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Abstract: Uninterruptible Power Supplies (UPSs) protect electronic equipment by delivering consis-
tent power. Among the core components of a UPS is the inverter, which converts stored DC energy
from batteries into AC power. This work focuses on a cascaded multilevel inverter topology for its
ability to reduce voltage Total Harmonic Distortion (THD), which is essential for maintaining UPS
efficiency and power quality. Using an ANFIS (Adaptive Neuro-Fuzzy Inference System) model, en-
hanced with the Particle Swarm Optimization (PSO) algorithm, the switching angles were optimized
to minimize THD. This work focused on an online UPS with a seven-level inverter structure powered
by three LifePo4 S17 batteries, with critical load levels (100%, 95%, 50%, 15%, and 5%) represented in
35 experimental cases. The experimental design allowed the ANFIS-PSO model to adapt to varying
voltages, achieving robust THD reduction. The results demonstrated that this combination of ANFIS
and PSO provided effective angle optimization, with a low standard deviation of 0.06 between the
training and simulated %THD, highlighting the process’s accuracy. The analysis showed that, in most
cases, the simulated THD values closely aligned with, or even improved upon, the calculated values,
with discrepancies not exceeding 0.2%. These findings support the ANFIS-PSO model’s potential in
enhancing power electronics applications, particularly in critical sectors like renewable energy and
power transmission, where THD minimization is crucial.

Keywords: multilevel inverter; ANFIS; PSO; THD minimization; UPS; total harmonic distortion;
optimization; neuro-fuzzy system; artificial intelligence; PWM

1. Introduction

UPSs have reached a level of maturity that allows them to provide clean, uninter-
ruptible power to sensitive loads, even under varying mains conditions. UPSs generally
deliver a regulated sinusoidal output voltage with low THD and a high input power fac-
tor, regardless of changes in mains voltage, protecting critical equipment from damage
and preventing data loss or unexpected failures [1,2]. This is crucial for applications that
cannot tolerate interruptions or variations in power quality, such as communication sys-
tems, data centers, and medical equipment. In industrial or mission-critical environments,
UPSs allow for a smooth transition to emergency generators or other backup sources with-
out interrupting operations, which is crucial to avoid downtime in systems that rely on
continuous operation.

UPS systems are classified into the following three main categories: offline UPSs,
line-interactive UPSs, and online UPSs. Each configuration has specific characteristics that
make it suitable for different applications [1,3]. Online UPSs, which provide continuous
and complete protection against fluctuations in the power grid, are best-suited for critical
applications, such as data centers, medical systems, and communications, where stable
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and accurate power quality is critical. While the consequences of poor power quality
are not always obvious at first glance, they can have significant hidden costs that impact
productivity, equipment life, and overall profitability [4].

Despite their advantages, online UPSs faces certain challenges, such as transient
management, high THD levels, and noise, which can negatively impact the quality of
the delivered power. To mitigate these problems, multilevel inverters (MLIs), specifically
cascaded H-bridge inverters (CHBMLIs), have been positioned as an effective solution due
to their ability to reduce THD and improve the harmonic spectrum [1].

However, implementing modulation techniques, such as Pulse Width Modulation
(PWM), is a key factor in further optimizing online UPS performance, allowing for more
precise control of inverter switches.

Figure 1 illustrates the operation of an online UPS, its main components, and the power
flow within the system. This diagram shows how CHBMLIs and modulation techniques
are crucial in improving the power supply quality. In power generation, there are growing
concerns about improving both the efficiency and the quality of the conversion. CHBMLIs
have been noted for their efficiency in medium- and high-power applications and ability to
reduce the filters’ size and improve the power supply quality, making them an ideal choice
for integration into modern UPSs [5]. However, one of the main challenges remains the
management of voltage variations, which can significantly increase THD and affect the
quality of the delivered power.

Normal Mode

~, —
®—— & AT
= N

Grid

A 4

Battery Charger CHBMLI

Backup Mode

Baterry Bank

Figure 1. Operation of an online UPS [1].

Although CHBMLIs have many advantages, MLIs have generally become the most
widely used energy transformation technology for many applications [6]. Although MLIs
offer significant advantages, their implementation presents complications, and researchers
are exploring new strategies to improve their performance [7]. One such strategy is using
Artificial Intelligence (AI), which has been highlighted as a powerful tool for optimizing
MLI performance.

Although it has multiple definitions due to the vagueness of the term “intelligence”,
Al can be described as the science and engineering of machines capable of understanding
their environment and making informed decisions [8]. In short, Al seeks to approximate
human thinking to efficiently and adaptively solve problems. Within the field of Al, the fol-
lowing three main branches stand out: fuzzy logic, genetic algorithms, and artificial neural
networks (ANNSs). ANNSs attempt to reproduce the brain’s problem-solving process [9,10].
ANNs, like the human brain, require a training process where they are fed with prior
knowledge to solve specific problems. Despite their success, ANNs face challenges in inter-
pretability and adaptability in highly variable systems. To address these limitations, ANFIS
was developed as a hybrid model combining neural networks’ learning ability with fuzzy
logic’s interpretability, offering flexibility and clarity in complex problem-solving scenarios.
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This combination makes ANFIS particularly suitable for applications that demand precise
adjustments and adaptability, such as multilevel inverter optimization.

Both ANNs and ANFIS require training, typically achieved through iterative methods,
though recent years have seen a shift toward using metaheuristic methods to improve
their convergence and solution quality. Metaheuristic methods are algorithms designed to
efficiently explore the search space and identify optimal solutions to complex problems.
Unlike classical techniques like Newton—-Raphson (NR) or Gradient Descent (GD), meta-
heuristic algorithms mimic natural or social processes, providing increased flexibility and
adaptability to diverse scenarios [11,12].

Although integrating metaheuristic methods into network training has shown poten-
tial benefits, their application remains limited. Few studies have demonstrated improve-
ments using these methods in ANFIS training, leaving the field largely unexplored.

While ANFIS networks have found broad applications in various areas, their use in
power electronics, particularly for optimizing multilevel inverters, remains limited. Most
studies focus on ANFIS for optimizing electrical systems and electric motors, with only a
few directly addressing its implementation in inverters and power electronics [13,14].

Table 1 presents a selection of studies where ANFIS networks were applied to mul-
tilevel inverters across various applications. This table highlights the limited number of
works focused on implementing ANFIS, specifically in inverters, with even fewer address-
ing their application in UPS systems. The table also summarizes the training methods
employed in these studies and the THD results obtained.

