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Abstract
With the transformation of transmission and distribution grids into smart grids that are more dominated by renewable energy,
power electronics-based inverters that can improve power quality are becoming more visible. In order to maximize the output
voltage quality and reduce the total harmonic distortion (THD), efficient operation of inverters is required. Therefore, in this
paper, the problem of harmonic elimination in multilevel inverters is solved by using an adaptive grey wolf optimizer with
local search.We have performed a grid search-based landscape analysis of the seven-level inverter to understand the behaviour
of the proposed algorithm. For verification, the numerical results of the proposed adaptive grey wolf optimizer are compared
with those of the original grey wolf optimization algorithm, a modified version of the grey wolf optimization algorithm, the
particle swarm optimization algorithm, multi-verse optimization algorithm, and salp swarm algorithm. In the simulations,
we solved the optimization model for three different structures of multilevel inverters (7, 11, and 15 levels) by changing the
modulation indexes. It is found that the adaptive grey wolf optimization provides lower total harmonic distortion for different
modulation indexes.

Keywords Adaptive grey wolf optimizer · Harmonic distortion · Local search · Multilevel inverters · Selective harmonic
elimination · Optimization · Algorithm

1 Introduction

For environmental and economic reasons, renewable energy
sources are increasingly being integrated into electrical
power systems. However, wind turbines (WTs) and pho-
tovoltaics (PVs) cause fluctuations in power output and
voltage levels in distribution systems. Therefore, more con-
trol actions are required. In addition to classical control
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devices, power system operators can also use inverters for
fast, efficient control operations, as these can also help to
reduce switching losses and maintain a more balanced volt-
age profile of the distribution system [1].

Multilevel inverters (MLIs) can be classified as diode-
clamped, flying capacitor, and cascaded H-bridge inverters
depending on the topology [2]. MLIs consist of multiple cir-
cuit components such as DC power sources, semiconductors,
switches, which mainly generate an AC voltage. The appli-
cations of multilevel inverters are not limited to PV and WT
systems. Paper [3] gives a comprehensive overview of MLI
techniques suitable for electric vehicles. Another application
area is UPS applications [4]. A recent study proposes a new
design of anMLI for inductionmotor drive control that can be
used for water pumping in marine applications [5]. Mainly,
the classical topologies are used for most applications, but in
recent years, there are attempts to develop other topologies,
an overview of these can be found in [6,7].

The optimal determination of the switching angle ofMLIs
helps to minimize the total harmonic distortion (THD). The
approaches to solve this kind of problem can be divided into
two: analytical and numerical methods. As for the numeri-

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s00202-021-01441-z&domain=pdf
http://orcid.org/0000-0002-0892-6380


Electrical Engineering

Fig. 1 Single-phase, 7-level
MLI from [27]

cal method, Newton–Raphson has been used both for solving
the selective harmonics equations (SHE) forMLIs [8] and for
solving SHE of a relatively recent design of a flying capac-
itor MLI [9]. In [10], the authors combine artificial neural
networks (ANN) with the Newton–Raphson method: The
optimal switching angles are used to train the ANN, then
the results are used as initial estimates for the NR-based
optimizationmethod. Some other derivative based numerical
approaches used to solve the SHE problem are gradient opti-
mization [11] and sequential quadratic programming [12]
methods. Derivative-free methods have also been used to
solve the harmonic elimination problem. One of the first
attempts was based on genetic algorithms (GA) [13]. Later,
other heuristics such as particle swarm optimization (PSO)
[14], differential evolution [15] harmony search algorithm
[16,17] were implemented. More details on the implemented
approaches for MLIs can be found in [18]. In addition, see
[19] for applications of meta-heuristic methods to the con-
verter problem. A recent work solves the SHE problem using
a hybridized PSO and GA method [20]. The authors of [21],
use the whale optimization algorithm developed by Mirjalili
and Lewis (WOA) based on the behaviour of whales [22].
The moth flame optimization (MFO) algorithm [23] was
used in [24] to solve the problem of harmonic elimination of
MLIs. Two recently developed heuristic algorithms, namely
the multiverse optimization algorithm (MVO) [25] and the
salp swarm optimization algorithm (SSA) [26], were also
used in [27].

This paper improves on recent attempts to solve MLI
optimization problems presented in [24] and [27], and more
specifically,

– Solves an optimization model that aims to eliminate har-
monics and THD.

– Utilizes an adaptive GWO (AGWO) [28], which consists
of a chaotic map for the control parameter (α) and an
adaptive reset mechanism with local search. The perfor-
mance of AGWO is compared with a modified GWO
[29], standard GWO, PSO, MVO and SSA to solve the
optimization model.

– Compares the simulation results of 7-, 11- and 15-level
MLIs with different modulation indexes in terms of
numerical accuracy.

The organization of the paper is given as follows. The next
section gives the optimization model used to minimize THD
and harmonics. In Sect. 3, we give a detailed landscape anal-
ysis for MLIs. Section 4 explains the standard GWO, and
details the modifications implemented for AGWO. Before
conclusion, in Sect. 5, we give the numerical simulation
results.

