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A B S T R A C T

In the mid 1990s two landmark metaheuristics have been proposed: Particle Swarm Optimization and
Differential Evolution. Their initial versions were very simple, but rapidly attracted wide attention. During
the last quarter century hundreds of variants of both optimization algorithms have been proposed and applied
in almost any field of science or engineering. However, no broader comparison of performance between both
families of methods has been presented so far. In the present paper ten Particle Swarm Optimization and ten
Differential Evolution variants, from historical ones from the 1990s up to the most recent ones from 2022,
are compared on numerous single-objective numerical benchmarks and 22 real-world problems. On average
Differential Evolution algorithms clearly outperform Particle Swarm Optimization ones. Such advantage of
Differential Evolution over Particle Swarm Optimization is in contradiction with popularity: In the literature
Particle Swarm Optimization algorithms are two–three times more frequently used than Differential Evolution
ones. Problems for which Particle Swarm Optimization performs better than Differential Evolution do exist
but are relatively few. Although this result may be an effect of the choice of specific variants, experimental
settings or problems used for comparison, some re-consideration of algorithmic philosophy may be needed for
Particle Swarm Optimization variants to make them more competitive.
. Introduction

Evolutionary Algorithms and Swarm Intelligence methods compose
significant fraction of metaheuristics (Boussaid et al., 2013; Sorensen

t al., 2018) and are commonly applied to solve optimization problems
n virtually any field of science or industry, from physics (Lv et al.,
011; Larsen et al., 2017), astronomy (Jontof-Hutter et al., 2015;
rimm et al., 2018), biology (El-Hussieny et al., 2016; Fan et al.,
020), chemistry (Ani et al., 2023; Nowak-Sliwinska et al., 2016),
nergy production (Amaral and Castro, 2017; Biswas et al., 2018; Wang
t al., 2022), neural networks training and design (Ilonen et al., 2003;
ouaziz et al., 2019; Xue et al., 2021, 2022; Zhou et al., 2023), and
arious fields engineering (Eiben and Smith, 2015; Houssein et al.,
022; Jia et al., 2022; Tang et al., 2023), to humanities (Neggaz and
enyettou, 2009; Abualigah and Khader, 2017) or even interactions
etween humanities and biology (Shir et al., 2022). In 1995 two fam-
lies of methods were proposed that have somehow revolutionized the
ield, namely Differential Evolution (DE) (Storn and Price, 1995, 1997)
nd Particle Swarm Optimization (PSO) (Kennedy and Eberhart, 1995;
hi and Eberhart, 1998). Both methods very quickly achieved wide-
cale attention (Parouha and Verma, 2022), during 25 years sprinkled
nto hundreds of variants (Das et al., 2016; Bonyadi and Michalewicz,
017a), and become extremely popular tools to solve versatile kinds of
ptimization problems (Darwish et al., 2020; Bilal et al., 2020).

∗ Corresponding author.
E-mail address: adampp@igf.edu.pl (A.P. Piotrowski).

Both DE and PSO algorithms are population-based optimization
methods. Both algorithms in each iteration move the population of
solutions across the search space. In the simplest application to single-
objective, non-dynamic, numerical unconstrained optimization prob-
lems (see Boussaid et al., 2013), the goal is to find a single global
optimum of the objective function within the search bounds. The search
is either terminated when the computational budget (the number of
times the objective function may be called) is exhausted (e.g. Awad
et al., 2016), after which the quality of obtained results (performance)
is analyzed, or when some pre-assumed value of the objective function
is reached (e.g. Varelas et al., 2020), after which the number of function
calls needed to reach that value is compared. In any case, DE and PSO
algorithms move their individuals across the search space in a different
manner. Both DE and PSO moves are to some extent randomized
(e.g. Zelinka et al., 2013; Zamuda and Brest, 2015). However, each
move of DE algorithms is mainly a function of the current location
of DE solutions in the search space. Only if the new location is better
than the previous one, the particular DE individual is moved to the new
position, otherwise it rejects the new position and stays in the previous
location. DE algorithms generally remember just the current locations
and objective function values. In PSO, particles are moving to the
new location irrespectively of the performance but remember the best
location they have visited so far, as well as the size and direction of the
https://doi.org/10.1016/j.engappai.2023.106008
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recent move. The move of PSO individuals is governed by their current
location, the location of the best historical position, the size of the
recent move, and the best locations visited so far by other individuals
in the swarm. As a result, the functioning of both DE and PSO highly
differs in practice. However, although historically DE is considered to
be Evolutionary Algorithm, and PSO to be Swarm Intelligence method,
some researchers point out that due to the one-to-one nature of the
selection mechanism used, DE could also be considered a kind of Swarm
Intelligence approach, such as PSO (Cheng et al., 2013; Neri et al.,
2013; Neri and Tirronen, 2010). Both DE and PSO algorithms have
at least three control parameters (in the simplest variants, much more
in more complicated ones) that may be set by the user or adaptively
modified during search.