Table 1. ANFIS applied to multilevel inverters.

Ref Application Approach Methods and Results
. MPPT controller PSO-ANFIS = 29.13%, P&O-ANFIS = 47.54%,
[15] Photovoltaic (PV) THD minimization ANN = 59.16%
[16] PV Current controller ANN = 5.29%, FUZZY = 1.48%, ANFIS = 1.17%
THD minimization
e ANN = 14.57%, NR = 11.17%, PSO = 15.37%,
[17] Voltage controller THD minimization NF = 11.77%, ANFIS = 9.16%
Speed control _ o _ o
[18] Motor THD minimization NR= 5.55%, PSO = 4.79%
. Pl =7.67%, FUZZY = 5.03%, ANFIS = 3.62%,
[19] PV Variable frequency PWM PID-PSO = 2.68%
. Voltage controller ALO-ANN = 12.95%, GA-ANN = 14.91%,
[20] THD reduction THD minimization PSO-ANFIS = 12.95%, ALO-ANFIS = 14.91%
[21] SHAF Hysteresis controller Without filter = 47.94%, ANN = 2.53%,
THD minimization ANFIS = 2.24%
[22] PV Voltage controller THD minimization Fuzzy = 3.19%, ANFIS = 3.02%
Current controller Without filter = 39.51%, ANFIS = 3.32%, WH
[23] PV e . ADELINE = 2.28%, MWH ADELINE = 2.20%
THD minimization
(RC Load)
[24] SAPF Voltage controller Without control = 44.55%, BSMC = 3.83%,
THD minimization ANFIS-PI = 2.96%
[25] PV Voltage controller PI = 18.19%, PID = 16.11%, ANFIS-EPO = 0.78%
THD minimization
. Voltage variation o
[26] PEC9 inverter THD minimization ANFIS = 2.2%
[27] PV Voltage and current controller PI = 1.57%, FUZZY = 1.57%, ANFIS = 1.58%
THD minimization
[28] Voltage controller THD minimization GA + ANFIS = 8.1%
. . Voltage controller and RMS Without control= 4.97%, FUZZY= 4.15%,
(291 ANFIS implementation THD minimization ANFIS = 3.77%
[30] Motor Speed controller ANFIS + Least squares. 2-levels = 5.78%,

THD minimization

5-levels = 4.04%
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Table 1. Cont.
Ref Application Approach Methods and Results
[31] PV Voltage controller PI = 8.34%, FLC = 5.65%, ANN = 8.18%,
THD minimization ANFIS = 4.04%
[32] Network THD minimization using LS-PWM PI =0.01%. FIS = 0.01%. ANFIS = 0.01%
[33] Mot Torque controller FUZZY = 14.32%, ANFIS = 11.73%,
otor THD minimization ConvLSTMDTC = 6.61%
THD minimization with Sliding Synchronous Reference Frame (SRF) = 3.34%,
[34] ANFIS performance Mode Controller ANFIS-SRF = 1.56%
Absence of controller = 1.25%
[35] PV Voltage controller FLC =4.72%
Microgrid THD minimization ALO-NN = 1.80%

PSO-ANFIS = 1.25%

In Table 1, although ANFIS and metaheuristic optimization techniques have been
applied in various areas of power electronics, there is little specific research on their use in
UPS systems, as most applications focus on photovoltaic systems. In addition, many studies
employ ANFIS for voltage control or other types of controllers, while few focus on effective
THD minimization. However, ANFIS often performs better than other methods (such as
ANN s or fuzzy logic). In particular, references [15,20,24,25] used ANFIS combined with
additional training methods other than gradient descent, the most commonly employed
basic method. References [15,20] stand out for employing a combination of ANFIS with
PSO, obtaining the best results in THD reduction. This indicates a remarkable efficiency
and suggests a promising area for future research. Furthermore, it is important to note
that the authors employed different topologies and inverter levels, making it difficult to
standardize or directly compare THD improvements. This underscores the need for further
studies focusing on these systems, and the present work seeks to fill precisely that gap.

A recent state-of-the-art review article [36] highlighted that, while some papers focus
on ANFIS applied to multilevel inverters, few researchers have used metaheuristic methods
to train ANFIS networks. A few papers have combined ANFIS with metaheuristic methods,
such as PSO, GA (Genetic Algorithm), and ABC (Artificial Bee Colony). Although these
studies are relatively few, they have shown promise in the training and optimization
process. These combinations represent a novelty in the field and suggest an untapped
potential in integrating ANFIS with metaheuristic methods [34,37].

This paper proposes an innovative solution by combining ANFIS with the PSO al-
gorithm to optimize the switching angles in multilevel inverters. Maintaining harmonic
distortion within acceptable limits is essential for high-quality power output, as the IEEE
519 standard [38] recommends that the THD should be kept below 8%. However, achieving
this threshold without resorting to large and complex filters is challenging in multilevel
inverters with voltage variations. This study focuses on minimizing the voltage THD at
the inverter output by optimizing the switching angles with ANFIS and PSO to reduce
the harmonic content from the outset. By achieving a lower voltage THD at this stage, the
filters required in a real-world system can be smaller and less complex, simplifying the
design while ensuring compliance with regulatory standards. ANFIS, by combining the
capabilities of neural networks and fuzzy logic, provides great flexibility and accuracy in
predicting the optimal switching angles.

This approach represents a significant advance in power electronics, enabling UPS
systems to operate efficiently and with a low harmonic content, even with fluctuating
source voltages. The rest of the manuscript is organized as follows: Section 2 presents
the materials and methods used, where the fundamentals of ANFIS and PSO networks
are established, along with the key parameters used in PSO optimization. This section
also includes the problem formulation, the proposed solution, and the development of
the case study, which was defined using a design of experiments. Section 3 presents the
results of the ANFIS network training, broken down into training and testing stages, and
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the simulations performed in MATLAB R2021a for the case study. Section 4 provides a
detailed discussion of the findings and their implications for improving the performance of
multilevel inverters. Finally, Section 5 presents the study’s conclusions and possible future
directions for this line of research.

