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Parallel Genetic Algorithms: A Useful Survey
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ENRIQUE ALBA, Universidad de Malága, Spain

In this article we encompass an analysis of the recent advances in parallel genetic algorithms (PGAs). We have selected these
algorithms because of the deep interest in many research fields for techniques that can face complex applications where
running times and other computational resources are greedily consumed by present solvers, and PGAs act then as efficient
procedures that fully use modern computational platforms at the same time that allow the resolution of cutting edge open
problems. We have faced this survey on PGAs with the aim of helping newcomers or busy researchers who want to have a
wide vision on the field. Then, we discuss the most well-known models and their implementations from a recent (last five
years) and useful point of view: we discuss on highly cited articles, keywords, the venues where they can be found, a very
comprehensive (and new) taxonomy covering different research domains involved in PGAs, and a set of recent applications.
We also introduce a new vision on open challenges, and try to give hints that guide practitioners and especialized researchers.
Our conclusion is that there are many advantages in using these techniques, and lots of potential interactions to other
evolutionary algorithms, as well as we contribute to create a body of knowledge in PGAs by summarizing them in a structured
way, so that the reader can find this article useful for practical research, graduate teaching, and as a pedagogical guide to this
exciting domain.
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1 INTRODUCTION
Let us start this article by answering the most important obvious question: why should we bother in reading on
Parallel Genetic Algorithms (PGAs)? The answer is not that obvious as one would think (“because we can solve
complex problems in a more efficient manner") because it goes to the root of world research, to engineering, and
to the importance of optimization in all this (as well as search and machine learning). If we focus on optimization,
we soon will notice that most disciplines and works on apparently diverse fields finally rely in optimizing a
complex system: from building new drugs [44, 56, 83] (optimize the energy estate of chemicals, like their angles),
deploying better 5Gs networks [51] (optimized covered area, the packet protocol parameters and the number of
potential users), investing in the stock market [22, 112] (maximize revenues of a complex portfolio), or helping
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citizens to move in a city [110, 111, 118, 121] (minimize pollution, fuel consumption, travel time, maximize
comfort and driver’s experience), just to name a few. Filling your fridge with healthy food at low cost, combat
a fire, program your computer with a minimum number of bugs, and thousands of other applications are now
possible by using GAs [6].
These metaheuristics (also known as bio-inspired techniques) [24, 80, 115] can address applications where the

target goal function is non-derivable, non-continuous, ill-defined, uses arbitrary mixed types of variables, has
many competing goals, or even does not have any analytical expression at all. This wide applicability made GAs
to penetrate most domains of research, development, and innovation [7]. The massive benefits of these techniques
took them to multidisciplinary applications, and starred lots of success stories in their short-term (thirty years)
existence. And, paired to this impressive presentation card, a main problem always arrives to practitioners and
researchers: studies and products based in GAs need long running times as soon as they start being useful. This
long running times come to scene for many reasons: (a) a large dimensionality of the problem, (b) a need to use
customized operators for the application, (c) a complex target function that takes several minutes of computation
(d) a need of dealing with large datasets in the algorithm, (e) a high number of non-linear restrictions...and still
for some other reasons not shown here. When researchers arrive to this wall, parallelism is one way to jump over
it for an improved performance.
But long running times are just one way to arrive to PGAs. In fact, it was quite a while since researchers

have shown that PGAs are not just faster algorithms. They are much more than this, they are new models of
research that can profit from parallel platforms like clusters, multiprocessors, GPUs, and others [4, 117]. Indeed,
an additional source for speed up (time gains) is the potential creation of new techniques that search, optimize
and learn in a numerically faster way, by saving function calls (the usual way of measuring numerical efficiency).
Thus, much can be gained by e.g. running a distributed algorithm on a network [15, 54, 127], or a cellular model
on a GPU [125]. This separation between model and implementation is worth knowing, and we will organize one
of our sections according to this.

In facing this survey, we had to make decisions. First, we decided not to go for evolutionary algorithms (EAs)
in general, since the topic of PGAs will fade away. In fact, GAs are maybe the most popular class of EAs, and
most things done on them can be reproduced in other EAs and population based techniques, so it seems worthy
to focus-to-tell, instead of making a too abstract survey. Another decision was on actually going beyond normal
surveys that only revise papers and do not offer too much added value. We intentionally tried to offer some
contributions to make this a proactive and useful survey, in particular:
• We offer a chronological survey of articles and results in PGAs, so that the reader grasps how the trends
are evolving at world level.
• We make an initial discussion on PGA models to make the survey pedagogical and self-contained (to an
extent). This also helps to make better proposals for those interested in building models and later implement
them in parallel platforms.
• We summarize the most cited papers in the last five years (fresh vision) and point out the most important
venues (both, journals and conferences) so that researchers know where to find new papers in the future
and where to head if interested in publishing their results on PGAs.
• We give a vision on the most important keywords in the domain, to offer a comparative idea of the
importance of topics at this moment.
• We analyze authors, and how the domain is attracting attention of both, new and experienced researchers.
• We analyze the higher impact papers (in number of cites) in a semantic consistent way, as we also delve
into their implementation, platforms, programming languages, and comments on their contents relevant
for other practitioners.
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• We analyze PGAs from the point of view of the applications where they are used, thus showing where they
are successful (by looking at what we include) and where are some opportunities for new applications (by
thinking in what it is not found in recent references).
• We dare to list several future research lines where appealing challenges can be found, so as to help in
defining new PhD theses and master works involving PGAs.

This survey is structured in several sections. The next one will be devoted to a methodological description of
PGAs. Then, Section 3 will develop on important and recent venues for finding/publishing results with PGAs.
Later, in Section 4, we address the details found in recent articles on PGAs. Finally, in Section 5 we describe our
vision on future challenges, and end the paper with several conclusions.

2 PARALLEL GENETIC ALGORITHM
This section gives a brief overview of GA and PGA, and shows a new and comprehensive taxonomy of PGA.
Then, we introduce implementations of PGA, which are usually employed in conventional PGA researches.

2.1 Overview
A genetic algorithm (GA) is a powerful metaheuristic inspired by Darwin’s theory of nature evolution. Algorithm 1
shows a pseudo-code of a standard GA. A GA is a population-based algorithm, in which many tentative solutions
are managed. Firstly, an initial population P0 is constructed based on an initialization method (initialization).
An initial population is (often) generated in a random uniform manner, while some heuristics such as Latin
hypercube sampling method [79] or problem specific approaches are employed to give better starting points for
the search. Tentative solutions in the population are evaluated depending on the fitness function (evaluation),
that assesses how much a tentative solution is fitted to a target problem. After that, the main procedure of the
GA is executed. In the main procedure, new tentative solutions P ′t are generated through variation operators
(variation) such as crossover and mutation, and their fitness is evaluated. Then, a next population Pt+1 is
constructed from the current population Pt and the newly generated tentative solutions P ′t (replacement). These
procedures are repeated until a pre-defined termination criterion is satisfied, such as the quality of the desired
solution, the maximum number of evaluations, or the computing time.
A GA is well suited to apply parallelization because of its population based approach, where all solution

candidates can be dealt with in parallel. When extending a sequential GA with parallel techniques, we have to
consider several characteristics of the built PGA. A new and comprehensive taxonomy of PGA is shown in Fig. 1,
because these considerations and characteristics are quite a few and need some structure. This taxonomy consists
of six main and indispensable components of PGA: Implementation, Hardware, Software, API, Applications,

ALGORITHM 1: Pseudo-code of a genetic algorithm
t ← 0;
initialization(P0);
evaluation(P0);
while Termination criterion do

P ′t ← variation(Pt ); // Change existing tentative solutions

evaluate(P ′t ); // Compute the relative quality of every solution in the population

Pt+1 ← replacement(Pt , P ′t );
// Merge the auxiliary and previous populations and select a new better one

t ← t + 1;
end
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Fig. 1. A new comprehensive taxonomy of Parallel Genetic Algorithms
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(a) (b) (c)

Fig. 2. Three usual PGA models: (a) Global parallelization, (b) Parallel island model, (c) Parallel cellular model

and Problem domain, which are indicated at the first layer. Each component is represented with different colors:
Implementation in pink, Hardware in blue, Software in green, API in orange, Applications in purple, and
Problem domain in cyan. Deeper layers (sub-taxonomies) of each component present further details. Such
classification is also presented in previous PGA surveys. In the survey of Alba et al. in 2002 [13], authors focus on
PGA models, hardware architectures, and APIs used to implement PGAs. The survey of Alba et al. in 2013 [10]
focuses on PGA models, their applications, hardware architectures, and software including APIs, although it
discusses not only PGA, but also parallel metaheuristics, including trajectory-based approach and population-
based ones. The survey of Talbi in 2015 [116], which mainly focuses on parallel evolutionary combinational
optimization, divides parallel designs into three levels: algorithmic-level, iteration-level, and solution-level and
discusses on hardware architecture. However, in his survey, software, applications, and problem domains are not
taken into account. Our proposed taxonomy, in contrast to them, comprehensively incorporates these elements
necessary for the realization of PGA and represents them all together in a single figure.
Implementation indicates how to implement a GA when going for any parallel methodology. This topic will

be discussed soon in the next subsection. Hardware is an important factor of PGA because it is the source of
many important time gains, and influences important operations like population management or communication
model. The most popular hardware actually employed in PGA literature is discussed in Section 4.2. Software and
API are also important factors of PGA. In this taxonomy, Software consists of Library and Program Language.
Several libraries for GA are presented by researchers, while the choice of program language highly relates to not
only implementation of PGAs, but also to their computing speed. API supports communication between CPU
and/or threads and management of task assignment, all this essential for a PGA. Actually, some researchers do
not use such libraries and APIs to implement their algorithms, but they may help researchers to quickly put
their algorithm into practice. Software and API aspects are described in Section 4.3. Application focuses in the
final application and deals with features typical of this real world application, while Problem Domain classifies
PGAs according to the fundamental aspects of the solved problem. Problem Domain is distinguished from the
viewpoint of the number of objectives, its fitness dynamics, the number of constraints, solution representation,
and where an instance is coming from. Applications and problem domain are discussed in Sections 4.4 and 4.5.

