawn from the battery when the solar panel is also producing
electricity (Equation (22)).

IbatrealPV =

{ 100 ·Irequired
ηLLC

, i f IrealPV ≥ 0
Irequired, i f IrealPV < 0

[A] (22)

Based on the already-known approximate polynomial, the efficiency of the LLC
converter is given by Equation (23), where the power factor is the product of the load
relative to the rated power and the optimal green current ratio.

ηLLC = f ·
(

1− e−g·( Ptot
PL
·GPV)

)
[%] (23)

The battery current required by the optimization can therefore be written according to
Equation (24).

Irequired =
1000 · PbatPV

Ubat
[A] (24)

The power output of the battery is the difference between the total load and the power
drawn from the grid and the current output of the solar panel (Equation (25)).

PbatPV = Ptot − Pgrid − PPV [kW] (25)

The amount of power drawn from the grid in this case (Equation (26)):

Pgrid =

{
0, i f PPV ≥ PgridPV0

Ptot − PPV − PbatPV0, i f PPV < PgridPV0
[kW] (26)

The total LCOE, if the solar panel is also producing energy (PPV > 0), can be expressed
in the form of Equation (27).

LCOEtotPV =
GPV
100
·
(

LCOEPV + LCOELLC + LCOEbatregrealPV

)
+

(
100− GPV

100
·Cgrid

) [
EUR
kWh

]
(27)
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If the solar panel is charging the battery, IrealPV is negative; then, the LCOE is as follows
(Equation (28)):

LCOEtotPV = LCOEPV + LCOELLC

[
EUR
kWh

]
, i f IbatrealPV < 0 (28)

If no load is switched on, the LCOE is zero (Equation (29)).

LCOEtotPV = 0
[

EUR
kWh

]
, i f Ptot = 0 (29)

There may be several occasions in a day when the grid energy tariff is negative. The
energy supplier then pays consumers to buy electricity from the grid. In such a case, it is
not practical to extract electricity from the battery, so the following condition must be true
(Equation (30)).

GPV =

{
0, i f Cgrid ≤ 0

100 ·(PPV+PbatPV0)
Ptot

, i f Cgrid > 0
[%] (30)

3. Results
3.1. ANN-Based Centralized Controller Simulations

The following section presents the results of the identification process, neural network
training, and parametric sensitivity analyses.

3.1.1. System Identification and Generating Training Data

The first simulation performs the identification of the hybrid UPS system. The input
parameters used in the simulation were the following values:

• Loads (RL): 290 Ω, 467 Ω, 645 Ω, 1000 Ω;
• Battery voltages (Ubat): 25 V, 30 V, 36 V, 40 V;
• Green current ratios (G*): 5%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%, 95%.

When the battery voltage was set to 30 V, only one identification cycle was run with
a 290 Ω load at a 50% green current ratio setpoint. Furthermore, at 467 Ω load and 40 V
battery voltage, the values corresponding to 5% and 10% green current ratio were missing
because the green current ratio was not feasible. Similarly, for a 290 Ω load at 40 V battery
voltage, the values for 5% green current ratio are missing.

Thus, a total of 129 cycles were generated. The result of a cycle contains the setpoint
signal values (REC, UDC*) for load, battery voltage, and green current ratio, i.e., the output
values. If the desired green current ratio is less than 5%, the LLC converter must be switched
off. However, above a setpoint of 95% green current ratio, the rectifier should be switched
off, thus reducing losses and providing more accurate control.

The result of the identification is illustrated in Figure 10, where the required set-
points for the LLC converter are plotted for different green current ratios, loads, and
battery voltages.

The resulting rectifier firing angles are shown in Figure 11. The simulation shows that
the change in battery voltage has a negligible effect on the required firing angle. Therefore,
the results of all 129 cycles are not plotted as in the case of the LLC converter.