2. Materials and Methods
2.1. ANFIS and PSO Fundamentals in Multilevel Inverter Optimization
2.1.1. Adaptive Neuro-Fuzzy Inference System

An ANFIS network is a combination of fuzzy logic and neural networks, which
use different methods for parameter tuning. R. Jang proposed this network in his thesis
on neuro-fuzzy modeling [39]. ANFIS can model complex systems as it incorporates
the human reasoning style of fuzzy systems by using fuzzy sets with a linguistic model
consisting of a set of fuzzy rules. The main strength of ANFIS models is that they are
universal approximators that can request IF-THEN rules [40]. The ANFIS model applies
the Takagi-Sugeno fuzzy system to map inputs to the output space, which is expressed as
follows for two inputs:

Rule 1: IF “x” is A1y “y” is B1, THEN f1 = p1x + qly + r1.

Rule 2: IF “x” is A2 'y “y” is B2, THEN {2 = p2x + q2y + 12.

Where pl, p2, q1, g2, r1, and 12 are linear parameters and Al, A2, Bl, and B2 are
non-linear parameters.

The architecture of an ANFIS model with two inputs is shown in Figure 2.

F N A
A1 B1
w1

fi=pix+diy+r

\4
v

X1 Y1

B2
A2

fo=px+quy +r2

w2

N, R

» >

X2 Y2
X y

Figure 2. Evaluation of the fuzzy inference system.

In this context, the final equation of the two-rule fuzzy inference ANFIS system, which
combines the results of both rules using their relevance values (w; and wy), is presented in
Equation (1) as follows:

f— W1 f1 + wq f1

= V-vlf1 + V-szz 1)
w1 +wp

where w; and w; represent the normalized weights. This equation describes the final
output of the ANFIS system, which is a weighted combination of each rule’s outputs,
adaptively integrating the membership values to adjust the model’s accuracy.

The ANFIS structure, unlike common neural networks, includes five layers, as shown
in Figure 3. These layers are explained as follows:
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Layer 1 Layer 4
Layer 2 Layer 3
Layer 5
X Y
wif;
S
‘w2f,

| ]

XY

Figure 3. Structure of an ANFIS network with two inputs and one output.

Layer 1: Fuzzification Layer—This layer transforms input data into linguistic
values. The parameters, known as premise parameters, determine the form of the
membership function [41,42].

Layer 2: Rules Layer—This layer performs the logical operation “and” by calculating
the product between the membership functions obtained in the fuzzification layer. The
outputs of the product layer serve as input weight functions for the next node [40,41].

Layer 3: Normalization Layer—This layer calculates the activation strengths associated
with each rule. The input weights are normalized to execute the “and” operation. This
layer is referred to as N [41].

Layer 4: Defuzzification Layer—This layer helps to derive the output membership
functions using the previously established fuzzy rules [42].

Layer 5: Summation Layer—This layer calculates the output by summing the outputs
of each rule in the defuzzification layer [42].

2.1.2. Training of ANFIS Networks

The training of ANFIS networks is important for obtaining effective results. Training
involves configuring and adjusting the network parameters by strengthening the connec-
tions so that the inputs produce the desired outputs. Previously known weights can be
set for better network training. Another method involves using feedback techniques and
learning patterns to change the weights until suitable weights are found [9,40,43].

Learning can be divided into the following two ways:

1. Supervised or associative—inputs that correspond to specific outputs must be entered
(maybe by an external agent or the system itself).

2. Unsupervised or self-organized—must find statistical characteristics between group-
ings of input patterns.

In ANFIS, two training methods are used; one uses an optimization technique to train
all parameters, while the other involves a hybrid learning approach. In this approach, the
assumptions part is trained using one optimization method, and the consequences part
is trained using another. This approach has advantages such as avoiding local minima
and improving overall performance. Hybrid learning approaches that combine derivative
and heuristic methods are widely used in the industry [41,42]. A recent publication on the
state-of-the-art ANFIS networks applied to power electronics, particularly in multilevel
inverters [36], highlights the limited number of papers using metaheuristic methods and the
scarcity of methods combined with ANFIS. Metaheuristic hybrids with ANFIS have existed
in the literature for about ten years. So, this is a significant opportunity to demonstrate the
training efficiency of ANFIS with PSO.
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2.1.3. Particle Swarm Optimization Algorithm

PSO is a metaheuristic optimization technique introduced by Kennedy and Eberhart in

1995. The intelligent, social, and experience-sharing behavior of flocks of birds and schools
of fish inspires it. The PSO algorithm finds optimal solutions using a set of flying particles
with velocities that are dynamically adjusted according to their historical performance,
neighboring particles, and especially the “leader” in the search space. Each particle looks in
a specific direction and then, by communicating with other particles, identifies the particle
in the best location [44,45].

Figure 4 shows the basic flowchart of the PSO algorithm.

Initialization of PSO parameters
Initialization of particle population
and particle velocity

Evaluate the fitness function of each
particle to observe the best local and

A

global solution.

v

Time iteration

Update the velocity of each particle T=t+1

v

A
Update the position of each particle

Are the detention criteria No

fulfilled?

Figure 4. PSO flowchart.

2.1.4. PSO Parameter Optimization

The proper configuration of the parameters of the PSO algorithm is crucial for maximizing

its efficiency and effectiveness in finding optimal solutions. In the PSO algorithm, several
parameters influence the behavior of the swarm and the quality of the solution, as follows:

Inertia coefficient (w)—This parameter regulates the influence of the particle’s previous
velocity when calculating the new velocity value. It has a direct impact on the scanning
capability and the convergence speed. A suitable inertia value allows the PSO to achieve
a good initial scan while gradually adjusting the approach toward the optimal solution.
Cognitive and social acceleration coefficients (c1 and c2)—These coefficients determine
the degree of influence exerted by individual knowledge and collective knowledge
on each particle. Coefficient c1 regulates the influence of the best position reached by
the particle to guide its new direction, and coefficient c2 regulates the influence of the
cluster leader in the calculation of the search direction of the particle.

Number of particles and generations—As in other population-based metaheuristic
algorithms, the number of particles and generations affects the accuracy and effec-
tiveness of the search. A larger number of particles and generations can improve the
search for the optimal solution, but it also increases the computational cost. To avoid
unnecessary processes, the number of generations was limited after the algorithm
achieved satisfactory results in a small number of iterations.
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Table 2 presents the final values of each parameter. These values were adjusted
through testing, taking into account the following factors:

1. Influence on convergence speed—The configuration favored fast convergence towards
high-quality solutions, avoiding oscillations and stagnation at local optima.

