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Abstract
In the last few years, the formulation of real-world optimization problems and their efficient solution via
metaheuristic algorithms has been a catalyst for a myriad of research studies. In spite of decades of historical
advancements on the design and use of metaheuristics, large difficulties still remain in regards to the understandability, algorithmic design uprightness, and performance verifiability of new technical achievements. A
clear example stems from the scarce replicability of works dealing with metaheuristics used for optimization,
which is often infeasible due to ambiguity and lack of detail in the presentation of the methods to be reproduced. Additionally, in many cases, there is a questionable statistical significance of their reported results.
This work aims at providing the audience with a proposal of good practices which should be embraced when
conducting studies about metaheuristics methods used for optimization in order to provide scientific rigor,
value and transparency. To this end, we introduce a step by step methodology covering every research phase
that should be followed when addressing this scientific field. Specifically, frequently overlooked yet crucial
aspects and useful recommendations will be discussed in regards to the formulation of the problem, solution
encoding, implementation of search operators, evaluation metrics, design of experiments, and considerations
for real-world performance, among others. Finally, we will outline important considerations, challenges, and
research directions for the success of newly developed optimization metaheuristics in their deployment and
operation over real-world application environments.
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1. Introduction
The formulation and solution of optimization problems through the use of metaheuristics has gained
an increasing popularity over the last decades within the Artificial Intelligence community [1, 2]. This
momentum has been propelled by the emergence and progressive maturity of new paradigms related to
problem modeling (e.g., large scale optimization, transfer optimization), as well as by the vibrant activity
achieved in the Swarm Intelligence and Evolutionary Computation fields [3, 4, 5]. In this regard, there
are several crucial aspects and phases that define a high-quality research work within these specific areas.
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Each of these aspects deserves a painstaking attention for reaching the always desirable replicability and
algorithmic understanding. Moreover, these efforts should be intensified if the conducted research has the
goal of being deployed in real-world scenarios or applications.
This last aspect unveils one of the most backbreaking challenges that researchers face these days. It is
relatively easy to find in the literature really meaningful studies around theoretical and synthetic applications
of optimization problems and their solution using metaheuristic algorithms [6, 7, 8]. However, it is less
frequent to find thoughtful and comprehensive studies focused on real-world deployments of optimization
systems and applications.
Besides that, the challenge is even more arduous when the main goal of the research is to put in practice
a previously published theoretical and experimental study. There are two main reasons that generate this
complicated situation. First, it is difficult to find studies that allow the work carried out to be transferred to
practical environments without requiring a significant previous effort. On the other hand, the second reason
points to the lack of a practical guide for helping researchers to outline all the steps that a research work
should meet for being reproducible such that it contemplates both theoretical and real-world deployment
aspects.
With this in mind, it is appropriate to claim that the gap between theoretical and real-world oriented
research is still evident in the research on metaheuristics for optimization that is being conducted nowadays.
This gap is precisely the main motivation for the present study in which we propose a methodology of design,
development, experimentation, and final deployment of metaheuristic algorithms oriented to the solution of
real-world problems. The guidelines provided here will tackle different pivotal aspects that a metaheuristic
solver should efficiently address for enhancing its replicability and to facilitate its practical application.
To rigorously meet the objective proposed in this paper, each of the phases that define a high-quality
research are analyzed. This analysis is conducted from a critical but constructive approach towards amending
misconceptions and bad methodological habits, with the aim of ultimately achieving valuable research of
practical utility. To this end, the analysis made for each phase incorporates a prescription of applicationagnostic guidelines and recommendations that should be followed by the community to foster actionable
metaheuristic algorithms, namely, metaheuristic methods designed and tested in a principled way, with a
view towards ensuring their actual use in real-world applications.
Over the years, several efforts have been made by renowned researchers for establishing firm foundations
that guide practitioners to conduct rigorous research studies [9, 10, 11, 12]. All these previous studies have
significantly contributed to the standardization of some important concepts. However, the majority of these
works are focused on some specific steps or phases of the whole optimization process, while others focus on
very specific knowledge domains. These remarkable studies will be analyzed in upcoming sections. Such
works certainly helped us to highlight the main novelty of the methodology proposed here, which is the
deeming of each step that makes up a real-world oriented optimization research. We cover from the early
phase of problem modeling to the validation and practical operation of the developed algorithm. Therefore,
the main contributions and analysis of this tutorial are focused on the following issues:
• Problem Modeling and Mathematical Formulation: this first step is devoted to the modeling and mathematical formulation of the optimization problem, which is guided by a previously conducted conceptualization.
• Algorithmic Design, Solution Encoding and Search Operators: this phase is entirely dedicated to the
design and the implementation of the metaheuristic algorithm.
• Performance Assessment, Comparison and Replicability: this is a crucial step within the optimization
problem solving process, and it is devoted to the correct evaluation of the algorithms developed, and to
the replicability and consistency of the research.
• Algorithmic Deployment for Real-World Applications: once the metaheuristic is developed and properly
tested, this last phase is dedicated to the deployment of the method in a real environment.
The remainder of the paper is structured as follows. In Section 2, the history of problem solving through
metaheuristics is briefly outlined, underscoring the related inherent methodological uncertainties. In Sec2