Regarding the implementation of a PGA, there exists mainly four kinds of PGA models: global parallelization,
island model, cellular model, and hybrid models. The following subsections explain these details.

2.2 Global Parallelization
The global parallelization is the most simple implementation of a PGA. Fig. 2a illustrates the global model. In
the figure, gray circles indicate solutions. In the global model, tentative solutions are managed a centralized
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population, and each solution is evaluated in parallel. After evaluating solutions, new tentative solutions are
generated from the centralized population. The global model is generally classified into two further approaches:
generational and steady-state. The generational approach generates a new population after all slave nodes
completed their tasks. On the other hand, the steady-state approach generates a new solution immediately after
one slave node completes its task and returns it as a result. Unlike the generational approach, that replaces one
complete generation by another, the steady-state approach does not wait all solution evaluations, and generates
and replace a solution one-by-one. In steady-state mode of operation the GA merges new and old solutions
continuously, yielding a usually faster convergence of the population with respect to generational models. Though
this happens in global parallelization, it is also the main existing distinction for normal panmictic GAs where
parallelism is not present.
The well-known master-slave parallel architecture is generally employed to implement the global model,

where the master computing node manages the population and sends evaluation task to slave computing nodes.
The slave computing nodes execute tasks given by the master node and return the expected results, e.g., the
fitness of a received solution, or the resulting individual after altering it in some way (mutation done in parallel
for example). Tasks handled with the slave nodes are usually the evaluation of solutions because it is the most
computationally expensive part in the GA procedure. In addition to the evaluation, variation operators are often
executed on the slave nodes. Since the global model does not change the numerical behavior of a sequential
(panmictic) GA, the same search ability can be expected between a sequential and global parallel GAs (of course
faster in the case of the parallel GA).

2.3 Parallel Island Model
The parallel island (or multi-population) model is a PGA that manages several sub-populations in separate
islands, and executes the GA procedure in each island in parallel over different set of solutions. Fig. 2b shows
a picture of the island model. Unlike the global parallelization manages a centralized population, the island
model manages a set of decentralized populations. The decentralized populations are evolved separately and
information of solutions in each island are exchanged at certain moments of evolution. This exchange of solutions
is called a migration. The migration moves or exchanges (usually a copy of) solutions of each island to other ones
depending on the topology of islands. Several topologies have been proposed, for example, ring, hypercube, mesh,
random, and fully connect. The topology affects how migrated solutions are propagated to other islands and thus
global convergence to the optimum. Regarding the migration, migration frequency and selection/replacement
strategies must be configured. The migration frequency determines the interval of the migration, while the
selection/replacement strategies determine which solutions of each island are selected as the migrants or replaced
with the migrants from other islands. Needless to say, all islands can follow a similar strategy for search (e.g.,
population size, probability of genetic operators) and static configurations. On the other hand, to increase the
diversity of solutions or to promote the convergence speed, heterogeneous policies and/or dynamic configurations
can be employed. In the homogeneous structure, all islands have the same strategy for search, i.e., run the same
algorithm in all islands, while in the heterogeneous structure, each island has different strategies, for example,
different population size, and/or different probability of genetic operators [59], and in some heterogeneous
structures, each island perform different EAs [34]. According to this, optimization behavior of each island is
differ from each other, which contributes to increase the diversity of solutions. Dynamics of configuration is
another aspect of the island model. In the static configuration, configuration of search is constant during the
optimization process, while in the dynamic configuration, configuration may change during the optimization
process depending on the pre-defined manner or depends on quality of solutions in each island.
To implement the parallel island model, each island is generally assigned to one computing element. For

example as shown in Fig. 2b, four CPUs are used to execute a parallel island model having four islands, each one
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managed by separate CPU where a GA on different population is running. At every migration migration step,
a form of solution information is exchanged (migrated) to other CPU following some sort of communication
strategy, e.g., shared memory or message passing, according to migration topology.

2.4 Parallel Cellular Model
The parallel cellular (or fine-grain) model arranges solutions on a grid structure and the variation procedure and
the replacement are executed to solutions within a defined neighborhood. Fig. 2c illustrates the parallel cellular
model. In the parallel cellular model, all solutions are arranged on a grid, and variation operators (e.g., crossover
and mutation) and replacement are executed within a certain neighborhoods of a grid. For example in Fig. 2c,
each solution is mated with solutions of top, bottom, left, and right neighborhoods on a grid, and a generated
offspring is replaced within its birth neighborhood. A toroidal rectangle is mostly employed as a grid topology,
while other topologies can be considered, such as 1-D or 3-D grid shape. Several neighborhood strategies can be
employed, for example, Von Neumann shown in Fig. 2c is usually used, while a Moore neighborhood, in which
solutions at top left, top, right, bottom left, and bottom right are neighbors in addition to the Von Neumann
neighborhood, is also used. As it happens in the island model, non homogeneous structure can be employed in the
cellular model, in particular, each solution on the grid can be managed according to different parameter settings
and/or variation operators. Additionally, an updating strategy can be configured in the cellular model. There are
synchronous and asynchronous update of cells [57]. Synchronous updating updates all solutions simultaneously,
while asynchronous updates cells at a time in some order. And in asynchronous updating, several updating
strategies for the positions to be updated exist, fixed line sweep, fixed random sweep, new random sweep, and
uniform choice [105]. In fixed line sweep, cells are updated sequentially from left to right and line after line
starting from upper left corner cell. In fixed random sweep, the next cell to be updated is chosen with uniform
probability, and the same permutation is then used for all update cycle. While this, new random sweep generates
new random permutation for each update. Uniform choice always randomly selected cells to be update with
uniform probability.
Several implementations can be considered for the parallel cellular model. Fig. 2c shows an example of

implementations, where four CPUs are employed and each CPU manages a grid including nine solutions. Four
CPUs simultaneously execute selection, variation operators, and replacement following a defined neighborhood
strategy. In this implementation, information of solutions on the edge of each grid have to be exchanged to each
other through a physical communication network, because a part of neighborhoods is in a grid of other CPU.
Other different and interesting implementation can be done when using a graphics processing unit (GPU); there,
each solution is assigned to one core unit or thread in the GPU, and each processing unit executes selection,
variation operators, and replacement for an assigned solution and its neighborhoods. Many issues happen here
because of the synchronicity of GPUs and their need of making exactly the same operations if one wants to have
a maximum speedup, so the say in which a cellular GA runs on a GPU is tricky [126].

2.5 Parallel Hybrid Model
The parallel hybrid approach combines two or more of the PGAs described before. We can see examples of hybrid
models in Fig. 3. Fig. 3a shows a hybrid model of the island model and the global parallelization, in which the
island model is used at a first level and each island executes the GA tasks of solution evaluations and/or variation
operators in parallel. Fig. 3b shows a hybrid model of the two island models, in which the island model is also
used at a first level and each island also executes the island model PGA. Fig. 3c shows a hybrid model of the
island model and the cellular model, in which the island model is also employed as a base model, while each
island executes the cellular parallelization. Note that these are just examples and other hybrid approaches of
combinations of PGA are possible.
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(a) (b) (c)

Fig. 3. Three examples of hybrid PGAs: (a) Island × Global, (b) Island × Island, (c) Island × Cellular

3 ANALYSIS OF RECENT PGA STUDIES
In this section, we show an analysis and offer statistics on a set of recent PGA studies. This survey considers
papers related to PGAs from IEEE Xplore1, ACM Digital Library2, Springer Link3, and Scopus4. These scientific
web services contain most important journal papers and conference proceedings, not only in the EC domain,
but also in the computer science and engineering domains. They were found after a careful search by using
several keywords related to PGAs. In particular, we use the combination of keywords related to the algorithm
itself (parallel, island model, island based, fine-grain, course-grain, master-slave, subpop, sub-pop), the hardware
(cluster, GPU, graphics processing unit, FPGA, programmable gate array, multi-core, multicore), and the term
“genetic algorithm”. The search year was specified from January 1th 2013 to May 24th 2018. We totally correct
1,229 papers including 612 journal papers and 617 conference papers.

Section 3.1 firstly analyzes the statistics of the number of publications for each year, and identify the journals
and conferences publishing more PGA articles in the timeframe analyzed. Then, Section 3.2 analyzes the keywords
used by these PGA papers (a semantic study of the state of the art), while Section 3.3 discusses the authorship of
the corrected papers (a strategic analysis of the state of the art). Finally, Section 3.4 summarizes all the findings of
this first part of our survey, focusing in how PGA articles (and venues) developed themselves in the last years.

3.1 Publications
In this section, we discuss statistics of publications of PGA works. Firstly, we show the change of the number of
publications in the recent five years. Then, we show the detail of publications from the viewpoints of journal
publications and conference papers, and discuss what journals/conferences PGA researches are focusing on. This
analysis help new master and PhD researchers to find which journals/conferences should be considered and
focused on to learn recent trend of PGAs and are suited to submit their new PGA papers.

Fig. 4 shows the number of publications related to PGAs appeared in both journals and conferences in the last
five years, The horizontal axis indicates year, while the vertical axis indicates the number of publications for
each year. The blue bar indicates the number of journal papers, while the orange bar indicates the number of
conference papers and chapter in book. From this histogram, it can be found that almost 200 papers related to
PGAs are published every year, for a total of 1,229 papers in the last five years. Note that publications in 2018 are
1https://ieeexplore.ieee.org/Xplore/home.jsp
2https://dl.acm.org/
3https://link.springer.com/
4https://www.scopus.com/wsearch/form.uri?display=basic
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Fig. 4. The number of publications related to PGAs from 2013 to 2018

less than 100 because this survey has been done bit before summer of 2018. We can notice that the total number
of papers has slightly decreased in the last two years, what we interpret as a shift to interest to the applications
of PGAs instead of going to the fundamentals of these algorithms. This is because many researchers recently pay
attention to applications of PGA, but not to fundamental or methodology of it, and their titles, keywords, and
abstracts do not contain words related to PGA explicitly.