2. Exploration capacity—The swarm sought to explore the search space wisely, avoiding
premature convergence towards suboptimal solutions.

3. Balance between exploration and exploitation—The final configuration offers an ap-
propriate balance between exploring new areas of the search space and exploiting the
best solutions.

Table 2. PSO control parameters.

Name Symbol Quantity
Population (number of particles) NP 20
Generations GEN 50
Cognitive and social acceleration coefficients Cland C2 2
Inertia coefficient Wmax 09
Wmnin 0.4

Table 2 summarizes these values, and their tuning was performed to ensure fast
convergence and prevent stalling at local optima. These values were tested and found to be
effective in minimizing voltage THD and achieving high-quality solutions in reasonable
computational times [46].

Once these optimal parameters were established, they were integrated into the ANFIS
optimization process, achieving a synergy that improved the accuracy of switching angle
prediction and THD minimization in multilevel inverter systems. The following section
describes the procedure of combining PSO and ANFIS in the context of THD reduction.

2.2. Combination of ANFIS and PSO for the Optimization of Multilevel Inverters

The combination of ANFIS and PSO is an innovative strategy to improve the gen-
eration of switching angles in multilevel inverters. By leveraging the strengths of both
techniques, improvements in training and THD minimization are achieved, overcoming
the limitations of traditional methods.

The combination of ANFIS with PSO has the following advantages:

e Adaptability and learning of ANFIS—the ability to adapt to complex data and the
capacity for continuous learning. By being trained with specific data sets, ANFIS
can adjust its internal parameters to adapt to the system’s dynamics. This learning
capability allows it to interpret complex patterns in the search for switching angles in
the presence of some voltage variations or special cases.

e  PSO optimization—the capability for global and dynamic optimization. Through
the simulation of swarm behavior, PSO seeks to converge to optimal solutions in
the search space. The combination of ANFIS and PSO leverages this optimization
capability to further refine the adjustments made by ANFIS.

The combination of ANFIS and PSO generates suitable switching angles for various
case studies, thus efficiently reducing THD. Figure 5 shows this process and the roles
played by the ANFIS and PSO networks with the multilevel inverter. The complexity of
the system and the interaction between these two techniques show a promising strategy to
optimize CHBMLIs’ performance.
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ANFIS+PSO
Program

Start

v
Data entry
Inverter information
Operating conditions

v
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v
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End of training

v

Data entry for PSO
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End

PSO Convergence
Optimal angle generation and approximation.
Output of optimized switching angles.

v

ANFIS Refinement
Refine (check angles)

Generation of switching
angles
End of ANFIS+PSO process

Figure 5. Flow chart of the combination of ANFIS and PSO.

As can be seen, the ANFIS network interprets the data and adjusts their internal
parameters according to learning-specific patterns. PSO optimizes these adjustments
and looks for solutions that improve the quality of the output signal. Combining these
techniques seeks to overcome the remaining shortcomings of traditional methods, offering
more accurate and efficient solutions for multilevel inverters.

2.3. Problem Statement

The modulation of a multilevel inverter determines the THD ratios, voltage magnitude,
and output frequency. A step waveform of the MLI output voltage is generated by solving
the non-linear equations to obtain the switching angles of the semiconductor devices, as
shown in Figure 6.

3VDC
2VDC

VDC
0

n/2 n 3n/2 21

Figure 6. Stepped waveform of a 7-level MLI.

To reduce the voltage THD in a CHBMLI, start by examining the stepped waveform
of the output voltage using the Fourier series and expressing it in an equation with quarter-
wave symmetry, as follows:

Vout(0) = i bnsin(no) 2)
n=135
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wheren =1, 3, and 5 are odd harmonics and by, is given by the following:
2N-1 gy,
by = Z rmc (Vycos(ne ) 4+ Vacos(nag) + - - - Vscos(nayy)) (3)
n=1235

where:

n:1,3,5...2N — 1 are odd harmonics.

N: number of switching angles per quarter cycle.
o switching angle.

s: number of CD sources.

The level of harmonics in an output voltage waveform is crucial in determining its
quality. IEEE 519 standard [38] recommends using up to 50 harmonics in THD calculations,
as this allows for a good assessment of a system’s harmonic content. Therefore, the formula
used to calculate the THD is limited to this value. Equation (4) presents the objective
function outlining the THD formula.

X 3,57 V2
= n
Vi
where: AV 4V 4V
V, = 7wccos(n(x1)+ 2de cos(nog)+ ... ACOS(HO‘“)
nrt nm 4

The angles must comply with the following restrictions:
Ogalgaz...gzxngg ()

where n = number of switching angles per quarter cycle and &1, xpy«x, are the switching
angles. A problem arises when the input voltage at one of the CHBMLI sources varies.
The previously calculated angles must be adjusted, resulting in a higher and poorer THD.
Equation (4) is rewritten as follows:

\/[Vlcos(al Xn)+V2ws(a2><n)+..AVScos(v¢N><n) 2
n

THD = Zflgzodd (V1cos(aq)+Vacos(ap)+...Vscos(ay)) 6)
where:

V1 # V; # V3 are input voltage sources and variants.

All possible scenarios must be calculated when the input sources vary, complicating the
calculations and resulting in different angles. None of the classical methods or metaheuristic
algorithms can adequately solve the SHE equations and generate switching angles in real
time. Generally, switching angles are calculated for all required values using either method
(classical or metaheuristic) and stored in look-up tables. This approach, called programmed
SHE-PWM, is simple, but limited by the large amount of memory required. Different and
innovative techniques that take advantage of Al's benefits in power electronics have been
explored in response to these limitations. Al techniques, such as fuzzy logic and ANFIS,
have proven effective in applications such as motor drives and renewable energy systems.
These tools offer flexible control and can successfully manage non-linear systems thanks to
their ability to accurately interpolate and extrapolate data once properly trained [47].

2.4. Proposed Solution

CHBMLIs have proven effective in reducing THD and improving the delivered power
quality. However, a significant challenge arises when the input voltage at any of the
CHBMLI sources varies, which directly affects the previously calculated switching angles
and can increase the THD, compromising system efficiency. In particular, in UPSs, where
voltage variations are frequent due to battery discharge, it is crucial to maintain precise
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control over the switching angles to ensure a constant power quality and not affect the
computers or sensitive equipment maintaining the UPS. The combination of the learning
capability of artificial intelligence, through ANFIS, and the efficiency of optimization
algorithms, represented by PSO, seeks to provide an innovative and effective solution to
improve the accuracy of the generation and adjustment of switching angles, even in the
face of voltage variations. This combination optimizes the switching angles in advance and
enhances their real-time adaptation, improving the CHBMLI inverter output quality under
varying conditions.