According to the bibliometric indices PSO variants are two-three
times more popular among users than DE algorithms. However, DE
methods achieved more success in competitions aiming at comparison
between Evolutionary Computation methods, in which they frequently
win or reach competing positions (Skvorc et al., 2019; Price et al., 2019;
Bujok and Kolenovsky, 2022). Nonetheless, despite so much interest
in application, and effort in developing both kinds of methods, there
are very few studies aiming at a direct comparison between DE and
PSO variants on wider sets of problems. In 2004, a classical DE version
was compared against two PSO variants on 36 mathematical func-
tions (Vesterstrøm and Thomson, 2004). In 2013 again, the basic DE
and PSO were compared, along with two other algorithms (Civicioglu
and Besdok, 2013). Similar basic variants were also compared against
each other, and against ten other algorithms much more recently
(Ezugwu et al., 2020). All these studies showed a clear advantage of
the basic DE algorithm over the basic PSO competitor. However, a
similar comparison presented in Lim and Haron (2013) suggested the
superiority of the basic PSO. Unfortunately, such studies were based
solely on simple, initial variants of PSO or DE. A larger, wide-scale
comparison between various 38 optimization algorithms on specific
kind of problems has been presented in Price et al. (2019). However,
this study tests only two PSO variants, against many DE-based ones,
and does not comment on the relative performance of both kinds of
methods. Another comparison presented in Liao et al. (2015) was based
on numerous problems but included just seven algorithms, among them
only a single PSO and a single DE variant. In Bujok et al. (2019)
one finds another interesting comparison between almost 20 different
optimization algorithms. However, not all algorithms were applied to
all considered problems, and again only two PSO variants, including
the basic version from 1995, were applied, hence the readers cannot
compare the performance of DE and PSO from this study. In Piotrowski
et al. (2017) a comparison among 32 algorithms, including many DE
and five PSO variants, was presented for various problems and different
computational budgets. Although PSO variants were again much fever
than DE-based ones, from the paper it seemed that PSO methods are
inferior to DE algorithms, with exception of the lowest computational
budgets, where PSO prevails. However, no discussion on the relative
performance of both kinds of algorithms was given. In Parouha and
Verma (2022) a new hybrid adaptive DE-PSO algorithm is introduced,
and a comparison between some PSO and DE algorithms is performed.
The comparison is based on various artificial benchmark functions
and three real-world problems. Unfortunately, different algorithms are
compared on different problems, hence, apart from the classical finding
that the new hybrid is better than its competitors, no direct conclusions
on the superiority of DE or PSO may be inferred from this study.

Both PSO and DE variants have been numerous times compared on
solving specific kind of practical problems, like economic dispatch to
minimize total production costs (Pattanaik et al., 2019), optimization
of wells localization in groundwater research (Redoloza and Li, 2021),
planning the trajectory of space travel (Zuo et al., 2022), optimization
of multilevel image thresholding (Hammouche et al., 2010), appro-
priate automatic test case generation (Su et al., 2022) and numerous
other engineering applications (see review in Shukla et al., 2019).
2

However, the results from single-problem oriented studies cannot be
generalized. PSO and DE algorithms are also frequently used together
as competitors in papers in which new optimization algorithms are
introduced. However, such studies aim at showing the advantage of
the new approach, hence they are inadequate for comparison of existing
families of methods — as may be concluded e.g. from the Parouha and
Verma (2022) paper discussed above. Moreover, in such papers often
either majority of competing algorithms are from PSO, or from DE, or
from other kind of optimization methods — depending on the nature
of the newly proposed algorithm, what makes the direct comparison
between DE and PSO families impossible.

In the present study we aim at a detailed comparison between DE
and PSO variants that were proposed during the whole history of their
research, from the beginning in the 1990s to 2022. Ten different vari-
ants of each family of methods are chosen for comparison. The selected
variants were, in pairs, proposed at the same time of research, and in
high-quality papers. Four different sets of problems are used to perform
nine separate competitions between PSO and DE algorithms. One of
the considered sets is composed solely of 22 real-world problems – in a
sense in which this phrase is widely used in the Evolutionary Computa-
tion community, which should not be misunderstood as the applications
that serve humanity in solving practical goals (see Michalewicz, 2012,
for an intriguing discussion). The other three benchmarks are based
on mathematical minimization functions. Only single-objective non-
dynamic unconstrained numerical optimization problems are addressed
in this study (Boussaid et al., 2013). We follow the approach when
the number of allowed function calls is fixed, and the algorithms
are compared according to the quality of solutions found during the
available computational budget (Awad et al., 2016). From competing
algorithms, we have excluded all variants that we have introduced
ourselves, to sustain our neutrality in research. The only goal of the
present study is to answer a simple question: in practice, to solve my
optimization problem should I use rather Particle Swarm Optimization
or Differential Evolution?

2. Brief literature review

DE and PSO algorithms have been developed simultaneously for
over 25 years (Bilal et al., 2020; Camacho-Villalon et al., 2022). Both
algorithms were initially proposed in the late XX’th century as a very
simple heuristic optimization tools (Storn and Price, 1995; Kennedy and
Eberhart, 1995) that can be coded in a dozen of lines and may be easily
understood by new readers without much background in the field (Rana
et al., 2011; Al-Dabbagh et al., 2018). Since then, both DE and PSO
families of methods sprinkled into hundreds of variants (Bonyadi and
Michalewicz, 2017a; Das et al., 2016), among which some remained
relatively simple (to find examples, see Liu et al., 2019; Sun et al.,
2020), but others become more and more advanced (e.g. Tanabe and
Fukunaga, 2014; Qin et al., 2016; Meng and Yang, 2022; Stanonov
et al., 2022; Xia et al., 2022). At some stage it turned out that partic-
ular DE or PSO variants may be unnecessarily complicated, such that
their simplification may not only facilitate our understanding of the
algorithm’s behavior but also improve the performance (Piotrowski and
Napiorkowski, 2018; Caraffini et al., 2019). Although theoretical stud-
ies on metaheuristics are more limited than empirical ones (Sorensen
et al., 2018), some proofs of convergence of the specific PSO versions
have already appeared in the literature (van der Berg and Engelbrecht,
2010; Leboucher et al., 2016; Huang et al., 2022). On the contrary,
proving the convergence of DE variants turned out more challenging
task (Locatelli and Vasile, 2015; Hu et al., 2016; Opara and Arabas,
2019).

It is well known that swarm intelligence and evolutionary algo-
rithms are sensitive to their control parameters. In numerous studies
it has been analyzed to what extent DE algorithms are affected by
the scaling factor (Weber et al., 2011; Segura et al., 2015; Zhu et al.,
2020; Dhanalakshmy et al., 2022), crossover (Zaharie, 2009; Lin et al.,
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2011; Weber et al., 2013; Wang et al., 2014; Stanonov et al., 2021) or
population size (Mallipeddi and Suganthan, 2008; Piotrowski, 2017).
Also, the impact of problem’s rotation and algorithm’s structural bias
on the performance of DE has been analyzed (Caraffini and Neri,
2019; Caraffini et al., 2019; Kononova et al., 2021). One may also
find many important studies on the major PSO control parameters,
including coefficients of movement (Clerc and Kennedy, 2002; Bonyadi
and Michalewicz, 2017b; Cleghorn and Engelbrecht, 2018; Harrison
et al., 2018; Cleghorn and Stapleberg, 2022), inertia weight (Eberhart
and Shi, 2000; Chatterjee and Siarry, 2006; Cipriani et al., 2022) or
population size (van der Berg and Engelbrecht, 2001; Piotrowski et al.,
2020). Also, it is known that the choice of the specific topology may
affect the performance of both PSO and DE algorithms (Kennedy, 1999;
Dorronsoro and Bouvry, 2011; Lim and Isa, 2014; Lynn et al., 2018).