Fig. 5 shows the journal papers that have the top 30 number of publications, and the horizontal axis indicates
the name of journals, while the vertical axis indicates the number of publications. We can see mainly three
groups of journals from this figure. The first group consists of the top three number of publications. Two of them,
Concurrency Computation: Practice and Experience, and International Journal of Distributed Sensor Networks,
are related to parallel system, while one of them, Applied Soft Computing Journal, is related to soft computing
including GA. This indicates many of PGA journal papers were submitted as topics of parallel systems and soft
computing algorithms. The second group, from 4th to 11th ranks, contains journals related to applications or
manufacturing. Actually, six journals out of these eight ones are related to applications or manufacturing, in
particular, International Journal of Applied Engineering Research (4th rank, 8 publications), Neural Computing
and Applications (5th rank, 7 publications), Computers and Industrial Engineering (6th rank, 6 journals), ARPN
Journal of Engineering and Applied Sciences (6th rank, 6 publications), Expert Systems with Applications (6th
rank, 6 publications), and Journal of Intelligent Manufacturing (6th rank, 6 publications). This indicates that many
applications of PGAs are published in journals related to applications and manufacturing, and they are submitted
to journals that well match to topic of specific applications. The third group, from 12th to 30th ranks, has the
similar trend, many journals are related to applications, such as Automation of Electric Power Systems (12th rank,
4 publications), IEEE Transactions on Industrial Informatics (12th rank, 4 publications), IET Signal Processing
(12th rank, 4 publications), and Multimedia Tools and Applications (12th rank, 4 publications). Since journals
regarding applications, industrial, and manufacturing are ranked in the top 10 list, it seems we can suggest that
there is a recent shift in attention to applications of PGAs rather than their fundamentals. In particular, IEEE
Transactions on Evolutionary Computation, IEEE Transaction on Parallel and Distributed System, and the Journal
of Parallel and Distributed Computing, well-known journals in the EC and the parallelism domains, have few
number of publications related to PGAs, in detail, 1, 2, 4 papers, respectively.
Table 1 shows the details for the top 10 journals (10th rank is a tie). “Journal” column indicates the name of

journal, while “Total” one indicates the total number of publications for each journal; and the rest of columns
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Fig. 5. The number of journal papers from 2013 to 2018 (the top 30 number of publications)

Table 1. Top 10 journals (10th rank is tie)

Journal Total 2013 2014 2015 2016 2017 2018
Concurrency Computation: Practice and Experience 10 0 3 5 2 0 0
International Journal of Distributed Sensor Networks 10 0 0 8 2 0 0
Applied Soft Computing Journal 10 0 1 1 2 3 3
International Journal of Applied Engineering Research 8 0 4 3 1 0 0
Neural Computing and Applications 7 3 1 1 1 0 1
Computers and Industrial Engineering 6 1 1 3 0 0 1
ARPN Journal of Engineering and Applied Sciences 6 1 0 2 2 1 0
Expert Systems with Applications 6 0 1 2 0 2 1
Journal of Intelligent Manufacturing 6 1 1 1 0 1 2
Cluster Computing 5 0 0 2 0 1 2
Soft Computing 5 1 1 1 0 2 0

indicates a breakdown for each year. From this table, it is firstly indicated that three journals, Concurrency
Computation: Practice and Experience, International Journal of Distributed Sensor Networks, and International
Journal of Applied Engineering Research, publish PGA papers all in one go from 2014 to 2016, while no paper is
published in 2013, 2017, and 2018. On the other hand, other journals constantly publish one or more PGA papers
every year. This indicates that although the number of journal publications of PGA works is not many, PGAs are
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Fig. 6. The number of conference papers and chapters in book from 2013 to 2018 (top 30)

Table 2. Top 10 conferences (10th rank is tie)

Conference/Chapters in book Total 2013 2014 2015 2016 2017 2018
GECCO 27 9 4 4 6 4 0
CEC 22 6 5 3 2 6 0
EvoApplications 7 2 3 0 0 1 1
SNPD 7 0 1 0 2 4 0
BIC-TA 5 2 1 1 1 0 0
FOGA 5 1 0 3 0 1 0
IWCIA 5 2 2 0 1 0 0
CIE 4 1 0 2 0 1 0
IJCCI 4 1 1 1 1 0 0
18 conferences are tie* 3 - - - - - -

18 conferences with similar #papers* CICED, FUZZ-IEEE, ICCES, ICIT, ICITMI,
IPDPSW, ISCID, ITSC, Massively Parallel Evolutionary Computation on GPG-
PUs, MIM, PDCAT, PDP, PERFIK, PPAM, SIU, SMC, SocProS, SSCI

constantly payed attention in the recent five years not only in the soft computing or the parallel system domain,
but also in the domain of applications.
Fig. 6 shows the papers in the conference proceedings and chapter in book that have the top 30 number of

publications. Axes and colors have the same meaning as Fig. 5. From this figure, we can see also three groups of
conferences. The first group consists of two conferences, ACMGenetic and Evolutionary Computation Conference
(ACM GECCO) and IEEE Congress on Evolutionary Computation (IEEE CEC), which definitely have large number
of publications in the PGA domain. Actually, these two conferences have high impact not only in the PGA domain,
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but also in the whole field of evolutionary computation, so that it is still important for PGA researcher to gather
information from and present new result to these two major conferences. The second group consists of seven
conferences, EvoApplications, SNPD, BIC-TA, FOGA, IWCIA, CIE, and IJCCI. Notable here is that five conferences
out of seven, EvoApplications, SNPD, BIC-TA, IWCIA, and CIE, contains the term of “applications” in the name
of conferences and focus on an area of applications of evolutionary computation and computational intelligence
including PGA. This indicates that the PGA works applied to real world problems have been published in such
conferences that focus on applications of evolutionary computation and computational intelligence. The resting
of this group, FOGA and IJCCI, are both related to GA and computational intelligence. The indication from here
is that no conference directly related to the parallel system exists in these two groups up to 9th rank and most of
PGA works have been published conferences related to evolutionary computation and computational intelligence.
In contrast to the previous two groups, the third group consists of conferences that relate to the parallel system,
although it, of course, consists of ones related to the soft computing and computational intelligence. In particular,
five conferences, IPDPSW, Massively Parallel Evolutionary Computation on GPGPU (which is chapter in book),
PDCAT, PDP, and PPAMmainly focus on the parallel system, but not the evolutionary computation. This indicates
that some PGA researches are payed attention to from the point of view of the parallel system.

Table 2 shows their details of top 10 conferences and chapter in book. Each column has the same meaning as
Table 1. From this analysis, it can be confirmed that two major conferences in the EC domain, ACM GECCO and
IEEE CEC, have high importance for the PGA domain (as one could expect). Actually, these two conferences,
ACM GECCO and IEEE CEC, account for 4.5% and 3.7% of publications in all conference papers related to PGA,
respectively. In both conferences, PGA topics are constantly presented every year.

3.2 Keywords
This section discusses on keyword used in PGA papers. We create a word cloud of keywords in PGA papers and
discuss on hot topics of recent PGA works by analyzing what keywords are frequently used.
Fig. 7 shows the word cloud we have generated by using keywords in the corrected papers. The plural and

case forms of the terms in the cloud are filtered, so that “genetic algorithm”, “Genetic Algorithm”, and “genetic
algorithms” are all treated as “genetic algorithm”. Larger words in the word cloud are the ones used more
frequently in the papers analyzed.
From this word cloud, although keywords related to algorithm such as “genetic algorithm”, “optimization”

or “parallel genetic algorithm” are understandably used more frequently, it is notable that also “scheduling” is
frequently used as a keyword in PGA papers. This is because many applications of scheduling can be found
as applications (for example, transportation, manufacturing, or task assignment) and even as internal ways
of implementing PGAs. The keyword “multi-objective” is attracted researchers attention as problem domain
of PGA. In the last decade, since researches in multi-objective GA (MOGA) increased in the EC domain, their
parallelization also became an important topic. As a keyword related to hardware, the terms related to GPU, such
as “graphics processing unit” and “cuda” are also frequently found. GPU recently becomes a very important device,
not only in the EC research, but also for other domains like deep learning. The reason is the big computation
power that can be drawn from them to compute many tasks simultaneously.

3.3 Authorship
In this section, we analyze the authorship of PGA researches. Firstly, we discuss the change of the number of
authors in PGA researches in the last five years. Additionally, we show the percentage of new comers in every
year. Then, the number of works per each author and the number of co-authors in each PGA paper are shown.
And finally, we show countries where authors of PGA research belong to and their relationship from the point of
view of co-authorship.
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Fig. 7. Word cloud of keywords in PGA papers

Fig. 8. Cumulative number of authors from 2013 to 2018
Fig. 9. Percentage of new author in each year from 2013 to
2018

Fig. 8 shows the cumulative number of authors who publish PGA papers from 2013 to 2018. The horizontal axis
represents year, while the vertical axis shows the cumulative number of authors. From this figure, the cumulative
number of authors constantly increases every year from 2013 to 2017, and in total, 2,825 authors one or more
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Table 3. The number of authors who published each number of works and its percentage

# Works 1 2 3 4 5 6 7 8
# Authors 2453 293 47 18 7 3 1 3
% 86.83% 10.37% 1.66% 0.64% 0.25% 0.11% 0.04% 0.11%

Table 4. The number of co-authors for each paper and its percentage

# Co-authors 1 2 3 4 5+
# Works 70 287 282 206 181
% 6.82% 27.97% 27.49% 20.08% 17.64%

PGA papers from 2013 to 2017. Although the increase of the cumulative number of authors from 2017 to 2018 is
slow, this is because this survey is conducted in the middle of 2018.