tion 3, we introduce a reference workflow which will guide the whole methodology. We also highlight in this
section some of the most important related works already published in the literature and their connection
with the methodology proposed in the present paper. Our proposed practical procedure is described in detail
in Sections 4, 5, 6, and 7. Additionally, a summary of good practices at each specific phase of the complete
problem solving process is provided in Section 8. The tutorial ends with a discussion on future research
lines of interest for the scope of this tutorial, Section 9, followed by our concluding remarks provided in
Section 10.
2. Problem solving using Metaheuristics: a Long History with Methodological Uncertainties
Optimization problems and their efficient handling has received extensive attention throughout the years.
The appropriate solution of extraordinarily complex problems usually entails the use of significant computation resources [13, 14, 15]. This computational complexity, along with their ease of application to real-world
situations, has made of the optimization field one of the most intensively studied by the current artificial
intelligence community. This scientific interest has led to the proposal of a plethora of solution approaches
by a considerable number of researchers and practitioners. Arguably, the most successful methods can be
grouped into three different categories: (1) exact methods, (2) heuristics, and (3) metaheuristics. As stated
previously, this study will sharpen its focus on the last of these categories.
Metaheuristics can be divided into different categories depending on their working philosophy and inspiration [16, 17]. For a better understanding of the situation described in this paper, it is interesting to
put emphasis on a specific branch of knowledge related to metaheuristics and optimization problem solving: bio-inspired computation [18]. In the last two decades, a myriad of bio-inspired approaches have been
applied to different problems, some of which have shown remarkable performance. This growing attention
has led to an extraordinary increase in the amount of relevant published material, usually focused on the
adaptation, improvement, and analysis of a variety of methods that have been previously reported in the
specialized literature.
Several reasons have contributed to this situation. Probably, the most important cornerstone was the
birth of the branches which are known today as Evolutionary Computation and Swarm Intelligence [19, 20].
The main representative techniques within these streams are the genetic algorithm (GA, [21, 22]), particle
swarm optimization (PSO, [23]), and ant colony optimization (ACO, [24]). Being more specific, it was PSO,
thanks to its overwhelming success and novelty, the one that decisively influenced the creation of a plethora
of bio-inspired methods, which clearly inherit its main philosophy [25].
In spite of the existence of an ample collection of classical and sophisticated solvers proposed in both past
and recent literature, an important segment of the research community continues scrutinizing the natural
world seeking to formulate new metaheuristics that mimick new biological phenomena. This fact has entailed
the seeding of three different problems in the community, which are now deeply entrenched. We list these
problems below:
• Usually, the proposed novel methods are not only unable to offer a step forward for the community, but
also augment the skepticism of critical researchers. These practitioners are continuously questioning the
need for new methods, which apparently are very similar to previously published ones. Some studies that
have discussed this problem are [26], [27] or [5].
• The uncontrolled development of metaheuristics contributes to grow an already overcrowded literature,
which is prone to generate ambiguities and insufficiently detailed research contributions. This uncontrolled
growth is splashing the research community with a large number of articles whose contents is not replicable
and in some cases, it may be even unreliable. The reason is the ambiguity and lack of detail in the
presentation of the methods to be replicated and the questionable statistical significance of their reported
results.
• Most of the proposed methods are tested over synthetic datasets and generally compared with classical
and/or representative metaheuristics. This fact also involves the generation of two disadvantages. First of
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all, the sole comparison with classical techniques has led to unreliable and questionable findings. Second,
the approaches proposed in these publications is usually difficult to deploy in real-world environments,
requiring huge amounts of time and effort to make them work. Finally, being aware of the rich related
literature currently available, today’s scientific community must turn towards the proposal of practical and
real-world applications of metaheuristic algorithms. This goal cannot be reached if part of the community
continues delving into the proposal of new solution schemes which, in most cases, don’t seem to be fully
justified.
For reversing this non-desirable situation, we provide in this work a set of good practices for the design,