In this proposal, the switching angles are pre-determined offline using a PSO algo-
rithm to find the optimal configuration to minimize harmonics. These angles are used to
train the ANFIS network, which acts as an intelligent controller capable of dynamically
adjusting the online switching angles according to the voltage variations occurring at
the CHBMLI sources. This is particularly useful in a UPS environment, where voltage
variations in the batteries, as they discharge, can significantly affect the THD if the angles
are not properly adjusted. The effectiveness of this technique will be evaluated primarily
through training the ANFIS network under various voltage variation conditions, simu-
lating different levels of battery discharge. The ANFIS network aims to accurately learn
the optimal switching angles for each case, reducing the errors to values close to zero.
The network’s performance will be measured by experiments covering a wide range of
operating conditions, ensuring that the model responds appropriately to any possible
variations in the voltages of the sources.

Once the training is completed, the angles obtained will be used in a simulated
CHBMLI inverter. The results of the simulated inverter will be compared with the THD
values obtained during the training of the ANFIS network to analyze the model’s accuracy
and observe the variations between the THD calculated by the network and that generated
in the simulation. This analysis will validate the proposal’s effectiveness, demonstrating
that the ANFIS network can predict and adjust the switching angles with a high accuracy,
even in the face of variations in the voltages of the sources, effectively minimizing the THD.

2.5. Case of Study

As mentioned above, the case study is a UPS using a seven-level cascaded multilevel
inverter. This type of inverter requires three independent power supplies, which, in this
case, are three battery packs. As the batteries discharge, they will give different voltage
levels. LifePo4 S17 batteries (62 V) were used to obtain an output voltage of 131 VRMS
or 186 V peak, emulating the load of a computer in critical applications, such as bank
or hospital databases. Five critical load percentages were considered to train the ANFIS
network based on the voltages observed during battery discharge, as shown in Table 3.

Table 3. Percentage and important voltages of the case study.

Percentage Load %  Cell Voltage Battery Voltage Inverter Output Voltage = RMS Voltage

100 3.65 62.05 186.15 131.62
95 3.38 57.46 172.38 1219
50 3.276 55.692 167.076 118.14
15 3.15 53.55 160.65 113.6

5 2.851 48.467 145.401 102.81

These voltages are important, because the performance of LifePo4 batteries shows a
significant trend when discharging. At 95% charge, the voltage in the cells undergoes an
apparent change; after this point, the discharging of the battery is constant and shows little
variation. Therefore, it was decided to observe the 50% load so that the network could
better understand the behavior in this stable range. However, at 15% charge, a drastic
change in voltage is observed. The critical points where a battery shows the most stable
behavior are between 95% and 15% charge. At 5%, the battery is practically empty. Still, for



Electronics 2024, 13, 4456

12 of 24

the ANFIS network to be properly trained and predict the possible THD in this scenario,
this load percentage was included in the analysis.

Considering these five critical points in the battery discharge, multiple combinations
and possible scenarios can be obtained to train the ANFIS network. For this reason,
experiments were designed to identify the most relevant scenarios. It is important to
note that, due to the type of modulation used, the battery packs were not discharged
in a balanced manner. This power consumption had to be considered when designing
the experiments to capture all possible scenarios. Finally, after incorporating all these
variables, the design of experiments revealed that 35 experiments were needed to train
the network properly. Table 4 shows the 35 experiments and the different voltages for the
subsequent training.

Table 4. Percentages and important voltages of the case study.

Voltage of Input Sources

Experiment Output Voltage RMS Voltage
Vi Va2 Vs

1 62.05 62.05 62.05 186.15 131.63
2 57.46 62.05 62.05 181.56 128.38
3 55.692 62.05 62.05 179.8 127.13
4 53.55 62.05 62.05 177.65 125.61
5 48.467 62.05 62.05 172.56 122.02
6 57.46 57.46 62.05 176.97 125.13
7 55.692 57.46 62.05 175.20 123.88
8 53.55 57.46 62.05 173.06 122.37
9 48.467 57.46 62.05 167.98 118.77
10 55.692 55.692 62.05 173.43 122.63
11 53.55 55.692 62.05 171.29 121.12
12 48.467 55.692 62.05 166.20 117.52
13 53.55 53.55 62.05 169.15 119.60
14 48.467 53.55 62.05 164.06 116.01
15 48.467 48.467 62.05 158.98 112.42
16 57.46 57.46 57.46 172.38 121.89
17 55.692 57.46 57.46 170.61 120.64
18 53.55 57.46 57.46 168.47 119.12
19 48.467 57.46 57.46 163.38 115.53
20 55.692 55.692 57.46 168.84 119.39
21 53.55 55.692 57.46 166.70 117.87
22 48.467 55.692 57.46 161.62 114.28
23 53.55 53.55 57.46 164.56 116.36
24 48.467 53.55 57.46 159.47 112.76
25 48.467 48.467 57.46 154.39 109.17
26 55.692 55.692 55.692 167.07 118.14
27 53.55 55.692 55.692 164.93 116.62
28 48.467 55.692 55.692 159.85 113.03
29 53.55 53.55 55.692 162.79 115.11
30 48.467 53.55 55.692 157.71 111.51
31 48.467 48.467 55.692 152.62 107.92
32 53.55 53.55 53.55 160.65 113.59
33 48.467 53.55 53.55 155.56 110.00
34 48.467 48.467 53.55 150.48 106.41
35 48.467 48.467 48.467 145.40 102.81

Table 4 presents the 35 experiments and the different voltages used in training the
system. From these data, an ANFIS network was developed in combination with the
PSO algorithm in MATLAB. The process included the initial programming of the ANFIS
network, followed by the integration of the PSO and the design of an objective function
aimed at reducing the THD.
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3. Results
3.1. Network Training

The resulting MATLAB code was designed to train the ANFIS network with PSO using
the switching angles and the respective THD measurements, allowing for detailed observa-
tions of the behavior during the training process. Throughout the development, continuous
iterations and adjustments were carried out to optimize the convergence of the network and
improve its predictive capability. The scheduling process involved tuning the parameters
of the objective function to ensure an optimal performance during training. As mentioned,
this process consisted of the following two stages: the training stage and the testing stage. In
the training stage, the network was trained with 35 case studies to learn and determine the
switching angles that minimized the THD in the inverter. Figure 7 shows the convergence
process and angle distribution during training, specifically for Experiment 1.
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Figure 7. Training stage experiment 1. (a) THD vs. angles, (b) error vs. training data, and (c) amount
of data vs. error.

