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Abstract—Power converters systems aimed at renewable en-
ergy applications have become a common option for sustainable
electricity and distributed generation, since their performance
has improved, and prices have steadily been reduced in the last
years. However, there are still several drawbacks that hinder their
widespread installation, such as the simultaneous minimization of
cost and volume, efficiency maximization, size reduction, etc. Quite
often, accomplishing these goals requires dealing with complicated
optimization problems, which are difficult to solve by classical
methods. Metaheuristic techniques provide a viable alternative to
solve complex intricate optimization problems, such as those en-
countered in the development of power electronics converters. This
paper presents a comprehensive coverage of metaheuristic method-
ologies applied in the area of power converters. The review includes
a classification of the methodologies and main objective functions
in each paper surveyed. An aim for this paper is to highlight the
importance of the optimization tools, and the many benefits they
provide to tackle the challenges encountered in the design, opera-
tion, and control of power converters.

Index Terms—Evolutionary algorithms, genetic algorithm (GA),
metaheuristic, optimization methods, particle swarm optimization
(PSO), power converter.

I. INTRODUCTION

O PTIMIZATION is a process that forms an integral part
of daily life. In the most basic sense, it can be defined

as a process of finding the best way to use available resources,
while at the same time not violating any of the constraints that
might exist. The optimization process involves several steps:
Define a system mathematically, identify its variables and the
conditions they must satisfy, define properties of the system,
and then seek the state of the system (that is, the values of
the variables) that yields the most desirable properties, either
maximum or minimum.

Throughout the years, several approaches have been pro-
posed to carry out the optimization. Most of these approaches
are based on classical methods, such as the sequential uncon-
strained minimization technique, the augmented Lagrangian,
Newton–Raphson (NR), the successive quadratic programming
algorithm, the steepest descent algorithm, dynamic and integer
programming, and the stochastic Newton optimization method.
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Classical methods, such as linear programming and nonlinear
programming are efficient approaches that can be used to solve
special cases of optimization problem in power system appli-
cations. However, a drawback of these techniques is that they
are not well suited to solve complex optimization problems. As
the complexities of the problem increase, especially with the
introduction of uncertainties to the system, more complicated
optimization techniques that overcome the limitations of clas-
sical approaches have to be used. Metaheuristic methods have
been developed with this goal in mind.

Metaheuristic methods imitate the best features in nature,
motivated by natural selection and social adaptation. Its funda-
mental properties and advantages have been described by Alba
[1], Blum and Roli [2], Boussaı̈d et al. [3], and Dréo et al. [4],
among many others.

1) The basic concepts of metaheuristics can be described
on an abstract level, unlinked to any specific problem.
Metaheuristic algorithms range from simple local search
procedures to complex learning processes.

2) Metaheuristics use domain-specific knowledge in the form
of heuristics that are controlled by an upper level strategy.

3) Metaheuristics are strategies aimed at “guiding” the search
process, in such a way that the search space is efficiently
explored.

4) Metaheuristic algorithms are usually nondeterministic
(that is, they do not use the gradient or Hessian matrix
of the objective function.), thus providing near-optimal
solutions.

5) They include several parameters that must be fitted to
the problem at hand, and may incorporate mechanisms
to avoid getting trapped in confined areas of the search
space.

6) More advanced metaheuristic techniques take advantage
of the experience gathered from previous searches. This
memory is used to guide the current search.

Metaheuristic optimization methods can be broadly divided
into two classes: trajectory-based and population-based meth-
ods. The main difference between these two classes relies in
the number of tentative solutions used in each step of the (itera-
tive) algorithm. A trajectory-based method (e.g., hill climbing,
tabu search, simulated annealing, and explorative local search
methods) starts with a single initial solution, and at each step of
the search, the current solution is replaced by another (often the
best) solution found in its neighborhood. It is not uncommon for
trajectory-based metaheuristic methods to quickly find a local
optimal solution.

In contrast, population-based algorithms use a set of solu-
tions (that is, a population of solutions). The initial population
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Fig. 1. Metaheuristics optimization methods classification.

Fig. 2. Number of papers using optimization algorithms in the area of power
converters.

is randomly generated, and then, enhanced through an itera-
tive process. At each iteration, some members of the population
are replaced by newly generated individuals (often those whose
characteristics are better suited to the problem at hand), yield-
ing a new generation. These techniques are called exploration-
oriented methods, since their main ability resides in the diver-
sification in the search space [1]. Population-based methods
have better performance for global optimization. Among these
methods are evolutionary algorithms, swarm intelligence, and
neural networks, which have received enormous attention in re-
cent years, primarily because of the rapid progress in computer
technology and the development of user-friendly software.