experimentation, and application of metaheuristic algorithms to real-world optimization problems. Our main
goals with the methodology proposed in this paper is to guide researchers to conduct fair, accurate, and
shareable applied studies, deeming all the spectrum of steps and phases from the inception of the research
idea to the final real-world deployment.
As has been pointed out in the introduction, some dedicated efforts have been conducted before with
similar purposes. Some of these papers are currently cornerstones for the community, guiding and inspiring
the development of many high-quality studies. In [28], for instance, a tutorial on the use of non-parametric
statistical tests for the comparison of evolutionary and swarm intelligence metaheuristics is presented. In that
paper, some essential non-parametric procedures for conducting both pairwise and multiple comparisons are
detailed and surveyed. A similar research is introduced in [9], in which a procedure for statistically comparing
heuristics is presented. The goal of that paper is to introduce a methodology to carry out a statistically
correct and bias-free analysis.
In [29], a detailed study on the Vehicle Routing Problem with Time Windows is presented, in which
several guides are offered for the proper design of solutions and operators, among other remarkable aspects.
In any case, one of the most valuable parts of this research is the in-depth discussion on how heuristic and
metaheuristic methods should be assessed and compared. An additional interesting paper is [30], which
proposes a procedure to introduce new techniques and their results in the field of routing problems and
combinatorial optimization problems. Furthermore, in a previously cited paper, Sorensen [26] also provides
some good research practices to follow in the implementation of novel algorithms.
The difficulty of finding standards in optimization research in terms of significant laboratory practices
is the main focus of the work proposed in [10]. Thus, the authors of that work suggest some valuable
recommendations for properly conducting rigorous and replicable experiments. A similar research is proposed
in the technical report published by Chiaraindini et al. [12]. In that report, the authors formalize several
scenarios for the assessment of metaheuristics through laboratory tests. More specific is the study presented
in [31], focused on highlighting the many pitfalls in algorithm configuration and on introducing a unified
interface for efficient parameter tuning.
It is also interesting to mention the work proposed in [32], which introduces some good practices in
experimental research within evolutionary computation. Focused also in evolutionary computation, the
authors of [33] highlight some of the most common pitfalls researchers make when performing computational
experiments in this field, and they provide a set of guidelines for properly conducting replicable and sound
computational tests. A similar effort is made in [34] but focused on bio-inspired optimization. The literature
contemplates additional works of this sort, such as [35].
The methodologies mentioned up to now revolve around two key aspects in optimization: efficient algorithmic development and rigorous assessment of techniques. In addition to that, it is also possible to
find in the literature good practices about the modeling and formulation of the optimization problem itself.
This issue is equally important to the others that have been previously mentioned, and not dealing properly
with it, usually becomes a source of multiple uncertainties and inefficiencies. In [36], for example, Edmonds
provides a complete guide for properly formulating mathematical optimization problems. The author of that
paper highlights the importance of analyzing the complexity of problems, which is crucial for choosing and
justifying the use of a solution method. He also stresses the importance of carefully defining three different
ingredients that make up an optimization problem: instances, solutions, and costs.
Also related are the works conducted in [11] and [37], both dedicated to multi-objective problems.
Moreover, in its successful book [38], Kumar dedicates a complete section to guide researchers in the proper
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definition of optimization problems. This book is especially valuable for newcomers in the area due to its
informative nature. Apart from these generic approaches, valuable works of this sort can be found in the
literature devoted to some specific knowledge domains, such as the ones presented in [39] and [40].
As indicated before, the community has made remarkable efforts to establish some primary lines which
should guide the development of high-quality, transparent, and replicable research. The main original
contribution of the methodology proposed in this paper is the consideration of the full procedure related
to a real-world oriented optimization research, covering from the problem modelling to the validation and
practical operation of the developed systems. Finally, Table 1 summarizes the state of the art outlined in
this section. We also depict the main contribution of our proposal in comparison with each of the works
described there.
Performance
Assessment,
Comparison
and
Replicability