Development of novel DE or PSO variants could follow very dif-
ferent paths – for example compact DE (Mininno et al., 2010) or
PSO (Neri et al., 2013) algorithms throw away the classical idea of
populations and use its probabilistic representation instead. However,
there are some classical ways of creating novel DE or PSO variants.
Many DE and PSO variants use multiple search strategies together –
famous historical examples include algorithms proposed by Qin et al.
(2009), Iacca et al. (2014), Tanabe and Fukunaga (2014) or Lynn and
Suganthan (2017). A general review of multi-strategy algorithms may
be found in Wu et al. (2019), a similar survey on DE variants has been
given by Mohamed et al. (2021). Another classical way for developing
new DE or PSO versions is making their control parameters adaptive,
which makes the algorithm more flexible and allows users to avoid the
subjective choices of the control parameters that could highly affect
the performance. Detailed, a few years old reviews of such adaptive
DE and PSO algorithms may be found in Harrison et al. (2018) or
Al-Dabbagh et al. (2018), some interesting recent examples include
adaptive variants proposed by Viktorin et al. (2019), Zamani et al.
(2021), Meng et al. (2021) and Flori et al. (2022). One may point here
at an interesting observation: despite each year more papers on PSO are
published than on DE, the number of adaptive DE variants proposed
so far is much higher than the number of adaptive PSO methods.
Another famous way of developing new versions of metaheuristics is
their hybridization (Parouha and Verma, 2021) – both DE and PSO
algorithms have been hybridized with various other algorithms, like
gravitational search (Fuqing et al., 2018; Kar et al., 2020; Khan and
Ling, 2021), cultural algorithm (Sun et al., 2012; Awad et al., 2017a),
cuckoo search (Zhang et al., 2019b; Kumar et al., 2021), simulated
annealing (Javidrad and Nazari, 2017; Potthuri et al., 2018) or genetic
algorithms (Kao and Zahara, 2008; Trivedi et al., 2015); DE and PSO
were also frequently hybridized with each other (Xin et al., 2012;
Parouha and Verma, 2022). More details on the diversity of both DE
and PSO algorithms, and on the development of ideas that lead to novel
versions may be found in a large number of survey papers that covered
both the development of DE (Neri and Tirronen, 2010; Das et al., 2016;
Opara and Arabas, 2019; Bilal et al., 2020; Ahmad et al., 2022), PSO
(Poli et al., 2007; Marini and Walczak, 2015; Bonyadi and Michalewicz,
2017a; Elbes et al., 2019; Sengupta et al., 2019; Shami et al., 2022), as
well as their hybrids (Das et al., 2008; Xin et al., 2012; Parouha and
Verma, 2022). Interested readers are referred to the mentioned papers
for a more comprehensive discussion.

3. Methods

3.1. Algorithms tested

As given above, plenty of DE and PSO variants exist, hence the
way of choosing competitive versions may be crucial for any study
based on computational tests. For comparison between PSO and DE
families of optimization methods we have selected ten DE and ten
PSO variants, specified in Table 1. The choice of specific variants is,

as always, to some extent subjective, but we tried to choose variants s

3

of similar popularity, published at a similar time, and in similarly
reputable sources. To perform a fair test, variants were selected in pairs
(one DE against one PSO variant) from the whole history of DE and
PSO development, hence from the late 1990s up to 2022. Variants in
each pair were published in a similar year: the first pair (algorithms
1st and 11th in Table 1) is composed of the basic DE from 1997 and
the basic PSO with inertia weight from 1998, the last pair (algorithms
10th and 20th in Table 1) is composed of N-L-SHADE and PSO-sono
that were proposed in 2022. All 20 variants are tested and compared
together on every chosen benchmark set. Only variants introduced
in the major computer science journals or proceedings of the main
competitions between Evolutionary Algorithms are considered. The
control parameters of tested algorithms are set to the values suggested
in their source papers, with a few exceptions marked and justified in
Table 1. Due to diversified ways of setting DE and PSO population size
and initial PSO velocities proposed for various variants, for each variant
we explicitly specify the population size and the approach to velocity
initialization in Table 1.

3.2. Test problems

To perform a wide scale comparison, four different collections of
benchmark problems are applied in this study, including three sets of
mathematical functions (CEC 2014, Liang et al., 2013, composed of
30 functions, CEC 2017, Awad et al., 2016, composed of another 30
functions, and CEC 2020, Yue et al., 2019, composed of 10 functions)
and a set of 22 real-world problems (CEC 2011, Das and Sugan-
than, 2010). Real-world tasks contain 1- to 216-dimensional problems,
which are solved with up to 150 000 function calls (see Das and
Suganthan, 2010). 10- and 50-dimensional versions of CEC 2014 and
CEC 2017 functions are used (called CEC 2014_10, CEC2014_50, and
CEC 2017_10, CEC2017_50, respectively), and the maximum number
of allowed function calls per problem is set to 10 000D, where D is
he problem dimensionality, following Liang et al. (2013) and Awad
t al. (2016). CEC 2020 problems were proposed in 5-, 10-, 15- and
0-dimensional versions, and according to Yue et al. (2019) 50 000
unction calls were allowed for the 5-dimensional version, 1 000 000
unction calls for the 10-dimensional version, 3 000 000 function calls
or the 15-dimensional version, and 10 000 000 function calls for the
0-dimensional version. In this study we use all four versions of CEC
020 problems (called CEC 2020_5 to CEC 2020_20).

Considering various dimensionalities, DE and PSO variants are com-
ared on nine different sets of problems (one CEC 2011; two CEC 2014;
wo CEC 2017; and four CEC 2020). This should allow readers to com-
are the performances of PSO and DE variants on problems with vari-
us dimensionalities, various sources, and very different computational
udgets.