Fig. 9 shows the percentage of new authors to active one for each year from 2013 to 2018. The horizontal axis
represents year, while the vertical axis shows the percentage of new authors to active ones for each year. Here,
“new author” counts authors who firstly publish PGA paper(s) in the year during 2013 to 2018, while the number
of “active author” counts authors who publish PGA paper(s) either they are new or not. Since all authors are
new and active ones in 2013 in this survey, the percentage in 2013 is 100%. In 2014-2018, the percentages of new
authors to active ones are relatively high, in particular 83-91%. This indicates that most of authors newly join in
the PGA researches and they publish their work only once or a few times.
Table 3 shows the number of authors that published each number of works. “# Authors” row indicates the

number of authors who publish papers of the number of corresponding column, while “%” row indicates its
percentage. 86.83% authors published only one PGA paper, while 10.37% ones published two papers from 2013 to
2018, in total 97.20% of authors published less than or equal to two PGA papers. This analysis supports the result
of Fig. 9 in which most of authors are new comer to the PGA domain.

Table 4 shows the statistics of authorship for each paper. “# Co-authors” row indicates the number of authors per
paper, while “# Works” and “%” rows indicate the number of works with authors of the number of corresponding
column and its percentage. From this table, it is shown that most of works are done by two or three authors,
while 17.64% of works are done by five or more authors.

Table 5 shows the number of authors from each country and region. “Country” column indicates countries,
while “# authors” and “%” columns indicate the number of authors from country corresponding to each row and
its percentage. China is a country where the most number of authors are in the PGA domain, and its percentage
is about 34% of all authors. Subsequently to China, authors from India and USA account for about 7.5% of all
authors Subsequently to them, authors from Japan, Spain, Brazil, Iran, Taiwan, UK, Canada account for 2–4% of
all authors, and totally about 68% of authors are from these countries and regions.

Fig. 10 shows the relationship between countries from the viewpoint of co-authorship of the PGA papers. The
size of circles indicates the number of authors, while the width of edges indicates the number of co-authorship
between two countries. The color of circles indicates the difference of communities of the co-authorship network.
From this analysis, the most frequent co-authorship of two countries are China and USA, and these countries have
many co-authorship with several countries regardless of geographical zone. Other than this, several communities
of co-authorship of countries can be found. For example, Spain has connections to many countries in Europa and
South America, such as Brazil, Portugal, Argentina, Colombia, Luxembourg, Finland, and so on. Focusing on
India, there are many co-authorships between Asian countries, for example South Korea, Taiwan, Singapore,
Malaysia, and so on. In Europa, UK, France, and Germany work with authors of many countries not only in
Europa but also in Asia, North America, and South America. From these analysis, in the PGA domain, there are
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Table 5. The number of authors from
each country and region (top 10)

Country # authors %
China 1020 33.81%
India 230 7.62%
USA 224 7.42%
Japan 123 4.08%
Spain 99 3.28%
Brazil 84 2.78%
Iran 82 2.72%
Taiwan 72 2.39%
UK 72 2.39%
Canada 62 2.06%
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Fig. 10. Country relationship from the viewpoint of co-authorship

many co-authorship of researchers not only limited in a certain countries, but also different geographical zones
and many relations of countries.

3.4 Summary
In this section, we showed an analysis and offered statics on a set of recent PGA studies. We analyzed publications
of PGAs from three points of view, the number of publications through year, keyword used in papers, and
authorship. This section is summarized as follows:
• The number of publications related to PGAs decreases in the last 5 years. Additionally, many researchers
pay attention to applications of PGAs, but not basics or fundamentals.
• From the analysis of keywords appeared in PGA papers, it is indicated that “scheduling”, “multi-objective”,
and “graphics processing unit” are hot topics in this domain.
• More than 3,000 researchers joined in the PGA domain and more than 80% of researchers are new ones in
the last 5 years. Most works are collaborate one with two or more authors. And many works are treated
not only by authors in one country but also by collaboration of several countries.

4 LITERATURE REVIEW
In this section, we show the literature review. In particular, we focus on papers that are cited more than 20 papers.
Table 6 shows a list of papers that are cited more than 20 papers5. In this table, “Ref.” column indicates the reference
of papers, while “Cites” column indicates the citations of each paper. “Impl.” column indicates the employed
implementation of PGA in each paper. “HW” column indicates hardwares used to implement PGAs, while “#
processors” shows the maximum number of processors actually used in the experiment. “API”, “Library” and
5The number of citations is checked in Scopus at 24 May 2018.
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“Prog. lang.” columns shows APIs, Libraries, and programming languages used to implement PGAs, respectively.
“Prob. instance” finally indicates problem instances employed in papers, in which “Academic” represents academic
standard benchmark problem instances, “Problem generation” represents problem instances randomly generated,
and “Application” represents that PGA is applied to real-world applications in that paper. If such information is
not clearly indicated or not available in the papers, a cell is filled with “-”.

Section 4.1 discusses the implementation of PGAs employed and studied in the listed papers. Sections 4.2 and
4.3 describe hardware and software employed in the listed papers, respectively. Section 4.4 describes academic
problem instances and problem generations, while Section 4.5 describes real-world applications solved by PGAs.
Finally, Section 4.6 summarizes this section.

4.1 Parallel implementation
Firstly in this section, we discuss on papers from the point of view of the PGA implementation we described in
Section 2. From the implementation aspect, the parallel island model and the global parallelization are majority, 16
papers out of 20, while one papers employs parallel cellular model. Four papers employ parallel hybrid approach.
These details are described in the following.
Parallel island model: Table 7 summarizes the characteristics of the parallel island models used in the papers
in Table 6. “Topology” column indicates topology used in that paper, while “Migration Frequency” column
indicates how frequently solution migration is conducted. “Selection” and “Replacement” columns indicate how
to select migrated solution(s) from subpopulation (island) and how to select replaced solution with migrated
solution(s) from other subpopulation, respectively. “Configuration” column indicates whether configuration of
genetic parameters, e.g., mutation rate or migration frequency, are static or dynamically changed during evolution
process. “Structure” column indicates each subpopulation has uniform (same) structure or nonuniform one, e.g.,
different mutation rates or different migration strategy.
Most papers employs full connected topology where all subpopulations are connected each other and im-

migrants move to other all subpopulations. Osaba et al. [86] employs characteristic one-by-one topology. They
propose a novel meta-heuristic, named Golden Ball (GB), to solve combinational optimization problems [86]. GB
is based on soccer concept and similar to the island model PGA, in which there are several teams (corresponding
to island) and they compete each other. Their team players (corresponding to solutions) are trained between
matches and some team members are translated to other team (corresponding to migration) every end of season.
The essential differences between general PGAs and GB are; (1) all teams (islands) are ranked depends on the
quality (fitness) of assigned players; and (2) teams with higher rank can get good player (solution) from ones with
lower rank, in particular ith ranked team can get ith best player from ith worst team. This means there exists
hierarchy of islands depends on assigned solutions and migration is performed nonuniformly.
Several migration frequencies are used, some papers migrate solutions every generations, while others uses

the migration frequency based on the number of generations. The work of Porta et al. [90] employs wall-clock
time as the migration frequency, independent to the number of generations. The work of Kurdi [73] decides the
migration if there are no improvement in all of the islands.
For the selection strategy, four papers employs the best solution to be migrated, while for the replacement

strategy, three papers employs the worst solution to be replaced with migrated solutions. In the work of Roberge
et al. [99], populations of all islands are merged and new populations are generated by randomly permutating and
splitting the merged population. The work of Porta et al. [90] constructs new population with best solutions from
each island and all islands start from this new population. In the work of Kurdi [73], a new naturally inspired
migration strategy is proposed in whichMiдCouthworst individual (MiдCou is the count of migration occurs) in
each island are selected to be migrated to other islands, unlike the classical island models generally select best
individuals.
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Table 8. Type of global parallelization used in the papers cited more than 20 times

Ref. Reproduction Slave’s task
Liu et al. [76] Generational Evaluation
Porta et al. [90]a Generational Selection, crossover, mutation, evaluation
Sahingoz [101] Generational Selection, crossover, mutation, evaluation
Hong et al. [65] Generational Evaluation
Yang et al. [131] Generational Evaluation
Cekmez et al. [31] Generational Selection, crossover, mutation, evaluation
Park et al. [87] Generational Evaluation
a Multicore CPU version

Some papers employs nonuniform configuration of islands, i.e., different configuration is applied to each island.
The work of Ishibuchi et al. [67] applies the island model PGA to genetic based machine learning (GBML) to
optimize fuzzy rules. In their model, each island does not only manage different subpopulation, but also has
different data set to be learned (nonuniform data set). After learning several generations, solutions migrates
to other island, while a part of data set is also migrated in the reversed order to the solutions migration. In
the work of Kurdi [73], each island employs a different self-adaptation method as nonuniform configuration.
The work of Dorronsoro et al. [48] proposes island based cooperative coevolution multi-objective evolutionary
algorithms (CCMOEAs). As multi-objective variants, they employs Non-dominated Sorting Genetic Algorithm II
(NSGA-II) [42], Strength Pareto Evolutionary Algorithm 2 (SPEA2) [133], and Multi-objective Cellular Genetic
Algorithm (MOCell) [68] In the proposed model, each subpopulation optimizes partial solutions, and best partial
solutions are migrated to other island and are utilized to evaluate partial solutions.
Global parallelization: Table 8 summarizes the feature of the global parallelization used in the papers in
Table 6. “Reproduction” column indicates whether the generational (synchronous) reproduction or the steady-
state (asynchronous) reproduction is used. “Slave’s task” column indicates what slave nodes of the master-slave
implementation executes in the evolution process.
All papers use the generational (synchronous) approach. This is because the generational approach can be

directly designed based on conventional non-parallel GAs and synchronous communication between master and
slave nodes is easily implemented. As the characteristic of the generational approach, many cores or processors
are used rather than the island model from Table 6. Since the generational approach has high scalability where
the number of executions of solution evaluations and/or genetic operations increases by increasing the number
of processors, it is suitable for parallelization on the system with many processors.