Problem
Modeling and
Mathematical
Formulation

Algorithmic
Design, Solution
Encoding and
Search Operators

[26]

7

3

7

7

[9]

7

7

3

7

[10]
[11]
[12]
[28]
[29]
[30]

7
3
7
7
7
7

7
7
7
3
3
3

3
3
3
3
3
3

7
7
7
7
7
7

[31]

3

7

3

7

[32]
[33]
[34]

3
3
7

7
7
7

3
3
3

7
7
7

Algorithmic
Deployment for
Real-World
Applications

Focus

Bio-inspired and swarm intelligence algorithms
Resource-constrained project scheduling
problems

—
Multi-objective problems

—
Swarm Intelligence
Vehicle Routing Problems with Time Windows
Vehicle Routing Problems

Common pitfalls and good practices for
parameter tuning
—
—
Bio-inspired Optimization

Numerical optimization algorithms in a
black-box scenarios
—

[35]

3

7

3

7

[36]
[37]
[38]

3
3
3

7
7
7

7
3
7

7
7
7

[39]

3

7

7

7

[40]

3

3

7

7

Multi-objective problems
Newcomers
Two-echelon Capacitated Vehicle Routing
Problem
Bin Packing Problems

This work

3

3

3

3

—

Table 1: Summary of the literature review, and comparison with our proposed methodology.

3. Solving Optimization Problems with Metaheuristic Algorithms: a Reference Workflow
In this section, we introduce the reference workflow that describes our methodological proposal. Our
main intention is to establish this procedure as a reference, considering its adoption a must for properly
conducting both theoretical and practical rigorous, thorough, and significant studies related to metaheuristic
optimization. Thus, Figure 1 and Figure 2 represent this reference workflow, which will serve as a guide for
the remaining sections of this paper.
Thus, we have used two different high-level schemes to describe our methodology graphically. The first
one (Figure 1) is conceived as the general scheme, and it contemplates the problem description 3 , analysis,
and development of the selected solution approach (5-6), and the deployment of the solution 4 . On the
other hand, the second scheme (Figure 2) is completely devoted purely to the research activity (stage 6
in Figure 1). In another short glimpse, we can also see how we have devised two different development
environments. Specifically, problem description, baseline analysis, and research activity are conducted in a
laboratory environment 1 , while the algorithmic deployment is conducted in an application environment
2 .
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•

Figure 2
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②
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•
•

YES

⑥
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Mathematical modeling &
Problem formulation
Algorithmic Design, Solution
Encoding & Operators
Performance Assessment,
Comparison and Replicability

NO

Configurations
left for testing?

NO
Compliant with all
my non-functional
requirements?

YES

Meta-heuristic
working in real
environment

Figure 1: Phase 1 of the reference workflow for solving optimization problems with metaheuristic algorithms.

Focusing our attention on the first workflow, the whole activity starts with the existence of a real problem
that should be efficiently tackled. The detection of this problem and the necessity of addressing it, triggers
the beginning of the research, whose first steps are the conceptual definition of the problem and the definition
and analysis of both functional and non-functional requirements 3 . It should be clarified here that this
first description of the problem is made at a high-level, focusing on purely conceptual issues. Due to the
nature of this first step, the presence of final stakeholders is highly recommended in addition to researchers
and developers.
Regarding functional requirements, it is hard to find a canonical definition [41], but they can be referred
to as what the product must do [42] or what the system should do [43]. Furthermore, the establishment of
functional requirements involves the definition of the objective (or objectives in case of multi-objective problems) function to be optimized and the equality and inequality constraints (in case of dealing with a problem
with side constraints). On the other hand, there is no such consensus for non-functional requirements. Davis
defines them as the required of overall attributes of the system, including portability, reliability, efficiency,
human engineering, testability, understandability and modificability [44]. Robertson and Robertson describe
them as a property, or quality, that the product must have, such as an appearance, or a speed or accuracy
properties [42]. More definitions can be found in [41]. In any case, these objectives are crucial for the proper
election of the solution approach, and the non-consideration of them can lead to the re-design of the whole
research, involving both economical and time costs. This paramount importance is the reason why, in this
work, we put special attention on highlighting the impact of the consideration or non-consideration of these
non-functional objectives (of a fair and comprehensive description of the non-functional requirements). In
fact, many of the research contributions available in the literature are focused on the pure fulfillment of
functional requisites, making them hard to be properly deployed in the real world. Thus, we can see the
meeting of non-functional objectives as the key for efficiently transitioning from the laboratory 1 to the
application environment 2 .
After this first conceptual phase, it is necessary to scrutinize the related literature and scientific community for finding an appropriate baseline 5 . The main objective of this process is to find a public shared
library or baseline that fits with the previously fixed functional requirements. In the positive case, the next
step is to analyze whether these findings are theoretically compliant with all the outlined non-functional
requirements. The published research activity is usually carried out under trivial and unofficial laboratory
specifications with a short-sighted design mostly concentrated on the “what” (functional objectives) but
not on the feasibility of “the how”. The recommended good practice is filtering out research that has allegedly gone through from the lab hypothesis to the demanding real-world conditions. On the contrary,
when assuming that the baseline does not satisfy or reckon these non-functional requirements, the research
activity will first include procedures to evaluate the baseline viability so as to decide whether the baseline
is still a potential workaround or has to be discarded 6 . Finally, if both actions are positively solved, the
investigation is considered ready to go through the deployment phase 4 .
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Figure 2: Phase 2 of the reference workflow for solving optimization problems with metaheuristic algorithms.