A simplified classification of the optimization methods sur-
veyed x in this paper is shown in Fig. 1, synthetized from pre-
vious classifications already proposed in the literature.

Fig. 2 shows a histogram of the publications involving opti-
mizing procedures in the area of power converters during the
last ten years, and extrapolated for the next five. Prior to 2000,
optimized designs were reported now and then. As can be read-
ily appreciated, the number has increased substantially in recent
years, and exhibits a growing trend.

TABLE I
DECISION VARIABLES

Fig. 3. Optimization topics in the area of power converters.

From a power electronics point of view, the aim of a design
optimization procedure is to completely specify the components
which will be employed to build a converter, in such a way that
its values, dimensions, operating frequency, etc., will result in
the minimization (or maximization, depending on their nature)
of a given characteristic previously defined by the designer (e.g.,
power losses, power density, THD, etc.), while simultaneously
satisfying the design specifications [5].

In the majority of papers, the optimization procedure involves
only the power converter stage, or some parts of it, such as mag-
netic components and the output filter. The decision variables
regularly employed in power converter optimization are listed in
Table I , grouped as those related to power converter, magnetic
component, and filters.

Fig. 3 is a histogram of the objective functions reported be-
tween 2002 and 2013. Power quality and waveform-related
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issues account for 74% of the published papers. In contrast,
only 18% of the papers deals specifically with circuitry related
issues, such as efficiency, physical size (volume, weight and
area) and cost, and a scant 8% with control tuning issues.

Numerous power converter topologies aimed at different ap-
plications have already been reported, many of them exhibiting
good efficiency and power density. Hence, the current focus of
research is not to devise new topologies, but to improve the ex-
isting ones by taking advantage of the optimization algorithms
as tools for obtaining the best possible converter. The design,
control, and operational problems encountered in the power
electronics area usually involve the simultaneous optimization
of multiple objectives, some of them often at odds with others
(i.e., simultaneous minimization of design cost and maximiza-
tion of the system reliability). With the purpose of solving the
conflicts, these cases can be formulated as multiobjective opti-
mization problems [6].

Metaheuristic methods have had a slow start in the power
electronics area, in spite of the considerable amount of research
information already available. Therefore, the paper is focused
on population-based methods, such as evolutionary algorithms
and swarm intelligence applied to power converters, covering
applications reported after 2002 [16]–[115]. The main purpose
is to provide an overview about the insights and implementation
of the optimization techniques reported, as well as the trends
in the applications of metaheuristic methodologies. An aim for
this paper is to highlight the importance of the metaheuristic
optimization methods, and the many benefits they provide to
tackle the challenges encountered in the design, operation, and
control of power converters.

II. OPTIMIZATION PROBLEM

An optimization problem involves three main aspects: de-
cision variables, objective functions, and constraints. Decision
variables (also called design variables) are quantities in the de-
sign process, which are selected by the designer, although they
cannot be chosen arbitrarily because certain specified functional
requirements must be satisfied. In the design of a power con-
verter, the decision variables may be the physical dimensions,
type and size of the inductor core, conductor diameter, number
of turns, etc.

An objective function is the criterion or property to be op-
timized in the design, expressed as a function of the decision
variables. The objective functions to optimize may be based on
the weight, cost, volume, efficiency, or on a combination of two
or more of the desired attributes. In turn, the constraints are re-
strictions that must be satisfied to produce an acceptable design.
They are imposed by performance specifications, such as in-
put and output voltages, rated power, THD, available electrical
components, and thermal and electrical characteristics.

The optimization can be defined as the process of finding the
conditions that provide the maximum or minimum value of the
objective function [7]. Further, the optimization can be single
objective (involving one objective function) or multiobjective
(with several objective functions). Let f(X) be a vector of
objective functions. A multiobjective optimization problem is

mathematically represented by
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,which Min/Max f(X). (1)

Subject to the following constraints:

xl ≤ x ≤ xu (2)

gj (X) ≤ 0, j = 1, 2, . . . ,m (3)

hj (X) = 0, j = 1, 2, . . . , p (4)

where x is an n-dimensional vector of decision variables, xl is
a vector of lower limits, xu is a vector of upper limits, gj (X)
is a vector of inequality constraints, and hj (X) is a vector
of equality constraints. Each objective function in f(X) can
be either minimized or maximized. Unconstrained optimization
problems, as the name implies, do not involve any constraints,
and can be stated by (1). The problem stated in (1) with the
constraints stated in (2)–(4), is a constrained problem, so called
because it is subject to constraints that are weighted during the
optimization procedure, and the goal is to maximize the weight
of satisfied constraints.