2 Optimizationmodel for cascaded H-bridge
multilevel inverters

We show the circuit diagram of a 7-level MLI with equal
DC sources connected to a single-phase H-bridge inverter in
Fig. 1.

Note that the number of output voltage levels is 2× k+1,
where k is the number of individual DC sources. The Fourier
transform of a stepped waveform with s steps is given as:
[30]:

V (ωt) = 4Vdc
π

∑

n

[cos(nθ1) + cos(nθ2) + · · ·

+ cos(nθs)] × sin

(
nωt

n

)
, n = 1, 3, 5, 7, . . .

(1)
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where ω, Vdc and θi show the angular velocity, DC source’s
voltage magnitude, and conducting angle of step i , respec-
tively. One can determine the coefficients in Eq. (1) using
[30]:

H(n) = 4

nπ

∑

n

[cos(nθ1) + cos(nθ2) + · · · + cos(nθs)]

n = 1, 3, 5, 7, . . . (2)

The switching angles θ1, θ2, . . . , θn must satisfy:

θ1 ≤ θ2 ≤ · · · ≤ θn ≤ π

2
(3)

Total harmonic distortion (THD) can be mathematically
shown as:

T HD =
√

(
∑n=49

n=3,5,7... V
2
n )

V 2
1

(4)

Conventionally, optimization models aim to minimize the
odd lower order harmonics. This approach can be briefly
summarized as follows. The number of harmonics that can
be eliminated is smaller than the number of H-Bridges (HB).

One can eliminate at most n− 1 lower-order harmonics if
aMLI with n HBs is considered, for 3 HBs, this can achieved
by solving following equations [24]:

F(n) = cos(θ1) + cos(θ2) + cos(θ3) − 3m1

F(5n) = cos(5θ1) + cos(5θ2) + cos(5θ3)

F(7n) = cos(7θ1) + cos(7θ2) + cos(7θ3) (5)

Similarly, for an 11 level inverter, with 5HBs, and for a 15-
level inverter with 7 HBs, the required number of equations
to be solved are 4 and 6, respectively, and can be represented
mathematically as follows:

F(n) = cos(θ1) + cos(θ2) + cos(θ3) + cos(θ4)

+ cos(θ5) − 5m1

F(5n) = cos(5θ1) + cos(5θ2) + cos(5θ3) + cos(5θ4)

+ cos(5θ5)

F(7n) = cos(7θ1) + cos(7θ2) + cos(7θ3) + cos(7θ4)

+ cos(7θ5)

F(11n) = cos(11θ1) + cos(11θ2) + cos(11θ3) + cos(11θ4)

+ cos(11θ5)

F(13n) = cos(13θ1) + cos(13θ2) + cos(13θ3) + cos(13θ4)

+ cos(13θ5) (6)

F(n) = cos(θ1) + cos(θ2) + cos(θ3) + cos(θ4) + cos(θ5)

+cos(θ6) + cos(θ7) − 7m1

F(5n) = cos(5θ1) + cos(5θ2) + · · · + cos(5θ6)

+ cos(5θ7)

F(7n) = cos(7θ1) + cos(7θ2) + · · · + cos(7θ6)

+ cos(7θ7)

F(11n) = cos(11θ1) + cos(11θ2) + · · · + cos(11θ6)

+ cos(11θ7)

F(13n) = cos(13θ1) + cos(13θ2) + · · · + cos(13θ6)

+ cos(13θ7)

F(17n) = cos(17θ1) + cos(17θ2) + · · · + cos(17θ6)

+ cos(17θ7)

F(19n) = cos(19θ1) + cos(19θ2) + · · · + cos(19θ6)

+ cos(19θ7) (7)

In (5), (6), and (7), m1 represents the modulation index,
which is the division of the amplitude command of the
inverter for a sine wave output phase voltage to the maxi-
mum attainable amplitude of the inverter [30].

In this study, we use the same model as of [27] aiming to
minimize the objective function given as:

minimize

√∑n=49
n=3,5,7... V

2
n

V1
+ |cos(θ1) + cos(θ2)

+ · · · + cos(θk) − km|
subject to θ1 ≤ θ2 ≤ · · · θk ≤ 90◦

(8)

where k is 3, 5, and 7 for 7, 11, and 15 level MLIs in Eq. 8,
respectively.

3 Landscape analysis of cascaded H-bridge
multilevel inverters

One of themost popularmethods to understand the behaviour
of complex optimization problems is the landscape analysis
algorithm [31]. In this process, various characteristics of the
problems are considered by evaluating the landscape fea-
tures. One of the main goals is to classify the problems into
distinct classes with regard to these features.

Landscape analysis methods are applied to a wide range
of complex and real-world optimization problems, which can
be classified into three groups: (1) real-world engineering
problems, (2) recently, machine learning applications have
also been considered, (3)mathematical and stochastic bench-
marks of classical optimization problems. In order to provide
a systematic mechanism for exploring and interpreting the
behaviour of meta-heuristics, landscape analysis techniques
are also recommended.