At this point, it is important to highlight that the so-called Algorithmic Deployment for Real-World
Application phase 4 (detailed in Section 7), considered as a cornerstone in our methodology, can receive
as input an algorithm directly drawn from a public library 5 , or a method developed ad-hoc as a result
of a thorough research procedure 6 . At this phase, it could be possible to face the emergence of new nonfunctional objectives, implying the re-analysis of the problem (going back to 3 ) for the sake of deeming
all the newly generated necessities.
On the contrary, if all the non-functional requirements are considered but not fully met, further readjustments are necessary. In this scenario, additional minor adaptations should be made over the metaheuristic if further configurations are left to test 7 . Nevertheless, if these minor adjustments do not result
in a desirable performance of the algorithm, the process should re-iterate starting from the Algorithmic
Design, Solution Encoding and Search Operators phase (part of Workflow 2, Figure 2, and detailed in Section 5), which may involve a re-design and re-implementation of (or even a new) our metaheuristic solution
6 . Finally, if none of the above deviations occur and the performance of the metaheuristic meets the
initially established objectives, the problem can be considered solved and the research completely finished
after the final deployment of the algorithm in a real environment.
In another vein, Figure 2 depicts the second part of our workflow, which is devoted to the work related to
research development. As can be easily seen in this graphic, this workflow has three different entry points,
depending on the status of the whole activity. Furthermore, this phase is divided into three different and
equally important sequential stages. These phases and how they are reached along the development process
are detailed next:
• Problem Modeling and Mathematical Formulation (Section 4): This first step should be entirely devoted
to the modeling and mathematical formulation of the optimization problem, which should be guided by
the previously conducted conceptualization. The entry to this part of the research should be materialized
if the problem to solve has not been tackled in the literature before, or in case of the non-existence of an
adapted baseline or library.
• Algorithmic Design, Solution Encoding and Search Operators (Section 5): This second stage should be
devoted to the design and implementation of the metaheuristic method. It should also be highlighted that
another research branch could also be conducted, which is the refinement of a baseline or library already
7

found in the scientific community.
• Performance Assessment, Comparison and Replicability (Section 6): Once the algorithmic approach is
developed (or refined), the performance analysis of the technique should be carried out. This is a crucial
phase within the optimization problem solving process, and the replicability and consistency of the research
clearly depend on the good conduction of this step. Furthermore, once the quality of the algorithms
has been tested over the theoretical problem, it should be deployed in a real environment (Algorithmic
Deployment for Real-World Application phase, Figure 1).
Once we have introduced and described our envisioned reference workflow, we outline in the following
sections all the good practices that researchers and practitioners should follow for conducting high-quality,
real-world oriented research.
4. Problem Modeling and Mathematical Formulation
Once the analyst and domain expert have agreed upon the conceptual definition and the requirements
to be met by the solution, the research activity gets started. All these inputs (conceptual description and
functional/non-functional requirements) will be tracked along the whole workflow and be more approachable
depending on the specific stage. At the problem modeling phase, the “what” contained in the conceptualization and functional requirements have to be perfectly clear and comprehensive enough to be fairly translated
into a mathematical formulation.

Baseline with
same functional
requirements in
literature?

INPUT
Practical Problem:
•
•
•

Conceptual Description
Functional Requirements
Non-Functional Requirements

Mathematical Formulation:
‒ Formulate objective function(s)
‒ Determine problem variables
‒ Establish problem constraints
Analyze problem complexity

OUTPUT
Formulation:
•
•

Justify the use of Metaheuristics

Mathematical modeling &
Problem formulation

•

Meta-heuristics Approach?
Optimization problem statement
• Decision variables
• Objective function(s)
• Constraint(s)
Non-functional requirements

Figure 3: Phase 1 of the reference workflow for solving optimization problems with metaheuristic algorithms.