III. METAHEURISTICS METHODS

The term metaheuristic was coined by Glover (1986) and
combines the prefix meta- (meaning “after” or “beyond”, in
an upper level) with heuristic (“to find” or “to discover”). In
classical optimization methods, the exact, optimal solution is
found in a finite (although often prohibitively large) amount of
time. In contrast, metaheuristic methods are aimed at finding
a solution that is “good enough” in a computing time that is,
“small enough”; therefore providing a better tradeoff between
solution quality (i.e., accuracy) and computing time [8].

Many metaheuristic algorithms have been developed in the
last decades. Genetic algorithms (GA) and particle swarm op-
timization (PSO) have been widely applied because they have
demonstrated two main advantages over trajectory-based meth-
ods: The ability of dealing with complex problems, and par-
allelism. Further, population-based methods have better per-
formance for global optimization, and can deal with objective
functions that are stationary or transient, linear or nonlinear,
continuous or discontinuous.

A. Genetic Algorithm

GA was developed by J. H. Holland, in the early 1970s as a
class of search techniques inspired by evolutionary biology. A
GA optimizer does not operate on the parameters themselves,
but rather on a coding of the parameters. It performs the follow-
ing sequential tasks.

1) Initialization: The GA optimizer encodes the solution pa-
rameters as genes (according to previously defined rules),
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creates a string of genes to form a chromosome, and ini-
tializes a starting population (which is merely a set of
chromosomes, each chromosome being a solution to the
optimization problem). Larger populations provide more
genetic diversity, smaller populations yield faster execu-
tion, especially when dealing with complicated fitness
functions

2) Fitness Value: Evaluates and assign fitness values to indi-
viduals in the population.

3) Selection: Selects pairs of the best-fitted individuals from
the population according to a specific selection strategy.

4) Crossover: Selected pairs of individuals (parents) are
combined to form two members of a new generation (chil-
dren). Crossover ensures that each child includes a given
number of genes from each parent, and is the primary way
a GA optimizer searches for new better solutions. High
probability crossover provides rapid searching.

5) Mutation: Randomly selects and changes a gene in each
child; thus, providing a means to explore solutions not
represented in the genetic pool of the current population.
Mutation introduces solutions that would otherwise be
excluded, but at the expense of pushing the population’s
average fitness away from the optimal value.

6) Reinsertion: Some members of the current generation are
replaced by children from the new one. In generational
replacement, the current generation is completely replaced
by the new one. The process is repeated from step 2 until
an appropriate stopping criterion is reached [9].

The selection of parameters and problem representation is
a task that requires expertize, and has a crucial effect on both
computation time and accuracy.

The optimal values for the parameters depend on the problem
at hand, and on the amount of time that will be spend in its
solution, usually requiring a compromise between accuracy and
computational time [10].

There are several issues involved in problem encoding: the
size of the initial population, the fitness function, the selection
operator, the type of the probability of crossover and mutation,
and the stopping criteria. These parameters are interrelated and
affect the performance of the GA [11].

General rules are not easy to come by. For instance, in
a particular application, the population size will depend on
the complexity of the problem; several population sizes are
tested and the one that yields the best results is reported.
Afterward, similar problems can be solved with a popula-
tion size close to the one already known to produce good
results [12].

It is commonly assumed that decreasing population size pro-
vides a shorter execution time. It has been found, however,
that beyond a certain point premature convergence slows the
optimization speed down [13]. In terms of accuracy, larger
populations provide better results, but it should be kept in
mind that a very large population requires larger computa-
tional resources without substantially improving accuracy [10].
A small population size and a relatively large mutation rate
is far superior than a large populations and low mutation
rates [14].

TABLE II
OPTIMIZATION METHODOLOGIES APPLIED TO POWER CONVERTERS

B. Particle Swarm Optimization

PSO was introduced by Kennedy and Eberhart in 1995. As
its name implies, it was inspired by the movement and intelli-
gence of swarms. A particle swarm optimizer is initialized with
a set (population) of random potential solutions (particles) to
the optimization problem, and each particle is assigned a ve-
locity to move throughout the search space, which includes all
possible solutions. The algorithm keeps track of the best indi-
vidual, global fitness, and positions, iteratively performing four
operations until some stopping criterion is satisfied:

1) evaluate the fitness of each particle;
2) update the best individual, global fitness, and positions;
3) for each particle, calculate the new velocity taking into

account: a) the actual velocity; b) the actual position; c)
the position that corresponds to the best individual fitness
value; d) the position that corresponds to the best global
fitness value;

4) for each particle, calculate the new position taking into
account the new velocity.

The performance of the PSO optimizer depends on the man-
ner in which the new velocities and positions are calculated. In
a PSO system, multiple candidate solutions coexist and collabo-
rate simultaneously. PSO system combines local search method
(through self-experience) with global search methods (through
neighboring experience), attempting to balance exploration and
exploitation [15].

