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Abstract: The deployment of photovoltaic single-phase inverters has been rapidly in-
creasing worldwide. However, the performance of these systems is highly influenced by
atmospheric conditions and load variations, necessitating the development of performance
indices to enhance their efficiency and energy quality. In this study, four performance
indices are proposed to evaluate the efficiency and energy quality of photovoltaic systems
quantitatively. The entire process is analyzed, encompassing solar energy capture, DC-DC
and DC-AC conversion, and filtering, to deliver maximum energy and quality to the load.
Furthermore, eight system parameters are optimized using advanced techniques such
as genetic algorithms, particle swarm optimization, and gray wolf optimization. These
optimizations enhance the global performance of two critical stages: (1) the maximum
power point tracking algorithm based on sliding mode control, which minimizes switch-
ing losses in the boost stage, and (2) the effective transfer of captured solar power to the
load by optimizing the gains of a PI controller. The PI controller computes the switch-
ing triggers for the inverter stage, significantly improving the total harmonic distortion
of voltage and current waveforms. Simulation results validate the proposed approach,
demonstrating a marked improvement in overall system efficiency (95.8%) when compared
to the incremental conductance method (−11.8%) and a baseline sliding mode control
configuration (−1.14%).

Keywords: single-phase photovoltaic inverter; sliding mode control; performance indexes;
bioinspired optimization algorithms; global efficiency and energy quality

1. Introduction
The global adoption of residential photovoltaic (PV) systems has seen exponential

growth, with single-phase systems representing the majority of installations. These systems
operate under dynamic environmental conditions, such as fluctuations in solar irradiation
and temperature, as well as parametric and load variations, which significantly impact
their operational efficiency [1]. To maximize power extraction, various Maximum Power
Point Tracking (MPPT) algorithms have been developed, including traditional methods like
Perturb and Observe (P&O), Incremental Conductance (InCond), and advanced techniques
such as Fuzzy Logic Control (FLC), Neural Networks (NNs), and Sliding Mode Control
(SMC) [2].

Among these, SMC has gained popularity due to its robustness and rapid convergence
under varying conditions [3]. Recent advancements in SMC include hybrid approaches

Energies 2025, 18, 1911 https://doi.org/10.3390/en18081911

https://doi.org/10.3390/en18081911
https://doi.org/10.3390/en18081911
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0002-6283-4911
https://orcid.org/0000-0002-8491-3901
https://orcid.org/0000-0001-7764-235X
https://orcid.org/0000-0002-4770-0069
https://doi.org/10.3390/en18081911
https://www.mdpi.com/article/10.3390/en18081911?type=check_update&version=2


Energies 2025, 18, 1911 2 of 16

such as Fuzzy Type-2 controllers, adaptive SMC with variable step sizes, and integration
with other optimization techniques like Genetic Algorithms (GAs) [4–6]. Additionally,
hybrid methods combining SMC with Proportional–Integral (PI) controllers or sliding
mode integral techniques have been explored to enhance system performance [7–9]. These
methods aim to address challenges such as chattering phenomena, steady-state errors, and
transient response times, which are essential for maintaining PV system efficiency [10].

PV systems typically operate in two configurations: grid-connected and isolated. In
both cases, the primary objective is to transfer maximum available power to the load
with high energy quality and efficiency [11]. The system architecture generally consists
of multiple stages: (1) a PV array that captures solar energy and converts it into electrical
power, (2) a DC-DC converter stage where MPPT algorithms are implemented, (3) an
inverter stage that converts DC power to AC for load consumption, and (4) a filtering
stage to ensure high-quality power delivery [12]. Each stage introduces unique challenges,
such as switching losses, harmonic distortions, and dynamic load variations, which require
the implementation of robust control strategies. Table 1 provides an overview of key
performance indexes reviewed in the literature.

Table 1. Performance indexes for MPPT algorithms and PV systems.