.3. Comparison criteria

For every problem each algorithm has been run 51 times, as sug-
ested in Liang et al. (2013) and Awad et al. (2016). For each run the
olution with the lowest value of the objective function is remembered,
ence we obtain a sample of 51 results per problem for each algorithm.
hen, for each algorithm and problem we report the 51-runs averaged
erformance.

Twenty algorithms are ranked for each problem from the best one
rank 1) to the worst (rank 20), according to the averaged performance.
f the difference in the performance of some algorithms on the specific
roblem is lower than 10−8, these algorithms are given equal rank
Liang et al., 2013; Awad et al., 2016). Finally, ranks are averaged
ver all problems from the particular set. The algorithm with the lowest
verage rank is considered the best for the particular set of problems.

However, averaged ranks may focus attention on non-specialized
ethods. Some DE or PSO variants may perform very well for some
pecific problems but below the average on others. To find whether
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Table 1
Algorithms compared. D – problem dimensionality. [MINi, MAXi] – bounds for 𝑖th dimension. DE-based variants are numbered
1–10 and are given in blue, PSO-based ones are numbered 11–20 and are given in red (Awad et al., 2017b; Cui et al., 2016;
Chen et al., 2013; Ghosh et al., 2022; Gong et al., 2016; Li et al., 2016; Liang et al., 2006; Lynn and Suganthan, 2015; Meng
and Pan, 2019; Meng et al., 2022; Pan et al., 2020; Tang et al., 2015; Xia et al., 2020; Zhang et al., 2019a; Zhu et al., 2013).
such specialized variants are among DE or PSO families of methods,
we also count the number of wins obtained by the particular algorithm
on each set of problems. The algorithm that achieves the lowest 51-run
averaged function value for the specific problem is termed a winner.
Ties (within 10−8 precision) are counted as a win for each tied variant,
hence there may be more than one winner for a specific problem. As a
result, the number of wins summed over all problems in the particular
set is often higher than the number of problems.

To compare DE and PSO families of methods, we use both ap-
proaches: averaged ranks and the number of wins for each of the nine
competitions.

3.4. Statistical tests

In this study we perform a comparison between multiple algorithms
on many problems. As a result, statistical tests designed for multiple
comparisons between all tested algorithms are needed (Demsar, 2006;
Garcia and Herrera, 2008; Derrac et al., 2011; Carrasco et al., 2020).
We verified the statistical significance of the multiple comparisons
among 20 algorithms on each set of problems by means of Friedman’s

test with the post-hoc Shaffer’s static procedure at 𝛼 = 0.05 (Shaffer,

4

1986), which has been suggested as one among efficient methods for
such task in the section 5 of Derrac et al. (2011). We have used the
codes from Ulas et al. (2012). In the research we tried to follow the
main guidelines on fair comparison presented in LaTorre et al. (2021).

4. Results and discussion

4.1. Mean rank-based comparison

In Fig. 1, separately for each of the nine competitions, all 20
algorithms are ordered from the best to the poorest one according to
the average ranks. The information on the average rank is also given
for each algorithm in Fig. 1. To facilitate reading, DE-based variants
are given in blue, and PSO-based variants – in red. The detailed results
are given in Supplementary Tables 1–9.

From Fig. 1 one immediately notes that for each set of problems,
the first four places, out of 20, are always occupied by DE-based (blue)
variants. Apart from CEC 2020_10 and CEC2020_15, the seven best
variants are DE-based ones. The average ranks obtained by the best
DE variants for different sets vary between 2.20 for CEC 2020_5 to
5.48 for real-world problems (CEC 2011), when the best PSO variants
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a

Fig. 1. Averaged-ranks based ranking of PSO and DE algorithms on nine different competitions; each competition is composed of multiple problems. DE variants are given in blue,
nd PSO variants are given in red. Top algorithms are better, bottom algorithms are worse.
Table 2
Pair-wise comparison between algorithms – CEC 2011. 1 – differences are statistically significant at 𝛼 = 0.05; 0 – differences are not statistically significant.

DE SADE ATPS-
DE

IDE MPA
DE

HMJC
DE

L-
SHADE-
cnEpSin

HARD
-DE

CI-
JADE

N-L-
SHADE

PSO CLPSO ALC-
PSO

HCL
PSO

IILPSO GLPSO EPSO DEPSO TAPSO PSO-
sono

DE 0 1 1 1 1 1 1 1 1 1 0 0 0 1 0 0 1 0 0 0
SADE 1 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
ATPS-DE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 0 0 1 0 1
IDE 1 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
MPADE 1 0 0 0 0 0 0 0 0 0 1 1 1 0 1 0 0 1 1 1
HMJCDE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 0 0 0
L-SHADE-
cnEpSin

1 0 0 0 0 0 0 0 0 0 1 1 1 0 1 0 0 1 0 1

HARD-DE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 0 0 1 0 1
CIJADE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 0 0 1 0 1
N-L-SHADE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 0 0 1 0 1
PSO 0 0 1 0 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
CLPSO 0 0 0 0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0
ALC-PSO 0 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
HCLPSO 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
IILPSO 0 0 1 0 1 0 1 1 1 1 0 0 0 0 0 0 0 0 0 0
GLPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
EPSO 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
DEPSO 0 0 1 0 1 0 1 1 1 1 0 0 0 0 0 0 0 0 0 0
TAPSO 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
PSO-sono 0 0 1 0 1 0 1 1 1 1 0 0 0 0 0 0 0 0 0 0
Table 3
Pair-wise comparison between algorithms – CEC 2014_10. 1 – differences are statistically significant at 𝛼 = 0.05; 0 – differences are not statistically significant.