IV. SURVEY RESULTS

Table II lists the methodologies applied, sorted by number
of occurrences and including all methodologies. A meager 9%
of the reviewed papers used classical optimization methods,
in contrast with 91% that use metaheuristic methods. It can
be observed that, from the papers surveyed, the most common
algorithms are PSO and GA. In the evolutionary algorithms
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Fig. 4. Distribution of the metaheuristic methods applied to power converter
optimization.

section, the row labeled “others” refers to methodologies, such
as imperialist competitive algorithm, immune algorithm, clonal
selection, harmony search, and differential evolution. In the
swarm intelligence section, the row “others” includes ant colony
optimization (ACO), bacterial foraging optimization (BFO), and
bee algorithm (BA).

Fig. 4 shows the distribution of publications, where meta-
heuristic methods were applied to solve optimization problems
in power converters. Fig. 5 shows the distribution of publications
that use GA and PSO, within its respective category.

Regarding the objective function, Fig. 6 shows that most of
the problems are formulated with just one objective function to
optimize. Furthermore, the majority of the problems formulated
with more than one objective function are converted into single-
objective optimization problems.

A. Power Quality and Waveform-Related Issues

A problem frequently discussed is related to the waveform
generated by an inverter. The distortion at the output affects the
type of filter required, and the components values which must be
selected in order to meet the constraints of the maximum THD
allowed by the regulatory bodies of the electric grid [16]–[89].

The harmonic content can be improved using the selective
harmonic elimination SHE technique. The challenge in this case
is to solve a system of nonlinear equations in order to find the
switching angles required to eliminate a given set of harmonics.
In this application, it has been found that metaheuristic methods
are more effective than conventional techniques [39]–[89].

In a general SHE case, there are more than two voltage sources
and five output levels. Let θ1 , θ2 , . . . ,θm be the m switching an-
gles. According to Fourier analysis, the fundamental component
is given as

a1 =
(

4Vdc

π

)
∑m

k=1
cos(θk ) = M (5)

Fig. 5. Publications distribution within its respective category. (a) Evolution-
ary algorithms, and (b) swarm Intelligence.

Fig. 6. Distribution of the number of objective functions in the optimization
problem formulation in power converters.

where M is the desired amplitude. The harmonics to eliminate
at the output are given by

an =
(

4Vdc

nπ

) m∑

k=1

cos (nθk ) = 0 (6)

where n = 6i ± 1 (i = 1, 2, 3, . . .). Nonlinear transcendental
equations are thus formed for the n harmonics to eliminate,
keeping in mind that it is not necessary to include triple harmon-
ics because they are automatically cancelled in a three-phase
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balanced system. After solving these equations, θ1 through θm
is computed. It is clear that m – 1 harmonics can be elimi-
nated with m switching angles. The THD of the output voltage
waveform can be computed using

THD(%) =

[
1
a2

1

∞∑

n=5

(an )2

] 1
2

× 100. (7)

To reduce the overall THD in the output voltage waveform,
the objective function F (θ) expressed in (6) has to be minimized
with the constraints of SHE. Mathematically, the problem can
be formulated as follows:

Minimize F (θ) = (θ1 , θ2 , . . . , θm )

Subject to : 0 < θ1 < θ2 < . . . θm <
π

2
; a1 = M...an ≤ εn

where εn represents the allowable limits of individual harmon-
ics.

For instance, in [18], the GA optimization technique is applied
to a seven-levels inverter. The goal is to determine the optimum
switching angles that reduce several higher order harmonics
while maintaining the required fundamental voltage. The so-
lution is evaluated through simulations in MATLAB/Simulink,
and the results are compared with the NR technique. The THD
obtained with GA is 24.52%, while the one obtained using NR
is 53.08%.

Hosseini et al. [21] present a comparison between the si-
nusoidal pulse width modulation (SPWM) and the SHE tech-
nique using GA, and applied to a multicell dc/ac converter.
The power circuit includes a dc–dc isolation stage based on
a high-frequency resonant mode converter, followed by inter-
leaved dc–ac cells connected in series on the ac output. For
each required harmonic profile, the GA finds the optimal set of
switching angles. The THD in the voltage waveform obtained
with the SPWM technique (fS = 1.9 kHz), is almost 13%, and
around 10% with the optimized SHE technique.

Dahidah and Agelidis [38] present a methodology using PSO
for harmonic elimination in multilevel inverters with nonequal
dc sources. To demonstrate the effectiveness and robustness
of the proposed methodology, several case studies involving
different number of levels and harmonic profiles are carried
out. A comparison between the conventional NR technique and
the proposed PSO method is also performed. The results are
summarized in Fig. 7, including the computational time and the
corresponding THD.