In the work of Liu et al. [76], the global parallelization is used to evaluate solutions by performing a generalized
probit-based stochastic user equilibrium traffic assignment, a framework for the route choice problem. A HPC
system in the Civil and Environmental Engineering department at the National University of Singapore is used
in this paper and the maximum 30 processors are used to parallelize the solution evaluations.

The work of Sahingzo [101] also solves the UAV path finding problem on PGA. In this work, paths of multiple
UAVs are optimized simultaneously. The global parallelization is employed and each processor of parallel
computing nodes performs selection, crossover, mutation and local search. This work employs multicore CPU
with four cores and four different UAV paths are optimized.

Hong et al. [65] also applies PGA to data mining task with fuzzy-based GA. They employ the master-slave
implementation where fitness evaluation of each fuzzy-rule with 10,000 transactions, which is the most time-
consuming process.
The work of Yang et al. [131] proposes a web-based parallel GA optimization framework based on high-

throughput distributed computation environment. The global parallelization of NSGA-II is implemented on
distributed computation environment by using HTCondor computation environment. On this framework, the
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Table 9. Hybrid approaches used in the papers cited more than 20 times

Ref. Hybrid Detail
Porta et al. [90]a Island×Global Islands are fully connected, and each island is evolved with

generational global parallelization
Shayeghi et al. [107] Global×Evaluation parallel Pool based steady-state global parallelization is employed, and

a newly generated solution is evaluated in parallel
Roberge et al. [100] Island×Evaluation parallel Islands are connected with bidirectional ring topology, and

each solution in island is evaluated in parallel
Davis et al. [39] Global×Evaluation parallel Pool based steady-state global parallelization is employed, and

a newly generated solution is evaluated in parallel
a Hybrid version

computation of the individual solution fitness value is enveloped as a HTCondor job. The optimization server is
implemented with Node.js and JavaScript. Users can consume optimization services through internet by different
browsers and facilities, such as, Chrome, Internet Explorer, Firefox, and so on. Moreover, particular client pages
can be constructed accounting to users’ requirements.
The work of Cekmez et al. [31] presents efficient implementation of GA on GPU to solve TSP, in particular

a 1-thread in 1-position approach is developed to improve the performance through maximizing efficiency.
Concretely, each thread of GPU generate a new solution through tournament selection, crossover, mutation, and
local search. The proposed method is implemented using CUDA on GPU with 384 cores. The proposed method is
tested on the TSP instances from TSPLIB, and is compared with the serial version of CPU implementations. The
experimental results show that the GPU version has a speed up from 366 to 1955× in comparison with the serial
version.

The work of Park et al. [87] proposes distributed NSGA-II, a multi-objective genetic algorithm, to seismic
retrofit design of 2D steel frame structure and 3D irregular reinforced concrete structure. Since a time-consuming
nonlinear structural analysis is needed for the evaluation of seismic performances of a retrofitting design, they
employ the global parallelization to evaluate solution in parallel. They use the cluster architecture, in which 16
PCs with quad-core processor are connected through network switching, in total this cluster has 64 processors.
Distributed Computing Server provided by MathWorks is used. It is revealed that the distributed algorithm on a
cluster of multicore PCs can reduce the computational time for the optimization without deteriorating the quality
of the optimal solutions. In particular, although the efficiency decreases by increasing the number of processors,
they achieve 75% efficiency with 64-core configuration.
Parallel cellular model: In this survey, only one parallel cellular model PGA with more than 20 citations is
found. The work of Pinel et al. [88] proposes a new parallel design of cellular GA for GPU architecture, named as
GraphCell. The population is initialized with random solutions except for one, which is the result of the Min-min
heuristic, a simple deterministic algorithm proposed by Ibarra and Kim in 1977 for the scheduling problem of
independent tasks. The recombination operator is run with one thread per task of a solution, unlike the usual
design evolve one solution by a single GPU thread. This means each solution of the population is recombined in
parallel. They use GPU holding 14 multi-processors of 32 cores each, in total 448 processors, and employs CUDA
to implement the proposed method. The proposed method is tested on problem instances of the independent task
assignment problem ranging from 512 tasks over 16 machines, to 65,536 tasks over 2048 machines. The problem
instances are randomly generated with high task and machine heterogenity. The population is set to 8 × 8, and
the neighborhood used is von Neumann. The performance of the proposed method is clearly higher with respect
to the CPU version when the problem size increases, especially a speedup ratio is 538 for the biggest instance.
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Parallel hybrid: Table 9 summarizes the characteristics of the parallel hybrid models used in the papers in
Table 6. “Hybrid” column indicates what kinds of implementation is combined, while “Detail” column describes
an explanation of an implementation.

Thework of Porta et al. [90] considers three architectures of parallelism,multicore CPU based on sharedmemory
with multi-threading, cluster based on message passing, and their hybrid. In the multicore CPU architecture, the
global parallelization is used, where a genetic loop, selection, crossover, mutation, and evaluation is performed in
each thread. On the other hand, in the cluster architecture, the island model is used, where each computing node
generates different initial population and executes the complete algorithm. After that, best solutions from slave
nodes join the new population, and the new population is sent to slave nodes. The hybrid architecture combines
them, in particular, each computing node has different population and it executes the complete algorithm while
performing genetic loop with a number of threads.

The work of Shayeghi et al. [107] and that of Davis et al. [39] propose pool based Birmingham cluster genetic
algorithm (Pool-BCGA), which is an extension of generation based BCGA [70]. The traditional generation
based BCGA, which combines the local minimization with GA, is a sequential code where local optimization
of individuals are not independent from one-another. On the other hand, the proposed Pool-BCGA is a kind
of asynchronous global parallelization model, in which one global population pool is referred from several
independent GA runs. Each GA run performs genetic operators such as mutation and crossover and execute local
minimization for newly generated solution. The cluster environment with up to 240 processors is used and each
pool subprocess of the proposed method running on 48 processors.
The work of Roberge et al. [100] reports the application of PGA implemented on GPU to optimize switching

angle of multilevel inverters. This paper employs the hybrid approach, the island model and the evaluation
parallelization. The purpose of this parallelization is to enable real-time control of multilevel inverters. For the
evaluation parallelization, four strategies are taken into account to parallelize and accelerate the fitness evaluation
on GPU. The proposed implementation achieved a speedup of 469× and the execution times ranged from 38 to
164 ms allowing for real-time control.

Since many processors on the cluster architecture or GPU can be recently utilized, the global parallelization
and the evaluation parallelization are suitable to such environment because of their scalability. For this reason,
the hybrid of them with other parallel implementation, such as the island model, gathers much attention.

4.2 Hardware
Hardware is one of the most important component to implement PGA in practice. There are many kinds of
hardware architecture to be employed to implement parallel systems. In Table 6, three hardware architectures
are employed; multicore CPU, cluster, and GPU.
Multicore CPU:Multicore CPU is simple but powerful hardware architecture, on which two or more processing
cores are embedded on one CPU. Usually, multiple cores share one memory space (shared memory) and can
exchange data through shared memory. In Table 6, seven works employ multicore CPU. When multicore CPU is
used in PGAs, 3-8 processors are used for parallelization. From the point of view of the PGA model, five works
out of seven employs the parallel island model, while two works employs the general parallelization.
Cluster: Cluster architecture is constructed with two or more PCs with singlecore or multicore CPU and dis-
tributed memories. PCs in cluster architecture are generally connected each other through local area network
(LAN) and/or wide area network (WAN), and communicate by using message passing and/or socket communica-
tion. In cluster architecture, the number of processors can be increased by increasing the number of PCs, which
is easier than multicore CPU architecture because it must increase the number of processors in one CPU chip.
Actually, when cluster architecture is used in the PGA works in Table 6, up to 240 processors are utilized. The
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work of Tosun et al. [120] utilizes a HPC system with totally 368 processors, consists of 46 nodes, each with two
CPUs, and each CPU having four cores.
GPU: Graphical processing unit (GPU) is originally used to accelerate real-time image processing, while it is
recently attracted attention for the use of general purpose, in particular, evolutionary computation and deep
neural networks. Unlike multicore CPU, GPU has hundreds or thousands of processors in one chip. Three papers
in Table 6 utilize graphical processing units (GPUs) with hundreds of cores, each having 512 cores [100], 448
cores [88], and 384 cores [31]. GPUs are applied to all PGA models, global parallelization, parallel island model,
and parallel cellular model.
Apart from these hardwares, several hardware architecture can be taken into account to implement PGA, in

particular, grid computing, cloud computing, mobile/smartphone, sensor network, and FPGA.
Grid computing: Grid computing is a technology that aggregates and fuses resources such as distributed
processors, data, storage systems, and networks, and make them available as one huge resource. One of the
important aspects of grid computing is to gather surplus computing resources and make effective use of it
in demand areas. In PGA domain, grid computing technology is attracted attention, for example, the work
of Georgiev and Atanassov [55], and the one of Oliveira et al. [123] implement an island model PGA on grid
computing environment.
Cloud computing: Cloud computing is a paradigm for delivering compute power, database storage, applications,
and other IT resources through a cloud services platform via the Internet. Enterprise cloud services are provided
such as Amazon Web Service, Google Cloud Platform, and Microsoft Azure. Such services are certainly utilized
for the use of parallel computing including PGA executions, actually several works study implementation of
PGAs on cloud system [47, 81, 103, 132].
Mobile/Smartphone: In the last decade, smartphones and mobile devices have rapidly become widespread, and
their processing capability has remarkably improved. For this reason, many researchers study to make use of
smartphones and mobile devices as computing resources like cluster or grid computing architecture [27].
Sensor network:
FPGA: Field programmable gate array (FPGA) is a reconfigurable integrated circuit after production. To reconfig-
ure FPGA, hardware description language (HDL) is generally used. The main advantage of FPGA is its flexibility
that it enables high-efficiency and high-speed processing of specific applications by constructing logic circuit
specified to tasks. Another advantage is its high parallel performance. By constructing same logic circuits for a
certain process, it can be executed in parallel during one CPU clock. Utilizing these advantages, PGA architecture
using FPGA has been proposed in several studies [52, 62].