In this paper, we perform a simple and effective method
for landscape analysis called grid search. In this algorithm, a

123



Electrical Engineering

Fig. 2 Landscape analysis of the 7-level cascade MLI with different ranges of M when θ1 ≤ θ2, and θ3 = 90◦, a M = 0.3, b M = 0.4, c M = 0.5
and d M = 0.6

regular and symmetric sampling process is iterated to observe
different aspects of the search space of the cascadedH-bridge
multilevel inverter problem. The target of this analysis is the
7-level inverter problem considering the primary constraint
θ1 ≤ θ2 ≤ θ3.We assume that θ3 = 90◦ remains fixed during
the landscape analysis, and the main focus is on observing
the behaviour of angles θ1 and θ2. An extensive sampling of
all possible configurations of the two inverter angles θ1 and
θ2 is performed, assuming the range of M from 0.3 to 1.0.

The results of the landscape analysis are interesting and
show considerable detail of the search space for the problem
applied. In Fig. 2, the main observation is that the best found

configurations of angles vary depending on the value of the
modulation index M . Interestingly, increasing the modula-
tion index leads to a shift of the optimal settings (area) to
small values of both θ1 and θ2. For example, when M is 0.3,
the best angles found are 80◦ ≤ θ2 ≤ 90◦ and θ1 ≤ 70;
however, increasing the modulation index to 0.6 leads to a
different search space and the effective solutions are in the
range of θ1, θ2 ≤ 50.

In the remainder of this landscape analysis, we develop
and evaluate the performance of fitness values for a modula-
tion index greater than 0.6. The experimental results of the
landscape analysis can be seen in Fig. 3. For this range of M ,
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Fig. 3 Landscape analysis of the 7-level cascade MLI with different ranges of M when θ1 ≤ θ2, and θ3 = 90◦, a M = 0.7, b M = 0.8, c M = 0.9
and d M = 1.0

we can see that when the value of θ3 is equal to 90◦ and does
not change during the assessment, the best found areas shift
to smaller angles of both θ1 and θ2.

4 Meta-heuristic algorithms

In this section, we first introduce the grey wolf optimizer
and its variants. Then, its performance is improved using an
adaptive mechanism and local search.

4.1 Grey wolf optimizer (GWO)

The Grey wolf optimizer (GWO) algorithm[32] is described
as a bio-inspired and population-based stochastic approach
that mimics some social behaviours of grey wolves in a pack.
In a wolf pack, there are four types of roles: The alpha
wolf is responsible for managing the others, beta and delta
wolves are responsible for helping the alpha in managing,
and other members (called omegas) participate in explor-
ing the search space. Mainly, GWO simulates the hunting
process by searching the prey, encircling, chasing, hunting
and attacking prey. Indeed,GWO mimics the characteristics
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Fig. 4 a The probability exploration of GWO per each generation. b AGWO’s adaptation mechanism example for the control vector (a) in AGWO
(from [28])

Fig. 5 a the main method of
control variable a decreased
linearly [32] (blue line),
polynomially shrunken (red
line) [29], and can be adaptive
(green line) proposed in this
paper. b Shows decay plot that
consolidate both adaptive and
chaotic decay
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of the hunting process as follows: (1) exploring for the prey
(optimum), (2) encircling and enclosing the prey, (3) hunting
and finally attacking the targets.

4.1.1 Encircling step

D = |C.Xp(t) − X(t)| (9)

X(t + 1) = Xp(t) − A.D (10)

where D depicts the distance between the prey location Xp

with another member X in the prevailing repetition (t). Fur-
thermore, the vectors A andC play an important role, having
a strong influence for adjusting the exploration and exploita-
tion behaviours and are computed by Eqs. 11 and 13:

A = 2.a.r1 − a → 0 ≤ a ≤ 2 (11)

a = 2 − iter.

(
2

Maxiter

)
(12)

C = 2.r2 (13)

where a is reduced linearly from 2 to 0 through the optimiza-
tionmeans. r1 and r2 are two random numbers between 0 and
1.

4.1.2 Hunting

In order to obtain a thriving exploration of the search area,
the values of candidates should be changed with regard to the
knowledge received from three best-found candidates (alpha,
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beta and delta). The main reason for this is that GWO con-
siders a prior that a nearby optimum can be observed among
this triangle area. To update the position of solutions, the
following formulas (Eqs. 14, 15 and 16) are introduced.

X(t + 1) = X1 + X2 + X3

3
(14)

X1 = Xα(t) − A1 · Dα,X2 = Xβ(t) − A2 · Dβ

X3 = Xδ(t) − A3 · Dδ

(15)

Dα = |C1 · Xα − X|,Dβ = |C2 · Xβ − X|
Dδ = |C3 · Xδ − X| (16)

4.1.3 Attacking the prey (exploitation)

The last behaviour formulated is hunting, which involves
attacking prey and focusing on optimal situations. Attacking
can be done by decreasing a from 2 to 0. In Fig. 5 one can see
several possible approaches. This can be achievedmathemat-
ically by decreasing the variable a from 2 to 0 on a regular
basis. It can be observed that when |A| < 1 candidates focus
on attacking the prey. This process evolves like a local search
(exploitation process). On the other hand, |A| > 1 drives to
a global exploration (diversification).