4.1. Mathematical Formulation
The key steps to be followed are depicted in Figure 3 aiming at adequately translating a problem
conception on paper into a precise mathematical formulation of an optimization problem:
• Clearly state the objective/cost function f (x) in charge of covering functional requirements and measure
the quality and success of each assignment or solution. Try to infer as well the main characteristics of
f (X): linear/nonlinear, unimodal/multimodal, or continuous/discontinuous. In multi-objective scenarios,
when the decision functions are conflicting, multiple criteria will play a part in the decision making process.
Nonetheless, the stakeholder might narrow down the Pareto optimal/nondominated solutions by imposing
some preferences.
8

• Characterize the decision variables (x = {x1 , x2 , . . . , xn }) to be tuned (the order of the cities to visit, the
community in which a node should be placed, the value of some input parameters,...) and their domain.
• Determine the constraints of the problems as well as the natural or imposed restrictions, whose intersection
will yield the feasible region of solutions. For Constrained Optimization Problems, hereafter called COPs,
the nature of such constraints (equality, inequality or both) may be decisive in the algorithm approach
selection.
Also, in Figure 3, and for the sake of understandability, we have depicted in the upper right corner the
placement of this phase in the Research Activity workflow (Figure 2). The researcher will strive to accommodate the itemized list of functional and non-functional requirements into the mathematical formulation
since setting boundaries to the automatic solution generation relieves subsequent efforts in modeling them
at a next stage. We propose here a list of most common real-world non-functional requirements and some
good practices to be assessed, if applied, by the researcher:
• Time consumption. It is often the most relevant non-functional requirement expelled to take into account
since the beginning of the mathematical conceptualization.
– The fitness/objective function f (x) evaluation might be extremely time-consuming, specifically when
equations are large and must be assessed in heavy computer-based simulations. Reformulations such as
those approaches based on approximation-preserving reduction, i.e., relaxing the goal from finding the
optimal solution to obtaining solutions within some bounded distance from the former [45], surrogate
objective functions [46] or dimension reduction procedures (rightly after introduced) might be practical
alternatives.
– Dimension reduction relates decision variables, the parameters on which the algorithm will perform the
decision-making procedure. The length of such list n = |x| and their flexibility is strictly related to the
time consumption required by the metaheuristic to explore the search space and run evaluations (i.e.,
f (x)). Therefore, a preliminary study on the input parameters’ selection, similar to Attribute Selection
in Machine Learning, is strongly advocated in realistic scenarios oriented to real-world deployment. A
parameterized complexity analysis might trigger a mathematical reformulation after delving into both
the sensitivity of the objective function with respect to parameters [47] (analogously to Information
Gain in Machine Learning) and the inter-relation/correlation of each pair of input variables. The major
concern about time consumption is likely to entice the researcher to pay close attention to the balance
between problem dimensionality reduction and solution quality.
– Constraints may contribute to a faster convergence by narrowing the search in the feasible space.
Nevertheless, the number of constraints (and their complexity) can also have a big impact on the
existence of a solution and/or on the capacity of a numerical solver to find it. In fact, for real-life
optimization problems, inequality constraints (physical limitations, operating modes, ...) can be quite
large in comparison to decision variables x, hence causing the feasible space to be shrunk to the point
of eliminating any available solution. In such a case, the COP goal will be mathematically reformulated
as finding the least infeasible vector of variable values.
• Accuracy of the solution. Generally tightly related to the time-consumption requirement, once the mathematical formulation has been inferred, the optimization problem can be categorized into a convex (i.e. the
objective function f (x) is a convex function and the feasible search space is a convex set) or non-convex
one, which will mostly lead the algorithm selection process and its design. Researchers must get a balance
between the aforementioned time consumption and the accuracy of the solution, especially on large scale
non-convex spaces: are local optima acceptable results in favor of the computation lightening? are global
optima achievable and verifiable in the real-world environment?. These questions will also flourish in the
subsequent stages.
• Unexpected algorithm interruptions must return feasible solutions. In real-world environments, many
unforeseen events may justify a need for a solution before the algorithm meets the stopping criteria thus
9