3.1.2. Neural Network Training

The feed-forward neural network was trained based on the results of identification
simulation using the Levenberg–Marquardt method. For training, the number of training
cycles (epochs), the desired performance (minimum allowed error), and the maximum
number of validation errors during training are declared. These values are shown in Table 6.
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Also, default values can be observed: gradient and Mu adaptive values. After training is
completed, the values obtained can also be observed in the table (final values).
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Figure 10. Setpoints of the identified LLC converter at different loads and battery voltages.
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Figure 11. Firing angles of the identified rectifier at different loads and battery voltages.

Table 6. The values expected and obtained during training.

Parameter Initial Value Final Value Target Value

Epoch 0 5000 5000
Elapsed time - 2 s -
Performance 39.4 0.000787 1 × 10−14

Gradient 57.7 0.000215 1 × 10−7

Mu 0.001 1 × 10−9 1 × 1010

Validation 0 4.13 × 103 5 × 104

Figure 12 shows the MSE, gradient, Mu, and validation failure during the training
epochs. The results show that the neural network shows good convergence. The perfor-
mance can be further improved by increasing the number of hidden neurons, but then
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over-learning occurs. The optimal number of hidden neurons is nine for 129 identification
cycles with three input layers and two output layers.

 

 
(a)    (b) 

Figure 12. Change in MSE during the epochs, (a) and different aspects of the training process (b).

3.1.3. Green Current Ratio Ramping

The result of the second simulation is shown in Figure 13. The aim is to show how the
ramping of the green current ratio (0–100%) affects the actual green current ratio and the
voltage of the DC bus, while keeping the load and battery voltage constant. By ramping
the green current ratio setpoint, the actual value follows the setpoint with minimal error,
while the DC bus voltage also changes minimally. The resulting errors in voltage and green
current ratio occur because both the identification and the training contain errors.

 

Figure 13. The effect of ramping the green current ratio.

3.1.4. Dynamic Change in Battery Voltage

The third simulation aims to show how a dynamic change in battery voltage causes
perturbations in the actual green current ratio and the DC bus voltage while the load is
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constant. The result is shown in Figure 14. It can be seen that the dynamic variation in the
battery voltage disturbs the DC bus voltage and the green current ratio negligibly.

 

Figure 14. Effect of dynamic battery voltage change.

3.1.5. Dynamic Change in Load and Battery Voltage

The next simulation aims to show how the actual green current ratio and DC bus
voltage change as the load and battery voltage are varied. Figure 15 shows the fourth
simulation result where both load and battery voltage are dynamically changed. As the
load is increased, it can be seen that the resistance value decreases with a finite slope; this
is due to the linear averaging algorithm which averages over 50 Hz. The use of this is key,
as it reduces oscillations during controlling, but causes a short-term overshoot in the actual
value of the green current ratio. It also causes an error in controller P of the LLC converter.

 

Figure 15. The effect of load and battery voltage variation.

3.1.6. Dynamic Change in Green Current Ratio Setpoint

The fifth simulation investigates the effect of dynamic (non-ramped) green current
ratio changes on the system, and the effect of simultaneous changes in all input parameters
on the voltage variation in the DC bus. The aim of the study is to detect the disturbances
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generated as each input parameter is varied. As shown in Figure 16, negligible DC bus
voltage variation is observed.

Figure 16. The effect of dynamic change in green current ratio setpoint.

3.1.7. Power Outage and Recovery

The sixth simulation shows how the voltage and current of the DC bus and the me-
chanical power of the motor change when the power is interrupted and the grid is restored,
while the load and battery voltage remain constant. The results are shown in Figure 17. It
can be noticed that the most critical operating conditions occur during power failure and
grid recovery. When a blackout occurs, the green current ratio consequently takes on a
value of 100% because only the LLC converter supplies the consumers. The DC bus voltage
then rises slightly and, when the grid voltage is restored, returns to its original stable state.
During these two events, there is minimal disturbance in the voltage of the DC bus and
hence in the current. There is no change in the mechanical performance of the motor.

Figure 17. The effect of power outage and recovery.
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3.2. Optimized Real-Time Energy Management

The following section presents the validation of the optimization, along with the
generated reports and results, which demonstrate that adjusting the green energy ratio
significantly reduces the LCOE of the energy consumed.