Author THD Tracking
Error

Convergence
Speed Efficiency Robustness DC Bus

[4] x x
[6] x

[13] x x x
[14] x x
[15] x
[7] x x x x x
[9]
[2] x x

[16] x x
[17] x x
[10] x x x x
[8] x x x x x

[18] x x x
[19] x x
[20] x x x
[21] x x
[11] x x x x x
[12] x x
[5] x x x x

[22] x x x x x
[23] x x x x x
[1] x x

[24] x x x x
[25] x x x x

To evaluate the performance of these control algorithms, several metrics are commonly
used, including Total Harmonic Distortion (THD), tracking efficiency, steady-state error,
and transient response speed [16]. For instance, studies have examined the impact of partial
shading [13], irradiation changes [19], and temperature variations [14] on system perfor-
mance. However, many existing approaches focus on optimizing individual stages rather
than the system as a whole, resulting in suboptimal overall performance [15]. Moreover,
while traditional MPPT algorithms such as P&O and InCond are widely used, they often
struggle with rapid environmental changes and fail to achieve global optimization [20].

Despite the advancements in SMC and hybrid control techniques, several gaps remain
in the literature. First, many studies focus on single-stage optimization, neglecting the
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interplay between different system stages [21]. Second, while performance metrics like
THD and tracking efficiency are commonly used, there is a lack of comprehensive indicators
that evaluate the system holistically [17]. Third, the integration of advanced optimization
techniques, such as GAs, with SMC for multi-objective optimization remains underex-
plored [18]. These gaps highlight the need for a more integrated approach to PV system
control, one that balances power extraction, transfer efficiency, and energy quality across all
stages [26]. In recent years, research on MPPT algorithms under partial shading conditions
has gained traction, with approaches such as Musical Chairs Algorithms (MCAs) [27] and
Nest Particle Swarm Optimization (NEST PSO) [28] demonstrating superior performance
in these scenarios.

In this work, we address these gaps by proposing a novel control strategy for a 1.2 kW
two-stage single-phase PV system. The system comprises a boost converter with switching
losses and an inverter stage with an LC filter. We design and optimize a sliding mode
control algorithm to achieve balanced MPPT performance, integrating it with a PI controller
for efficient power transfer to the load. Additionally, we employ Genetic Algorithms to
optimize eight system parameters, including LC filter values, integration step size, and
PI gains. A unique objective function is defined, incorporating four performance indexes:
power extraction error, power transfer error, and THD of output current and voltage.
This holistic approach ensures optimal system performance under varying irradiation
conditions, outperforming traditional methods like InCond and non-optimized SMC, as
demonstrated through MATLAB/Simulink simulations.

The contributions of this study are threefold: (1) a comprehensive state-of-the-art
review of MPPT techniques and their limitations, (2) a novel integrated control strategy
that optimizes both power extraction and transfer efficiency, and (3) a multi-objective
optimization framework that balances competing performance metrics. By addressing
these challenges, this work advances the field of PV system control and offers a robust
solution for enhancing the efficiency and reliability of residential PV installations.

2. Materials and Methods
2.1. System Description

The configuration of the system is shown in Figure 1, based on [22]. It is composed
of a PV array of four modules and a two-stage single-phase inverter. The first stage is a
DC-DC boost converter, responsible for the MPPT, and the second stage converts the DC
into AC voltage, which is applied to the load through an LC filter.
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Where C1, C2, and C f are capacitances; L and L f are inductances; Rsl is resistance that
is introduced to reflect the commutation power losses; R is the load; u = 1, 0 is the discrete
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signal control of the boost stage; and S1−4 = 1, 0 are the switches of the inverter stage. The
mathematical model of the system is expressed by Equations (1)–(5):

dvc1

dt
=

1
C1

[
ipv − iL

]
(1)

diL
dt

=
1
L
[
vC1 − (1 − u)vc2 − uRsl iL

]
(2)

dvc2

dt
=

1
C2

[
(1 − u)iL + aiL f

]
(3)

diL f

dt
=

1
L f

[
bvc2 − VC f

]
(4)

dvC f

dt
=

1
C f

[
iL f − vC f /R

]
(5)

where ipv is the current provided by the PV array, iL and iL f are the inductor current of
the boost and filtering stage, respectively, VC2 is the DC bus voltage, and VC f is the filtered
voltage delivered to the load R. Parameters a and b define the sign of the filtered current
and the polarity of the DC bus voltage, and they are defined as follows: a = (−1)2−S1 ,
b = −1/2 [(−1)2−S1 + (−1)2−S4 ]; u and s1−4 are control signals.