finishing the search process. The solution, albeit premature, must be complete and fully compliant with
the hard constraints. In such circumstances, the tendency to convert non-linear constraints into penalties
(soft constraints) in the objective function to bias the solutions towards the frontiers is not a viable option.
With such an enumeration of requirements in hand, researchers should check those regarded at this initial
stage and those not plausible for being satisfied by the mathematical formulation, which will be consequently
transferred to the following adjacent phase.
4.2. Analyze Problem Complexity - Justify the Use of Metaheuristics
Once the mathematical formulation has been completed, the research team involved in the work at
hand should justify with solid grounds the need for metaheuristics to solve it efficiently. Mathematical
optimization is a long-standing discipline, which has been traditionally focused on convex objective functions
and feasible sets [48]. Fortunately, there are already specific solvers (either exact or heuristics) suited to
deal with this family of optimization problems, even to optimality when some specific conditions hold (e.g.,
linearity). Convexity ensures that every local optimum is a global optimum, hence avoiding common issues
that motivate the use of heuristic and metaheuristic alternatives.
Unfortunately, the majority of contributions addressing real-world optimization problems just neglect
any discussion on the convexity and properties of their mathematical formulations. Instead, they directly
resort to the use of metaheuristics, without any major discussion on whether they are really needed [27]. In
this context, any prospective work along this line should pause at the following research questions:
• Are the objective function(s) and constraint(s) analytically defined? Intuitively, certain real-world optimization scenarios do not allow for an analytical formulation of the optimization problem itself. Indeed,
the complexity of systems and assets to be optimized (as occurs in e.g., industrial machinery) jeopardizes
the derivation of closed-form formulae for the objectives and constraints to be dealt with. However, this
does not imply that quality and feasibility cannot be evaluated for any potential solution, but rather that
the system/asset at hand must be considered as a black-box model that can be queried for any given
input (solution). In this case, when the use of algorithms that do not depend or rely on the problem’s
properties becomes properly justified, it paves the way for the use of metaheuristic algorithms.
• Can the problem be modified or reformulated without compromising the imposed functional requirements?
When the problem can be analytically defined, it might fail to comply with the mathematical properties
that could allow exact methods and ad-hoc heuristics to be applied. For instance, even if the convexity
of the objective(s) can be guaranteed, their linear or quadratic nature with respect to the optimization
variables plays a crucial role in the adoption of exact linear and quadratic programming methods rather
than optimization heuristics (e.g., gradient-based methods). At this point, it is strongly advised to
examine strategies to reformulate (relax) the problem and mathematically simplify its objective(s) and
constraint(s). These strategies include, among others, quadratic and linear transformations, constraint
approximation via trust regions or Lagrangian relaxation [49].
When considered and successfully applied to the problem at hand, the compliance of the reformulated
problem concerning functional requirements should be analyzed. For instance, if the objective(s) are
modified, a quantitative analysis of the implications of such modifications in the landscape of the original
problem should be performed, particularly in regards to quality degradation (fitness value) and feasibility
(constraint satisfaction). Depending on the chosen problem relaxation strategy, the reformulation could
just penalize with an additive objective term those solutions as per their compliance with the imposed
constraints. This reformulation is a crucial aspect that can be detected and it must be held in mind in
subsequent design phases, as there is no mathematical guarantee that a feasible solution will be obtained.
A similar conclusion can be drawn with linear relaxation strategies: is the quality (fitness) of the global
optima of the relaxed problem far away from that of the original, unrelaxed problem? If there is an
optimality gap, is it relevant for the real-world application under study? Unless these discussions are
elaborated at this point of the reference workflow, design choices in subsequent phases can be made
on the basis of a problem statement uncoupled from the requirements of the real-world problem under
consideration.
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• Is the problem complex enough to discard simpler heuristics? An equally relevant aspect of real-world
problems is its complexity, which has been lately studied in the literature under the concept of fitness
landscape [50, 51, 52]. In the context of optimization, fitness landscape comprises three essential elements
of study: search space, fitness function, and neighborhood among solutions. Interestingly, since the search
space and the definition of a neighborhood depend stringently on how solutions (optimization variables)
are represented, the mathematical statement of the optimization problem and the algorithmic design of the
solver to address it become entangled with each other [53]. In other words, a single problem statement
can span different fitness landscapes depending on how solutions are represented, even if dealing with
continuous search spaces. The point is that only by assessing all these elements jointly, one can find solid
reasons to opt for simpler heuristics, such as implicitly enumerative methods that rely extensively on
the domains of study of landscape analysis (e.g., exhaustive search, Montecarlo sampling, neighborhood
search, A* and branch and bound among others). Besides, landscape analysis can unveil other features
with important implications that can be equally identified, such as ruggedness, basins of attraction, and
funnels, to mention a few. When addressing real-world optimization scenarios with analytically defined
problem formulations, we advocate for a closer look at these tools that, unfortunately, are often overseen
in the literature related to real-world optimization.
• Is there expert knowledge about the problem/asset that should be considered in the definition of the problem?
In real-world settings, years of unassisted problem solving by users often accumulate expert knowledge that
can be exploited in the design of efficient heuristics, as typically done by local search methods in memetic
algorithms. However, we emphatically underscore the relevance of expert knowledge in terms of problem
analysis. For instance, large regions of the search space can be discarded as per the experience of the user
consuming the solution provided by the algorithm (implicit experience-based constraints). Likewise, the
usability of the output in real application contexts can give valuable hints about how the problem can
be relaxed, either in terms of formulation or in what refers to aspects impacting on its landscape (e.g.,
solution encoding, or how solutions can be compared to each other – neighborhood). Section 5 will later
revolve on the capital role of expert knowledge in the design of optimization algorithms for real-world
problems. However, this relevance also permeates to the definition of the problem itself and its eventual
reformulations.
Summarizing the above points: metaheuristics must not be simply regarded as a swiss knife for solving
real-world problems, nor should this family of solvers be unduly applied to problems that can be simplified
or tackled with simpler optimization methods. Instead, metaheuristics are powerful algorithmic enablers
to deal efficiently with those cases of study whose complexity calls for their adoption. The provision of
undeniable arguments for the necessity of metaheuristics should be enforced in prospective studies.
5. Algorithmic Design, Solution Encoding and Search Operators
The second phase to analyze after the problem modeling is the one devoted to the pure algorithmic design
and development. Figure 4 summarizes the main aspects of this activity. As in the previous subsection,
we have shown in the upper right corner the placement of this phase in the Research Activity workflow
(Figure 2). As can be seen in this scheme, and following the guidelines highlighted in the previous section, this step receives as input an optimization problem, formulated adequately as one or more objective
functions, a set of decision variables, and a group of constraints. Furthermore, a group of must-fulfilling
non-functional requirements is also provided as input, which undoubtedly influences the designs and developments conducted in this phase. This specific stage of the research can be reached from four different
points:
1. Following the natural flow of research methodology depicted in Figure 1, the metaheuristic design and
implementation are conducted after the mathematical formulation of the problem (Section 4).
2. If researchers have found a baseline that meets the same functional requirements of the problem at hand,
but the theoretical compliance of all non-functional requirements established (step 5 in Figure 1) cannot
be verified.
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3. The re-design and re-implementation of the selected metaheuristic is necessary if the experiments carried
out in the Lab Environment using a previously implemented solver do not verify the compliance of the
defined functional requirements (Section 6).
4. From the Algorithmic Deployment for Real-World Applications step (Section 7 and 7 in Figure 1), only
if the previously deployed solver does not meet the established non-functional requirements.