Figure 7 shows how the switching angles converged to specific values and how they
correlated with the THD. For this case study, 1000 samples (sets of angles) were used in
these tests, distributing 70% (700 samples) for network training and 30% (300 samples) for
testing. This number of samples is sufficient to allow the network to converge effectively,
as it provides adequate data for the model to analyze and learn the relationships between
angles and THD. With a training set of 700 samples, the network can observe patterns and
achieve convergence, resulting in an improved performance. This angle generation was
performed randomly, complying with the established restrictions. However, it also helped
the system to be better oriented to the PSO to find better angles and obtain errors close to
zero. An important point of the procedure was the order of the execution of the network
training, as follows: first, the introduction of the training data to the network was carried
out, and after this process, the search for the set of switching angles that minimized the
THD was started.



Electronics 2024, 13, 4456

14 of 24

Angle 3

49.98 —_

49.96 |

49.94 -

49.92

49.88 —

49.86 —_|

49.84

49.82 —

49.8 — |

798"
"
27.96 ~—_
2704 T~

2792 T~

Angle 2 e

Continuing with Figure 7, Graph a shows how the switching angles converged to
specific values, as follows: the first angle converged to approximately 8°, the second to
between 27° and 28°, and the third to between 49° and 50°. These angles converged
to a minimum THD of 10.43%, thus approaching the results reported in the literature
for a seven-level MLI. In Graph b, which shows the training errors, located in the lower
left corner, with the help and guidance of the PSO, the variations decrease, obtaining
deviations of £0.002. This shows a significant improvement in convergence and a closer
approximation to the global minimum. In Graph ¢, which is of a Gaussian distribution
(bottom right corner), it can be seen how the errors tend to approach 0. However, many of
these errors fell within +0.0015, and they were minimal errors that did not affect the system
and managed to converge to the result. Although it is observed that there are errors that
fell outside the Gaussian bell, it is considered that these errors did not have a critical impact
on the overall performance.

In the second stage, known as the testing stage, the results obtained in the training
stage were validated. This made it possible to evaluate the network’s ability to adjust the
switching angles in real time, optimizing the output signal quality even when input voltage
variations occurred. The following figure shows the results of the data testing stage.

Figure 8 shows the three switching angles obtained in the testing phase. In the
three-dimensional plot, the actual data are shown together with the results of the ANFIS
with PSO. As can be seen, the angles do not show significant variations, indicating that they
are converging accurately to the expected values, with errors close to £0.002. On the right
side of the figure, a color spectrum representing the THD obtained by the sets of angles is
shown. The shades, mostly concentrated in a blue range, confirm that the deviations are
minimal and that the calculated angles allow for approaching the expected minimum THD,
as mentioned above. These small color variations reflect deviations between 0.0015 and
0.002, making it difficult to differentiate between shades in the color spectrum. To observe
how the deviations and errors in the testing stage perform, graphs are shown in Figure 9.
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Figure 8. Three-dimensional visualization of switching angles obtained by ANFIS.

Three hundred test data were used in Figure 9. In Plot a, deviations of +0.002 persist,
which shows a good performance, as mentioned before. Turning to Gaussian Plot b, the
distribution of errors in many of these fall within 0.0015, which shows better behavior than
that in the training stage.



Electronics 2024, 13, 4456

15 of 24

Error magnitude

in

o
)

)

Test error

TT

\H “
i

Wr\ | ‘ | ‘.\“‘ 'T' F\ ‘
[ ‘ | M| \ |
‘“ ' ‘\ “‘M “ ‘\‘ ” \"

‘ | | |

‘ M ’ | |‘H\‘

L L L
100 150 200 250 300

Number of training data

a)

Figure 9. Error graphs testing phase.

Error frequency

250

200

150

100

50

Test error - Histogram

1 2 3 4

-3
. x10
Error magnitude

b)

Table 5 shows that the switching angles obtained varied from case to case, while others
remained relatively constant. This highlights the importance of accuracy during training
and data collection. Using a different angle than the minimum found in another case
can raise the THD, highlighting the need for accuracy in angle selection. The minimum
THD found in the cases was around 10%. Experiment 15 had a slightly higher THD than
the others, with a THD of 10.9%. This variation of almost 1% shows that the system still
performed well and was close to the minimum found. The analysis of these results confirms
the effectiveness of the ANFIS network with PSO in optimizing the switching angles in the
seven-level CHBMLI The results show that the ANFIS network can adjust to different input
conditions, keeping the THD at acceptable levels and close to the calculated minimum.
Figure 10 shows the results obtained by the ANFIS network to evaluate and check the

quality of the network training.

Table 5. Angles and THD obtained in the ANFIS network.

Angles
Experiment Voltage THD %

Angl Ang2 Ang3

1 10.43 8.69° 27.89° 49.81°
2 10.49 7.870° 27.30° 49.56°
3 10.52 7.67° 27.09° 49.53°
4 10.58 7.47° 26.81° 49.53°
5 10.76 7.06° 25.69° 49.69°
6 10.52 8.14° 27.37° 49.39°
7 10.55 7.88° 27.15° 49.33°
8 10.60 7.63° 26.87° 49.28°
9 10.78 7.19° 25.79° 49.31°
10 10.58 7.97° 27.17° 49.26
11 10.63 7.71° 26.89° 49.19
12 10.80 7.25° 25.83° 49.16°
13 10.66 7.8° 26.91° 49.08°
14 10.84 7.31° 25.88° 48.97°
15 10.97 7.49° 25.91° 48.44°
16 10.43 8.69° 27.89° 49.81°
17 10.45 8.31° 27.62° 49.67°
18 10.48 7.92° 27.34° 49.57°
19 10.62 7.37° 26.62° 49.55°
20 10.46 8.45° 27.67° 49.62°
21 10.49 8.03° 27.37° 49.5°
22 10.62 7.43° 26.65° 49.43°
23 10.51 8.18° 27.41° 49.42°
24 10.64 7.51° 26.69° 49.29°
25 10.73 7.72° 26.74° 48.98°
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Table 5. Cont.
Angles
Experiment Voltage THD %

Angl Ang2 Ang3
26 10.43 8.69° 27.89° 49.81°
27 10.46 8.22° 27.56° 49.64°
28 10.57 7.51° 26.87° 49.53°
29 10.47 8.39° 27.61° 49.58°
30 10.58 7.59° 26.91° 49.4°
31 10.65 7.84° 26.97° 49.12°
32 10.43 8.69° 27.89° 49.81°
33 10.51 7.72° 27.15° 49.54°
34 10.56 8.01° 27.22° 49.29°
35 10.43 8.69° 27.89° 49.81°

THD (%)

104

Output Test THD for All Experiments

8 9 10 1" 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35
# Of Experiments

Figure 10. THD obtained at the output of the network.