4.2 Modified grey wolf optimizer (mGWO) [29]

In the standard GWO, 50% of the repetitions are dedicated
to exploration and the other half to exploitation, achiev-
ing a great balance between the two main search processes.
However, for some specific problems, we may find that this
static mechanism cannot be effective. To address this short-
coming, a modified GWO (mGWO) has been proposed[29].
mGWO mainly focuses on the appropriate balance between
exploration and exploitation,which leads to an optimal repre-
sentation of the optimization algorithm. Figure 5a represents
the proposed exponential control parameter of a based on
Eq. 17.

a = 2 − iter2 ·
(

2

Max2iter

)
(17)

Utilizing this exponential decay equation, the evaluation
numberswhich are used for both exploration and exploitation
are divided into 70% and 30%, respectively.

4.3 Adaptive grey wolf optimizer (AGWO)

Since A is able to regulate both diversification (|A| > 1)
and intensification (|A| < 1), it is one of the most important
parameters of GWO. Equation 11 shows that the vector of A
values lies between −2a and 2a (A ∈ [−2a, 2a]), where a

decreases linearly from 2 to 0 during the optimization pro-
cess. This means that the exploration probability (|A| > 1)
is 0.5 at the beginning of the iteration and then decreases
linearly to 0 when the search process is in the middle. In
contrast, the exploitation probability in the first iteration is
0.5,which is equal to the exploration probability ( providing a
balanced heuristic setting at the commencement ); neverthe-
less, the exploitation probability is advanced to 1 when half
of the repetitions are dedicated (i ter = Maxiter/2). Notably,
in the resting iterations (Maxiter/2),the exploitation proba-
bility is fixed at 1, even though the exploration probability
is 0 without any conversion. This lack of settings could be
one of the reasons for possible convergence problems GWO
may encounter. Fig. 4a shows this unbalanced search per-
formance. To solve this deficiency, several mechanisms have
been proposed as follows.

Mittal et al. [29] introduced an enhanced version in order
to update a in (mGWO), which decayed more gently to
improve exploration. Figure 5a depicts this more gradual
decay function. Nevertheless, in this static mechanism, after
70% of iterations, the value of a still declined under 1.
The same adjustment was proposed by Long et al. [33] in
their improved grey wolf optimizer (IGWO). More recently,
Saxena et al. [34] balanced the decay function utilizing a
β-chaotic sequence to provide for faster vibration between
exploration and exploitation conditions through the parame-
ter decay process.

Previous researchhas recommendedavariety of approach-
es to improve the a parameter, and these approaches have not
considered GWO performance during optimization. In this
paper, we propose an adaptive strategy to update the a con-
trol variable of the GWO (AGWO). Here, the optimization
achievement is taken into account, and after a predefined
interval of ρ iterations in which the best found configura-
tion fails to reach the alpha, the control parameter should be
updated to 2 again.Moreover, a chaotic distribution is embed-
ded in the mapping by a normalization function to achieve
a reasonable balance between exploration and exploitation.
The main contributions of AGWO are as follows:

1. Producing andmixing a chaotic sequencewith the control
parameter (a) in every repetition. In order to reach the
best achievement, the best-performed chaoticmap is used
[28]. Equation 18 confers the applied chaotic maps in the
adaptive approach (μ = 1.07).

xi+1 = μ(7.86xi − 23.31x2i + 28.75x3i − 13.302875x4i )

(18)

2. The mathematical equation in order to apply the normal-
ization function for distributing the chaotic order within
the upper and lower bias can be expressed by Eq. 19.
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Table 1 Experimental
optimization results of adaptive
GWO, mGWO, standard GWO,
PSO, MVO, and SSA: switching
angles, modulation, and THD
for 7-level MLI

M θ1 θ2 θ3 THD% θ1 θ2 θ3 THD%

AGWO GWO

0.3 26.170 89.855 90.000 27.664 26.237 90.000 90.000 28.347

0.4 18.911 75.286 90.000 26.271 17.749 73.025 90.000 28.954

0.5 13.109 57.826 90.000 18.481 14.748 56.134 90.000 19.714

0.6 11.128 37.162 88.741 15.711 12.012 37.657 90.000 15.925

0.7 9.605 35.126 72.688 15.383 8.192 35.525 70.038 15.651

0.8 8.975 30.050 56.806 11.003 9.475 30.590 55.537 11.040

0.9 5.317 21.432 39.230 13.558 6.391 23.793 38.407 13.962

1 5.939 15.902 24.112 23.900 0.792 9.941 27.110 25.733

mGWO PSO

0.3 26.364 89.758 89.997 28.115 30.223 87.459 90.000 32.964

0.4 19.074 75.218 90.000 29.980 19.106 75.220 89.999 29.999

0.5 16.534 57.207 90.000 20.507 16.453 57.252 90.000 20.520

0.6 10.857 37.123 88.841 15.977 10.886 37.192 88.775 15.980

0.7 10.570 35.638 72.274 16.046 10.527 35.548 72.350 16.050

0.8 9.780 29.983 56.734 11.094 9.802 29.999 56.731 11.100

0.9 6.980 21.068 39.271 14.079 6.965 21.091 39.252 14.080

1 5.639 15.302 24.112 24.120 5.040 12.827 21.153 26.930

MVO [27] SSA [27]