It is clear that the proposed PSO is much faster and provides
better results than NR. It should be pointed out, however, that
although PSO converges to a suitable solution within a couple of
seconds, this time may not be fast enough in highly dynamic and
online applications, where inverters must respond in a fraction
of seconds. In these cases, optimal switching angles can be
calculated offline, and implemented by means of a look-up table
or a well-trained neural network.

Debnath and Ray [39] present a comparison between GA and
PSO techniques applied to the SHE problem. Two multilevel
converters are considered, one with seven levels, and the second
with 11 levels. The results summarized in Fig. 8 show that GA

Fig. 7. Comparison between the NR method and PSO.

Fig. 8. Comparison between GA and PSO performance in THD minimization.

TABLE III
COMPARISON BETWEEN NR AND GA TO CALCULATE THE OPTIMAL

SWITCHING ANGLES

Decision variables NR GA

θ1 6.39° 5.48°
θ2 18.9° 16.8°
θ3 26.8° 28.98°
θ4 44.78° 42.1°
θ5 62.08° 60.7°
THD (%) 6.83 6.08

yields better performance in THD minimization and takes less
computational time than PSO.

Observing Figs. 7 and 8, it can be deduced that increasing the
number of levels of the converter increases the number of deci-
sion variables (switching angles) in the optimization problem,
causing an increase in the computational time.

Salami and Bayat [53] describe a GA approach to minimize
the THD for the whole range of the modulation index in a three-
phase 11-level inverter, taking the switching angles as decision
variables. For comparison purposes, the switching angles were
first calculated using a NR based method. Table III shows a
comparison between these two approaches. The GA technique
provided an 11% improvement over the NR technique, thus
demonstrating its efficiency.

In the application described in [69], the binary particle swarm
optimization algorithm (BPSO) is used to calculate the opti-
mum switching angles for a single-phase full-bridge inverter.
Simulation results demonstrate that low-order harmonics in the
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output current waveform are eliminated while, at the same time,
keeping switching losses low. The results are compared with
those obtained from a fixed-time algorithm. The BPSO al-
gorithm provides a better performance (THD = 0.76%, 176
commutations/cycle) compared with the fixed-time algorithm
(THD = 1.57%, 224 commutations/cycle).

Kaviani et al. [73] describe an advanced variation of the PSO
technique applied to multilevel inverters (from 7 and up to 17
levels). The optimization is aimed at low-order harmonic elimi-
nation, and the results are compared with those obtained with a
continuous genetic algorithm (CGA), a well-known metaheuris-
tic method, and with those obtained with Sequential Quadratic
Programming (SQP), one of the most successful numerical
methods. The comparison confirms that PSO completely outper-
forms both CGA and SQP for all cases tested. Its implementation
is much simpler than GA, and it converges to global optima with
higher probability.

Compared to classical methods, it is clear that metaheuris-
tic methods offer advantages, such as shorter time to conver-
gence, higher accuracy, and better performance and efficiency.
As a disadvantage, it is difficult to discern which one is the
best methodology for the minimization of THD. PSO and GA
have proved themselves to be effective solutions to optimization
problems. However, these techniques do not provide suitable so-
lutions for all the problems, despite their apparent robustness.
There are adjustment parameters involved in these methodolo-
gies, and appropriate setting of these parameters is a key point
for success. Additionally, for both approaches the major issue in
implementation lies in the selection of an appropriate objective
function.

B. Control Tuning

The estimation of self-tuning parameters for inverter con-
trollers can be formulated as a constrained optimization prob-
lem, which has been solved using methods based on evolution-
ary computation algorithms. These methods can provide real-
time response, an important feature that improves the power
quality in grid-connected systems [90]–[97].

Lexuan et al. [90] propose an optimization method for im-
proving operation efficiency of a paralleled dc–dc converter
system; the system load current is equally shared among con-
verters and the system efficiency is low especially at low- and
medium-load conditions.

The objective function is the minimization of system total
conversion losses, and the virtual resistances of the system are
decision variables. A virtual resistance shifting method is pro-
posed to adjust the power sharing proportion among convert-
ers. Hierarchical control conception is adopted so that droop
method is employed on top of the primary control level; voltage
secondary control takes charge of voltage deviation restoration,
while smoothing higher level regulation, and a GA is imple-
mented in tertiary level for searching the optimal sharing ratio
so as to improve system efficiency. The bandwidth of opti-
mization control is usually much narrower than inner loops and
droop controller; therefore, the optimal adjustment of virtual
resistances can be performed online.