Figure 10 shows the experiments in different colors and the THD obtained from
the training. Compared with the results in Table 4, the results obtained by the ANFIS
network are pretty similar to what is predicted in the table, indicating an excellent overall
performance of the model. Some cases show sparse points, meaning that the network
needed more iterations to converge to the minimum possible THD. This is not necessarily
negative, it just reflects that, depending on the training and adjustments made, the iteration
and adjustments can be further improved. Overall, the errors observed in the ANFIS
network were £0.002, which confirms that the angles and THD values obtained were
consistent, with minimal variations between simulations. This is evidence that the ANFIS
network was effectively trained and tuned.

3.2. MATLAB Simulation of the Case Study

Once the ANFIS network training was completed, the next step was to develop
the seven-level CHBMLI simulation in MATLAB R2021a Simulink. The objective of this
simulation was to compare the THD results obtained during the network’s training with
the simulated values at an inverter, using the angles calculated by the ANFIS network
for each case under study. Figure 11 shows the seven-level CHBMLI model implemented
in Simulink R2021a.
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Figure 11. Seven-level CHBMLI in MATLAB Simulink.

The voltage sources and switching angles were varied for the simulation, using
Experiment 1 to configure and observe the inverter output, as detailed in the figure below.

Figure 12 shows a voltage output of 186 V and a current of 1.86 A, with a connected
load of 100 ohms and 100 microhenries. This confirms that the inverter produces the
expected voltage and current levels, which validates the correct operation of the CHBMLI
under the simulated conditions. Subsequently, the Simulink R2021a Powergui FFT Anal-
ysis Tool was used to analyze the harmonic content and THD of the generated signal,
as shown in Figure 13.

Voltage

0.01 Time (seconds) 0.015 0.02 0.025 0.03
Current

0.01 Time (seconds) 0.015 0.02 0.025 0.03

Figure 12. CHBMLI voltage and current in MATLAB Simulink.

Figure 13 shows the harmonic content and the resulting voltage THD, which was
10.46%. This value has a difference of only 0.03% compared to the THD calculated by the
ANFIS network, demonstrating the network’s accuracy in predicting the switching angles.
It should be noted that the minimal differences observed may be due to the approximation
used in the simulation, where only two decimal places were considered for the switching
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angles. In a realistic environment, this simplification is common, as components such
as IGBTs or MOSFETs cannot switch with an accuracy of more than two decimal places.
Despite this, the performance of the ANFIS network was highly satisfactory.
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Figure 13. Harmonic content and THD of the case study voltage.

4. Discussion

Finally, simulations of the other experiments were performed, obtaining the corre-
sponding THDs, with the results presented in Table 6.

Table 6. %THD training vs. %THD simulation.

No. Experiment

THD% Training THD% Simulation No. Experiment THD% Training THD% Simulation

50 0N ONU W=

11
12
13
14
15
16
17
18

10.43
10.49
10.52
10.58
10.76
10.52
10.55
10.60
10.78
10.58
10.63
10.81
10.66
10.84
10.97
10.43
10.45
10.48

10.46 19 10.62 10.52
10.47 20 10.46 10.51
10.52 21 10.49 10.44
10.5 22 10.62 10.61
10.76 23 10.51 10.49
10.6 24 10.64 10.55
10.46 25 10.73 10.77
10.41 26 10.43 10.46
10.73 27 10.46 10.48
10.53 28 10.57 10.5
10.54 29 10.47 10.41
10.78 30 10.58 10.5
10.64 31 10.65 10.59
10.71 32 10.43 10.46
10.87 33 10.51 10.54
10.46 34 10.56 10.49
10.59 35 10.43 10.46
10.39
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THD (%)

10.9

10.7

10.6

Table 6 shows that, in most cases, the THD obtained in the training and simulation
varied slightly, generally within a range of 0.05%. In some experiments, the THD coincided
with that obtained during training; in others, it exceeded this variation margin. However,
the largest observed deviation did not exceed 0.2%, which is still acceptable, but should
be considered for further analysis. It should be noted that this deviation occurred only
in a few cases.

An interesting aspect is that, in some experiments, the THD obtained in the simulation
was lower than that calculated during training. This suggests that the system efficiently
minimized THD under certain operating conditions. However, cases were also identified
where the simulated THD was slightly higher than the calculated THD, although, as
mentioned above, these differences were within an acceptable range of £0.2%.

Table 6 was plotted to visualize these variations better, resulting in Figure 14.

THD Comparison: Training vs. Simulation

% THD Simulation
A A THD Training

| | | |
10 15 20 25 30 35
Experiment Number

Figure 14. Comparison of %THD: training vs. simulation.

In Figure 14, the x-axis represents the number of experiments and the y-axis shows
the percentage of THD obtained. As previously indicated, in most cases, the differences
between the calculated THD (marked with the red line) and the THD obtained in the
simulation (marked with the green line) were minimal. Only in a few cases was a larger
variation observed, with Experiment 8 having the largest difference, close to 0.2%.

Furthermore, the standard deviation between the %THD in training and the %THD
in simulation was 0.06. This low standard deviation value confirms that the optimization
process effectively minimized the THD in most experiments. Furthermore, the graph allows
us to identify which experiments showed a simulated THD lower than the calculated one,
indicating an improved system performance, and which ones showed a slightly higher
THD. Even so, it is important to highlight that these differences were small and did not
exceed 0.2%. This indicates that the optimization process effectively found the minimum
THD in most selected experiments.