The characteristic function that describes the behavior of the PV module is expressed
by Equation (6) [29]:

ipv = isc
(
1 − expˆ

((
vpv − voc + Rsipv

)
/Vt

))
(6)

where ipv is the PV ouput current, isc is the short circuit current, vpv is the PV output voltage,
voc is the open circuit voltage, Rs is the series resistance, and Vt is the thermal stress.

Characteristic curves of this model are presented in Figure 2. System performance
analysis is critical for optimizing energy extraction and ensuring efficient operation. The
figure depicts a power–voltage (P-V) curve, illustrating how power output changes with
PV voltage across different irradiation levels (200 W/m2 to 1000 W/m2), with distinct
peaks indicating the maximum power point (MPP) for each condition. These highlight
the importance of Maximum Power Point Tracking (MPPT) algorithms to optimize energy
extraction under dynamic conditions.
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Figure 2. PV curves at different irradiation levels.

To evaluate the performance of the MPPT algorithm, we compute the maximum power
captured by the PV array, and it will be explained in Section 4.
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2.2. Control Algorithms

This section presents the two controls that are used in the two stages of the system: the
first is a sliding mode control designed for the boost converter, and the second is a classic
PI control for the inverter stage.

2.2.1. MPPT with SMC

The main idea of SMC is to force the system’s state to reach the sliding surface and stay
there. It consists of two phases: the reaching phase and the sliding one, as it is represented
in Figure 3. The main advantage of this type of discontinuous control is its robustness to
uncertainties and disturbances. An undesirable performance is chattering phenomena.
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Let us define the sliding mode surface as

s = dPpv/(dV + δ) (7)

where dPpv = Ppvt − Ppvt−Ts
is the incremental power of the PV array at a time interval

t− Ts; Ts is the fixed-step size; Ppv = vpvipv is the instantaneous photovoltaic power defined
as the product of voltage and current; dV = Vpvt

− Vpvt−Ts
is the incremental voltage that

defines the new operation point of the PV array; and δ > 0.
Then, the control signal u is defined by Equation (8).

u = 1/2 − 1/2sign(s) (8)

Figure 4 shows the implementation of SMC in Simulink. The use of a memory block
lets us calculate the incremental values of the voltage, current, and, subsequently, power. It
is important to understand that this memory block is a function of the integration step Ts.
So, in this manner, we can analyze what happens with error tracking at different values
of Ts. To do this, an optimization process using a genetic algorithm is implemented, as is
described in Section 4.
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2.2.2. Inverter PI Control

Classic PI Control Theory
The classic PI control aims to reduce error signals through proportional and integral

gain tuning. This tuning process can be carried out with traditional methods, such as
Ziegler–Nichols, or using optimization techniques, such as those presented in this work.

Once the power has been captured with high efficiency by the MPPT algorithm,
the next step is to transfer this power to the load through the inverter and an LC filter
stage, as can be seen in Figure 1. In this case, the PI control structure is a classic one
(see Equation (9)), where gains kp and ki are optimized by the GA, PSO, and gray wolf
optimization (GWO) algorithms.

u(t) = kpe + ki

∫
e(t)dt (9)

MPPT with incremental conductance method
This method is based on the fact that the maximum power point is obtained when

dP
dV = 0, where P = VI. Thus, d(VI)/dV = I + VdI/dV = 0 and dI/dV = −I/V

Where dI and dV are the fundamental components of I and V ripples measured with
a sliding time window TMPPT .

And I , V are the mean values of V and I measured with a sliding time window TMPPT.
The integral regulator minimizes the error (dI/dV + I/V) and the regulator output is

the duty-cycle correction.
Performance indexes for parameter optimization with Genetic Algorithms
We have defined four performance indexes, which are optimized by GAs and are

defined below:
Pindex1 = mean

√(
Pmax − Ppv

)2 (10)

where Pindex1 is the first performance index that computes the error of extraction power
from the sun; Pmax is the maximum power that can be extracted from the sun, and it is
determined by the internal parameters of the PV modules and the weather conditions of
irradiation level and temperature; and Ppv = vpvipv is the output power of the PV module,
and it is determined by the duty cycle, which regulates the operation voltage.

