
Soft Computing manuscript No.
(will be inserted by the editor)

Cluster-centroid-based mutation strategies for Differential Evolution

Giovanni Iacca⋆ ⋅ Vinı́cius Veloso de Melo

Received: date / Accepted: date

Abstract Mutation is the main operator of Differential Evo-
lution (DE), as it is responsible for combining the informa-
tion of distinct solutions to generate a donor vector. Aiming
at improving the search effectivity of DE, previous research
incorporated the calculation of centroids into the DE mu-
tations. In some of the existing methods the centroids are
simply calculated as the center of some selected solutions
(or, the entire population); in other cases, one-step cluster-
ing is used to perform a local search, or the centroids them-
selves are used as actual solutions in the population. As
opposed to these methods, in this paper we extend some
traditional DE mutation strategies to incorporate centroids
calculated by deterministic hierarchical clustering. Experi-
mental results on two sets of well-known benchmark prob-
lems show that the proposed cluster-centroid-based muta-
tion strategies outperform, in general, the traditional rand/1
strategy, as well as several metaheuristics from the litera-
ture. Therefore, the use of clustering is an effective way to
improve the search performance that could be exploited also
in other population-based metaheuristics.

Keywords Clustering ⋅ Mutation Strategy ⋅ Differential
Evolution ⋅ Global Optimization ⋅Machine Learning.

Vinı́cius Veloso de Melo
Department of Analytics
Wawanesa Insurance
Winnipeg, MB, Canada
E-mail: vvdemelo@wawanesa.com
ORCID: 0000-0002-7507-1685

Giovanni Iacca
Department of Information Engineering and Computer Science
University of Trento
Via Sommarive 9, 38123 Povo (TN), Italy
Tel: +39 0461 28 5220
E-mail: giovanni.iacca@unitn.it
ORCID: 0000-0001-9723-1830

1 Introduction

Metaheuristics, such as nature-inspired algorithms [1–9], are
techniques employed to solve difficult optimization prob-
lems. However, it is known that these techniques do not
guarantee that the optimal solution will be found even if
the search space is reduced [10, 11]. Moreover, optimization
processes based on metaheuristics are usually time-consuming.
In an attempt to reduce these issues, previous research has
investigated hybrid approaches combining metaheuristics and
machine learning [11–14].

One important aspect in metaheuristics is a proper bal-
ance between exploration and exploitation. More specifi-
cally, the exploration phase searches, usually at the begin-
ning of the search process, for promising regions of the search
space, i.e., regions where high-quality solutions may be found
[13, 15]. Then, the exploitation phase is meant to refine those
high-quality solutions. A possible refining approach can be
the use of local optimization methods, in order to reach the
local optimum quickly and accurately [16–18].

One of the most popular metaheuristics is currently Dif-
ferential Evolution (DE), originally introduced in [19] and
later improved in various works, such as [20–26]. The main
reason behind the success of DE is its inherent self-adaptation,
which in turn balances exploration and exploitation. In par-
ticular, the key element of the algorithm is its mutation strat-
egy: essentially, DE mutations create additive solution per-
turbations by means of linear combinations of relative dis-
tances between the solutions in the current population (in
the form of differential vectors, hence the name of the al-
gorithm). As pointed out by Feoktistov [27], this mecha-
nism allows the algorithm to perform adaptive mutations:
at the beginning of the evolutionary process, those distances
are large, thus mutation is more explorative; at the end, dis-
tances tend to become smaller, thus mutation becomes more
exploitative and it allows to refine the search.
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Because of the importance of mutations in DE, several
studies have focused on the development of more efficient
mutation strategies, including ensembles [28, 29] and self-
adaptation thereof [30, 31]; others evaluated how the mu-
tation strategy affects the population diversity [32, 33]. In
this context, a successful research direction concerns the use
of opposition-based sampling, where solutions are gener-
ated by calculating opposite points w.r.t. the problem bounds
[34], or center-based sampling, where solutions are gener-
ated w.r.t. the central point (i.e., the centroid) either of the
entire population, as in [35, 36], or of the top individuals in
the population. The latter mechanism, initially introduced in
[37], has been used in [38, 39] for the DE population initial-
ization phase, and in a number of other DE variants, either
for single-objective optimization [40–43], including large-
scale optimization [44, 45], or for multi-objective optimiza-
tion [46]. Of note, the same center-based mechanism has
been used also in algorithms different from DE, such as co-
operative co-evolution [47], or Particle Swarm Optimization
[48].

Different from the above center-based sampling mech-
anism, other works have proposed the use of centroids of
groups of random solutions. In particular, Fan and Lampinen
[49] suggested the stochastic application of the Trigonomet-
ric Mutation Operator (TMO), which resulted in the so-called
Trigonometric DE (TDE). In TDE, the donor vector is the
center point of a hyper-geometric triangle, i.e., the mean of
three randomly selected solutions. As a matter of fact, this
mean solution is a centroid, although the authors do not em-
ploy this term. The mutation strategy is then the sum of three
weighted differential vectors. Because of the weights, TMO
inherently acts as a local search procedure, especially when
the solutions are in a small neighborhood. Similarly to TDE,
Ali et al. [50] proposed another centroid-based DE, where a
Centroid Mutation Operator calculates the mean among the
current best solution and two other solutions randomly se-
lected from the current population. The authors concluded
that this simple modification achieved better mean results in
fewer function evaluations than both the basic DE and TDE.

It can be seen then that several works so far have pro-
posed using centroids in DE. However, it is important to note
that those works do not perform any explicit form of cluster-
ing [51] to calculate those centroids. Instead, they calculate
the centroid on the entire population, a subset of top indi-
viduals, or a subset of random individuals. On the contrary,
a clustering method organizes (in an unsupervised way) a
set of data samples into different groups (clusters), where
the samples in the same cluster are similar to each other (ac-
cording to a similarity measure) and distinct from those in
the other clusters. To the best of our knowledge, the only
two works that applied an explicit clustering technique into
a DE framework are the ones by Cai et al. [52], and Wang et
al. [53].

In the first work [52], a hybrid DE based on a one-step
k-means clustering, called clustering-based DE (C-DE), is
proposed. Every T generations, C-DE runs one step of the
k-means clustering method to group the current population
into k clusters. The cluster centroids are taken as new so-
lutions and added to the population according to some cri-
teria. Therefore, they are not employed in a new mutation
strategy. The authors state that by acting as a k multi-parent
crossover, the one-step k-means clustering utilizes the infor-
mation available in the current population more efficiently,
and allows a better balance between exploration and ex-
ploitation. The experimental analysis showed, in fact, that
C-DE outperformed several more elaborated DE variants.
However, running a single step of the k-means clustering
method may not be considered as a “true” clustering method
(i.e., one that groups the data samples by applying an iter-
ative process aimed at optimizing a certain objective func-
tion).

In the second work [53], hierarchical clustering method
is incorporated into DE to improve its performance. Initially,
DE runs for T − 1 generations, using the traditional rand/1
mutation strategy. Then, every T generations the method
clusters the population (of size N ) into k groups, and cal-
culates the centroid of each group as well as a global cen-
troid, which is the centroid of the k centroids. Finally, a new
population is formed by the k centroids and N − k solu-
tions randomly generated around the global centroid. Exper-
iments performed on a set of well-known benchmark func-
tions showed that the proposed method, named W-CDE, was
able to find good solutions more quickly than many com-
pared algorithms.

Motivated by the two related works above, in this pa-
per we propose an extension of several traditional mutation
strategies, based on the incorporation of centroids calculated
by a “true” clustering method. Our hypothesis is that, while
clusters can be used to identify the concentration of solu-
tions and detect promising regions of the search space, the
centroids (i.e., the centers of the clusters) can condense in-
formation of the solutions within the clusters. Therefore, as
high-quality solutions can be located in promising regions,
a clustering method can be used to learn the characteris-
tics of those solutions and compactly represent this knowl-
edge into the corresponding centroid. Such information can
be employed by mutation strategies to generate new, pos-
sibly better, solutions. Consequently, the acquired “knowl-
edge” can be useful to guide the search to promising regions
more efficiently. From this point of view, incorporating an
explicit clustering mechanism into the DE scheme in order
to extract useful information from the structure of the pop-
ulation may provide a benefit over the existing approaches
discussed above, that as seen calculate the centroid either
of the entire population or of a subset of individuals. While
this research direction appears particularly intriguing, yet it
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remains largely unexplored, with the exception of the two
works mentioned earlier, i.e., [52] and [53].

Based the aforementioned hypothesis, we tackle the fol-
lowing fundamental research questions:

1. Is it beneficial to use a “true” clustering method during
the DE process, in order to calculate centroids?

2. Is it possible to use the cluster centroids in the mutation
strategies? If so, what kind of cluster-centroid-based mu-
tation strategy is more efficient?

3. What is the effect of the parametrization of the clustering
method (in particular, the number of clusters), as well as
the parametrization of the other parts of DE when clus-
tering is used?

The main contribution of this work consists in the pro-
posal of eight cluster-centroid-based mutation strategies, which
use the cluster centroids in different ways to obtain differ-
ent balances between exploration and exploitation. The main
differences w.r.t. the two cluster-centroid-based methods in-
troduced in [52] and [53] can be summarized as follows:

1. we use a deterministic hierarchical clustering (UPGMC),
differently from the stochastic k-means used in [52];

2. we apply clustering at every generation of DE, instead of
periodically as in [52, 53];

3. we use centroids (calculated by means of clustering) into
the mutation strategy, not as actual solutions to be evalu-
ated, as in [52, 53].