However, in all cases, the simulated THD values slightly exceeded the 8% THD defined
by the IEEE 519 standard [38]. An effective reduction in THD in the switching stage allows
smaller and less complex filters to be designed, thus optimizing the system.

This proposed approach demonstrates that ANFIS with PSO allows low THD levels to
be achieved under simulation conditions and facilitates a more efficient implementation
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in industrial environments with voltage fluctuations. The optimized switching angles
generated by ANFIS with PSO successfully reduced the harmonic content. This approach
simplifies the design requirements by minimizing the size and complexity of the filtering
stage, which is advantageous for UPS systems faced with variable voltage inputs. In
addition, the adaptive capabilities of ANFIS, enhanced by the optimization power of
PSO, allow for real-time adjustments in switching angles as voltage conditions fluctuate,
ensuring that the inverter consistently maintains high-quality output without the need for
pre-calculated look-up tables.

To demonstrate the effectiveness of the proposed network, Table 7 presents a compar-
ative summary of the voltage THD values achieved in different studies using multilevel
inverters, as described in the literature. It should be noted that finding works using
seven-level cascaded multilevel inverters with ANFIS combined with some metaheuristic
techniques was complex. For this reason, the table includes several relevant studies to illus-
trate the variations in the results and applications reported in the literature. Furthermore, it
is emphasized that there are no fully comparable case studies due to the diversity of ANFIS
applications in specific contexts.

Table 7. Comparison of %Voltage THD in the literature.

Method Ref Levels Characteristics THD Obtained
[15] 5 There is no mention of angles, 15 harmonics, PSO-ANFIS = 29 13%
without a filter Bt
There is no mention of angles, 14 harmonics
(9] ' 7 _ — 0, A
5 [35] 5 with filtor PSO-ANFIS = 1.25%
—
E) Propgsed Three angles, 50 harmonics, without filter ANFIS-PSO ranged = 10.39% to 10.87%
S technique
g [28] 7 Seven angles, 50 harmonics, without filter GA-ANFIS = 8.1%
. . . PSO-ANFIS = 12.95%
[20] 9 Four angles, 15 harmonics, without filter ALO-ANFIS = 14.91%
[25] 27 Thirteen angles, 15 harmonics, without filter ANFIS-EPO = 0.78%
2 There is no mention of angles and harmonics, ANFIS-Least squoa res.
[30] 5 with a filter 2-levels = 5.78%
5-levels = 4.04%
[17] 7 Three angles, 20 harmonics, without filter ANFIS =9.16%
g [27] 9 There is no menthn of apgles, 20 harmonics, ANFIS = 1.58%
% with a filter
O [19] 15 There is no mentlor.l of apgles, 150 harmonics, ANFIS = 3.62%
with a filter
[31] 15 There is no mention O.f angl?s, 20 harmonics, ANFIS = 4.04%
No mention a filter
[2] 31 There is no mention of angles, 20 harmonics, ANFIS = 3.77%

No mention a filter

Table 7 compares the voltage THDs obtained in the literature with those obtained in
this study. It is observed that the studies with the highest THD percentage are reference [15],
which uses a five-level inverter, where the THD is notably higher due to the lower number
of levels, and reference [20], with nine levels, which highlights the influence of the number
of levels on the THD reduction. In references [17,28], both studies use seven-level inverters,
similar to the proposed method. However, the THD obtained in this study was slightly higher
than that in these cases. First, it is important to note that the differences in THD were small,
from 1 to 2%, which is still favorable. The main difference is that reference [17] only ana-
lyzed up to harmonic 20, while this study considered up to harmonic 49, complying with
IEEE 519 standard [38]. A lower harmonic analysis tends to produce a lower THD value. In
reference [28], seven switching angles were employed, contributing to a decrease of approxi-
mately 2% in THD compared to the results obtained in this work. The remaining references,
with THD values between 0.78% and 4%, present significant differences due to several factors.
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In some cases, additional filters were used to reduce the THD at the inverter output. In addition,
studies using inverters from 9 to 31 levels achieved a significant reduction in THD; however,
these inverters presented a higher complexity in both the equations and the control of the
switching angles. It is worth mentioning that studies with lower THD mainly used ANFIS
with classical (Gradient Descent) methods. In future work, inverters with a greater number of
levels or the incorporation of small filters could be explored, which would further reduce the
THD and evaluate the improvement that can be obtained.

5. Conclusions

This paper presented an approach based on combining Al techniques, specifically
using ANFIS optimized using the PSO algorithm, to minimize the voltage THD in a
seven-level CHBMLI. The results showed this approach’s effectiveness in optimizing the
switching angles, achieving a reduced THD compared to conventional methods. Through-
out the experiments, it was observed that the combination of ANFIS and PSO not only
provided a voltage THD close to the values calculated during training, but, in some cases,
exceeded expectations, obtaining lower THD values in the simulations. This highlights the
efficiency of metaheuristic algorithms compared to traditional methods, often based on
analytical or gradient descent approximations. Metaheuristic methods” higher accuracy and
flexibility, such as PSO, allow for a greater adaptability to different operating conditions.

The observed variations in the results, within +0.1%, demonstrate that the ANFIS
model with PSO can handle uncertainty and efficiently adjust switching angles, even in
complex scenarios. However, it was identified that some experiments showed a slight dis-
crepancy compared to the trained values, which can be attributed to the decimal precision
used in the physical devices, such as IGBTs or MOSFETSs, limiting the switching accuracy.

The comparative analysis also underscores the proposed method’s competitive perfor-
mance relative to other studies. While THD levels may differ due to the harmonic analysis
range or additional filters, the proposed method achieved comparable results without
complex filtering stages, obtaining a THD of 10%. This provides a significant advantage in
design simplicity and cost efficiency for UPS systems and other power applications.

Finally, the integration of Al into multilevel inverters, particularly the use of ANFIS
optimized with PSO, represents a significant advance in improving the performance of
these systems, providing an efficient and robust alternative for voltage THD minimization.
The results obtained in this study are encouraging and suggest that this approach can
be applied in various power systems, including those powered by renewable energy
sources and in high-precision applications such as UPS systems. The ability to dynamically
optimize switching angles as a function of voltage variations and other operating conditions
positions this method as a viable and effective solution for the future of power electronics.
Future work could explore higher-level inverters or additional filtering to reduce the THD
further, reinforcing the applicability of this method in renewable energy systems and
high-precision applications.
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BSMC Backstepping Sliding Mode Control
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DC Direct Current
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