Fig. 9. Comparison of the buck converter to step response. Blue: before tuning.
Red: after tuning [91].

Sanabria and Garzon [91] describe the multiobjective opti-
mization of a fuzzy controller in a buck converter. The objective
functions are the steady-state error ess , and the ripple factor Fr .
The goals is to achieve a step response satisfying the constraints
ess < 3% and Fr < 3%. The controller architecture is aimed
at determining the duty cycle, treated as decision variable. The
fuzzy controller adjusts the duty cycle looking that the buck con-
verter is established in a desired value, or a near value of the set
point. The optimization was carried out using the nondominated
sorting genetic algorithm II, which requires less computational
resources, and is suitable for online applications. Fig. 9 shows
the step response of the converter, before and after tuning (with
ess = 2.0684% and Fr = 1.784%).

A grid-connected inverter must present minimal frequency
oscillations that might affect the active power transferred, chang-
ing the equilibrium point of the control system and altering the
power flow equilibrium. The dynamic response of the system
can be greatly improved by applying an optimization procedure
using differential evolution, as described in [92]. The slopes of
the P–ω and Q–V curves are adjusted in such a way that the
stability of the system with a minimum settling time can be
guaranteed. The decision variables are kv and kp, which define
the slope of the curves Q–V and P–ω, respectively. Differential
Evolution meets a set of requirements that make it an attrac-
tive method. First, the solutions converge to a global maximum
independently of the choice of initial population. Second, the
convergence speed is such that the algorithm can be used in
online applications.

The PSO methodology has also been employed to obtain
the optimal controller parameters, as described in [93]–[96].
Further, the proposed control strategies compensate current har-
monic distortion effectively, providing THD values well below
the 5% limit set by standard IEEE 1547, for grid connected
inverters.

Hassan and Abido [93] describe the optimization of a PI
voltage controller (decision variable being the proportional and
integral gains kpv and ki respectively), and of a PI current con-
troller (with kpc and kic as decision variables) in a microgrid
application. The optimization is treated as a constrained problem
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Fig. 10. Voltage THD obtained. Case 1: Based on trial and error method, and
case 2: based on the BFO algorithm [97].

with upper and lower bounds for the decision variables. To as-
sess the robustness of the proposed controllers under different
conditions, several runs were carried out in autonomous and
grid-connected modes. Different disturbances were applied to
demonstrate the effectiveness of the proposed design approach.
In the grid-connected mode, the step change in the reference
power was used to test the system capability to follow this refer-
ence power. System stability was analyzed using both nonlinear
time-domain simulations and eigenvalue analysis. In the au-
tonomous mode, step change and fault disturbances were used
to verify the system stability. The results confirm the effective-
ness of the proposed PSO-based approach for optimizing the
parameters of PI controllers. The robustness of the proposed
PSO technique with respect to its initial guess was confirmed.

Al-Saedi et al. [94], [95] present a current control strategy,
which is both robust and optimal, applied to a PI controller,
using the integral time absolute error as objective function to
be minimized. In both cases, the decision variables are the pro-
portional and integrals gains. The controllers provided excellent
dynamic responses.

The tuning problem of a nonlinear voltage controller is
presented in [96]. The objective function to minimize is the
quadratic performance index J, the decision variables are the
proportional and integrals gains of the controller, and the phys-
ical constraint of the optimization problem is the maximum
allowable reactive current component, which depends on the
inverter rating. The voltage regulation performance is so fast
that voltage-quality problems such as voltage flicker, sags, and
swells can be mitigated.

In [97], the tuning of controllers is accomplished using a
BFO algorithm to reduce voltage and current harmonic dis-
tortions, and complying with the grid interconnection require-
ments. According to the comparison between a trial-and-error
tuning method and the BFO algorithm, the latter one provides a
lower voltage THD as shown in Fig. 10.

With the computing power of today’s computers, a meta-
heuristic algorithm will have problems, in most cases, to con-
verge to an appropriate value in a relatively short time. In the
case of a controller, the metaheuristic algorithm must provide
an acceptable control signal for each control instant. If evolu-
tion has occurred only in a small number of generations, the
behavior of the population may be poor yet. To overcome these
complications, a very useful tool is the parallel computing.

Fig. 11. EE core millimetric dimensions (mm).

TABLE IV
DECISION VARIABLES, CONSTRAINTS, AND THE OPTIMUM DESIGN

Decision variable Constraints Optimum design

Min. Max.

fS (kHz) 1 100 47.1
B (mm) 10 100 19.2
C (mm) 10 100 10
D (mm) 10 100 14
g (mm) 0 1 0
CI 1 70 70

C. Circuitry

Design optimization methodologies for power converters
must include both the optimization of the converter configu-
ration, and the circuitry itself at component level.