3.2.1. Implementing a Genetic Algorithm

The optimization using a genetic algorithm was implemented in MATLAB. In the
developed economic model, the fitness function is represented by Equation (17), which
serves as the essential objective function for the genetic algorithm. A software tool was
created that simultaneously varies three parameters: grid electricity price (Cgrid), optimal
green energy ratio when solar generation is zero (GPV0), and total load (Ptot). The software
also incorporates the equations from the economic model, allowing it to calculate values
such as the actual battery current while accounting for efficiency factors.

Initially, the software calculates the battery’s LCOE based on its parameters, consider-
ing depth of discharge and load current. This serves as an input for the genetic algorithm.
The battery’s LCOE can be approximated using regression, with the regression coefficients
also computed by the software.

The genetic algorithm does not run only once in the program. By iterating over
different values of total load (from 0 to PL) and grid electricity cost (from 0 to 0.5 EUR/kWh),
the software determines the optimal green energy ratio for each parameter set and stores
the results in a matrix. Simultaneously, another matrix stores the corresponding minimized
total LCOE for each green energy ratio. The results of the optimization process are saved in
an Excel file.

It can be observed that setting excessively small step sizes for total consumption and
grid electricity cost significantly increases the program’s execution time. The remaining
parts of the software perform interpolation based on the matrices and generate graphical
reports. The parameters of the genetic algorithm were set as follows, as summarized
in Table 7.

Table 7. Set parameters to run the genetic algorithm.

Parameter Set Value

Population 200
Max. generations 200

Crossover probability 0.8
Mutation probability 1%

Elitism 5%
Fitness function stabilization (stopping criterion) 10−20

Constraint tolerance (stopping criterion) 10−20

Increasing the population size indefinitely does not improve the optimization result.
Therefore, it makes sense to increase the population size until the results do not change,
and this will allow the optimization to be performed faster as new input parameters
change. The selection methods were also executed, including roulette wheel, ranking,
stochastic universal sampling, and tournament selection. The resulting matrices showed
no significant differences; however, the execution time of the program varied, particularly
when the population size was larger.

3.2.2. Demonstrations with Example Hybrid UPS System

The following subsection describes optimization and demonstration for an example
hybrid UPS system. The parameters of the static system are given in Table 8. The values aim
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to reflect reality and are presented in the table based on market research and the average of
prices observed in various catalogs.

Table 8. Static input parameters of the example system.

Parameter Value Dimension

PL 48 kW
Cbat 1000 Ah

Ubatnom 48 V
Cinbat

1 10,800 EUR
k 1.005 -

CinLLC 5000 EUR
CinPV

2 18,000 EUR
PPVi 48 kWp

d 0.005 -
E1year 1100 kWh
ηcharge 90 %

1 LiFePO4 battery. 2 Includes MPPT charge controller.

The lifetime of a LiFePO4 battery is known as a function of DoD and load current, as
shown in Figure 18. Polynomials fitted to known data points are also observed in the figure.
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Figure 18. Battery cycle as a function of DoD and load current.

Knowing the Peukert exponent of the battery, the actual energy that can be extracted
depends on the load, as shown in Figure 19.
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Figure 19. Actual energy that can be extracted from the battery as a function of load.
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The LCOE of the battery can then be calculated based on the immersion depth and the
load, as illustrated in Figure 20.
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Figure 20. Battery LCOE as a function of DoD and load current.

The known LCOEs can only be determined for three loads, as the battery life is
characterized by three curves. Knowing these curves is the result of long measurements, so
it is not practical to include many curves, nor do manufacturers guarantee a large amount
of data. From the known unit cost data, the LCOE can be determined by regression for any
given load flow at different DoD (Figure 21).
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Figure 21. LCOEs as a function of load current and DoD.

A bivariate approximation function can be fitted to these curves to determine the
LCOE of the battery as a function of immersion depth and current. The result is shown
in Figure 22.