0.4 19.026 75.248 90.00 30.00 18.998 75.258 90.00 30.00

0.5 16.43 57.257 90.00 20.520 16.454 57.251 90.00 20.520

0.6 10.896 37.176 88.783 15.980 10.884 37.190 88.776 15.980

0.7 10.572 35.503 72.368 16.050 10.533 35.546 72.350 16.050

0.8 9.827 30.00 56.726 11.100 9.803 30.00 56.733 11.100

0.9 6.961 21.081 39.259 14.080 6.976 21.096 39.247 14.80

1 5.040 12.827 21.152 26.930 5.040 12.827 21.152 26.930

Nmiter = CNMax
m −

(
CNMax

m − CNMin
m

MaxiterN

)
× iterN (19)

where the upper and lower values of the normalization
function are as follows: CNMax

m = 0.3 and CNMin
m =

10−6, respectively. Both CNMax
m and CNMin

m handle the
chaotic distribution of the employed chaotic map and
engage the optimization method flips between the explo-
ration and exploitation stages sequentially. MaxiterN is
the maximum iterations in each period. Therefore, the
normalized chaotic values (CCiter) can be produced by
Eq. 20:

CCiter = Nmiter ∗ C f (20)

where C f is produced by the proposed chaotic map.
Fig. 4b and d shows an example of the adaptive chaotic
mechanism. The chaotic sequence is mixed in the control
vector a and is presented as follows:

a = (2 − CNMax
m ) −

(
iter2c × 2 − CNMax

m

Max2iterc

)
+ CCiter

(21)

3. Proposing an adaptive strategy to update the control vec-
tor where the optimization outcomes are not acquired for
ρ iterations. Where search stagnates in this process, the
control vector will be reset at upper value, and then the
decay inclination of the control vector is set to a sharper
gradient. This occurs in a flip from exploitation (|a| < 1)
to explorationwhenever search facedwith the stagnation.

Figure 5 shows three different mechanisms to update the
control vector such as linear and polynomial (a), and one
example of the adaptive chaotic method in [28]. Conse-
quently, the algorithm of AGWO can be seen in 1).
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Table 2 Experimental optimization results of adaptive GWO, mGWO,
standard GWO, PSO, MVO, and SSA: switching angles, modulation
index, and THD for 11-level MLI

M θ1 θ2 θ3 θ4 θ5 THD%

AGWO

0.3 12.455 16.068 36.305 66.569 90.000 12.250

0.4 6.609 33.018 56.712 90.000 90.000 12.220

0.5 8.001 27.851 49.510 89.520 90.000 10.360

0.6 6.477 22.971 40.241 60.467 90.000 8.540

0.7 8.346 21.832 35.146 54.841 88.723 8.090

0.8 5.618 17.691 29.036 41.976 61.106 6.150

0.9 2.305 17.745 29.311 44.735 56.990 7.170

1 10.159 19.831 26.646 39.123 54.063 8.540

GWO

0.3 13.4581 41.4077 90.000 90.000 90.000 15.312

0.4 5.1283 34.5467 51.0171 90.000 90.000 13.268

0.5 8.7712 28.5109 50.2095 89.6664 90.000 10.394

0.6 4.7558 22.7719 41.3156 61.1441 90.000 9.071

0.7 5.9302 18.1382 35.0452 52.6352 90.000 8.331

0.8 5.8701 17.416 29.8623 43.2621 62.148 6.174

0.9 0.6145 10.8839 25.1946 35.0255 50.1267 10.227

1 14.6959 16.9728 17.5521 34.1317 60.5437 14.335

mGWO

0.3 6.985 27.562 63.436 90.000 90.000 13.450

0.4 13.083 33.860 53.630 90.000 90.000 12.660

0.5 9.150 27.858 51.045 89.752 90.000 10.400

0.6 9.279 23.704 40.066 59.360 90.000 8.800

0.7 6.262 18.394 37.135 53.748 90.000 8.220

0.8 6.368 17.435 29.015 41.534 61.595 6.220

0.9 0.021 15.457 22.710 36.966 53.323 9.300

1 1.239 7.781 28.201 37.809 39.432 11.000

PSO

0.3 15.958 53.269 90.000 90.000 90.000 18.534

0.4 10.772 36.271 77.792 89.999 89.999 17.080

0.5 9.232 28.010 51.360 89.712 89.963 10.400

0.6 7.435 22.937 42.107 69.783 89.999 10.080

0.7 6.614 19.892 33.508 50.169 84.722 8.720

0.8 5.581 17.251 29.755 43.353 69.972 6.190

0.9 4.190 12.440 22.227 30.869 42.087 12.640

1 1.814 4.789 8.450 11.428 15.274 40.550

MVO [27]