To evaluate the effectiveness of our proposal, we per-
form a thorough comparison of our proposed cluster-centroid-
based mutation strategies with the two related methods pro-
posed in [52] and [53], as well as several metaheuristics
from the state-of-the-art, on two sets of widely investigated
benchmark functions. Our analysis allows us to discuss in
detail the effect of the proposed cluster-centroid-based mu-
tation strategies, their strengths, and their weaknesses. Of
note, while the experiments carried out in this paper use
a specific clustering method, namely the Unweighted Pair-
Group Method using Centroids (UPGMC) [54], the proposed
mutation strategies are not tied specifically to it. In other
words, different clustering methods might provide different
performances, being useful in different cases.

The rest of the paper is organized as follows: in Section
2, the background concepts on DE UPGMC are introduced;
Section 3 describes our proposed cluster-centroid-based mu-
tation strategies; the computational experiments are then pre-
sented in Section 4; finally, Section 5 concludes the paper.

2 Background

In this section, we provide background information on DE
and clustering, particularly the UPGMC technique used in
our experimentation.

2.1 Differential Evolution

Differential Evolution [19] is a population-based stochastic
search metaheuristic based on evolutionary concepts. One
of its main advantages is that it has few control parame-
ters, which makes the algorithm easy to configure to obtain
acceptable performance. Over the years, the research com-
munity has been using and improving DE to successfully
solve many kinds of hard-to-solve optimization problems
[12, 13, 16, 18, 20, 55–64].

Algorithm 1 Pseudo-code of Differential Evolution
1: procedure DifferentialEvolution(N , F , CR)
2: for each i ∈ {1, . . . ,N} do
3: xi ← initialize() ▷ randomly init. in problem bounds
4: Fxi

← f(xi)
5: end for
6: while stopping criterion is not satisfied do
7: for each i ∈ {1, . . . ,N} do
8: vi ←mutation({x1,⋯,xN}, F ) ▷ see Eq. (1-3)
9: ui ← crossover(vi,xi,CR) ▷ see Eq. (4)

10: Fui
← f(ui)

11: if Fui
< Fxi

then ▷ assuming minimization
12: xi ← ui

13: Fxi
← Fui

14: end if
15: end for
16: end while
17: end procedure

The pseudo-code of the basic DE is presented in Algo-
rithm 1. At the beginning of the algorithm, a population of N
solutions (i.e., vectors of D decision variables) is randomly
initialized inside the problem bounds (line 3) and evaluated
using the fitness function f() specific for the problem at
hand (line 4). Then, the algorithm performs an iterative evo-
lutionary process, where each iteration is a generation con-
sisting of: mutation (line 8), crossover (line 9), evaluation
(line 10) and selection (line 11). This iterative process is
continued until a stopping criterion (usually set on the max-
imum number of generations, or the maximum number of
function evaluations) is satisfied.

As it can be noticed in the pseudo-code, the crossover
operation is applied after mutation. This makes the mutation
strategy, in a certain sense, the main search operator in DE:
in fact, mutation defines the way solutions are selected from
the population and combined to direct the search. Thus, most
of the research on DE has focused on improving this oper-
ator [60, 65–67]. The various existing DE configurations,
differing on the kind of mutation and crossover strategy, are
usually indicated using the so-called DE base/num/cross
notation. The first element, base, indicates the parent vector,
which can be either a random or a specific solution from the
current population, for instance the best one. The second el-
ement, num, indicates the number of difference vectors that
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are added to the base vector, generating a donor vector. Fi-
nally, the type of crossover that combines the base and donor
vectors to generate the trial solution (i.e., the new solution
to be evaluated) is identified by cross. Using the base/num
notation (omitting the crossover strategy cross), some of the
most common mutation strategies in DE are:

1. rand/1

vi = xr1 + F × (xr2 − xr3) (1)

2. best/2

vi = xbest + F × (xr1 − xr2) + F × (xr3 − xr4) (2)

3. rand/2

vi = xr1 + F × (xr2 − xr3) + F × (xr4 − xr5) (3)

where vi is the donor vector being generated, xr1, xr2, xr3,
xr4, and xr5 are five distinct solutions randomly chosen
from the current population, xbest is the best solution in
the population, and F ∈ [0,2] (usually less than 1.0), is the
so-called scale factor.

After mutation generates the donor vector, the crossover
operator is applied to further refine the search. Such operator
combines every i-th solution xi in the population with the
corresponding newly generated donor vector, vi, to generate
the trial solution, ui. The most common crossover operator
is the binomial crossover (usually abbreviated as bin), which
works as follows:

ui,j =
⎧⎪⎪⎨⎪⎪⎩

vi,j , if rand(0,1) ≤ CR or j = jrand
xi,j , otherwise

(4)

where j = 1, . . . ,D is the index of each variable, rand(0,1)
is a random number sampled from a uniform distribution in
[0,1], the crossover rate CR ∈ [0,1] is a parameter which
controls the fraction of variables copied from the donor vec-
tor, and jrand is an index randomly chosen from the set
{1, . . . ,D}. Applying this crossover with the rand/1 muta-
tion leads to the well-known DE rand/1/bin, but as said sev-
eral other combinations have been proposed and more can
be obtained by combining mutation/crossover strategies.

Finally, the selection step selects the best solution (in
terms of fitness value) between xi and ui, keeping the same
population size. Therefore, since DE does not accept solu-
tions with worse fitness values, it can be considered a sort of
(parallel) hill-climbing method.

2.2 UPGMC

Clustering [51] is a process that organizes a dataset into
a (not necessarily predefined) number of groups (clusters),
such that data samples within a cluster are more similar to
each other than samples belonging to different clusters, w.r.t.

a pre-defined distance/similarity measure. To achieve such
organization, clustering methods usually minimize a given
loss function in an iterative process, which is continued until
a stopping criterion is met, e.g. a check on the convergence
(when a better clustering cannot be found after a given num-
ber of iterations), or simply until all samples are grouped.
Clustering is a well-known technique for discovering the in-
herent structure in any given dataset, and as such it is largely
used in statistics and machine learning.

In a cluster, the centroid is usually calculated as the mean
of the samples of that cluster. More specifically, given a clus-
ter C = {x1, . . . ,xc}, where c is the number of samples in
the cluster, each j-th coordinate of the corresponding cen-
troid Cc is given by:

Cc,j =
1

c

c

∑
i=1

xi,j (5)

where j = 1, . . . ,D is the index of the corresponding vari-
able of the samples.

As discussed earlier, cluster centroids are at the basis of
the mutation strategies proposed in this work. Here, cluster-
ing is performed by means of UPGMC [54]. This method
works by grouping the most similar samples, as well as any
previously formed groups, and replacing all samples in ev-
ery new group with the group’s unweighted centroid (i.e.,
the center of mass), thus ignoring any internal structural sub-
division. The most similar samples have the smallest dis-
tance among them. On the other hand, to calculate the dis-
tance d() between a cluster formed by two existing clusters,
Ci and Cj , to another existing cluster Ck, the method uses
the following recursive formula:

d(Ck,Ci ∪Cj) = ni

ni+nj
d(Ck,Ci) + nj

ni+nj
d(Ck,Cj)+

− ninj

(ni+nj)2 d(Ci,Cj)
(6)

where ni, nj , and nk are the number of samples in Ci, Cj ,
and Ck, respectively. When a sample is added to a cluster,
the new centroid is calculated as the mean of the samples in
that cluster, according to Eq. (5). After clustering all sam-
ples, a cut in the clustering tree is done by traversing it
in a top-down manner until finding the desired number of
branches (k). Then, all samples below each cut are assigned
to a single cluster1.

Clustering methods have been employed in metaheuris-
tics [69] to detect if there is a concentration of solutions in
a few regions (thus resulting in redundant search, premature
or early convergence) and, if needed, run e.g. a local search
or restart the algorithm. In this work, clustering is employed
instead to guide the search performed by the metaheuristic
to generate more solutions in the promising regions of the
search space, as we discuss below.

1 For more details on the UPGMC method, we refer the interested
reader to [68]
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3 The proposed cluster-centroid-based mutation
strategies

In order to use the information extracted from clustering to
guide the search towards the more promising regions of the
search space, we extend the mutation strategies presented
in Section 2.1 by incorporating centroids calculated by UP-
GMC. This extension results in the following cluster-centroid-
based mutation strategies:

st1: rand-centroid/1

vi =Crand + F × (xr1 − xr2) (7)

st2: rand-to-random-centroids/2

vi = xr1 + F × (Cr2 − xr2) + F × (Cr3 − xr3) (8)

st3: rand-to-best-and-random-centroid/1

vi = xr1 + F × (xbest −Crand) (9)

st4: best-to-random-centroid/1

vi = xbest + F × (Cr1 − xr2) (10)

st5: rand-to-best-centroid/1

vi = xr1 + F × (Cbest − xr2) (11)

st6: best-centroid/1

vi =Cbest + F × (xr1 − xr2) (12)

st7: local-to-best-centroid/2

vi = xi + F × (Cbest − xi) + F × (xr1 − xr2) (13)

st8: local-to-best-centroid-random-centroids/2

vi = xi + F × (Cbest − xi) + F × (Cr1 −Cr2) (14)

where: xi is the i-th solution in the population; Crand is the
centroid of a randomly selected cluster; Cri indicates the
centroid of the cluster where a randomly selected solution
xri (i ∈ {1,2,3}) is located; Cbest indicates the centroid of
the cluster where xbest (the best solution in the population)
is located. In all the strategies above, clusters are obtained
by means of UPGMC (performed at every generation of DE)
and centroids are calculated according to Eq. (5).