Pindex2 = mean
√(

Ppv − Pload
)2 (11)

where Pindex2 determines the difference between the power available from the PV modules
and the power that is delivered to the load, which is reduced by the commutation power



Energies 2025, 18, 1911 7 of 16

losses in the boost stage; and Pload = V2
C f rms

/R is the output power of the single-phase boost
inverter delivered to the load.

Pindex3 = mean
(√

∑∞
h=2 i2L f

/iL f

)
(12)

Pindex4 = mean
(√

∑∞
h=2 V2

C f
/VC f

)
(13)

where Pindex3 and Pindex4 are the THD of the filter current and the output voltage that fed
the load, respectively; and h > 1 is the harmonic order.

With these four performance indexes, different fitness functions can be defined to
analyze the global performance of the system. For example, Equation (14) lets us simultane-
ously optimize the power extraction from the sun, transferring it to the load with efficiency
and good quality.

J = Pindex1 Pindex2 Pindex3 Pindex4 (14)

The optimization process is described in Figure 5.
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The input variables to the GA are defined as

p = [C1 L C2 L f C f Ts kp ki ] (15)

The constraints for searching for the optimum values of each input variable are

lb = [100µF 5mH 100µF 5mH 100µF 50µs 0.0001 0.001 ] (16)

ub = [800µF 50mH 800µF 50mH 800µF 125µs 0.005 0.01 ] (17)

where lb and ub are the lower and upper boundaries, respectively.
To evaluate the different behavior at different carrier frequencies (e.g., ft = 2, 5, 10, and

20 kHz) of the inverter stage, we have obtained the optimized parameters for each case, as
listed in Table 2.

Table 2. Optimized parameters values.

Parameter

Value

fT
Incremental
Conductance Base Case 2 kHz 5 kHz 10 kHz 20 kHz

C1 (µF) 2000 250 235 150 240 110
C2 (µF) 2000 250 669 539 526 551
C f (µF) 250 250 602 238 452 374
L (mH) 10 10 24 19 20 35
L f (mH) 25 15 39 34 46 47
Ts (µS) 50 50 56 61 55 89

Kp 0.000014 0.00014 8.4656 × 10−4 4.1857 × 10−4 4.7661 × 10−4 0.0014
Ki 0.0447 0.00847 0.0256 0.0211 0.0360 0.0447
δ 0.002

Note: The number of function evaluations was 481.

3. Results
In this section, firstly, the performances of the MPPT algorithm and the indexes are

analyzed at different commutation frequencies and for varying irradiation levels (i.e., 1000,
700, and 1000 W/m2). Secondly, the parameters of the system are optimized with a genetic
algorithm tool, improving the global efficiency of the system compared with the incremental
conductance algorithm. Finally, a comparison of three different optimization algorithms is
carried out: GA, PSO, and GWO.

3.1. System Behavior at Different Commutation Frequencies

The values of the rest of parameters are listed in Table 3.

Table 3. Parameters of the PV array.

Parameter Value Parameter Value

Ppv 320 W Npp 1
Isc 9.26 A Rsl 0.5 Ω

Vocm 45.3 V R 10 Ω
Nps 4

The parameters of the system have been optimized by GAs at four different commuta-
tion frequencies for the inverter stage, and their power dynamics are presented in Figure 6.
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In this figure, convergence of the MPPT algorithm for Ppv (red line) can be observed. In this
case, the best performance occurs at a frequency of 5 kHz, followed by 10, 20, and 2 kHz.
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Figure 6. Powers dynamics at different frequencies.

However, another dynamic is the oscillating power, with the best performance and
lowest power ripple in Figure 6a. In the case of transferring power to the load (green line),
Figure 6c,d display softer behavior.

Table 4 presents the analytical results of the four cases, showing the value of each
index and also the global performance index J and efficiency, with ft = 5 kHz being the
case that presents the best global performance.

Table 4. Values of the indexes and results.