DE SADE ATPS-DE IDE MPADE HMJCDE L-
SHADE-
cnEpSin

HARD-
DE

CI-
JADE

N-L-
SHADE

PSO CLPSO ALC-
PSO

HCL
PSO

IILPSO GLPSO EPSO DEPSO TAPSO PSO-
sono

DE 0 0 0 1 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
SADE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 0
ATPS-DE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 0
IDE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 1
MPADE 0 0 0 0 0 0 0 1 0 0 1 0 1 0 1 0 0 1 0 0
HMJCDE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 1
L-SHADE-
cnEpSin

1 0 0 0 0 0 0 0 0 0 1 1 1 0 1 1 1 1 1 1

HARD-DE 1 0 0 0 1 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1
CIJADE 1 0 0 0 0 0 0 0 0 0 1 1 1 0 1 1 1 1 1 1
N-L-SHADE 1 0 0 0 0 0 0 0 0 0 1 1 1 0 1 1 1 1 1 1
PSO 0 1 1 1 1 1 1 1 1 1 0 0 0 1 0 0 0 0 0 0
CLPSO 0 0 0 0 0 0 1 1 1 1 0 0 1 0 0 0 0 0 0 0
ALC-PSO 0 1 1 1 1 1 1 1 1 1 0 1 0 1 0 0 1 0 0 0
HCLPSO 0 0 0 0 0 0 0 1 0 0 1 0 1 0 1 0 0 0 0 0
IILPSO 0 1 1 1 1 1 1 1 1 1 0 0 0 1 0 0 0 0 0 0
GLPSO 0 1 1 1 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
EPSO 0 0 0 0 0 0 1 1 1 1 0 0 1 0 0 0 0 0 0 0
DEPSO 0 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
TAPSO 0 1 1 1 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
PSO-sono 0 0 0 1 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
5
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Table 4
Pair-wise comparison between algorithms – CEC 2014_50. 1 – differences are statistically significant at 𝛼 = 0.05; 0 – differences are not statistically significant.

DE SADE ATPS-DE IDE MPADE HMJCDE L-
SHADE-
cnEpSin

HARD-
DE

CI-
JADE

N-L-
SHADE

PSO CLPSO ALC-
PSO

HCL
PSO

IILPSO GLPSO EPSO DEPSO TAPSO PSO-
sono

DE 0 1 1 1 1 1 1 1 1 1 0 1 0 1 0 1 1 1 1 0
SADE 1 0 0 0 0 0 1 1 0 0 1 0 1 0 0 0 0 0 0 0
ATPS-DE 1 0 0 0 0 0 0 0 0 0 1 1 1 0 1 1 0 0 1 1
IDE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 0 0 1
MPADE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 0 0 0 0 1
HMJCDE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 0 0 1
L-SHADE-
cnEpSin

1 1 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1

HARD-DE 1 1 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1
CIJADE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 0 1 1
N-L-SHADE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 0 0 1
PSO 0 1 1 1 1 1 1 1 1 1 0 0 0 1 0 0 1 1 0 0
CLPSO 1 0 1 0 0 0 1 1 0 0 0 0 1 0 0 0 0 0 0 0
ALC-PSO 0 1 1 1 1 1 1 1 1 1 0 1 0 1 0 0 1 1 0 0
HCLPSO 1 0 0 0 0 0 1 1 0 0 1 0 1 0 0 0 0 0 0 0
IILPSO 0 0 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
GLPSO 1 0 1 1 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
EPSO 1 0 0 0 0 0 1 1 0 0 1 0 1 0 0 0 0 0 0 0
DEPSO 1 0 0 0 0 0 1 1 0 0 1 0 1 0 0 0 0 0 0 0
TAPSO 1 0 1 0 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0
PSO-sono 0 0 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
Table 5
Pair-wise comparison between algorithms – CEC 2017_10. 1 – differences are statistically significant at 𝛼 = 0.05; 0 – differences are not statistically significant.

DE SADE ATPS-DE IDE MPADE HMJCDE L-
SHADE-
cnEpSin

HARD-
DE

CI-
JADE

N-L-
SHADE

PSO CLPSO ALC-
PSO

HCL
PSO

IILPSO GLPSO EPSO DEPSO TAPSO PSO-
sono

DE 0 0 0 1 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
SADE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 1
ATPS-DE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 0
IDE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 1
MPADE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 1
HMJCDE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 1
L-SHADE-
cnEpSin

1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 1

HARD-DE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 1
CIJADE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 1
N-L-SHADE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 1
PSO 0 1 1 1 1 1 1 1 1 1 0 1 0 1 0 0 1 0 0 0
CLPSO 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 1 1 0
ALC-PSO 0 1 1 1 1 1 1 1 1 1 0 1 0 1 0 0 1 0 0 0
HCLPSO 0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 0
IILPSO 0 1 1 1 1 1 1 1 1 1 0 0 0 1 0 0 0 0 0 0
GLPSO 0 1 1 1 1 1 1 1 1 1 0 0 0 1 0 0 0 0 0 0
EPSO 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 1 1 0
DEPSO 0 1 1 1 1 1 1 1 1 1 0 1 0 1 0 0 1 0 0 0
TAPSO 0 1 1 1 1 1 1 1 1 1 0 1 0 1 0 0 1 0 0 0
PSO-sono 0 1 0 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
achieve average ranks between 6.90 (for CEC 2020_10) to 10.10 (for
CEC 2014_10). The advantage of DE-based variants over PSO-based
ones is massive for any set of problems, including real-world ones.

It is more difficult to point at the best DE-based variant. Among nine
comparisons, four out of ten DE-based variants may reach the first place
according to the average ranks. HARD-DE from 2019 performs best on
four out of the nine competitions and is ranked the second best on four
other comparisons. Only for real-world problems it is ranked 3rd best
method (see Fig. 1). However, on real-world problems (CEC 2011) the
difference in average ranks achieved by the four best DE-based variants
is very low (between 5.48 and 5.98, the difference is not statistically
significant), hence the results obtained by HARD-DE are among the best
in each out of the nine competitions. L-SHADE-cnEpSin seems to be the
second-best DE variant, with two wins and three second places.