An illustrative example on how to obtain the components
necessary for the proposed cluster-centroid-based mutation
strategies can be seen in Figure 1. The figure shows three
clusters (obtained by means of UPGMC), with their corre-
sponding centroids, represented by red diamonds indicated
by C1, C2 and C3 respectively. Crand is the centroid of a
randomly selected cluster; in the figure, we assume Crand

to be set to C3. In order to choose Cri, first xri is randomly
selected from the current population. E.g. if xr1 is selected,
Cr1 is the cluster in which xr1 is located, which is cluster 3

in the example. Thus Cr1 is set to C3. The same procedure
is applied to xr2 and xr3 to obtain, respectively, Cr2 (that in
the example is equal to C3) and Cr3 (that in the example is
equal to C2). Once all these components have been identi-
fied, it is possible to apply one of the eight cluster-centroid-
based strategies defined above in Eq. (7-14). If xbest and
Cbest are needed (not shown in the figure), it is necessary
to identify also the best solution in the population and the
centroid of the cluster where it is located.

Cluster 3

Cluster 2

Cluster 1

C2 = Cr3

C1 C3 = Crand = Cr1 = Cr2

xr3

xr2

xr1

Fig. 1 Example representation on how to obtain cluster centroids (C)
and solutions (x) for the proposed cluster-centroid-based mutation
strategies, after applying the UPGMC clustering method (see the text
for details).

Of note, two of the proposed strategies, rand-centroid/1
and best-centroid/1, use a cluster centroid as the base vec-
tor, that is, they act as a local search around the selected
centroid. This implies that if the centroid moves in small
steps these strategies can get stuck easily. Furthermore, if
the number of cluster centroids is small, they can result in
low exploration and possibly premature convergence. On the
other hand, a higher number of clusters may improve the
performance. However, the cluster centroids are not guaran-
teed to be positioned in high-quality coordinates, even if the
solutions in the cluster are good. The results presented in the
next section allow, among the other things, the verification
of these assumptions.

Another issue that must be noted is that, by using cluster
centroids instead of actual solutions as base vectors, there
is a loss of the information available in the single solutions.
On the other hand, one may say that there is instead an ag-
gregation of all the information available in a cluster into
a single vector (i.e., the centroid). Notably, a similar idea
is employed in Estimation of Distribution Algorithms [70,
71] (EDAs) and the so-called “compact” optimization algo-
rithms [72, 73], which in some cases use Gaussian distribu-
tions to model the population and sample new solutions. In
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our implementation, we suppose that cluster centroids can
be used to identify promising regions of the search space,
while the other difference vectors in the mutation strategy
facilitate exploitation. The intuition behind this idea is that
if such aggregated vectors are well-located into a promising
region (which however, as we said earlier, might not always
be the case), then the algorithm may be able to perform an
efficient exploration, although without any guarantee on the
fact that such region contains the global optimum. Neverthe-
less, while a cluster-centroid-based strategy may be useful
to guide the search to promising regions, it may not be able
to refine the solutions to the desired precision. This means
that a local search method could be necessary to improve
the algorithm performance. To this end, the other difference
vectors based on single solutions are used in the proposed
cluster-centroid-based mutation strategies.

As a final note, it is important to state that here we per-
form clustering in the genotype, rather than fitness, space.
Therefore, solutions are clustered according to their vari-
ables only, meaning that a cluster may contain both high-
quality and low-quality solutions in terms of fitness.

4 Computational experiments

To assess the performance of the proposed cluster-centroid-
based mutations, we performed two separate experiments.
The first experiment considered 13 box-constrained bench-
mark functions with different characteristics, taken from [74].
The second experiment was performed on the full BBOB
benchmark available in the COCO framework (v15.03), used
at the BBOB-2015 competition2. Of note, the experimenta-
tion is designed in such a way that the first experiment in-
cludes somehow simpler benchmark functions (e.g., without
any shift on the optimum or rotational transformations), but
it allows a direct comparison with the results obtained with
other cluster-centroid-based DE variants reported in the lit-
erature. On the other hand, the second experiment includes
the much harder BBOB benchmark functions, and it allows
a direct comparison with some of the metaheuristics which
are currently at the state-of-the-art in continuous global op-
timization. More details on this aspect are discussed below.

4.1 Experiment one

In the following, we first present the benchmark functions
and the algorithm configurations used in the first experi-
ment, and then we discuss the results.

2 http://coco.gforge.inria.fr/doku.php?id=bbob-2015-downloads

4.1.1 Test benchmark functions

The definitions of the test problems are presented in Table
1. More details of the functions, which represent minimiza-
tion problems, can be found in [74]. We should note that the
whole set presented in [74] contains 23 functions, but for
this work we selected only those that can be scaled to any
dimensionality, thus ignoring the fixed-dimensional prob-
lems. Furthermore, these functions were selected also be-
cause they were employed in related works [52, 53], which
as said earlier allows a direct comparison with the results
presented in the literature. Of note, among the 13 selected
functions the first five are unimodal, while the remaining
ones are multimodal. Except f8, whose optimum is fopt ≈
−418.983×D, the optimum of all the other functions is zero.
Furthermore, the optimal solution corresponds to the center
of the search space xopt = (0, . . . ,0) for all functions ex-
cept f5, f12 and f13, for which xopt = (1, . . . ,1), and f8, for
which xopt ≈ (420.9687, . . . ,420.9687). The fact that most
of these functions are characterized by a search space sym-
metrical to the optimum makes these problems somehow
less challenging from an optimization perspective, but on
the other hand this allows us to reason on any possible bias
that the cluster-centroid-based mutation might have towards
the center of the search space. This is why, in the second ex-
periment, we consider instead the more complex functions
from the BBOB benchmark, which all have shifted optima
and as such are less prone to potentially biased search logics
that make use of cluster centroid information. We will come
back to this aspect later.

4.1.2 Configurations of the proposed
cluster-centroid-based DE

The parameter settings of the DE algorithm and the clus-
tering methods are reported in Table 2 and 3 respectively.
With reference to Table 2, we considered three different DE
configurations, selected to provide valuable clues on the per-
formance of the cluster-centroid-based mutation strategies
in three different regimes of exploration/exploitation bal-
ances [63]. In particular, Configuration 1 is intended to bal-
ance exploration and exploitation, increasing DE’s capabil-
ity of escaping from local optima. As for Configuration 2,
it is known that a large CR value makes the search more
exploitative, possibly resulting in a premature convergence
[75–77]. This problem is less present when the base vec-
tor is dynamic, such as in the rand/1 strategy. On the other
hand, when using either xbest or Cbest as the base vector,
it is reasonable to expect stagnation, as a single solution is a
reference for all mutation; thus, this would be a good strat-
egy for a local search. Finally, Configuration 3 is intended
to be more explorative, thus without the fast stagnation that
happens whenever a high CR is used.
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Table 1 Experiment one: Benchmark functions.

Function Definition Bounds

f1(x) = ∑D
i=1 x

2
i [−100, 100]D

f2(x) = ∑D
i=1 ∣xi∣ +∏D

i=1 ∣xi∣ [−10, 10]D
f3(x) = ∑D

i=1(∑i
j=1 xj)2 [−100, 100]D

f4(x) =maxi{∣xi∣,1 ≤ i ≤ D} [−100, 100]D
f5(x) = ∑D−1

i=1 [100(xi+1 − x2
i )2 + (xi − 1)2] [−30, 30]D

f6(x) = ∑D
i=1(⌊xi + 0.5⌋)2 [−100, 100]D

f7(x) = ∑D
i=1 ix

4
i +U(0,1) [−1.28, 1.28]D

f8(x) = ∑D
i=1 −xi sin(

√
∣xi∣) [−500, 500]D

f9(x) = ∑D
i=1[x2

i − 10 cos(2πxi) + 10] [−5.12, 5.12]D

f10(x) = −20 exp(−0.2
√

D−1∑D
i=1 x

2
i ) − exp(

1
D ∑

D
i=1 cos 2πxi) + 20 + e [−32, 32]D

f11(x) = (1/4000)∑D
i=1 x

2
i −∏D

i=1 cos (xi/
√
i) + 1 [−600, 600]D

f12(x) =
π

D
{10 sin2(πy1) +

D−1
∑
i=1
(yi − 1)2[1 + 10 sin2(πyi+1)] + (yD − 1)2} +

D

∑
i=1

u(xi,10,100,4)

where ∶ yi = 1 + (xi + 1)/4, u(xi, a, k,m) =
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

k(xi − a)m, xi > a,
0, −a ≤ xi ≤ a,
k(−xi − a)m, xi < −a,

[−50, 50]D

f13(x) = {sin2(3πx1) +∑D−1
i=1 (xi − 1)2[1 + sin2(3πxi+1)]} /10 + (xD − 1)[1 + sin2(2πxD)]/10 +∑D

i=1 u(xi,5,100,4) [−50, 50]D

Table 2 Experiment one: DE settings.

Parameter Configuration 1 Configuration 2 Configuration 3

Scale factor F = 0.5 F = 0.5 F = 0.9
Crossover rate CR = 0.5 CR = 0.9 CR = 0.5

Table 3 Experiment one: Clustering settings.