Index
fT

2 kHz 5 kHz 10 kHz 20 kHz

Pindex1 32.5780 30.9658 37.1880 35.7368
Pindex2 105.5042 76.9908 94.5706 87.3150
Pindex3 0.0226 0.0278 0.0233 0.0297
Pindex4 0.0198 0.0216 0.0182 0.0217

J 1.5332 1.4289 1.4942 2.0137
Global efficiency (%) 89.08 91.36 89.71 90.70

Comparing the results obtained at each of the carrier signal switching frequencies,
ft = 5 kHz is selected and then re-optimized with a population of 50 generations, evaluating
4081 cases and obtaining the best result with the following values: C1 = 273 µF, L = 36 mH,
C2 = 394 µF, L f = 36 mH, C f = 254 µF, Ts = 55.866 µs, kp = 3.6528 × 10−4, ki = 0.0198.

The dynamics of the system variables are illustrated below. Figure 7a presents the
tracking of solar power. It demonstrates how SMC does excellent work, responding very
fast under irradiation changes. Figure 7b shows the power transferred to the load by the PI
controller, demonstrating good convergence speed and robustness under these irradiation
changes. Control signals u and m are presented in Figure 7c,d, respectively.
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Once the system has been optimized, we compare our proposed approach with the In-
Cond MPPT algorithm and a heuristic base case using SMC. To achieve this, a load of R = 3
ohms is applied to the system, generating the dynamics shown in Figure 8. The optimized
SMC algorithm proposed in this work demonstrates superior performance in capturing so-
lar power compared with other techniques, as can be seen in Figure 8a. Figure 8b illustrates
the transfer of captured power to the load. The incremental conductance algorithm exhibits
the poorest performance, followed by the non-optimized SMC, which shows oscillatory
behavior. The best results are achieved with our optimized system.
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Table 5 shows the reached values for each performance index, the fitness function
value, and the global efficiency for each case. Comparing these results, our proposal reaches
a global efficiency of 95.8%, which is 1.14% higher than standard SMC, and 11.8% higher
than the incremental conductance algorithm.
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Table 5. Results comparison of the three cases.

Index Incremental
Conductance Non-Optimized SMC Optimized SMC

Pindex1 72.2026 30.4095 18.4982
Pindex2 98.4475 34.3239 29.9648
Pindex3 0.0410 0.0360 0.0307
Pindex4 0.0313 0.0292 0.0259

J 9.1166 1.0991 0.4409
Global efficiency (%) 84.42 94.47 95.80

In the case of the energy quality delivery to the load, the THD values of the current and
voltage of the filtering stage are shown in Table 5, where the best performance corresponds
to the optimized sliding mode control with iL f THD = 3.07% and Vc f THD = 2.59%. The
incremental conductance MPPT algorithm has values of 4.10% and 3.13%, respectively, and
in the non-optimized SMC, they are 3.6 and 2.92%.

3.2. Comparison with Others Optimization Algorithms

In the literature, there are many other optimization algorithms, such as Particle Swarm
Optimization (PSO), which has been implemented in [30], where researchers combine this
technique with traditional ones like perturb and observe and incremental conductance
(e.g., PSO-P&O and PSO-IC), finding an optimal step size, which is variable depending of
the weather conditions, and increasing the efficiency of the system. Another optimization
algorithm that has been programmed for the DC-DC buck converter is the earthquake
optimization algorithm [23], where the fitness function is the sum of the errors of the
output voltage and the inductor current, finding the optimal parameters of capacitors and
inductors, like in our case.

In the previous section, eight parameters of the two-stage single-phase inverter were
optimized with the GA. Now, the results are compared with the PSO technique and gray
wolf optimization to determine which optimization algorithm has a better performance
among these types of systems.

3.2.1. Particle Swarm Optimization

PSO was proposed by Kennedy in 1995 [31], emulating the behavior of insects. One
difference with GAs is that PSO performs a more precise search around the local minimums
that the GA finds, being able to find global minimums in the search area. The parameters of
the algorithm are SwarmSize = 20, MaxStallIterations = 180, MinNeighborsFraction = 0.25,
and FunctionTolerance = 0.01 with a random number generation.