According to Friedman’s statistical test, the results obtained by vari-
ous algorithms for each set of problems are significantly different. How-
ever, multiple comparisons between some algorithms are statistically
6

significant, and between others are not, as is shown in Tables 2–10.
The differences between DE and PSO algorithms are mainly statistically
significant for real-world problems (CEC 2011), and benchmarks CEC
2014 and CEC 2017. The differences between algorithms observed for
CEC 2020 problems are in most cases not statistically significant. If one
focuses on real-world problems, it may be found that the differences
between six DE variants: ATPS-DE, MPADE, L-SHADE-cnEpSin, HARD-
DE, CIJADE and N-L-SHADE, and about 50% of PSO variants are
statistically significant. On CEC 2014 and CEC 2017 benchmarks, the
differences between eight DE variants (except DE and SADE) and at
least 50% of PSO variants are statistically significant. Moreover, on 10-
and 50-dimensional CEC 2014 and 50-dimensional CEC 2017 problems,
the differences between the DE variant called HARD-DE and all ten
PSO-based variants are statistically significant. The differences between
HARD-DE and at least 50% of PSO variants are also statistically signif-
icant for 5-, 10-, and 20-dimensional versions of CEC 2020 problems.
The statistical significance of differences between the L-SHADE-cnEpSin
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Table 6
Pair-wise comparison between algorithms – CEC 2017_50. 1 – differences are statistically significant at 𝛼 = 0.05; 0 – differences are not statistically significant.

DE SADE ATPS-DE IDE MPADE HMJCDE L-
SHADE-
cnEpSin

HARD-
DE

CI-
JADE

N-L-
SHADE

PSO CLPSO ALC-
PSO

HCL
PSO

IILPSO GLPSO EPSO DEPSO TAPSO PSO-
sono

DE 0 1 1 1 1 1 1 1 1 1 0 1 0 1 0 1 1 1 1 1
SADE 1 0 0 0 0 0 1 1 0 0 1 0 1 0 1 0 0 0 0 0
ATPS-DE 1 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 0 1 1
IDE 1 0 0 0 0 0 0 0 0 0 1 1 1 0 1 1 0 0 1 1
MPADE 1 0 0 0 0 0 0 0 0 0 1 1 1 0 1 1 0 0 1 1
HMJCDE 1 0 0 0 0 0 1 1 0 0 1 0 1 0 1 1 0 0 1 1
L-SHADE-
cnEpSin

1 1 0 0 0 1 0 0 0 0 1 1 1 1 1 1 1 1 1 1

HARD-DE 1 1 0 0 0 1 0 0 0 0 1 1 1 1 1 1 1 1 1 1
CIJADE 1 0 0 0 0 0 0 0 0 0 1 1 1 0 1 1 0 0 1 1
N-L-SHADE 1 0 0 0 0 0 0 0 0 0 1 1 1 0 1 1 0 0 1 1
PSO 0 1 1 1 1 1 1 1 1 1 0 0 0 1 0 0 1 1 0 0
CLPSO 1 0 0 1 1 0 1 1 1 1 0 0 0 0 0 0 0 0 0 0
ALC-PSO 0 1 1 1 1 1 1 1 1 1 0 0 0 1 0 0 1 1 0 0
HCLPSO 1 0 0 0 0 0 1 1 0 0 1 0 1 0 0 0 0 0 0 0
IILPSO 0 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 1 0 0
GLPSO 1 0 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
EPSO 1 0 0 0 0 0 1 1 0 0 1 0 1 0 0 0 0 0 0 0
DEPSO 1 0 0 0 0 0 1 1 0 0 1 0 1 0 1 0 0 0 0 0
TAPSO 1 0 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
PSO-sono 1 0 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
Table 7
Pair-wise comparison between algorithms – CEC 2020_5. 1 – differences are statistically significant at 𝛼 = 0.05; 0 – differences are not statistically significant.

DE SADE ATPS-DE IDE MPADE HMJCDE L-
SHADE-
cnEpSin

HARD-
DE

CI-
JADE

N-L-
SHADE

PSO CLPSO ALC-
PSO

HCL
PSO

IILPSO GLPSO EPSO DEPSO TAPSO PSO-
sono

DE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
SADE 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 0 0
ATPS-DE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
IDE 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 0 1 1 0
MPADE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
HMJCDE 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 0 1 1 0
L-SHADE-
cnEpSin

0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 1 0 1 1 0

HARD-DE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 1 0 1 1 0
CIJADE 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 1 0
N-L-SHADE 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 0 0
PSO 0 1 0 1 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
CLPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
ALC-PSO 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0
HCLPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
IILPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
GLPSO 0 0 0 1 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0
EPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
DEPSO 0 1 0 1 0 1 1 1 1 1 0 1 0 1 0 0 0 0 0 0
TAPSO 0 0 0 1 0 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0
PSO-sono 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
algorithm and PSO variants is almost as frequently confirmed as in the
case of the HARD-DE variant.

None PSO-based variants tested are competitive with DE algorithms.
However, among ten PSO variants HCLPSO from 2015 performs better
than all the others in five out of the nine competitions, and is always
among the first three PSO methods. One may also note that three
PSO-based variants (HCLPSO, CLPSO, EPSO) are somehow competitive
to some weaker DE-based variants on small sets of low-dimensional
problems (i.e. CEC 2020_5, CEC 2020_10 and CEC 2020_15).

Interestingly, the only DE variant that consistently performs poorly
is the initial DE version from 1997, which turns out the worst among
20 algorithms on CEC 2014_50 and CEC 2017_50 benchmarks, as well
as on real-world problems (CEC 2011). This may be the result of
inappropriate control parameter settings (that were based on the orig-
inal choices, proposed for simple problems), which may be especially
critical for higher dimensional problems. However, even this original
DE variant performs on average better than the original PSO from 1998
in six out of ten competitions — which is in full agreement with
7

older literature on comparison between the basic DE and PSO vari-
ants (Vesterstrøm and Thomson, 2004; Civicioglu and Besdok, 2013;
Ezugwu et al., 2020). The similar, relatively poor performance of the
two initial variants may currently be especially annoying as both initial
versions are widely used in the literature to solve various practical
problems. However, the lack of clear superiority of one initial version
over another could initially benefit to the rapid development of both
families of methods. Surprisingly, the advantage of more advanced DE-
based variants over modern PSO-ones seems to be overlooked by both
experts and practitioners.

4.2. Searching for the specialized algorithms

Some algorithms may perform especially well on selected problems,
even though on average their performance may not be outstanding.
Pointing at such methods may be useful for practitioners that are
looking for an algorithm to solve their specific problem of interest.
Hence, to present a different kind of comparison, we count the number
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Table 8
Pair-wise comparison between algorithms – CEC 2020_10. 1 – differences are statistically significant at 𝛼 = 0.05; 0 – differences are not statistically significant.