Parameter Value

Algorithm UPGMC
Distance measure Euclidean

k (clusters) k = 2, 5, 10
Update Every DE generation
Noise 1e-10

As for the clustering settings, shown in Table 3, we used
the UPGMC method, based on the Euclidean distance (that
is, the same measure employed by the related methods used
in the comparison). However, it should be noted that other
clustering methods and distance measures, possibly more
efficient than UPGMC with Euclidean distance, could be
used. We will leave this aspect for future investigations. We
considered three different number of clusters, namely k =
2, 5, 10, and updated the clusters at every DE generation.
Finally, the noise parameter was introduced to avoid that
clustering failed because of the impossibility to find the de-
sired number of clusters, e.g. due to duplicate solutions in
the current population (which may happen especially when
the algorithm converges). To overcome this problem without
affecting the results, before performing clustering we added
a uniform noise to the solutions, as follows:

xi,jrand
= xi,jrand

+ rand(−noise, noise) (15)

where i = 1, . . . ,N , jrand is an index randomly chosen from
the set {1, . . . ,D}, and rand(−noise, noise) is a random
number sampled uniformly in [−noise, noise]. In our ex-
periments we used an arbitrary small value noise = 1e − 10
to ensure that the solutions are actually different and al-
low clustering. It should be noted that while this process
slightly jitters the solutions, it preserves their distribution in
the search space. Furthermore, we should remark that this
additional noise is not used during the solution evaluation
phase, and as such it does not affect the search process and
its exploration/exploitation capabilities.

As for the maximum number of function evaluations (in
the following, referred to as NFEs), we set it as in [52, 53],
to allow a fair comparison. Specifically, NFEs = 150,000
were used for f1, f6, f10, f12, and f13; NFEs = 500,000
for f3, f4, and f9; NFEs = 200,000 for f2 and f11; NFEs =
2,000,000 for f5; and NFEs = 900,000 for f8. All the prob-
lems were executed with D = 30 dimensions, with popu-
lation size N = 100. The number of independent runs per
problem/algorithmic configuration was 30.

4.1.3 Experimental analysis

The goal of the first experiment is to evaluate the perfor-
mance of the proposed cluster-centroid-based mutation strate-
gies versus: 1) the basic DE; 2) other cluster-centroid-based
DE variants and 3) other metaheuristics from the literature.

Comparison with the basic DE This comparison aims at
verifying if by introducing cluster centroid information in
the mutation strategies leads to a performance improvement
w.r.t. the basic DE, and then ranking the mutation strategies
accordingly. Furthermore, we also assess the influence of k
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on the search conducted by the proposed cluster-centroid-
based mutation strategies. For this experiment, we ran DE
with the traditional rand/1 mutation strategy and the eight
proposed cluster-centroid-based mutation strategies described
in Section 3, all of them using the binomial crossover. see
Eq. (4).

Figure 2 presents a multivariate plot comparing the er-
ror (w.r.t. the optimum), mean ±95% confidence interval
across 30 independent runs, log-scale, obtained by all the
nine strategies under comparison on the 13 selected bench-
mark functions, varying the number of clusters k and the
DE configuration (i.e., the three settings listed in Table 2).
The detailed results (in terms of best fitness values, mean
and standard deviation across 30 independent runs), are pro-
vided in Tables 11-13 reported in the Appendix.

Let us consider first the comparison between the pro-
posed cluster-centroid-based mutations and rand/1. With ref-
erence to the mean rank through the benchmark functions
(see the last row in Tables 11-13, the lower the better), it can
be noted that for Configuration 1 the best strategy was st5,
followed by st4, while the last one was st8. For Configura-
tion 2, there was a tie with rand/1 and st2 at the first place,
followed by st5, while the last was, again, st8. With Con-
figuration 3, the best strategy was st3, followed by st7, with
rand/1 and st8 being the worst-performing strategies.

Another observation is that, compared to the cluster-centroid-
based mutations, rand/1 worked overall better on f8 and f9.
More specifically, considering f8, rand/1 worked especially
well with Configuration 1 and 2, while the only proposed
strategies on par with (or slightly outperforming) it were
st4 and st5 with k = 10 and Configuration 1. Concerning
f9, the only proposed strategy that was able to outperform
rand/1 was st1 with k = 5 and Configuration 1. This obser-
vation is particularly important as it may indicate a potential
bias of some (but not all) of the proposed cluster-centroid-
based mutation strategies w.r.t. rand/1: considering in par-
ticular the case of f8, as discussed earlier this function has
its optimum shifted w.r.t. the center of the search space, dif-
ferently from most of the other benchmark functions listed
in Table 1, which have their optimum in zero. The lower
performance of most cluster-centroid-based mutation strate-
gies w.r.t. rand/1 on f8 might then be due to the fact that
cluster centroid information might be more beneficial when
the search space is symmetrical w.r.t. the optimum, i.e., the
optimum is in the center of the search space. However, we
should note that also f5, f12 and f13 have their optimum
shifted w.r.t. the center of the search space, yet the perfor-
mance of rand/1 appears in these cases overall inferior to
that of the proposed cluster-centroid-based mutation strate-
gies. On the contrary, f9 does have its optimum in zero, yet
rand/1 appears overall superior on it. All in all, it seems that
in general cluster-centroid-based mutation strategies tend to
work better than rand/1 especially (but, not only) when the

optimum is in the center of the search space, although there
are other properties of the fitness landscape that also affect
the effectiveness of using cluster centroid information. As
we will see in the second experiment, on the BBOB bench-
mark, this potential bias does not impede though the pro-
posed cluster-centroid-based mutation strategies to perform
well also on more complex problems, especially at low di-
mensionalities, even w.r.t. state-of-the-art techniques.

Let us now analyze Figure 2 w.r.t. the number of clus-
ters k. Overall, a reduction of the mean error is observed
in most cases as k increases. It is interesting to notice that
such behavior is present mainly when using Configuration
1. Considering e.g. st1, a consistent performance improve-
ment while increasing k was found on f1, f2, f4, f7, f8,
and f10 to f13, making it the strategy that better used the
knowledge provided by the clusters. Other strategies also
largely benefited from having more clusters, with different
DE configurations: for instance st2 (see f1, f2, f4, f10, f12,
and f13) and st4 (see f8 and f12). Moreover, strategies st3,
and st6-st8 also obtained better performance with more clus-
ters, although this is not clearly visible in the plot because
of the log-scale3. The opposite behavior, that is a perfor-
mance drop when k increases, also occurred, being clearly
visible for strategies st3 to st7 when using Configuration 3.
Nevertheless, for some problems, i.e., f1, f4, and f5, this
configuration showed the best overall performance across all
configurations and strategies.

The main conclusions of this first analysis can then be
summarized as follows: 1) using the difference between two
cluster centroids negatively affects the search (st8); 2) us-
ing the cluster centroid corresponding to the best solution in
the population to calculate the difference vector positively
affects the search (st5 and st7); 3) for Configuration 3, the
larger the number of clusters, the worse the performance.

Comparison with other cluster-centroid-based DE variants
The previous comparison showed that cluster centroid infor-
mation can improve the search when compared with the tra-
ditional rand/1 mutation strategy. Hence, this second analy-
sis compares the performance of the proposed cluster-centroid-
based mutation strategies with other methods from the lit-
erature that also employ clustering to improve DE, i.e., C-
DE [52] and W-CDE [53]. The results of this comparison
are given in Table 4, where the “Summary” column shows
the lowest mean error corresponding to the best fitness val-
ues reported in Tables 11-13, i.e., the best result for each
problem found across the various combinations of cluster-
centroid-based strategy, number of clusters, and DE config-
uration. This comparison is meant to verify if the overall best
solutions found in this work are better than the solutions ob-
tained by the existing cluster-centroid-based methods, given

3 These improvements can be seen in more detail by looking at Ta-
bles 11-13.
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Fig. 2 Experiment one: Error (mean ±95% confidence interval across 30 independent runs, log-scale) obtained with rand/1 and st1 to st8, varying
both the number of clusters k and the DE configuration (see Table 2).
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that, as seen earlier, the quality of the results found in our
work depends on the mutation strategy, the numbers of clus-
ters, and the DE configuration. Then, for a more direct com-
parison we selected for each of the three configurations the
best mutation strategy, and the intermediate number of clus-
ters (k = 5). For the ranking process, mean errors below
1e-06 were converted to 0 in order to obtain a fair compari-
son with the results published in [53], while duplicate values
were assigned the same rank.

From the table it can be observed that, even with the
drawbacks identified in the strategies proposed in this work
(see Section 3), it is possible to achieve results competitive
with those of the other cluster-centroid-based DE variants
from the literature. On the other hand, it is also important
to remember that our approaches are based on the basic DE,
with the addition of cluster centroid information in the mu-
tation strategies, whereas the compared methods are even
more improved versions of DE. Regarding the mean error,
the best method was Configuration 3 st3. We also provide
the median error, which shows that the best method was C-
DE, followed by Configuration 1 st5. The last row has the
mean rank, which shows that the two best methods were C-
DE and Configuration 3 st3. Finally, we applied the mul-
tiple comparison Friedman test suggested in [78] to check
if there is any difference among the methods, followed by
the Nemenyi post hoc test to rank the methods if a signif-
icant difference is detected. For the analysis, we employed
a significance level α = 0.05. The p-value calculated by the
Friedman test was 0.9583, thus, higher than α, suggesting
no significant differences among the compared methods.