3.2.2. Gray Wolf Optimizer

The GWO technique was presented by Seyedali Mirjalili in 2014 [32]. It was in-
spired the way wolves organize themselves to hunt. Hierarchically, they are classified
into four types of wolves, alpha, beta, delta, and omega, implementing three stages for
the house of prey: search, encirclement, and attack. The parameters of the algorithm are
SearchAgents_no = 20 and Max_iteration = 30;

3.3. Results of the GA, PSO and GWO Implementation

In Figure 9, the evolution of the fitness function for the three optimization algorithms
is shown, observing that the GA is faster than PSO and GWO, but GWO reaches a minimum
value before PSO.
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Figure 9. Evolution of the fitness function with optimization algorithms.

Table 6 presents an analysis of the three algorithms, comparing different performance
parameters like the best objective function value, where GWO reaches the lowest value;
however, it is the slower algorithm. GA has the least number of iterations. The optimized
parameters of capacitances and inductances are given, as well as the step time and the
proportional and integral constants of the PI control.

Table 6. Summary of PSO and GWO model simulation.

Variable GA PSO GWO

Best objective function value 1.57887 1.6620 1.529

Execution time (s) 7897 185.1613 4640.9

Number of iterations/generations 14 32 30

The number of function evaluations 1201 740

C1 µF 198 344 232

L mH 27 44 24

C2 µF 561 617 400

L f mH 43 42 50

C f µF 475 417 180

Ts µs 60 125 41

kp 0.00058 0.0006684 0.0004326

ki 0.0270 0.02613 0.02473

The dynamics of the power captured by the photovoltaic system can be observed in
Figure 10, where the system optimized with GWO presents the lower ripple, and PSO
has the biggest one. The graph shows how efficient each algorithm is at reaching the
maximum available solar power Pmax. It appears that GWO reaches a higher Ppv value
earlier compared to the GA and PSO, suggesting that GWO might be more efficient in
achieving optimal power levels quickly. This indicates its superiority in scenarios where
rapid convergence to optimal solutions is required. The GA and PSO, while effective, may
take longer to reach similar power levels, which could be a consideration in time-sensitive
applications. Table 7 presents the integral square error (ISE) and integral absolute error
(IAE), which show the superiority of the GWO method.
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Figure 10. Dynamics of the MPPT algorithms.

Table 7. Comparison of errors with the three optimization tools.

GA PSO GWO

ISE =
∫ ∞

0 e2(t)dt 3549 3974 2181
IAE =

∫ ∞
0 |e(t)|dt 17.15 27.07 13.18

Figure 11 shows the captured power transferred to the load for each case. The GWO
algorithm presents a smoother dynamic, followed by the GA and, with the worst behavior,
the PSO algorithm. The graph shows the power output for both Ppv and Pload over
time. The GA and GWO algorithms are compared, with GWO showing a more stable and
possibly higher power output for Ppv compared to the GA. The better stability and higher
power output of the GWO algorithm suggest that it might be more effective in managing
photovoltaic systems. The comparison of Pload under each algorithm indicates how well
each algorithm can balance the load, which is crucial for efficient power management.

Energies 2025, 18, x FOR PEER REVIEW 14 of 17 
 

 

𝐼𝐴𝐸 = න |𝑒(𝑡)|𝑑𝑡ஶ
଴  17.15 27.07 13.18 

Figure 11 shows the captured power transferred to the load for each case. The GWO 
algorithm presents a smoother dynamic, followed by the GA and, with the worst behav-
ior, the PSO algorithm. The graph shows the power output for both 𝑃𝑝𝑣 and 𝑃𝑙𝑜𝑎𝑑 over 
time. The GA and GWO algorithms are compared, with GWO showing a more stable and 
possibly higher power output for Ppv compared to the GA. The better stability and higher 
power output of the GWO algorithm suggest that it might be more effective in managing 
photovoltaic systems. The comparison of 𝑃𝑙𝑜𝑎𝑑 under each algorithm indicates how well 
each algorithm can balance the load, which is crucial for efficient power management. 

 

Figure 11. Dynamics of the transferred power to the load. 