0.4 10.865 36.167 77.840 90.00 90.00 17.076

0.5 9.193 27.975 51.396 89.690 89.979 10.404

0.6 7.658 22.919 42.053 69.797 90.00 10.075

0.7 6.575 19.837 33.481 50.174 84.756 8.723

0.8 5.525 17.211 29.822 43.373 62.995 6.1860

0.9 4.288 12.802 21.822 31.007 42.074 12.640

1 1.814 4.791 8.449 11.426 15.268 33.550

Table 2 continued

M θ1 θ2 θ3 θ4 θ5 THD%

SSA [27]

0.4 10.884 36.143 77.850 90.00 90.00 17.076

0.5 9.267 28.196 51.221 89.740 89.950 10.405

0.6 7.508 22.934 42.078 69.794 90.00 10.073

0.7 6.602 19.849 33.469 50.215 84.724 8.722

0.8 5.591 17.264 29.734 43.354 62.977 6.185

0.9 4.316 12.679 21.978 30.972 42.051 12.639

1 1.814 4.789 8.450 11.428 15.274 33.546

Algorithm 1 AdaptiveGreyWolf optimizer (AGWO)

1: procedure AGWO
2: d = len(〈θ11 , θ12 , ..., θ1d 〉) ⇒ θ1 ≤ θ2 ≤ ... ≤ θd ,0 ≤ θi ≤ π

2
3: N = 30, M = 5 
 Population size and performance index
4: S = {〈θ11 , θ12 , ..., θ1d 〉, . . . , 〈θN

1 , θN
2 , ..., θN

d 〉}
5: Initialise parameters a,A,C,CNMax

m ,CNMin
m , ρ,MaxiterN

6: X=The best solution from 〈S1, . . . , SN 〉 
 Find three best
7: Xfi=The second best solution from 〈S1, . . . , SN−1〉
8: X=The third best solution from 〈S1, . . . , SN−2〉
9: while stillTime() do
10: for i in [1, ..,N] do
11: Update Si
12: if Si is not feasible then
13: f (Si) = ∑d

i=1 violationi ∗ PF + f (Si))
14: end if
15: end for
16: THD = Eval([S1, S2, . . . , SNp]) 
 Evaluate solutions
17: BestTHDiter=Min(THD)
18: if rem(iter, ρ)=0& BestTHDiter < f (X) then
19: 
 Reset control variables
20: a = 2, iterN = 1anditerc = 1
21: else 
 Reset iter of normalization and chaotic sequence
22: UpdateNmiter ,CCiter andC f by Equation19,20
23: Updatea, AandC by Equation21,13,12
24: end if
25: UpdateXα, XβandXδ

26: 	BestT HD =
∑M

k=1(BestT HDk−BestT HDk−1)

M
27: if 	BestT HD < ψ then 
 Local Search
28: BestT HDiter = Nelder − Mead(BestT HDiter )

29: end if
30: end while
31: return S,THD 
 Final solution
32: end procedure

AGWO is a combination of two processes. First, an
adaptive update mechanism tunes a based on search perfor-
mance in the current iteration, which balances exploration
and exploitation throughout the search. Second, a chaotic
sequence coefficient estimates the normalization function
and prevents premature convergence by providing additional
benefits.
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5 Results and discussion

We evaluate and compare the performance of the proposed
optimization method with other meta-heuristics, by using
7-level, 11-level, and 15-level MLIs. To have an accurate
comparison, the modulation indexes are tested from 0.3 to
1.5 with an incremental step at 0.1.

5.1 Algorithm comparison in 7-level inverter MLI

The corresponding best-found switching angles and THDs
for 7-level inverters using AGWO, mGWO, GWO, PSO,
MVO and SSA: are proffered in the Table 1. We used the
above meta-heuristics in this work because they have high
exploration and exploitation ability to solve real world engi-
neering problems.

From Table 1, the performance of AGWO to optimize
THD is higher than that of mGWO, GWO, PSO, MVO and
SSA. The average minimum THD proposed by AGWO is
10.43% for a modulation index of 0.84. The near-optimal
angles are 8.639◦, 27.854◦, 49.686◦ for AGWO for this mod-
ulation index. It should be noted that the sum of the results
presented in the tables is based on the average of the results of
30 simulations. Moreover, we can note that the application
of a static exponential control parameter for mGWO does
not perform well in all cases of the modulation indexes com-
pared to standard GWO. Overall, the performance of GWO
is more remarkable than that of PSO, MVO, and SSA. The
main reason may be the use of a great balance between two
search phases: exploration and exploitation.

5.2 Algorithm comparison in 11-level MLI

Optimizing the 11-level MLI problem can be more challeng-
ing than the 7-level one because the number of decision
variables has increased, leading to a more complex search
space. Table 2 presents the obtained average of the best
switching angles found for various modulation indexes from
0.3 to 1.0 for 11-level MLI. The best optimization results
are suggested by AGWO for all values of the modulation
indexes.