Comparison with other metaheuristics After having veri-
fied that the proposed cluster-centroid-based mutations im-
prove, in general, on the traditional rand/1 DE mutation strat-
egy, and show competitive results w.r.t. previous cluster-centroid-
based DE algorithms proposed in the literature, we conclude
the analysis on the first experiment with a comparison of the
proposed algorithm with some of the most successful meth-
ods from the literature.

Table 5 indicates that the results obtained by our best
ranked approach (according to Table 4, Configuration 3 st3)
are competitive with those of other DE-based approaches
(namely: SaDE [79], DEahcSPX [80], and ODE [34]) and
generally better than those obtained with Evolutionary Pro-
gramming (in its “classical” and “fast” variants, respectively
indicated as CEP and FEP, both from [81]), Particle Swarm
Optimization (PSO) [82], two variants of Bacterial Forag-
ing Algorithm (namely the original one, indicated as BFA,
and its fast version, FBSA, both from [83]), Biogeography
Based Optimization (BBO) [84], and two versions of Artifi-
cial Bee Colony (ABC and GABC), both taken from [85]. It
should be remarked that the results shown in the table were

taken from the original papers, to reduce any reproducibility
issue, and were obtained with the same NFEs.

Concerning the mean error, the best method was SaDE,
a DE variant with self-adaptation of the parameters, which
was the best on 5 out of 13 functions, followed by our ap-
proach (Configuration 3 st3), which was the best on 4 func-
tions, while the worst method was PSO. The p-value cal-
culated by the Friedman test was 2.566e-10 (lower than α),
meaning that there are significant differences among the com-
pared methods. Therefore, we performed the Nemenyi post
hoc test to calculate the pairwise comparisons, whose results
are shown in Table 6. Taking our approach as the baseline,
significant differences were detected for 3 out of 11 meth-
ods: CEP, BFA, and PSO. Of note, SaDE outperformed the
same methods, as well as BBO.

4.2 Experiment two

In the following, we present the benchmark functions and
the configurations of the algorithms used in the second ex-
periment, and we discuss the results.

4.2.1 Test benchmark functions

For this experiment, we used the 24 benchmark functions
available in the BBOB noiseless testbed, whose definitions
can be found in [86]. These functions are separated into five
groups: separable functions (f1 − f5); functions with low or
moderate conditioning (f6 − f9); functions with high condi-
tioning and unimodal (f10−f14); multimodal functions with
adequate global structure (f15 − f19); multimodal functions
with weak global structure (f20 − f24). The experiment was
performed according to the BBOB-2015 competition rules,
i.e., setting the maximum NFEs to 10,000 ×D (expensive
scenario) for each run, and solving the problems in 2, 3, 5,
10, and 20 dimensions for a total of 15 independent runs per
problem/problem size and algorithmic configuration.

4.2.2 Configurations of the proposed
cluster-centroid-based DE

Similarly to the first experiment, we used UPGMC with Eu-
clidean distance as clustering method, updating the clus-
ters at every DE generation, and applying a noise of 1e −
10. Concerning the cluster-centroid-based mutation strate-
gies, in this case we considered only the two strategies that
achieved the best results in the first experiment, namely st3
and st5. Considering also the other DE and clustering set-
tings, we then performed an exhaustive parameter search of
a total of 72 possible parameter configurations, i.e., com-
binations of scale factor F , crossover rate CR, number of
clusters k, population size N and mutation strategies. The
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Table 4 Experiment one: Error (mean and standard deviation across 30 independent runs) of three selected combinations of DE configurations
(see Table 2) and mutation strategy, with k = 5, vs. C-DE and W-CDE. The “Summary” columns shows the lowest mean error obtained by any
configuration for each problem, corresponding to the fitness values reported in Tables 11-13 (ignoring rand/1). The boldface indicates the lowest
error for each problem.

Fun Summary Configuration 1 st5 Configuration 2 st2 Configuration 3 st3 C-DE [52] W-CDE [53]

f1 1.3510e-52 2.4660e-33 1.0730e-26 8.3150e-41 2.3500e-30 1.0000e-06
(2.59e-52) (1.58e-33) (1.19e-26) (1.06e-40) (2.46e-30) (2.00e-06)

f2 2.2200e-40 1.2380e-26 5.2860e-19 1.9440e-31 4.3700e-22 0.0000e+00
(5.06e-40) (4.90e-27) (3.39e-19) (2.38e-31) (2.38e-22) (0.00e+00)

f3 2.6830e-24 5.7180e+00 2.6610e-21 2.7140e-03 1.1800e-24 1.1000e-05
(6.41e-24) (4.07e+00) (3.10e-21) (2.96e-03) (2.72e-24) (1.40e-05)

f4 2.1350e-28 6.3030e-20 2.2410e-17 1.7430e-22 1.6200e+00 7.5000e-05
(4.60e-28) (9.19e-20) (6.04e-17) (2.62e-22) (1.19e+00) (7.50e-05)

f5 2.8530e-30 5.9970e-30 4.4420e-01 2.3920e-01 3.2500e-27 1.8300e+00
(1.27e-29) (1.18e-29) (1.23e+00) (9.56e-01) (1.52e-26) (6.83e+00)

f6 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00
(0.00e+00) (0.00e+00) (0.00e+00) (0.00e+00) (0.00e+00) (0.00e+00)

f7 6.1480e-04 3.2260e-03 3.1200e-03 2.5700e-03 1.9700e-03 4.6000e-04
(2.54e-04) (1.54e-03) (1.23e-03) (9.30e-04) (6.49e-04) (3.60e-04)

f8 1.8190e-12 4.4950e+02 6.8930e+03 8.9490e+01 5.6600e+03 1.2500e+03
(7.35e-13) (1.19e+03) (4.24e+02) (1.20e+02) (9.21e+02) (5.03e+02)

f9 1.7450e-05 8.6710e+01 1.5010e+02 3.8650e+01 5.5500e+01 1.8000e-05
(7.22e-05) (7.98e+00) (9.20e+00) (2.63e+01) (2.45e+01) (2.30e-05)

f10 4.7780e-15 5.3470e-15 2.6590e-14 4.7780e-15 3.7200e-15 4.7000e-05
(1.49e-15) (1.74e-15) (1.22e-14) (1.49e-15) (1.17e-15) (4.50e-05)

f11 0.0000e+00 0.0000e+00 0.0000e+00 2.1680e-03 0.0000e+00 0.0000e+00
(0.00e+00) (0.00e+00) (0.00e+00) (4.79e-03) (0.00e+00) (0.00e+00)

f12 1.5710e-32 1.5710e-32 2.6030e-28 1.6710e-32 2.4700e-32 0.0000e+00
(0.00e+00) (0.00e+00) (2.52e-28) (7.12e-33) (2.31e-32) (0.00e+00)

f13 2.4790e-05 9.5550e-04 6.3100e-04 8.1350e-03 7.8300e-27 0.0000e+00
(1.75e-04) (6.27e-04) (7.34e-04) (2.95e-02) (3.89e-26) (0.00e+00)

Mean Error - 41.687 541.811 9.877 439.779 96.295
Median Error - 6.30e-20 2.24e-17 2.17e-03 1.18e-24 1.10e-05
Mean Rank - 3.077 3.154 3.0 2.692 3.077

parameter values considered in this search are shown in Ta-
ble 74.

Consequently, we selected the best four CDE configu-
rations in terms of aggregated results (considering all the
BBOB functions in five dimensionalities) and the two con-
figurations that achieved the closest performance curve (in
terms of bootstrapped empirical cumulative distribution, see
Figure 3) to the reference algorithm in COCO, namely Best
2009 (obtained aggregating the best results from the BBOB-
2009 competition). While the former are the overall top-
performer configurations, the latter is able to achieve better
results only when a lower NFEs is considered. These se-
lected configurations are shown in Table 8.

It can be noticed that, apart from CDE-Conf-10, all the
selected configurations are strongly exploitative, especially
considering CR set to 0.9. Furthermore, all the configu-
rations are characterized by small population sizes (up to
N = 50, being the maximum possible value N = 200). Since

4 In Table 7 and in the rest of the text, we use the acronym “CDE”
to indicate our cluster-centroid-based DE, that should not be confused
with the C-DE algorithm proposed by Cai et al. [52].

these settings are likely to lead to a fast loss of population
diversity, we added a simple restart mechanism that gener-
ates a new random population (without elitism) whenever
the current population fitness variance is less than an empir-
ically chosen threshold of 1e-16.

4.2.3 Experimental analysis

The goal of the second experiment is to investigate how
the proposed cluster-centroid-based DE algorithm, config-
ured with the six settings reported in Table 7, performs on
a harder benchmark, i.e., the BBOB testbed, in comparison
with the state-of-the-art algorithms that have been tested so
far on the same benchmark. For this comparison, we consid-
ered the best algorithms that participated in the BBOB-2015
competition, namely:
1. The multivariate Brent STEP method and many of its

variants (Sif, Sifeg, BSifeg, Srr, BSrr, and BSqi) [87];
2. IPOP-CMA-ES, i.e., Covariance Matrix Adaptation Evo-

lution Strategy (CMA-ES) with two step-size adaptation
mechanisms (CMA-MSR and CMA-TPA) and Cumula-
tive Step-size Adaptation (CMA-CSA) [88];
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Table 5 Experiment one: Error (mean and standard deviation across 30 independent runs) of the best ranked configuration from Table 4 (Configu-
ration 3 st3) vs 11 metaheuristics from the literature. “NA” means “Not Available” (replaced by +Inf to calculate the ranks). The boldface indicates
the lowest error for each problem.