It is necessary to know the efficiency of the LLC converter as a function of load. The
known efficiency curve is illustrated in Figure 23. The curve can be approximated by
the previously presented polynomial (based on Equation (23)), which in this case has
coefficients f = 92.2935 and g = 0.0581.
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Figure 23. LLC converter efficiency as a function of load.

It is then possible to run the genetic algorithm. All the parameters are known, where
the dynamic variables Ptot and Cgrid are in addition to the static coefficients f and g; battery
nominal voltage (Ubat), solar cell LCOE (LCOEPV), LLC converter LCOE (LCOELLC), DoD,
and system nominal load power (PL) are also defined. It is important that the DoD is fixed
at the time of optimization.

Initially, the genetic algorithm was run at a DoD of 70%, where the grid electricity
tariff energy and load varied. The results obtained (Figure 24) are the optimal current ratios
(GPV0) when the solar panel is not generating electricity.

The minimum cost matrix is illustrated in Figure 25, which shows the minimum cost
as a function of load and grid electricity tariff (DoD = 70%).

The values of the optimal green current ratio matrix are shown in Figure 26
(DoD = 70%).
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Figure 24. Optimal green current ratios for different grid electricity tariffs and loads when the solar
panel is not producing electricity.

 

Figure 25. Optimized cost as a function of load and grid electricity tariff cost (warmer colors means
higher price).

 

Figure 26. Optimal green current ratios for different grid electricity tariffs and loads when the solar panel
is not generating electricity and DoD = 70% (warmer colors means higher optimal green current ratio).
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See Figure 27 for further data reports where the grid electricity tariff and DoD also
vary. The total system LCOE (a), (c), (e), (g), and the optimal green current ratio (b), (d),
(f), (h) for different PV generations can be observed as well. It can be concluded that
a lower electricity tariff makes it more economical to draw less power from the battery.
Additionally, higher solar generation reduces the LCOE of electricity consumed.
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(e)  (f) 

   

(g)  (h) 

Figure 27. Total LCOEs (a,c,e,g) and optimal green current ratios (b,d,f,h) for different grid electricity
tariffs, DoDs, PV generations, and loads.



Energies 2025, 18, 1321 28 of 32

Figure 28 illustrates the running of the genetic algorithm on some data. The figures on
the left show both the optima found by the GA and the global optima. And on the right,
the fitness value that varies over generations is shown. The results show that GA shows
good convergence and finds the global optimum for each input.
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Figure 28. LCOETOTPV0 as a function of green current ratio (a,c,e,g) with GA and global optima and
fitness value during generations (b,d,f,h).
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4. Discussion and Conclusions
Overall, the simulation results confirm that the intelligence of the neural network can

effectively implement dynamic power sharing in the hybrid solar UPS system. At the same
time, it ensures a constant voltage in the DC bus, enabling uninterrupted operation of
the consumers regardless of changes in input parameters. The neural network functions
reliably even with unknown input values, further validating the correctness of the training
method and the identifier’s operation. The centralized control topology implemented with
the neural network enables robust regulation among distributed power sources, eliminating
the need for complex tuning procedures during system deployment. The identification
process runs automatically, leaving the engineer responsible only for training the neural
network based on the available data.

It is crucial to tune the local P controller of the LLC converter before running the
identification algorithm so that, at 100% green energy ratio, it can stably supply the con-
sumers under varying input conditions, such as different battery voltage levels and load
magnitudes. Once identification begins, further tuning of the controller is not possible.
The nominal power of the LLC converter must be designed to ensure that, even at 100%
green energy ratio, it can supply the total power demand of the consumers connected to
the DC bus.

Regulating the green energy ratio at low loads presents a challenge. For this reason,
both identification and neural network training were conducted up to a 1 kΩ load. The
accuracy of current sensors and measurement noise are particularly critical factors, as the
signal-to-noise ratio (SNR) deteriorates at low currents, potentially leading to instability
in the control algorithm. Additionally, from an economic perspective, operating both
converters simultaneously at low loads is not beneficial, as demonstrated in the next
chapter. The system examined in the simulations includes a small squirrel-cage induction
motor and a low-power single-phase load. In practical applications, control is typically
required for consumers with significantly higher power ratings.