DE SADE ATPS-DE IDE MPADE HMJCDE L-
SHADE-
cnEpSin

HARD-
DE

CI-
JADE

N-L-
SHADE

PSO CLPSO ALC-
PSO

HCL
PSO

IILPSO GLPSO EPSO DEPSO TAPSO PSO-
sono

DE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
SADE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 1 0 1 1 0
ATPS-DE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
IDE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 0
MPADE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 1 0 1 1 0
HMJCDE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
L-SHADE-
cnEpSin

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

HARD-DE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 1 0 1 1 0
CIJADE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
N-L-SHADE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
PSO 0 1 0 1 1 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
CLPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0
ALC-PSO 0 1 0 1 1 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
HCLPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
IILPSO 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
GLPSO 0 1 0 1 1 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
EPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
DEPSO 0 1 0 1 1 0 0 1 0 1 0 1 0 0 0 0 0 0 0 0
TAPSO 0 1 0 1 1 0 0 1 0 0 0 1 0 0 0 0 0 0 0 0
PSO-sono 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Table 9
Pair-wise comparison between algorithms – CEC 2020_15. 1 – differences are statistically significant at 𝛼 = 0.05; 0 – differences are not statistically significant.

DE SADE ATPS-DE IDE MPADE HMJCDE L-
SHADE-
cnEpSin

HARD-
DE

CI-
JADE

N-L-
SHADE

PSO CLPSO ALC-
PSO

HCL
PSO

IILPSO GLPSO EPSO DEPSO TAPSO PSO-
sono

DE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
SADE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
ATPS-DE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
IDE 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 0 0
MPADE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
HMJCDE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
L-SHADE-
cnEpSin

0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 1 0 1 0 0

HARD-DE 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 0 0
CIJADE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
N-L-SHADE 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
PSO 0 0 0 1 0 0 1 1 0 1 0 1 0 0 0 0 0 0 0 0
CLPSO 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
ALC-PSO 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0
HCLPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
IILPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
GLPSO 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0
EPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
DEPSO 0 0 0 1 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0
TAPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
PSO-sono 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
of wins achieved by each algorithm on each set of problems (including
ties; algorithms are tied winners if the difference between their 51-runs
averaged performance on the specific problem is lower than 10−8).
Due to ties, the summarized number of wins is often larger than the
number of problems. The number of wins achieved by DE and PSO-
based variants on each of the nine competitions is illustrated in Fig. 2,
and the detailed values are given in Table 11. In Table 11 we also count
the total number of wins obtained by DE and by PSO-based variants
across all benchmarks, and the total number of wins obtained by each
specific algorithm on all considered problems in the nine competitions.

A brief look at Fig. 2 confirms that DE-based variants win much
more problems than PSO-based ones. For any of the nine competitions
DE-based variants note more than twice more wins than PSO-based
variants (see Table 11).

The relative difference between the number of wins obtained by
DE and PSO variants is the lowest for real-world problems (39 to
18, see Table 11). However, this is only due to the fact that almost
8

all algorithms tie on real-world problems 3 and 8, which gives PSO-
based variants the vast majority of their tied-wins. The only real-world
problem on which the PSO-based variant outperformed all DE variants
(no ties were noted) is problem 2, on which TAPSO turned out the best
method. This is clearly seen in Fig. 3, in which the 51-runs averaged
performances obtained by every algorithm are shown for all 22 real-
world problems. In Fig. 3 the performance of DE-based variants is
shown in the left sub-figures in blue, and the performance of PSO-based
variants is given in the right sub-figures in red. As one may see, for the
majority of problems either almost all (often apart from the basic DE)
or some of the DE-based algorithms outperform PSO variants. There
is also a group of problems (e.g. no. 5, 11.2, 11.10) on which the
differences are small and hard to spot visually. However, PSO-based
variants marginally dominate over DE-based ones only on a single
problem 2. The visual inspection of the results given in Fig. 3 clearly
confirms the superiority of DE algorithms over PSO ones, not only in
rankings based on averaged statistics but also in practical differences
easily observed for various real-world problems.
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Fig. 2. The number of wins (best performances among all competing algorithms, including ties within the 10−8 threshold) achieved by ten DE and ten PSO-based variants in nine
competitions. The number of wins is given in the vertical axis. DE-based variants are illustrated in blue, and PSO-based ones are in red. The scale is identical on both DE and
PSO-based sub-figure.
Table 10
Pair-wise comparison between algorithms – CEC 2020_20. 1 – differences are statistically significant at 𝛼 = 0.05; 0 – differences are not statistically significant.

DE SADE ATPS-DE IDE MPADE HMJCDE L-
SHADE-
cnEpSin

HARD-
DE

CI-
JADE

N-L-
SHADE

PSO CLPSO ALC-
PSO

HCL
PSO

IILPSO GLPSO EPSO DEPSO TAPSO PSO-
sono

DE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
SADE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 1 0
ATPS-DE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
IDE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 0 0 0 0 0
MPADE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
HMJCDE 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
L-SHADE-
cnEpSin

0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 0 0

HARD-DE 0 0 0 0 0 0 0 0 0 0 1 0 1 0 1 1 0 1 0 0
CIJADE 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
N-L-SHADE 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
PSO 0 1 0 1 0 0 1 1 1 1 0 0 0 0 0 0 0 0 0 0
CLPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
ALC-PSO 0 1 0 1 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0
HCLPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
IILPSO 0 1 0 1 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0
GLPSO 0 1 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0
EPSO 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
DEPSO 0 1 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0
TAPSO 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
PSO-sono 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
On benchmarks based on artificially-created functions the difference
etween the number of wins achieved by DE and PSO-based variants
s even larger than on real-world problems. DE wins on an order of
agnitude more problems than PSO in the case of 50-dimensional
EC 2017 benchmarks (DE note 40 wins, PSO just 3) and on 20-
imensional CEC 2020 problems (18 to 2). Over all sets of problems,
E-based variants noted 339 wins, against 91 wins achieved by PSO-
ased algorithms. Although one may still find problems on which
SO-based variants outperform DE-based ones, as expected from No
ree Lunch theorems for optimization (Wolpert and Macready, 1997),
he overall advantage of DE-based algorithms is very clear also when
ne focuses on the number of wins, instead of the average ranks.
9