Fun Configuration 3 st3 FEP [81] CEP [81] SaDE [79]

f1 8.315e-41(1.058e-40) 5.7e-04(1.3e-04) 2.2e-04(5.9e-04) 1.48e-18(9.28e-19)
f2 1.944e-31(2.384e-31) 8.1e-03(7.7e-04) 2.6e-03(1.7e-04) 3.16e-15(1.34e-15)
f3 2.714e-03(2.956e-03) 1.6e-02(1.4e-02) 5.0e-02(6.6e-02) 4.02e-20(4.89e-20)
f4 1.743e-22(2.623e-22) 3.0e-01(5.0e-01) 2.00e+00(1.2e+00) 8.01e-10(3.49e-10)
f5 2.392e-01(9.564e-01) 5.06e+00(5.87e+00) 6.17e+00(1.36e+01) 7.97e-02(5.64e-01)
f6 0.00e+00(0.00e+00) 0e+00(0e+00) 5.78e+02 (1.13e+03) 0e+00(0e+00)
f7 2.57e-03(9.3e-04) 7.6e-03(2.6e-03) 1.8e-02(6.4e-03) 6.21e-03(1.42e-03)
f8 8.949e+01(1.203e+02) 1.45e+01(52.6) 4.6519e+03(634.5) 0e+00(0e+00)
f9 3.865e+01(2.628e+01) 4.6e-02(1.6e-02) 8.90e+01 (2.31e+01) 0e+00(0e+00)
f10 4.778e-15(1.487e-15) 1.8e-02(2.1e-03) 9.2e+00(2.8e+00) 3.08e-10(8.70e-11)
f11 2.168e-03(4.788e-03) 1.6e-02(2.2e-02) 8.6e-02(12e-01) 0e+00(0e+00)
f12 1.671e-32(7.119e-33) 9.2e-06(3.6e-06) 1.76e+00(2.4e+00) 4.48e-20(3.10e-20)
f13 8.135e-03(2.95e-02) 1.6e-04(7.3e-05) 1.4e+00(3.7e+00) 4.83e-18(3.96e-18)

Mean Rank 3.769 6.615 8.923 3.192
Fun DEahcSPX [80] ODE [34] BFA [83] PSO [82]

f1 6.82e-18(2.68e-18) 5.61e-24(5.24e-24) 7.8e-03(1e-03) 7.35e+00(1.95e+00)
f2 2.59e-14(6.34e-15) 6.73e-13(2.17e-13) 4.72e-01(5.28e-02) 3.04e-01(1.87e-01)
f3 2.65e-12(1.57e-12) 2.95e-08(2.19e-08) 3.00e-03(4.80e-03) 1.67e+03(4.69e+02)
f4 2.19e-08(5.17e-09) 2.08e-37(2.77e-37) 2.80e-01(1.24e-02) 6.67e+01(1.56e+01)
f5 3.69e-22(8.56e-22) 2.37e+01(1.50e+00) 6.33e+01(4.24e+01) 9.89e+02(6.40e+02)
f6 3.24e+04(1.13e+03) 2.48e+04(8.83e+02) 3.86e+01(3.12e+00) 1.15e+01(3.15e+00)
f7 5.84e-03(1.54e-03) 2.04e-03(6.04e-04) 1.16e-01(3.85e-02) 3.0e+01(1.34e-02)
f8 0e+00(0e+00) 0e+00(0e+00) 4.12e+03(6.55e+02) 2.01e+03(3.86e+02)
f9 2.56e+05(6.29e+03) 2.32e+05(1.17e+04) 1.49e+02(6.63e+00) 5.29e+01(1.08e+01)
f10 7.16e-10(1.74e-10) 9.50e-13(3.34e-13) 4.70(8.21e-01) 1.54e+00(1.02e+00)
f11 1.45e+05(3.28e+03) 1.20e+05(6.81e+03) 5.74e-02(7.30e-03) 9.92e-01(1.09e-01)
f12 4.15e-19(2.60e-19) 8.14e-25(8.63e-25) 1.67e+01(9.84e+00) 9.92e-02(1.29e-01)
f13 6.04e-17(2.78e-17) 5.99e-21(9.39e-21) 3.89e-01(9.09e-02) 3.88e+00(1.54e+00)

Mean Rank 5.808 4.962 9.308 10.308

Fun FBSA [83] BBO [84] ABC [85] GABC [85]

f1 2.50e-135(4.22e-13) 1.529e-01(7.85e-02) 2.02e-13 (2.15e-13) 1.92e-22 (1.16e-22)
f2 2.01e-29(3.31e-31) 1.178e-01(1.74e-02) 1.43e-07 (4.35e-08) 3.23e-12 (9.27e-13)
f3 1.49e-04(2.93e-05) 1.045e+03(4.03e+02) NA NA
f4 6.5e-03(2.3e-04) 4.345e-01(1.40e-01) 1.64e+01 (2.88e-00) 7.00e-00 (1.01e-00)
f5 3.02e+01(1.28e+00) 8.552e+01(7.68e+00) 2.39e-01 (1.59e-01) 1.15e-00 (2.81e-00)
f6 0e+00(0e+00) 0e+00(0e+00) 0e+00 (0e+00) 0e+00(0e+00)
f7 5.63e-02(2.72e-02) 1.980e-02(8.99e-03) 1.93e-01 (5.29e-02) 8.94e-02 (2.42e-02)
f8 5.53e+03(3.02e-02) 0e+00(4.50e-02) 3.78e+01 (1.40e-00) 2.09e-12 (6.66e-13)
f9 3.54e+001(9.3e+00) 1.450e-02(6.20e-03) 1.55e-06 (2.87e-06) 1.15e-15 (3.22e-15)
f10 7.99e-15(0e+00) 1.047e-01(2.18e-02) 2.05e-06 (5.86e-07) 2.15e-11 (1.06e-11)
f11 0e+00(0e+00) 9.440e-02(3.95e-02) 3.39e-09 (1.00e-08) 2.08e-03 (6.54e-03)
f12 3.87e-31(8.47e-32) 1.100e-03(1.70e-03) 1.43e-14 (1.60e-14) 3.07e-24 (4.71e-24)
f13 1.35e-04(9.72e-06) NA 2.02e-13 (1.67e-13) 4.80e-23 (3.80e-23)

Mean Rank 4.769 8.115 6.808 5.423
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Table 6 Experiment one: Nemenyi post hoc test comparison of the algorithms compared in Table 5. The symbol “▲” indicates a statistical
difference with α = 0.1, while the symbol “ ” indicates a statistical difference with α = 0.05. A symbol in a cell indicates that the method in the
row is statistically worse than the method in the column. Thus, empty cells indicate no statistical difference.

Method Configuration 3 st3 FEP CEP SaDE DEahcSPX ODE BFA PSO FBSA BBO ABC GABC

Configuration 3 st3
FEP
CEP   
SaDE

DEahcSPX
ODE
BFA   ▲ ▲

PSO  ▲ ▲    
FBSA
BBO ▲  
ABC

GABC

Table 7 Experiment two: DE and clustering settings considered for the
parameter search.

Parameter Values

Scale factor F = 0.5, 0.9
Crossover rate CR = 0.5, 0.9

Clusters k = 2, 5, 10
Population size N = k × {5, 10, 20}

Mutation strategy st3, st5

Table 8 Experiment two: Selected CDE configurations after the pa-
rameter search.

Best aggregated results

Name F CR k N st

CDE-Conf-29 0.9 0.9 5 25 3
CDE-Conf-30 0.9 0.9 10 50 3
CDE-Conf-65 0.9 0.9 5 25 5
CDE-Conf-67 0.9 0.9 2 20 5

Closest to the Best 2009 performance curve

CDE-Conf-10 0.9 0.5 2 10 3
CDE-Conf-28 0.9 0.9 2 10 3

3. IPOPCMAv3p61, i.e., IPOP-CMA-ES with restart mech-
anism and population doubled at each restart [89];

4. CMA-ES with Gaussian Processes (GP5-CMA-ES) and
Random Forests (RF5-CMA-ES) surrogate models, i.e.,
CMA-ES using respectively GP or RF as surrogate mod-
els to reduce the NFEs [89];

5. LHD-10xDefault, included in the MATLAB Surrogate
Model Toolbox (MATSuMoTo), which uses multivariate
Gaussian Processes as surrogate models and the expected
improvement as infill criterion. Latin Hypercube is used
to obtain the samples in the search space needed to build
the surrogate model [90].

As it can be noticed, some of the methods above use sur-
rogate models to improve the search, and as such they are
supposed to achieve better results using a lower NFEs.

Furthermore, the comparison included the Bi-Population
CMA-ES (BIPOP-CMA-ES) from the BBOB-2009 compe-
tition, to date one of the best methods for continuous global
optimization. Finally, as a reference algorithm we included
the Best 2009 results available in COCO.