GA have been applied to the design of isolated dc–dc convert-
ers, formulated as multiobjective problems, taking into account
requirements, such as minimum weight, losses, and cost, while
ensuring the satisfaction of a number of constraints [98], [99].
Other examples are the simultaneous minimization of the heat
sink and bus capacitors volumes [100], or the selection of ca-
pacitor and inductor values, which yield the best performance in
terms of output power, system size, power loss, and reliability
[101].

Numerous proposal aimed at the optimization of power con-
verter circuitry have been published. The most common objec-
tive functions to minimize are weight [98], [99], [102]–[104],
cost [32], [99], [102], [104]–[108], volume [102], [108]–[110],
emitted radiations and thermal resistance of a heat sink [111],
area [104], [105], and power losses. Alternatively, the optimiza-
tion can be achieved through efficiency maximization [57], [69],
[98], [99], [101], [103]–[105], [108]–[110], [112]–[115]. The
optimal values for the decision variables were calculated so that
the volume, area, weight, cost, and power losses are minimized,
while simultaneously meeting the specifications of the power
converter and the limitations imposed by the codes or interna-
tional standards (e.g., IEEE 1547, IEC 61727, etc.).

Mirjafari and Balog [103] present an approach using PSO to
minimize the volume of an inductor using EE core geometry, as
shown in Fig. 11. The decision variables, constraints, and the
optimum design obtained are listed in Table IV, where fS is the
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Fig. 12. EMI filter and boost PFC stage schematic.

TABLE V
COMPARISON BETWEEN MANUAL AND OPTIMUM DESIGN

Decision variables Manual design Optimum design

EMI filter Lcm (mH) 1.5 0.97
Cx (μF) 2.8 2.23
Cy (μF) 0.005 0.00758

Boost inductor OD (cm) 4.45 4.62
ID (cm) 2.72 2.33
Ht (cm) 1.65 1.62

Aw (cm2) 11.2 × 10−3 11.4 × 10−3

n 122 88
Frequency fS (kHz) 40 29.78
Thermal resistance Rs a (°C/W) 2.2 2.38
Objective function = Costa 100% 90.64%

Costa percentage with respect to the manual design cost.

switching frequency in kHz; B, C, and D are core dimensions,
g represents the core air gap and CI is the magnetic core index.

It is interesting to notice that volume reduction in [103] was
obtained at a lower switching frequency fS = 47.1 kHz, which
seems to contradict the usual recommendation of using higher
frequencies to reduce magnetic components volume.

This approach, however, does not provide a truly optimized
converter because only a limited number of solutions to the op-
timization problem are feasible, the reason being the granularity
of commercial components, which are available in discrete val-
ues and so limits the ability to find a global optimum solution
may require advances in technology component facing off the
necessity of components with new characteristics [103], [108].

A solution reported in [103], employed a database containing
the different characteristics of the components, which were se-
lected using metaheuristic methods in order of minimize power
losses and weight of the power converter.

An approach to optimize a boost power factor correction
front-end converter is described in [107]. The optimization in-
cludes the input electromagnetic interference filter, as shown
in Fig. 12. The objective function to minimize is the total sys-
tem component cost given practical constraints on the decision
variables listed in Table V, where Lcm is the common-mode
choke inductance (mH), Cx and Cy are the differential-mode
and common-mode capacitances (μF); OD, ID, and Ht are core
dimensions (cm) as shown in Fig. 13; Aw is the area of the
copper wire (cm2), n represents the number of turns, fS is the
switching frequency (kHz), and Rsa is the heat sink-to-ambient
thermal resistance (°C/W).

Table V lists the values obtained from a manual design, and
after optimization. As can be seen, a 10% improvement in the

Fig. 13. Boost inductor decision variables.

Fig. 14. Heat sink dimensions.

objective function was achieved. Again, the improvement is ob-
tained at a lower switching frequency. This is interesting to no-
tice because, while switching capabilities are being extended by
semiconductor manufacturers, it is not completely clear weather
using a higher switching frequency will produce a reduction in
total volume, weight, and cost.

Manivannan et al. [111] present an approach for modeling
and optimization of the geometry of a flat plate heat sink using
GA. The heat sink geometry is shown in Fig. 14.

The GA objective functions are the thermal resistance and the
emitted radiation. The decision variables, constraints, and the
optimum design obtained are listed in Table VI, where a, b, d,
L, and W are heat sink dimensions (mm), and N is the number
of fins. The results obtained using GA show the desired output
design can be achieved efficiently and accurately.