4.3 Software
Several APIs are utilized to quickly and certainly implement PGA algorithm in practice. In Table 6, four APIs are
employed; Parallel Computing Toolbox, Distributed Computing Server, MPI, and CUDA.
Parallel Computing Toolbox: Parallel Computing Toolbox is used in two papers [18, 99] with MATLAB.
Parallel Computing Toolbox is provided by MathWorks and supports to solve computationally and data-intensive
problems using multicore processors.
Distributed Computing Server: Distributed Computing Server is also provided by MathWorks to support
parallel computing on distributed computing environment such as cluster computing architecture. Two papers [45,
87] employ Distributed Computing Server with MATLAB on cluster architecture.
MPI: Message passing interface (MPI) is a standard for message passing on parallel computing architecture. MPI
libraries such as OpenMPI and MPJ are used as major parallel API with Fortran, C++, and Java. Actually, three
works [76, 90, 120] in Table 6 employ MPI on cluster computing architecture.
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Table 10. Academic and generated problem instances in the paper cited more than 20 times

Ref. Instance Domain Data set
Ishibuchi et al. [67] Academic Data mining UCI machine learning repository [46] and KEEL project [16]
Osaba et al. [86] Academic Routing problem TSPLIB [97] and the CVRP data set by [60]
Hong et al. [65] Problem generation Data mining Randomly generated 10,000 purchase transactions with 64

items
Tosun et al. [120] Academic Quadratic Assignment Problem QAPLIB [26]
Allahviranloo et al. [18] Problem generation Routing problem Randomly generated fuzzy selective vehicle routing problem

(FSVRP) consisting of 15 nodes and 2 vehicles and 200 nodes
and 20 vehicles

Pinel et al. [88] Problem generation Task scheduling Six different instance sizes, from 512 tasks×16 machines 65,536
tasks×2,048 machines, generated according to [17]

Dorronsoro et al. [48] Problem generation Task scheduling 512 tasks with 16 machines and 2,048 tasks with 64 machines,
with two heterogeneities, generated according to [17]

Kurdi [73] Academic Job shop scheduling Standard JSSP benchmark instances by [20, 53, 74]
Cekmez et al. [31] Academic Routing problem TSPLIB [97]

CUDA: Especially for GPU architecture, CUDA toolkit is used. CUDA developed and provided by NVIDIA is a
platform for general purpose parallel computing on GPU architecture, and C/C++ compiler and APIs are provided.
On the PGA work employing GPU in Table 6, all three works [31, 88, 100] employ CUDA on GPU developed by
NVIDIA.

In order to implement PGAs, several EA libraries are utilized to quickly put proposed algorithm in practice. In
particular, a few papers in Table 6 employ libraries such as GEATbx, SiPESC.OPT, and jMetal.
GEATbx: The Genetic and Evolutionary Algorithm Toolbox (GEATbx) [89] is a toolbox for MATLAB. It does not
only contain many optimization algorithms and problem instances and examples to run them, but also many
helpful extensions like visualization of optimization process, multi-objective optimization, constraint handling,
problem-specific initialization and visualization, and multi-strategy and multi-population support. In Table 6, the
work of Devos et al. [45] utilizes GEATbx.
SiPESC.OPT: The work of Yang et al. [131] utilizes SiPESC.OPT [130] developed and provided by Dalian SiPESC
CO., Ltd..
jMetal: jMetal framework [49] is implemented by Java language and includes single-objective, multi-objective
and parallel algorithms, problem instances, quality indicators, and variable representations. jMetal is written as
the object-oriented architecture so that it enables users to quickly develop their own algorithms and solve their
own optimization problem by the state of the art EA algorithms. Dorronsoro et al. [48] utilize jMetal library in
their work.

4.4 Academic and generated problem instances
This section shows the details of academic and generated problem instances used in PGA papers cited more
than 20 times. Academic instances are very useful to compare the proposed PGA method with other previous
ones because they can be compared with fair condition. On the other hand, generated problem instances are
also useful because they can be easily scaled up their problem size. This feature is suite to measure scalability or
robustness of proposed PGA algorithm from the point of view of problem size.

Table 10 summarizes the characteristics of the instances of academic and problem generation. “Instance” column
indicates corresponding paper employs academic instance or generated problem instance, which “Domain” column
indicates the problem domain of instances used in papers. “Data set” column indicates where problem instances
come from or how they are generated.

As benchmark problems, well-known NP-hard problems are employed in PGA domain. Routing problem and
task scheduling are usually employed test instances in PGA domain. The work of Osaba et al. [86] and that
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Table 11. Applications in the papers cited more than 20 times

Ref. Application # objectives Fitness Constraint Solution
Roberge et al. [99] Path finding Mono Static No Real-value
Liu et al. [76] Traffic Mono Static Yes Real-value
Devos et al. [45] Data mining Mono Static No Real-value (binary coded)
Porta et al. [90] Land use planning Mono Static No Discrete
Sahingoz [101] Path finding Mono Static No Discrete
Shayeghi et al. [107] Nanoscience Mono Static No Real-value
Roberge et al. [100] Electronics Mono Static No Real-value
Yang et al. [131] Building structure Mono Static No Mixture (Real-value and discrete)
Park et al. [87] Building structure Multi Static Yes Real-value
Davis et al. [39] Nanoscience Mono Static No Real-value

of Cekmez et al. [31] employ TSPLIB [97] that is a standard library for TSP problem instance. The work of
Allahviranloo et al. [18] applies PGA to solve fuzzy selective vehicle routing problem (FSVRP) and they employ
randomly generated small and large routing network for testing the proposed method. Other than TSPLIB, the
capacitated VRP (CVRP) data set provided by NEO research group [60] is used in the work of Osaba et al.. Larger
size of TSP is solved in the work of Honda et al. [63], in which 100,000-city scale TSPs, called Art TSP instances 6

that provide continuous-line drawings of well-known pieces of art, is solved with PGA with edge assembly
crossover (EAX).
Test instances of task scheduling are randomly generated for given number of tasks and given number of

machines. They can be easily change their scale by changing the number of tasks and machines. In the work of
Pinel et al. [88], six different instance sizes are tested, specially 512 tasks × 16 machines, 4, 096 × 128, 8, 192 × 256,
16, 384 × 512, 32, 768 × 1, 024, and 65, 536 × 2, 048, while the work of Dorronsoro et al. [48] employs 512 tasks ×
16 machines and 2,048 tasks × 64 machines with high and low heterogenities of the tasks and machines.

In the work of genetic based machine learning (GBML), UCI machine learning repository [46], which is a
well-known collection of data set in the machine learning domain, is used. Quadric Assignment Problems (QAPs)
and job shop schedulings

4.5 Applications
Many researchers apply PGA to solve problems in real-world application, in particular, path finding, traffic, data
mining, land use planning, nanoscience, electronics, and building structure. In this section, we discuss on these
applications solved in PGA papers cited more than 20 times.

Table 11 shows the summary of applications and their problem characteristics in the paper cited more than 20
times. “Application” column indicates a real-world application treated in the corresponding paper. “# objectives”
column indicates the number of objectives of the target problem, while “Fitness” column indicates whether the
fitness value of the target problem is static or dynamic. “Constraint” column indicates whether the target problem
contains some constraints or not, while “Solution” column indicates representation of solution. The details of
studies related to real-world applications are discussed below.
Path finding: The work of Roberge et al. [99] uses PGA and parallel PSO to produces paths of unmanned aerial
vehicles (UAVs). Each path is represented as a number of waypoints (3D coordinates) of UAV, and is evaluated
by penalizing path length, average altitude, path through danger zones, required power of UAV, colliding with
the ground, required fuel, and path that cannot be smoothed. Island model parallelization is used, in which the
migrations occur synchronously, ten times throughout the optimization process and new subpopulations are
generated by random permutation of a global population. The experiment is run on two quad-core CPUs (totally