Finally, Table 8 presents the performance indexes of each optimization algorithm 
with global efficiency, where GWO has the best result. We note that, in the table, index 1 
refers to the efficiency of the solar power caption. In other words, it is the performance of 
the MPPT algorithm. GWO is the method with the best performance with 21.99. Index 2 
refers to the power transfer from PV modules to the inverter stage, reflecting the commu-
tation power losses. In this case, the GWO method also has the best performance. Finally, 
indices 3 and 4 refer to current and voltage power quality, respectively, reflecting the THD 
content of each signal. Again, GWO is proven to be the best method to optimize the per-
formance indexes. 

Table 8. Comparison of the performance indexes with the three optimization tools. 

 GA PSO GWO 
  J1  𝑷𝒊𝒏𝒅𝒆𝒙𝟏 28.6291 45.2218 21.99 𝑷𝒊𝒏𝒅𝒆𝒙𝟐 91.2996 99.6000 78.5964 𝑷𝒊𝒏𝒅𝒆𝒙𝟑 0.0253 0.0329 0.0284 𝑷𝒊𝒏𝒅𝒆𝒙𝟒 0.0214  0.0255  0.0227 
J 1.57887  1.6620  1.529 

Global efficiency (%) 90.0176 88.6323 91.3961 

0 0.1 0.2 0.3 0.4 0.5 0.6
0

500
1000
1500

Ppv GA
Pload GA

0 0.1 0.2 0.3 0.4 0.5 0.6
0

500
1000
1500

Ppv PSO
Pload PSO

0 0.1 0.2 0.3 0.4 0.5 0.6
t (Seconds)

0
500

1000
1500

Ppv GWO
Pload GWO

Figure 11. Dynamics of the transferred power to the load.



Energies 2025, 18, 1911 14 of 16

Finally, Table 8 presents the performance indexes of each optimization algorithm with
global efficiency, where GWO has the best result. We note that, in the table, index 1 refers to
the efficiency of the solar power caption. In other words, it is the performance of the MPPT
algorithm. GWO is the method with the best performance with 21.99. Index 2 refers to the
power transfer from PV modules to the inverter stage, reflecting the commutation power
losses. In this case, the GWO method also has the best performance. Finally, indices 3 and
4 refer to current and voltage power quality, respectively, reflecting the THD content of each
signal. Again, GWO is proven to be the best method to optimize the performance indexes.

Table 8. Comparison of the performance indexes with the three optimization tools.

GA PSO GWO

J1

Pindex1 28.6291 45.2218 21.99
Pindex2 91.2996 99.6000 78.5964
Pindex3 0.0253 0.0329 0.0284
Pindex4 0.0214 0.0255 0.0227

J 1.57887 1.6620 1.529
Global efficiency (%) 90.0176 88.6323 91.3961

4. Conclusions and Discussion
In recent years, different approaches have been carried out to improve the perfor-

mance of electronic converters applied to photovoltaic systems, where energy quality and
efficiency are mandatory [24,25]. In this work, firstly, a two-stage single-phase inverter has
been modeled, which includes switching losses in the boost stage. Next, four performance
indexes have been defined, allowing us to evaluate the efficiency and effectiveness in each
stage of the system.

Then, two control techniques were implemented, one using a sliding mode control
technique for the boost stage and the other using classic PI control for the inverter stage.
The gains of the PI control, the integration step for the sliding mode control, and the
LC parameters of the system were optimized by the Genetic Algorithm, obtaining an
improvement in the overall efficiency of the system. With the optimized values, the
dynamics at four switching frequencies of the inverter stage were simulated and compared,
finding the best results at a frequency of 5 kHz. The proposal of having four performance
indexes allowed us to optimize and evaluate the overall efficiency of the system, from the
capture of solar energy to delivering the energy to the load, with an acceptable quality and
efficiency. Our GA-optimized control method reached better results than the incremental
conductance algorithm and a standard SMC base case. Finally, the other two optimization
algorithms (PSO and GWO) were implemented and compared with the GA, analyzing
different parameters to evaluate their performance and finding that GWO reached better
efficiency than the other two analyzed methods.

As a future work, the authors have interest in implementing the system in a real-
time simulator to evaluate practical applications and apply this methodology to other
converter topologies.
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