V. CONCLUSION

This survey has introduced the metaheuristic algorithms that
are of interest for research in the development of power con-
verters, and highlight its advantages over classical methods. The
survey, in terms of number of citations, represents only a subset
of the available literature. Nevertheless, the optimization exam-
ples addressed in this paper are indicative of the large number
of power converter related topics in which metaheuristic algo-
rithms have proved its profitability and efficiency.

From the review of the literature about power converters op-
timization, it can be concluded that the topics that have received
more attention are THD reduction, harmonics elimination, and
efficiency maximization. In spite of its relevance, other topics,
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TABLE VI
DECISION VARIABLES, CONSTRAINTS, AND THE OPTIMUM DESIGN OF THE HEAT SINK

Decision variable Constraints Desired output design Optimum design predicted

Min. Max.

a (mm) 10 30 30 21.4
b (mm) 4 8 4 4.16
d (mm) 0.8 1.2 0.8 1.13
L (mm) 70 90 80 70.03
N 10 30 20 27
W (mm) 70 90 80 78.05
Objective Function Thermal resistance (°K/W) 0.27109 0.263

Emitted Radiations (dBmV/m) 12.626 12.61

such as reliability optimization has not been exhaustively ex-
plored.

The majority of publications describes offline optimization
procedures, and yield satisfactory results. Online optimization
using metaheuristic algorithms tend to be quite rare to date,
due to the high computational effort that is often required to
guarantee that the parameters are available when needed.

The advantages of metaheuristic optimization methods (i.e.,
GA, PSO, ACO, BFO, BA, etc.) over classical optimization
techniques have been clearly demonstrated in many applications
of power electronics. It should be pointed out, however, that
identifying the best metaheuristic method is not a simple task,
because the results depends on the objective function selected
and the particular requirements of the application.

In power electronics many optimization problems are intrin-
sically complex, and its solutions require a large computing
effort. Optimal solutions can be obtained through classical opti-
mization methods, such as the augmented Lagrangian, dynamic
programming, linear and integer programming, and so forth.
These methods, however, are often useless in practice as they are
extremely time-consuming when solving complex and dynamic
problems (i.e., search spaces of large dimension, hardly con-
strained problems, multimodal and time-varying problems). In
contrast, metaheuristic optimization methods allow the comput-
ing of suboptimal or optimal solutions in a reasonable execution
time; therefore, providing numerical precision of the results and
computational efficiency.

Metaheuristic methods have the additional advantage of being
generics, thus not requiring a complex tuning for each problem,
and can be used as a kind of “black boxes.”

VI. FUTURE PERSPECTIVES

The trend to use metaheuristic algorithms in power elec-
tronics is tied fundamentally to general advances in the re-
search of metaheuristic algorithm theory and applications. Due
to the generic nature of metaheuristic, developments that arise in
fields, such as finance engineering, logistics or transportation,
have been tested providing fruitful results in power electron-
ics applications. However, the research domain of metaheuristic
algorithms applied to power converter design is still relatively
young but, as Fig. 2 demonstrates, is a growing area of research.

A key point to fully exploit the potential of these algorithms
is the availability of low cost high-performance computer ar-
chitectures, which will increase the effectiveness and quality of

the solutions obtained for offline optimization, and overcome
the drawbacks of online applications that involve short-term de-
cisions (e.g., fractions of a second). High computational cost
has been a major impediment to the widespread use of meta-
heuristics optimization methods in online optimization. While
the computational time for optimization using the GA can be
reduced by parallelization, the computational cost can only be
improved by reducing the number of function evaluations, as
proposed in [116].

Another key point is the challenge that represents the relia-
bility optimization in power converters that has been carried out
for decades and now is moving from a solely statistical approach
that has been proven to be unsatisfactory in the automotive in-
dustry, to a more physical-based approach which involves not
only the statistics but also the investigation and modeling of the
root cause behind the failures. Moreover, the trend is focusing
in the mission profiles for applications under harsh environment
and long operation hours, taking into account the failure mecha-
nisms related to excessive temperature (thermal cycling) [117,]
[118].

In power electronics, many optimization problems tend to be
multiobjective, requiring complex models to accurately repre-
sent the real conditions of the case of study. Hence, a popular
approach to solve them is the hybridization of metaheuristic
algorithms which combines the desirable properties of differ-
ent algorithms to mitigate their individual weaknesses. The hy-
bridization of metaheuristic algorithms is a growing area for
future development.
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Jesús Aguayo Alquicira received the Ph.D. degree in
electronics engineering from CENIDET, Cuernavaca,
Mexico, in 2004.

Since 2006, he has been with CENIDET as a
full-time Professor at the Power Electronics Group.
His research interests include fault-tolerant system
and characterization of power semiconductor devices.
He has experience in other related topics, such as
multilevel inverters and induction motor drives.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