6http://www.math.uwaterloo.ca/tsp/data/art/index.html
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8 cores). To implement the algorithm, the authors employs MATLAB and Parallel Computing Toolbox. They
achieved a quasi-linear speed up of 7.3 on 8 cores and an execution time of 10 s for both algorithm, which shows
the possibility of real-time path planning for UAV on a standard multi-core CPUs. The work of Sahingoz [101] also
solves the UAV path finding problem on PGA. In this work, paths of multiple UAVs are optimized simultaneously.
The global parallelization is employed and each processor of parallel computing nodes performs selection,
crossover, mutation and local search. This work employs multicore CPU with four cores and four different UAV
paths are optimized. Although not listed in Table 6, some other researches tackle the UAV optimization. For
example, Shaferman and Shima [106] applies coevolutional PGA to optimize a heterogeneous UAV team tracking
a group of targets, while the work of Cekmez et al. [32] implements the multi-UAV optimization on the GPU
architecture with CUDA.
Traffic: Liu et al. apply PGA to traffic management, in particular the practical speed-based toll design problem
for the cordon-based Electronic Road Pricing (ERP) system in Singapore [76]. In this problem, toll fare pattern
for each charging link is optimized to maximize the total social benefit and average travel speed. Each newly
generated chromosome is evaluated based on a the probit-based stochastic user equilibrium problem with given
toll charges, which needs much computational efforts due to the high computational cost of the Monte Carlo
simulation in each iteration. The global parallelization is chosen to evaluate each solution in parallel, and when 30
processors are used, the computation is accelerated by nearly 11 times, where an execution time decreases from
around 30 hours to 2.7 hours. Since traffic optimization requires much computational efforts to simulate decision
making of drives or traffic congestion, PGA is widely utilized to speedup the optimization [2, 91–93, 108].
Data mining: The work of Devos et al. [45] applies PGA to data pre-processing and model selection of SVM
classification. In particular, the chromosome consists of three parts of coding the two meta-parameters of SVM,C
and G, and p pre-processing to be applied to the data. The global implementation is employed and each slave
decodes the chromosome, applies pre-processing, construct SVM model with decoded meta-parameters, and
evaluates this model by k-fold cross-validation. They employ High Performance Computing Cluster (Transtec
AG, Tübingen) consists of one master node and four computing nodes using 2 dual core processors, in total 16
processors are available. The proposed method is applied to the classification task of olive oil coming from Liguria
(a coastal region of north-western Italy) and olive oil samples from other regions of Italy on the basis of NIR or
MIR spectra. The experimental result reveals that the SVM with pre-processing and parameter optimized by PGA
achieves higher classification accuracy than the previous classification methods. A combination of PGA with
data mining or machine learning is studied by other researchers, for example, feature selection [23, 50, 61, 109],
generating fuzzy rule set [33, 114].
Land use planning: The work of Porta et al. [90] uses PGA for land use planning, in which each piece of land is
allocated to the best category according to certain criteria and restrictions. They consider three implementations
of PGA, the global, island, and their hybrid, on different architectures, multicore CPU based on shared memory
with multi-threading, cluster based on message passing, and their hybrid. The work of Cao and Ye [30] also
applies PGA, in particular course-grained (island) PGA, to land use planning. The full connected topology is used
and PGA is implemented on multicore CPU with four processors. The proposed model is applied to the land use
planning problem in Tongzhuo Newtown, Beijing, China.
Nanoscience: The work of Shayeghi et al. [107] applies Pool-BCGA to solve global geometry optimization of
molecular cluster, in which local optimizations are the bottlenecks in a global optimization when using ab initio
method. The cluster environment with up to 240 processors is used and each pool subprocess of the proposed
method running on 48 processors. The proposed method performs a linear scale-up while the traditional BCGA
plateaus when using a large number of cores. The work of Davis et al. [39] also applies PGA to an optimization in
the nanoscience domain, in particular the global optimization of IrN (N = 10-20) clusters directly at the density
functional theory level of theory. They use the Birmingham parallel genetic algorithm (BPGA), a new open-source
utilizing Pool-BCGA proposed in [107]. The BPGA calculations are performed on the UK’s national supercomputer
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ARCHER in this paper. Each is run in parallel with eight instances of the code operating on the pool. The proposed
method successfully finds the putative global minimum structures of IrN (N = 10-20) clusters. Their proposed
PGA is applied to optimization of other nano particles, MgO(100)-supported AuIr sub-nanoalloys [38], RuâĹŠPt
binary nanoalloys [43], and MgO(100)-supported Pd, Au and AuPd nanocluster structures [66].
Electronics: The work of Roberge et al. [100] reports the application of PGA implemented on GPU to optimize
switching angle of multilevel inverters. The purpose of this parallelization is to enable real-time control of
multilevel inverters. This paper employs the hybrid approach, the island model and the evaluation parallelization.
For the evaluation parallelization, four strategies are taken into account to parallelize and accelerate the fitness
evaluation on GPU. The proposed implementation achieved a speedup of 469× and the execution times ranged
from 38 to 164 ms allowing for real-time control.
Building structure: The work of Yang et al. [131] applies the global parallelized NSGA-II to the building energy
consumption optimization, which uses the simulation model of the KUBIK building, locating at Bilbao Spain
and developed in EnergyPlus, to evaluate fitness value. The experiment uses 48 computing nodes constructed
on eight computers with 12-core processor. The parallel optimization framework with 48 processors achieve
the speedup ratio of 39.3 The work of Park et al. [87] proposes distributed NSGA-II, a multi-objective genetic
algorithm, to seismic retrofit design of 2D steel frame structure and 3D irregular reinforced concrete structure.
Since a time-consuming nonlinear structural analysis is needed for the evaluation of seismic performances of a
retrofitting design, they employ the global parallelization to evaluate solution in parallel. They use the cluster
architecture, in which 16 PCs with quad-core processor are connected through network switching, in total this
cluster has 64 processors. Distributed Computing Server provided by MathWorks is used. It is revealed that
the distributed algorithm on a cluster of multicore PCs can reduce the computational time for the optimization
without deteriorating the quality of the optimal solutions. In particular, although the efficiency decreases by
increasing the number of processors, they achieve 75% efficiency with 64-core configuration.

4.6 Summary
In this section, we show the review of the literature in the recent five years by focusing on papers cited more than
20 times. Firstly we discussed on the point of view of PGAmodels, and then we discussed on two aspects, hardware
and software used to implement proposed PGAs. Next, we described academic and generated problem instances
used to demonstrate the effectiveness of proposed PGAs. And finally, we described real-world applications solved
by the recent PGA papers. This section is summarized as follows:

• The island model and the global parallelization are two major implementation of PGAs, while the hybridiza-
tion approach like the combination of the island model and the global parallelization, or the one of the
global parallelization and the evaluation parallel are attracted much attention.
• The multicore CPU with several processors and the cluster architecture with tens or hundreds processors
on many computing nodes are mainly employed. On the other hand, GPU with hundreds of cores recently
employed especially by using CUDA library.
• To implement PGAs, several APIs like Parallel Computing Toolbox, Distributed Computing Server, MPI,
and CUDA are utilized, while useful libraries help authors easily implement PGAs, for example, GEATbx,
SiPESC.OPT, jMetal.
• Academic and generated problem instances are utilized to test PGA methods, in particular they are useful
to investigate the scalability of PGA methods because such academic and generated problem instances can
be easily scaled up by increasing the dimension of design variables.
• Many researchers pay attention to real-world application of PGAs. They apply PGAs to several domains,
like path finding, traffic, data mining, land planning, nanoscience, electronics, and building structure. Many
of them are computationally expensive, or have to be solved in short computing time.
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5 CHALLENGES AND NEW TRENDS
This section contains a brief summary of open challenges for the further development of PGAs, what could be
used as a set of research lines to foster in new master and PhD theses. Also, we include information on already
developing tedhnologies and fields related to PGAs, what could be used to guide interested readers to domains
new to them. We then make a summary of what is worth to be addressed and what is worth to know because it is
happening as of today, hopefully making here a case of discussion and thinking for the PGA community.

Agin, this is a reflection based on the knowledge of authors of this article, and then a topic for open debate, of
course. Indeed, we will merge callenges and future trends in the next list of items, since they both interplay in
complex manners. Let us start.

Few seconds execution: In real time applications like in critical systems (Industry 4.0, drivers, cars, planes...)
a fast execution is mandatory. PGAs running completely withing a few seconds (or milliseconds) is a
challenge for present research. For this, we should probably need more than a fast parallel hardware, and
then we should go for theory (to reduce the number of function evaluations) and especialized operators.

Beating the state-of-the-art: PGAs are often just used to reduce the running time, and authors base their
contribution in this reduction. But PGAs allow a much larger power than this, and they could ease the
reduction of number of fitness function calls and produce and increment in the precision of the computed
solution as well. New PGA models and implementation are wanted achieving this parallel maximization of
benefits and reduction of costs.

Scalability: One main concern in present research is how narrow are the studies published in impact journals. In
particular, authors often only address one problem instance, of a few ones that share a similar dimensionality.
A main challenge is to face PGAs to many problem instances where all of them are of very different
dimensions. For example, go for thousands and millions of variables when solving SAT, or for hundreds,
thousands and millions of cities when solving TSP [41, 58]. If the proposed algorithm shows a quasi-linear
scalability (growth of the effort of the same algorithm when facing increasingly large problems), then this
technique is worth to publish and learn [15]. The number of new techniques is so large nowadays, and the
need for scalability is so normal in the real world, that we should only care on algorithms showing with
numerical data that they scale appropriately.

Robustness: This is an often mentioned issue in most search, optimization, and learning studies at present,
though not so often well defined. We can understand robustness as the persistance of good results shown
by an algorithm under changes (of different intensity) in its parameters [64, 128]. Having PGAs that
show robustness in this sense will make then reliable tools for final applications in the real world. The
feature of metaheuristics consisting in giving a different answer to the same problem in different runs
(non-determinism) sometimes is not welcomed by experts, who want a reliable and even same result always.
At least, considering probability of distributions instead of scalars (e.g. on TSP, consider that travel times
are not numbers, but normal distributions with an average and a standard deviation) and reporting on
confiden intervals for algorithms is a demanded feature of modern solvers that researchers should be aware
of [8, 37]. Robustness is often also understood as algorithms dealing with uncertainties in the data, or even
dealing with dynamic environments [11], where the same individual can get several different fitness values
along the search done in the algorithm, clearly defining new topics for research.