Furthermore, the data reports also validate the assumption that real-time intervention
in the power sharing of the two distributed power sources is beneficial. It is evident that
addressing the LCOE of system components is essential, as this unique metric provides
a comprehensive overview of how cost-effective a given system element or technology is
over its entire life cycle. The LCOE of the battery is particularly crucial, as energy storage
fundamentally influences system operating costs, the degree of green energy utilization,
and the level of energy independence.

The LCOE of the battery considers not only the initial investment costs but also the
total energy extracted over its lifetime, which is significantly affected by several factors
such as depth of discharge (DoD), load current, and efficiency levels. By leveraging LCOE,
it is possible to determine which operational strategies lead to the lowest LCOE, thereby
enabling the economic optimization of the system.

Optimizing the battery’s LCOE is critical because it is directly linked to the dynamic
regulation of the green energy ratio. During real-time intervention, the EMS can account
for the current state and cost parameters of the battery, ensuring that increasing the green
energy share is not only environmentally friendly but also economically sustainable. This is
especially important in cases where poorly chosen operational strategies could significantly
shorten the battery lifespan, leading to drastically increased costs in the long run.

Additionally, focusing on LCOE provides the opportunity to compare the economic
efficiency metrics of different technologies and system components. As a result, system
operators can make informed decisions about which energy sources or devices should
be prioritized under given operating conditions. Understanding the LCOE of the battery,
the LLC converter, and the solar panels enables the implementation of an optimal energy
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management strategy that achieves the lowest overall cost throughout the system’s entire
life cycle.

The system does not necessarily require an LLC converter as a step-up DC/DC
converter; other DC choppers can also be utilized. It is also possible to integrate battery
packs with different voltage levels, but incorporating a DC chopper circuit is essential for
the system, as the EMS must be adaptable to two distributed power converters. Currently,
DC/DC converters and rectifiers are capable of regulating power levels in the hundreds of
kilowatts, making it feasible to implement a higher-power system in practical applications.

The economic calculations and reports were performed on discrete values in an Excel
spreadsheet using both analytical and numerical methods, initially without optimization
and later with a genetic algorithm. The obtained results were nearly identical: in the reports,
the estimated total LCOE values differed by only about 0.015 EUR/kWh. Similarly, the
optimal green energy ratios (GPV) showed negligible differences. Based on the presented
results, it is evident that the requirements for the green current ratio controller are not strin-
gent. The actual percentage value of the green current ratio does not need to be controlled
with decimal precision; integer values are sufficient for system operation. However, the
controller must ensure the voltage of the DC bus as accurately as possible.

In the future, numerous research opportunities remain in the field of intelligent,
solar-powered hybrid UPS systems. Further studies are required to fine-tune the energy
management algorithm, particularly in the areas of real-time decision-making and pre-
dictive control. The EMS could incorporate factors such as expected weather conditions,
anticipated electricity prices, consumption patterns, load forecast, communication intermit-
tencies, and planned shutdowns [40,41].

The identification algorithm of the intelligent control system could be further devel-
oped to accommodate three or more distributed generators. In this case, it would also
be worthwhile to compare its effectiveness with droop control. In the coming years, as
renewable energy sources continue to gain prominence, similar systems are expected to
become increasingly intelligent and efficient, further enhancing the practical significance of
these developments.
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The following abbreviations are used in this manuscript:

ANN artificial neural network
BMS battery management system
DC direct current
DoD depth of discharge
EMS energy management system



Energies 2025, 18, 1321 31 of 32

IGBT insulated-gate bipolar transistor
LCOE levelized cost of energy
LLC inductance–inductance–capacitor
MSE mean square error
PID proportional–integral–derivative
PV photovoltaic
SCR silicon controlled rectifier
SoC state of charge
UPS uninterruptible power supply
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