Considering each algorithm separately, from the last column of
Table 11 one may note that L-SHADE-cnEpSin collects overall the
largest number of 71 wins, followed by HARD-DE with 54 wins and
N-L-SHADE with 38 wins. Readers could be surprised, as according
to the average ranks HARD-DE seems to be a better method than L-
SHADE-cnEpSin. This result points out that L-SHADE-cnEpSin is more
specialized in some kinds of problems, and the HARD-DE algorithm is
more flexible. The flexibility of HARD-DE may be also confirmed by
the very uniform ranking in all nine competitions based on averaged
ranks (which was ranked always between 1st and 3rd place, Fig. 1);
variability of L-SHADE-cnEpSin ranking was much higher (ranging
from 1st to 8th).
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Table 11
The number of wins achieved by each algorithm on every set of problems.

CEC
2011

CEC
2014_10

CEC
2014_50

CEC
2017_10

CEC
2017_50

CEC
2020_5

CEC
2020_10

CEC
2020_15

CEC
2020_20

Summarized

DE 3 1 0 3 0 2 1 1 1 12
SADE 2 3 1 8 0 3 1 2 6 26
ATPS-DE 2 3 4 6 3 2 1 1 1 23
IDE 3 4 1 5 2 3 4 3 3 28
MPADE 5 3 3 7 2 1 1 1 1 24
HMJCDE 2 6 4 6 3 4 1 1 1 28
L-SHADE-
cnEpSin

10 12 12 11 16 5 1 2 2 71

HARD-DE 5 9 11 9 11 6 1 1 1 54
CIJADE 4 7 7 9 1 4 1 1 1 35
N-L-
SHADE

3 9 4 11 2 4 2 2 1 38

PSO 1 0 0 2 0 0 0 0 0 3
CLPSO 2 2 1 4 1 2 2 3 0 17
ALC-PSO 2 1 0 2 0 1 0 0 0 6
HCLPSO 2 1 2 7 1 1 1 0 0 15
IILPSO 1 0 1 4 0 1 0 0 0 7
GLPSO 2 0 1 2 0 0 0 0 0 5
EPSO 2 1 1 4 0 2 0 0 0 10
DEPSO 1 0 3 1 1 0 0 0 0 6
TAPSO 3 1 2 2 0 0 0 0 0 8
PSO-sono 2 1 2 2 0 2 2 1 2 14
Summarized
DE

39 57 47 75 40 34 14 15 18 339

Summarized
PSO

18 7 13 30 3 9 5 4 2 91
A :
A
D

D

c
i

D

The best PSO-based variants achieved much fever wins (CLPSO –
7, HCLPSO – 15, PSO-sono – 14, see Table 11). These numbers are
uch lower than the numbers of wins achieved by the poorest DE-based

ariants apart of the basic DE: the 9th best DE-based variant, ATP-
E, noted 23 wins. This again shows a clear superiority of DE-based
lgorithms over PSO-based ones.

. Conclusions

Particle Swarm Optimization and Differential Evolution families of
ptimization algorithms were proposed in the mid-1990’s, sprinkled
nto plentiful variants during the last quarter century, and found appli-
ations in almost every field of science or engineering. However, very
ew wider-scale comparisons between both families of methods were
resented so far. In this paper we compare ten Differential Evolution
ariants against ten Particle Swarm Optimization ones in nine different
ompetitions, including one composed of 22 real-world problems. The
ompeting algorithms were selected from the whole history of PSO
nd DE development, with a larger focus on more recent variants.
ested algorithms were proposed in the major scientific journals or in
roceedings of the main competitions among optimization algorithms.
he comparison was based on the averaged ranking, and on the number
f wins (problems on which a particular algorithm achieved the best
erformance) obtained for problems from the particular competition.

Irrespective of the way the algorithms were compared, DE-based
ariants clearly outperform PSO-based methods. According to the aver-
ge ranks, in each of the nine competitions, the first four places were
lways occupied by DE-based variants. In some competitions, including
he one composed of 22 real-world problems, nine DE-based variants
apart from the initial DE version from 1997) performed better than all
en PSO-based algorithms. The differences between the best DE variants
nd a large part of PSO algorithms are statistically significant.

In each of the nine competitions the number of wins achieved by
E-based variants was more than twice higher than the number of wins
chieved by PSO-based variants. In two competitions DE-based variants
oted about ten times more wins than PSO-based algorithms. Problems
n which PSO-based algorithms perform better than DE-based ones do

xist but are relatively rare.

10
The discussed findings are obviously restricted by the choice of the
benchmark problems, competing algorithms and their control param-
eters, and the general limitations of empirical comparison exempli-
fied by the No Free Lunch theorems (Wolpert and Macready, 1997).
Nonetheless, the wide-scale superiority of DE variants over PSO ones on
widely used benchmarks and real-world problems is highly appealing.

In the scientific literature focused on applications of Swarm Intel-
ligence or Evolutionary Algorithms, PSO methods are 2–3 times more
popular than DE-based ones. According to the experimental comparison
presented in this study, we recommend that practitioners pay more
attention to DE-based algorithms when seeking the optimizer for their
problem of interest. We also advise the Swarm Intelligence community
to search for such modifications that would make PSO variants more
competitive to DE-based ones. It seems that the major paths could be
related to control parameters adaptation, population size dynamic, the
topology of the swarm, and communication systems between particles.
The search for new paths of PSO development seems necessary, as
the current study experimentally shows a clear advantage of DE-based
algorithms over PSO-based ones.
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Fig. 3. (2 pages long). The 51-runs average performances obtained by every algorithm on real-world CEC 2011 problems. Each algorithm is marked by the number associated
with it in Table 1. Algorithms numbered 1–10 are DE-based ones (given in blue), and algorithms numbered 11–20 are PSO-based ones (given in red). On the vertical axis the
value of the objective function is given (the lower – the better). The scale is identical for DE and PSO-based algorithms on the specific problem, but vary between problems.
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