Meanwhile, we found that five optimization methods
could find the minimum THD values for M = 0.8, and
also AGWO finds the minimum THD value at 6.09% where
the modulation index is 0.81 and the switching angles are
θ1 = 5.4253◦, θ2 = 17.0171◦, θ3 = 29.1433◦, θ4 =
42.3308◦, θ5 = 60.8345◦, respectively. Moreover, the per-
formance of mGWO is considerable as the second best
method compared to the original GWO, PSO, MVO and
SSA for all values of the modulation indexes. However, it
is noted that GWO was able to propose a better switching
angle configuration for M = 0.8 with 6.174 than mGWO
(THD = 6.22, M = 0.8). It can be seen that AGWO signifi-

cantly outperformed both robust optimizationmethodsMVO
and SSA considerably and proposed a new switching angle
configuration with the minimum THD.

5.3 Algorithm comparison in 15-level MLI

The near-optimal THD and switching angle results for the
range of 0.3 and 1.0 modulation indexes in 15-level MLI can
be seen in Table 3. Similar to the results of 7-level and 11-
level inverters, the mean best THDs and switching angles are
explored by AGWO. The best design of the switching angles
proposed by AGWO is θ◦

1 = 3.666, θ◦
2 = 10.947, θ◦

3 =
20.737, θ◦

4 = 29.204, θ◦
5 = 37.861, θ◦

6 = 49.731, θ◦
7 =

63.495, and its THD (= 0.81) is 4.30%. Meanwhile, the
MVO [27] suggested a lower value of 4.31% for T HD = 0.8
compared to AGWO and mGWO. Moreover, we can see
that the performance of PSO ,and MVO in this system can
competewithGWO. Indeed, the adaptive controlmechanism
for switching between exploration and exploitation leads to
a robust and fast search technique. Moreover, the embed-
ded local search assists the AGWO to accurately explore
the neighbourhood area of near-optimal configurations. In
addition, the experimental results in Table 3 show that both
control mechanisms of GWO and mGWO, linear and expo-
nential control models, were not able to avoid the premature
convergence.

Figure 6 represents the obtained best switching angles
(θi ) using the proposed adaptive GWO in the modulation
index range of 0.3–1.5 with a step size of 0.01 for 7-level (a),
11-level (b), and 15-level (c) inverters. It is observed from
Fig. 6, that the switching angles for three systems converge
to around zero for modulation indexes larger than one. Sec-
ond, the optimization process for θ1 is more difficult than
for other switching angles due to a multimodal search space,
and also the best angles found for each MLI have decreased
in most cases. Last but not least, we can see in Fig. 6 that
the near optimal values of the last switching angles such as
θn, θn−1, . . . , θn/2 converge to π

2 for modulation indexes less
than 0.7.

The advantages of the proposed adaptive GWO over other
optimizers in this case study are as follows. First and fore-
most, AGWO is able to converge to an optimum faster than
the standard GWO. This is mainly because AGWO adopts an
adaptive strategy to switch between the two modes of explo-
ration and exploitation during the optimization process and
continuously shrinks the search space. Second, AGWO is
equipped with a combined chaotic sequence with the control
parameter to avoid local optima. Due to this chaotic tuner,
the search capability of AGWO still has a chance to explore
even at the end of the optimization process. Last but not least,
the adaptive strategy applied in updating the control search
parameter in AGWO provides better stability and robustness
when the search stagnates and is not able to improve the best
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Table 3 Experimental
optimization results of adaptive
GWO, mGWO, standard GWO,
PSO, MVO, and SSA: switching
angles, modulation, and THD
for 15-level MLI