According to the indications given in the COCO frame-
work [86, 91], we report the results of this comparison in
terms of bootstrapped empirical cumulative distribution of
the NFEs divided by problem dimensionality, see Figure 3.
The figure shows the aggregated results (i.e., not divided
by function group) of all the compared algorithms on the
24 benchmark functions on the five dimensionalities consid-
ered. The main performance measure used in COCO is the
expected running time (ERT), which estimates the expected
NFEs required to reach a particular target function value if
an algorithm is continued until it finds that value. The ERT
depends on a given target function value, ft = fopt + ∆f ,
and is computed over all the available runs of an algorithm
as the NFEs executed during each run until the best function
value did not reach ft, summed over all runs and divided by
the number of runs that actually reached ft [92, 93].

For the 2-D functions, it can be seen that our proposed
CDE algorithm performed quite well, being CDE-Conf-28
the second-best method. Almost all our CDE configurations
outperformed most of the CMA-ES variants, which is an
important result as CMA-ES is the basis for some of the
most effective methods for continuous global optimization.
CMA-TPA obtained overall the best position (proportion of
functions solved), but CDE-Conf-28 was faster (closer to the
Best 2009 performance curve, solving 80% of the problems
in only 100 × D NFEs). Furthermore, it can be noted that
while both CMA-TPA and CDE-Conf-28 were slower than
the Brent ones, they solved more problems to the desired
precision (1e-8).

Regarding the 3-D functions, the best CDE configura-
tion (CDE-Conf-65) uses st5. It is more exploratory than
st3 because it employs two random vectors, but not at the
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Fig. 3 Experiment two: Bootstrapped empirical cumulative distribution of the NFEs divided by problem dimensionality (NFEs/D) for 50 targets in
10[−8..2] for all functions and dimensions. The Best 2009 curve corresponds to the best expected running time (ERT) observed at the BBOB-2009
competition for each target.

maximum allowed capability (5 clusters instead of 10, and
population size of 25 instead of 200). This configuration
was the second-best method, also in this case being CMA-
TPA the first one, and it outperformed six CMA-ES variants.
However, CDE-Conf-65 was slow, taking 500 ×D NFEs to
achieve 80% of the targets. Although faster, the other CDE
configurations could only outperform IPOP-CMA-ES and

the surrogate versions. In particular, CDE-Conf-28 was the
fastest CDE configuration, getting close to the Best 2009
performance curve for 10 ×D < NFEs < 100 ×D, but was
unable to refine the solutions and adequately solve enough
problems. For that reason, it had the worst aggregated result.
Nevertheless, all the CDE configurations found high-quality
solutions, while the Brent methods, LHD-10xDefault, and
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RF5-CMA-ES failed. GP5-CMA-ES, on the other hand, was
the fastest method until 100 ×D NFEs.

Scaling the problems to 5 dimensions, the CDE perfor-
mance started to decrease especially w.r.t. the CMA-ES vari-
ants. Nevertheless, most CDE configurations could still beat
IPOP-CMA-ES and the surrogate methods. The best CDE
result was achieved by CDE-Conf-29, which being based
on st3 considers the current best solution to calculate the
difference vector. After 100 × D NFEs, this configuration
solved approximately 75% of the problems. CDE-Conf-28
was once again faster than the other CDE configurations (see
the curve in the range 10 ×D < NFEs < 100 ×D). Interest-
ingly, CDE-Conf-65 was in this case the slowest configura-
tion; nevertheless, it solved a large proportion of functions.

For 10-D, all the CDE configurations were outperformed
by the CMA-ES variants, except those ones based on surro-
gate models. In this case CDE was still able to solve a large
proportion of functions (see CDE-Conf-30) faster than the
CMA-ES variants at low budgets, but it became slower and
less precise as the budget increased. A local search method
could be necessary from this point to solve more problems.

Finally, for 20-D the results show that the majority of
the CDE configurations solved approximately 90% of the
problems (except for CDE-Conf-28) after 1,000 ×D NFEs.
They became much slower than CMA-ES after 10×D NFEs,
but the overall results are promising and encourage further
research to improve the performance of the CDE algorithm.

Overall, there seems to be a relationship between the
problem size (i.e., the number of dimensions) and the num-
ber of clusters used by CDE, see Table 8. In fact, the best
configurations were CDE-Conf-28 (k = 2), CDE-Conf-65
(k = 5), CDE-Conf-29 (k = 5), CDE-Conf-30 (k = 10), and
CDE-Conf-30 (k = 10) for 2, 3, 5, 10, and 20 dimensions
respectively. The opposite is also true, as the worst results
were achieved by CDE-Conf-28 (k = 2) for D > 2. There-
fore, such information could be helpful to adapt the number
of clusters to be used by the algorithm depending on the
problem size.

To conclude our analysis of the second experiment, we
compared the algorithms above w.r.t. their success rate per
function, as it is reported by COCO. This additional com-
parison is aimed at identifying on which problems exactly
the proposed CDE algorithm performs better than the other
algorithms from the state-of-the-art. An important aspect to
note here is the success rate is defined in terms percentage of
runs that reached the targets, regardless of the NFEs needed
to do that. Therefore, this comparison provides different in-
formation w.r.t. the bootstrapped empirical cumulative dis-
tribution shown in Figure 3.

In Tables 9 and 10, we show the success rates on the
problems for 5-D and 10-D, respectively5. In 5 dimensions,

5 For brevity, we omit the results for 2-D and 3-D, where most of
the compared methods showed 100% success rate. Likewise, we omit

CDE solved most problems with a performance similar to
that of the best algorithms (i.e., the CMA-ES variants). It
even outperformed CMA-ES on f3 and f4 (separable func-
tions: Rastrigin function and Büche-Rastrigin function, re-
spectively), as well as f21 and f22 (weakly structured mul-
timodal functions: Gallagher Gaussian functions). On the
other hand, CDE failed almost completely on functions f15
and f19 (multimodal functions: Rastrigin function and Com-
posite Griewank-Rosenbrock function F8F2, respectively),
f23 and f24 (weakly structured multimodal functions: Kat-
suura function and Lunacek bi-Rastrigin function, respec-
tively). IPOP-CMA-ES showed a very poor overall perfor-
mance, while BIPOP-CMA-ES showed overall the highest
success rates. Of note, the surrogate methods failed on most
benchmark functions, although one may assume that a larger
budget could improve their performance. Finally, the Brent
methods were the best for the separable functions, but failed
for the remaining problems.

In 10 dimensions, CDE failed completely on more prob-
lems and outperformed CMA-ES only on functions f21 and
f22. CDE-Conf-28 did not solve any problem to the desired
precision, while CDE-Conf-30 solved nine of them. After
checking the results, we believe that a better refinement pro-
cess would improve the success rate, as CDE did find high-
quality solutions yet with a slightly larger error than the de-
sired precision. Once again BIPOP-CMA-ES was the over-
all best method, followed by the three CMA-ES variants
(CSA, MSR, and TPA). Also in this case the Brent meth-
ods perfectly solved the separable functions, but failed on
the remaining problems. The surrogate methods failed again
on most benchmark functions. As they did not solve the 5-D
problems, probably due to the small budget, it is understand-
able that they could not solve the larger instances either.

5 Conclusions

In this paper, we proposed eight novel cluster-centroid-based
mutations strategies for Differential Evolution (DE), in the
attempt to improve the performance of the traditional rand/1
mutation strategy. In particular, we used a hierarchical clus-
tering method (UPGMC) to cluster the solutions at each gen-
eration of the DE, and calculate the related centroids. We
hypothesized that the information obtained by cluster cen-
troids could provide the location of promising regions of the
search space, thus improving the search efficiency.

In order to verify our hypothesis, we performed two ex-
periments on two sets of well-known box-constrained global

the results for 20-D, where the proposed CDE algorithm did not solve
any of the problems to the desired precision (1e-8), thus having 0%
success rate. We did note however that the algorithm could solve some
problems if the budget is increased to 10e + 06 ×D, as used in some
works in the literature. However, this analysis is out of the scope of the
comparison reported in this paper.
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Table 9 Experiment two: Success rates across 15 independent runs
with precision 1e-8 on 5-D problems. The symbol “-” indicates 0%
success rate.

Algorithm f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 f11 f12

Best 2009 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
IPOPCMAv3p61 1.00 - - - 1.00 - 0.20 - - - - -
BIPOP-CMA-ES 1.00 1.00 0.93 - 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

CDE-Conf-10 1.00 1.00 1.00 0.40 0.67 1.00 0.87 1.00 0.93 - - 0.07
CDE-Conf-28 1.00 0.67 - - 0.07 0.07 0.73 - - - - -
CDE-Conf-30 1.00 1.00 0.67 - 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
CDE-Conf-67 1.00 1.00 - - - 0.80 1.00 1.00 1.00 1.00 1.00 0.33
CDE-Conf-65 1.00 1.00 - - 0.07 0.87 1.00 1.00 1.00 1.00 1.00 0.87
CDE-Conf-29 1.00 1.00 0.33 0.20 0.67 1.00 1.00 1.00 1.00 1.00 0.13 0.27

CMA-CSA 1.00 1.00 0.33 - 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
CMA-MSR 1.00 1.00 0.93 - 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
CMA-TPA 1.00 1.00 0.33 - 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

GP5-CMA-ES 0.73 0.13 - - 1.00 - - - - 0.07 0.07 -
LHD-10xDefault - - - - 1.00 - - - - - - -

RF5-CMA-ES - - - - 0.67 - - - - - - -
Sif 1.00 1.00 1.00 1.00 1.00 - - - - - - -

Sifeg 1.00 1.00 1.00 1.00 1.00 - - - - - - -
Srr 1.00 1.00 1.00 1.00 1.00 - - - - - - -