Multiobjective: The combination of PGAs and MO studies/concepts is a classic now in literature [71, 78]. The
checking of constraints in complex MO problems take a lot of time, and PGAs are a way to go there. In many
MO problems, checking constraints require more time than evaluating the different objective functions. In
other cases, computing hypervolume can be eased by using a PGA. Still in other situations, new models
for solving MO problems can be built my decentralizing the MO algorithm, thus having more efficient
algorithms that could construct better Pareto fronts in diversity and quality. Also, computing more solutions
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in the front can come as a benefit of using a PGA. Finally, as to multicriteria decision making (MCDM) we
still have to see interactive PGAs dealing with one or more users stating their preferences, either offline or
online, in an interactive way so as to allow new applications in design (e.g. designing a building, creating a
painting...) and market (e.g. analyzing bank data, determining the best medical treatment for a patient...).

Interactive/online: This topic is still to rise, but it is clear that, if users need a real time answer to their queries
for an optimal solution to a complex real problem, then PGAs are the way to go [85]. First, modern hardware
would be needed (GPUs mainly, but also FPGAs or cloud computing), and thus the importance of building
algorithms for new platforms. Second, graphical user interfaces (and vocal ones, and others) would have
a say here. We also link now to very efficient execution (seconds or milliseconds) and user preferences,
targeting a new body of services where a PGA is in the heart of the intelligence offered to the user. These
systems sometimes need to wait for the user, and then go for a quick answer to the defined problem, in a
kind of burst behavior that open new avenues on how all this should be managed.

Body of knowledge: The difficulty for having an explicit body of knowledge in PGAs is a main problem for its
development as a research field. Researchers have a hard time in finding relevant papers, there are no clear
benchmarks to evaluate the quality of PGAs, and the list of best practices is still weak and splittered in
different journals and conferences. Often, researchers interested in PGAs only read and publish in journals
on GAs, but not on parallelism. The contrary also happens, since there is no such a journal or conference
with yearly execution where to find data on this domain. In order to know more on the body of knowledge,
researchers should at least consult the previous surveys on this topic[3, 4, 10, 14, 28, 69, 72, 116, 119, 122].
We hope to make a contribution to this body of knowledge with this article, but obviously it should happen
at the level of the interested community, and community is still sparse, since most researchers are going
for applications of PGAs, and not for their fundamentals. That is a must; going for the working principles
and bases for the construction and analysis of PGAS themselves is a real future challenge.

Trade-off usability/efficiency: PGAs are often used because researchers want to build a complex solver that is
efficient at the same time. Sometimes, making the algorithm usable means to forget on the internals of the
algorithm and focus on the user interface, full of data with lots of data relevant for the application domain.
And thus, it is normal that efficiency and even science are sacrified for the sake of the nice application
at hands. We here warn that PGAs, and metaheuristics in general, are not magic recipes for solving any
problem. They are not black boxes amenable for users to build their applications while forgetting on how
the algorithm is working. It is very normal that this vision make researchers happy at first when using
PGAs but soon later a wall is faced, where no advances are possible without going into the algorithm
operations. in particular, efficiency is a must, even if we talk of a few seconds of execution, since in this
domain we care also on small times, always having scalability in mind, and always wanting an analysis of
the algorithm to be able of further enhancements [29, 75, 95, 124]. Not being able of this tradeoff is the
cause for stagnation in research, and for building new software parallel tools that easily go inefficient on
larger problems just because researchers do not want (have no time) to enter the guts of the PGA used.

Big data+parallel: Although no one has a clear idea of what big data is, the fancy term got known after several
initial attemps to use parallel platforms without caring of parallel details. Big data researchers use software
like Hadoop and Spark as an abstract layer to use parallelism to harvest gigabytes of information to offer a
statistical or intelligent conclusion. Since map/reduce is the main paradigm here [29, 113, 129], found in
MPI and other parallel software and systems previous to the existence of big data, much can be said on how
to configure and program on big data to efficiently use the underlying computing services. If all big data
applications use Spark (or similar), and if Spark (and similar) software tools are a way of using map/reduce
parallelism (to forget on the internal parlalel platform) then big data is actually concerned by parallel issues,
and algorithms, and metrics, and body of knowledge. So we encourage researchers interested in big data to
first understand the kind of algorithms that can be run in parallel in a large amount of computers [5], so
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that their solutions actually exploit the hardware and can go for big data, bit volatility big variability, and
the rest of ’v’ found in this domain [96].

Edge/Fog computing: A fact in research is that we proceed in waves of interest. And a new wave of interest is
starting on not going centralized (as big data implies) for the analysis of data. Fog (or edge) computing [1,
19, 94, 98] claims that the computing should be done in the edge, that is, in the devices near the input of
data to the system. This means running algorithms on smart phones, routers, and some other intermediate
devices, no longer using a set of computers as the central location for data processing and analysis. Then
building new PGAs running on portable devices (tablets, smartphones), small computing limited devices
(Raspberry Pi 3, Arduino, wearables) and other edge devices (routers, like the ones from Cisco running
iOX) is a major challenge and a future trend that we will see to happen in the coming years. The ones
arriving quickly there will be well positioned for the innovation, research and development of the next
generation of algorithms and services.

Small devices: After making clear that it is important to open new lines of research concerning small devices,
one wonders on what are the challenges and interesting venues here. First, we can mention the obvious
need to run complex algorithms with a slow set of cores (compared to desktop machines), a short memory,
and with a low impact in battery consumption [9, 36, 77, 82]. Algorithms should then focus in theoretical
results to perform an efficient search [35], but also new PGA models could arise form using many cores
in a small device and linking the algorithm between different devices at the same time. Second, we need
algorithms aware of the hardware [84, 102], and this means they perform operations that change in time
depending on the availability of computing resources; this is still not well known: how mutation, crossover,
local search should be implemented to perform a meaningful numerical search while at the same time we
adapt to a volatile set of small devices, running/communication errors, and the computing resources that
get exhausted along the life of the algorithm. How to build algorithms here, so as to deal with thousands of
devices, and to address problems in a crowd (voluntary) kind of computing is a wide and interesting line of
research that will make PGAs and AI ubiquitous.

Exascale computing: This refers to computing systems capable of at least one exaFLOPS, or a billion billion
calculations per second (1018 floating point operations per second or FLOPS) [21, 25, 40]. This is the gold
target for High Performance Computing (HPC) in the near future, where all computing labs in the world
want to arrive. With such a power and parallel platforms, new unseen PGAs can be engineered and exploited
for very complex problems. But also, this inmense computational platform can be the target of studies that
use PGAs. For example, a typical problem in large HPC platforms is that you cannot use a sensible or even
a small set of all the computing units: arriving to 10% or 20% of all them is usually the barrier: how to use
more of this power at the same time for a PGA? How to help schedulers to improve their performance by
using PGAs for the decision making on the best execution plan for tasks? How to deal with PGAs where
any packet delivery could potentially fail, or any component of the PGA could be removed from execution
while still searching for a solution to our problem? An exciting set of possibilities then open in merging
PGAs, their design, their application, and an exascale computing platform all together.

Web services: In most research domains linked to optimization, search, and learning, researchers offer numerical
results, data files with benchmarks, documents, and open software in form of libraries. However, there
are more ways to use the knowledge we all build when researching, and building web services is one of
them [104]. Indeed, an interesting one, since we could offer new optimization services for users through
web services that are internally running PGAs on a local network (or multicore) [12]. That would be well
accepted by practitioners, who will submit their problems (through a given description language, or XML
file, or just source coude in Java) and wait for an answer. Building microservices and merging them into
more complex solutions would be of interest in the future, specially for a cohort of researchers who want
to use well tested and validated algorithms without going into their internals. Indeed, this could move
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to a new kind of market of specialized solvers used through reliable web services, thus representing an
interesting shared domain for researchers and companies.

6 CONCLUSIONS
We now end this article by summarizing the main contents and findings in it. Let us first remind of the intention
of not only having a source for modern research in PGAs, but in including added value in every section so that it
is actually useful to a wide audience.

On the contents, we tried to visit all common places, and then talked on models for PGAs, existing fresh works
on this domain, and a guiding tour around the venues (conferences and journals) and places where PGAs are
being endorsed. On conferences, ACM GECCO and IEEE CEC are the preferred places for publishing in PGAs.
On journals, the two first ones have a clear profile in pararellism, an explicit lesson that the “P” in PGAs has a
deep importance.
As a global conclusion, it is clear that the domain is healthy, though there is a trend in focusing in the

applications and not that much in the algorithms themselves. This is good in the short term but not so good in the
long term if we want to understand and better exploit these techniques for future practice. We really encourage
researchers to go on the fundamentals and understand them well before passing to focus in the application itself,
so as to avoid the classic “wall” of no further enhacements in the performance for a lack of knowledge on the
solver used.
The environment in research on PGAs is shifting in topics and places also. China is emerging as a source of

many new works, and our understanding of PGAs would need to master the taxonomy on hardware and software
that is somewhat complex because of the many advances in these two domains. Researchers and practitioners
should pay attention to the fundamentals of the models, the best practices in non-deterministic algorithms, and
the basic concepts existing in the domain of parallelism and HPC that are, to some degree, continuously missed
in present works where the application or at most the algorithm is the target, while a whole body of information
exists for parallel processing that could lead this domain to new levels of creative thinking and highly efficient
solvers.
We hope that our tables and figures represent a quick means to understand this domain. We also tried to

contribute in giving details as much as possible but without getting lost because of them. A global picture of the
domain is a nice lesson that this survey can help grasping. Indeed, we went into details on new topics and open
challenges so that new PhD theses can have a starting point based in the many suggestions implicit in this paper
when a reader look in a combined form at all the sections.

This survey represents a big database of recent work, and also a long list of suggestions and data and tools
that will hopefully help others in making, not only research, but development and even innovation to transfer
efficient solvers to companies. Of course, more work still has to be done in defining the fundamentals of PGAs,
and in developing scientific thinking in the future advances in this field. We do believe PGAs are precious tools
what could help anyone out there to improve his/her techniques, thus solving open problems and even leading to
funny and intuitive ways of addressing complex problems.
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