M θ1 θ2 θ3 θ4 θ5 θ6 θ7 THD%

AGWO

0.3 7.970 19.983 28.852 43.386 63.151 90.000 90.000 7.020

0.4 5.798 14.443 29.110 35.142 50.698 77.218 90.000 7.260

0.5 0.000 15.394 24.555 32.264 48.570 62.925 89.327 6.590

0.6 5.804 15.473 28.036 41.252 61.113 90.000 90.000 6.250

0.7 5.861 13.231 19.288 26.533 38.561 47.945 60.406 4.820

0.8 4.587 11.895 19.769 30.082 39.175 51.039 65.460 4.330

0.9 0.442 9.902 17.010 30.112 37.179 51.426 63.252 5.790

1 6.138 9.852 21.815 31.392 37.888 50.016 71.921 5.670

GWO

0.300 2.086 13.813 35.025 40.723 50.468 79.967 90.000 10.320

0.400 7.499 23.345 38.654 58.545 90.000 90.000 90.000 8.351

0.500 0.201 10.339 18.374 62.142 83.446 90.000 90.000 8.482

0.600 2.912 16.284 28.196 40.633 56.853 90.000 90.000 6.584

0.700 2.614 13.766 23.250 34.109 45.971 61.381 89.395 5.187

0.800 1.689 11.547 20.001 29.054 39.180 51.457 64.268 4.684

0.900 3.671 13.789 19.969 23.640 33.266 48.263 64.747 6.552

1.000 3.336 7.957 19.795 24.397 28.600 44.680 60.701 8.136

mGWO

0.300 0.000 14.508 29.731 34.058 53.349 66.366 90.000 8.180

0.400 6.095 22.474 34.535 56.530 90.000 90.000 90.000 8.040

0.500 2.696 16.963 30.134 37.186 55.774 90.000 90.000 7.460

0.600 5.440 16.728 24.091 39.861 48.697 67.176 90.000 6.450

0.700 5.727 13.141 23.669 34.026 45.502 61.650 89.400 5.070

0.800 4.642 11.885 20.177 29.822 39.043 51.263 65.411 4.340

0.900 0.000 9.874 23.819 28.751 39.106 44.256 62.127 6.490

1.000 5.962 4.348 18.356 28.684 33.411 49.992 69.147 7.520

PSO

0.300 0.000 24.460 52.210 86.260 90.000 90.000 90.000 15.180

0.400 8.739 24.857 44.737 78.818 89.999 89.999 90.000 11.720

0.500 6.631 19.872 33.617 50.284 84.578 89.999 90.000 8.272

0.600 5.560 15.613 27.473 40.287 54.962 89.001 89.999 6.410

0.700 4.848 13.582 23.750 33.987 46.290 60.898 89.450 5.000

0.800 3.879 11.670 19.489 30.419 38.746 51.193 65.715 4.311

0.900 3.092 9.309 15.615 22.055 28.672 35.541 42.808 12.060

1.000 0.000 2.353 5.464 5.464 7.248 10.727 10.727 42.596

MVO [27]

0.400 7.770 25.061 44.763 78.860 90.00 90.00 90.00 11.723

0.500 6.648 19.799 33.534 50.387 84.565 90.00 90.00 8.7256

0.600 5.507 15.619 27.559 40.200 54.926 89.156 89.893 6.418

0.700 4.658 13.630 23.840 33.963 46.316 60.864 89.432 5.00

0.800 3.930 11.534 19.980 30.302 38.874 51.091 65.616 4.311

0.900 3.080 9.264 15.607 22.052 28.612 35.575 42.834 12.060

1.000 0.677 2.129 5.237 5.837 7.103 10.727 10.748 37.316
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Table 3 continued M θ1 θ2 θ3 θ4 θ5 θ6 θ7 THD%

SSA [27]

0.400 7.663 23.128 45.405 78.967 89.985 89.99 89.99 11.949

0.500 6.739 19.015 33.545 53.664 81.865 89.928 89.947 9.086

0.600 5.923 16.967 27.853 40.422 57.473 86.143 89.955 6.931

0.700 5.109 13.591 23.551 33.859 46.677 61.713 88.348 5.282

0.800 4.969 12.667 20.794 29.779 38.868 50.964 65.290 4.420

0.900 2.415 7.267 12.365 17.404 23.957 32.554 49.177 14.438

1.000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 47.297

found solution compared to PSO, mGWO, GWO,MVO, and
SSA.

Figure 7 shows the convergence rate of the AGWO cost
function for three MLIs: (a) 7-level, (b) 11-level, and (c) 15-
level for modulation indexes ranging from 0.3 to 1. The most
important observation can be related to the highest conver-
gence speed in the 7-level MLI. The main reason is that the
search space of the 7-level MLI is smoother than the other
two systems. Moreover, in three case studies, the minimum

cost function is achieved when the modulation index is 0.8
and the lowest convergence rate is considered at MI = 1.
As a general observation, we can see that there is a direct
relationship between the convergence rate and the number of
switching angles.

Figure 8 shows the THD values obtained for 7, 11 and
15 MLIs with AGWO for modulation indexes between 0.3
and 1.5. We can notice that the best THD values decreased
from 0.3 to 0.8. However, the introduced THD values greater
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Fig. 6 The average of best-found solutions per each experiment for switching angles and corresponding cost function values for a 7-level, b
11-level, c 15 level cascade MLI
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Fig. 7 The convergence speed of AGWO for different values of modulation indexes a 7-level, b 11-level, c 15-level MLIs

than 0.8 to 1.0 have increased. In the following, these values
fluctuate with different variances.

6 Conclusion

In this paper, the problem of harmonic elimination and THD
minimization was solved utilizing an adaptive GWO with
local search capabilities. The simulations were performed
with 7-level, 11-level, and 15-level cascaded H-bridge mul-

tilevel inverters. Near-optimal switching angles for different
modulation indexes were obtained using the proposed algo-
rithms. Moreover, we developed a systematic landscape
analysis of cascaded H-bridge multilevel inverters to investi-
gate the characteristics of the search space for this problem.
The results of the proposed adaptive GWO were compared
with those of the original GWO, mGWO, PSO, MVO, and
SSA. It was found that the proposed adaptive GWO is able to
solve the optimization problem, which leads to better THD
values compared to other meta-heuristics in this study.
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Fig. 8 The average of best-found solutions THD for 7-, 11-, and 15-
level MLIs using AGWO
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