BSifeg 1.00 1.00 1.00 1.00 1.00 - - - - - - -
BSqi 1.00 1.00 1.00 1.00 1.00 - - - - - - -
BSrr 1.00 1.00 1.00 1.00 1.00 - - - - - - -

Algorithm f13 f14 f15 f16 f17 f18 f19 f20 f21 f22 f23 f24

Best 2009 1.00 1.00 0.93 1.00 1.00 1.00 1.00 0.93 0.93 0.93 1.00 0.20
IPOPCMAv3p61 - - - - - - - - - 0.07 - -
BIPOP-CMA-ES 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.20

CDE-Conf-10 - - - - - - - 0.67 0.67 0.80 - -
CDE-Conf-28 - - - - - - - - 0.40 0.20 - -
CDE-Conf-30 1.00 1.00 - 0.07 0.07 - - 0.60 1.00 1.00 - -
CDE-Conf-67 0.40 1.00 - - 0.87 0.67 - 0.67 1.00 1.00 - -
CDE-Conf-65 0.33 1.00 - 0.07 0.80 0.40 - 0.93 1.00 1.00 - -
CDE-Conf-29 0.07 0.67 0.13 - - - - 0.73 1.00 1.00 - -

CMA-CSA 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.60 0.40 1.00 -
CMA-MSR 1.00 1.00 1.00 1.00 1.00 1.00 - - 0.40 0.47 1.00 -
CMA-TPA 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.67 0.53 0.87 -

GP5-CMA-ES - - - - - - - - - - - -
LHD-10xDefault - - - - - - - - - - - -

RF5-CMA-ES - - - - - - - - - - - -
Sif - - - - - - - 0.13 0.07 - - -

Sifeg - - - - - - - 0.20 0.13 - - -
Srr - - - - - - - 0.07 0.20 - - -

BSifeg - - - - - - - 0.07 0.13 - - -
BSqi - - - - - - - - - - - -
BSrr - - - - - - - - - - - -

Table 10 Experiment two: Success rates across 15 independent runs
with precision 1e-8 on 10-D problems. The symbol “-” indicates 0%
success rate.

Algorithm f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 f11 f12

Best 2009 1.00 1.00 1.00 0.80 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
IPOPCMAv3p61 1.00 - - - 1.00 - - - - - - -
BIPOP-CMA-ES 1.00 1.00 0.13 - 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

CDE-Conf-10 1.00 1.00 - - - - - - - - - -
CDE-Conf-28 - - - - - - - - - - - -
CDE-Conf-30 1.00 1.00 - - - 1.00 0.20 0.93 1.00 - - 0.07
CDE-Conf-67 1.00 1.00 - - - - 0.87 0.33 0.07 - - -
CDE-Conf-65 1.00 1.00 - - - - 1.00 0.73 0.27 - - -
CDE-Conf-29 1.00 1.00 - - - 0.07 - 0.33 0.27 - - -

CMA-CSA 1.00 1.00 - - 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
CMA-MSR 1.00 1.00 1.00 - 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
CMA-TPA 1.00 1.00 0.07 - 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

GP5-CMA-ES 0.27 - - - 1.00 - - - - - - -
LHD-10xDefault - - - - 1.00 - - - - - - -

RF5-CMA-ES - - - - 0.67 - - - - - - -
Sif 1.00 1.00 1.00 1.00 1.00 - - - - - - -

Sifeg 1.00 1.00 1.00 1.00 1.00 - - - - - - -
Srr 1.00 1.00 1.00 1.00 1.00 - - - - - - -

BSifeg 1.00 1.00 1.00 1.00 1.00 - - - - - - -
BSqi 1.00 1.00 1.00 1.00 1.00 - - - - - - -
BSrr 1.00 1.00 1.00 1.00 1.00 - - - - - - -

Algorithm f13 f14 f15 f16 f17 f18 f19 f20 f21 f22 f23 f24

Best 2009 1.00 1.00 0.80 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.07
IPOPCMAv3p61 - - - - - - - - 0.07 - - -
BIPOP-CMA-ES 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.60 1.00 0.07

CDE-Conf-10 - - - - - - - - 0.13 - - -
CDE-Conf-28 - - - - - - - - - - - -
CDE-Conf-30 - - - - - - - - 0.93 0.80 - -
CDE-Conf-67 - - - - - - - - 0.80 0.20 - -
CDE-Conf-65 - - - - - - - - 0.93 0.40 - -
CDE-Conf-29 - - - - - - - - 0.80 0.27 - -

CMA-CSA 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.47 0.07 0.40 -
CMA-MSR 1.00 1.00 1.00 1.00 1.00 1.00 - - 0.47 0.07 1.00 -
CMA-TPA 1.00 1.00 1.00 1.00 1.00 1.00 0.87 0.07 0.53 0.07 0.67 -

GP5-CMA-ES - - - - - - - - - - - -
LHD-10xDefault - - - - - - - - - - - -

RF5-CMA-ES - - - - - - - - - - - -
Sif - - - - - - - - - - - -

Sifeg - - - - - - - - - - - -
Srr - - - - - - - - - - - -

BSifeg - - - - - - - - - - - -
BSqi - - - - - - - - - - - -
BSrr - - - - - - - - 0.07 - - -

optimization benchmark functions. In the first experiment,
we tested the proposed cluster-centroid-based mutation strate-
gies with three different DE configurations on 13 selected
benchmark functions, and used the results in three distinct
comparisons. The first comparison considered the basic DE
with rand/1 mutation strategy: this result showed that the
proposed cluster-centroid-based mutations statistically out-
performed the traditional one, thus proving that using cluster
centroid information to guide DE does provide a benefit on
the search efficiency. Another interesting finding is that this
positive effect does not correlate with the number of clusters
on the contrary, the performance seems to decrease as more
clusters are used. The solution might be to increase the pop-
ulation size in order to have a better sample of the search
space leading to better clusters, at the cost of increasing the
runtime.

The second comparison was with two other cluster-centroid-
based versions of DE from the literature, i.e., W-CDE [53]
and C-DE [52]. Differently from our approach, these two
algorithms do not employ clustering information in the mu-
tation strategies, but rather use cluster centroids to replace,
periodically, some of the solutions in the population. Our re-
sults show that our cluster-centroid-based approach is com-
petitive against both W-CDE and C-DE in terms of solution
quality.

The third comparison included results from recent meta-
heuristics of different kinds, most of which nature-inspired.
Also in this case, our algorithm compared favorably against
the other methods, outperforming well-established methods
such as PSO and ABC.

We then performed a second experiment on a harder
benchmark (BBOB), and compared the proposed approach
with the best algorithms from the BBOB-2015 competition,
as well as BIPOP-CMA-ES from the BBOB-2009 competi-
tion. The results, in terms of aggregated bootstrapped empir-
ical cumulative distribution, showed that in the case of low-
dimensional problems the proposed cluster-centroid-based
mutation strategies could achieve a performance similar to,
and in some cases better than, that of various CMA-ES vari-
ants. On the other hand, on the higher-dimensional problems
the performance of the proposed approach degraded, mostly
because of a lack of better exploitation capabilities.

A possible reason for this lack of exploitation is the fact
that in our proposal clustering is done in the solution space
(i.e., clusters can contain mixed quality solutions), thus ig-
noring any fitness information. Therefore, we intend to in-
vestigate the inclusion of the solutions’ quality (i.e., their
fitness values) in the clustering process. Moreover, it will be
interesting to consider alternative scale factor schemes (e.g.
based on randomized scale factors) to help the clustering
process and avoid adding explicit noise as we did here.

Another possible explanation for the degradation of per-
formance as the problem dimensionality increases is the fact
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that in our current proposal the number of clusters (k) was
fixed during the entire DE optimization process. However, as
the solutions change over time, it might be advantageous to
adjust k dynamically during the evolutionary process. This
intuition is supported by the observation that, for the harder
high-dimensional problems, the best configurations of our
method used a number of clusters k ≈D. Thus, larger prob-
lems were solved more efficiently by configurations using
more clusters. Even though this observation seems to con-
tradict the results obtained in the first experiment, where we
noted that better results were obtained with less clusters, we
believe that studying alternative clustering methods, capable
to either automatically select k depending on the problem
size and characteristics, or adjust k over time, might be an
interesting research direction.

Regarding computational cost and speed, the technique
presented in this paper is certainly slower than the other
methods used in the comparisons: this is because the cluster-
ing process is executed at every DE generation, calculating
the pairwise distances among all the solutions to be clus-
tered (this process has O(N3) time complexity [68], with
N being the population size). Future investigations might
be devoted to reduce this overhead, e.g. by introducing a dy-
namic scheme that automatically adapts the frequency of the
clustering updates, or using a different clustering algorithm.

To conclude, the results presented herein contribute to
justifying the hybridization of metaheuristics and machine-
learning methods to improve the search. In particular, the
use of cluster centroid information is a promising research
topic that could be exploited not only in advanced DE vari-
ants, but also in other population-based metaheuristics.
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A Extended results for experiment one

Single-sided paired Welch test (α = 0.05) was employed to perform
pairwise comparisons on the mean fitness, provided that the distribu-
tion of the fitness of each pair of compared algorithm configurations
presented unequal variances. The symbol “*” indicates that the mean
fitness obtained with the focal mutation strategy is statistically better
than that obtained with rand/1 (the baseline). Paired test was performed
because all methods were run using the same 30 distinct initial popu-
lations (one for each of the 30 independent runs).
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