Compliant with all
my non-functional
requirements?

NO

Using the
algorithmic
baseline?

Define the solution(s) encoding
Define how operator(s) are applied during the
search

NO
Definition of the algorithmic design. Aspects
to highlight (technique-dependent):
- Selection criterion
- Interaction between solutions
- Acceptance criterion (replacement)
- Termination criterion.

INPUT
Formulation:
•
•

•

Meta-heuristics Approach?
Optimization problem statement
• Decision variables
• Objective function(s)
• Constraint(s)
Non-functional requirements

NO

Design and encoding of operators (e.g.,.
selection, crossover, mutation, local search
procedures, survival operators...)
(Technique-depentent) Theoretical
reasoning for new algorithmic designs

OUTPUT
Meta-heuristic algorithm ready
for testing in lab environment
Go to Performance Assessment,
Comparison and Replicability (Section 6)

Algorithmic Design, Solution
Encoding & Operators

Configuration
s left for
testing

Returning point from Performance Assessment,
Comparison and Replicability (Section 6)

Figure 4: Summary of the methodology on Algorithmic Design, Solution Encoding, and Search Operators.

Thus, these are the most important aspects a researcher or a practitioner should consider regarding the
algorithmic design, solution encoding, and search operator development:
• Solution encoding. This is the first crucial decision to take in the algorithmic design [54, 55]. The
type of encoding for representing the candidate solution(s) should be decided (real or discrete; binary
[56], permutation [57], random keys [58], etc.). Its length (understood as the number of parameters that
compose the solution) is also an essential choice. This length can be dependant on the size of the problem,
or on the number of parameters to optimize. Thus, depending on these choices, encoded solutions can
adopt different meanings. For example, the candidate can represent the problem solution itself (when
genotype = phenotype [59]), as in the case of the permutation encoding for the TSP [60], or a partial
solution, as normally happens when using Ant Colony Optimization [61, 62]. Nonetheless, the candidate
can represent a set of values acting as input for a specific system or a configuration of a defined set
of preferences [63] which will subsequently play a part in the complete problem solution. Taking this
particularity into account, it is important not only to match the encoding to the problem (genotype vs
phenotype) but to clearly detail it. For this reason, two important questions a researcher should answer
are: “Do we need to encode an individual for representing in a straightforward manner the problem’s
solution? Or we need an intermediate encoding better suited to test different heuristic operators?”.
Focusing our attention on solutions encoded as parameters that act as inputs for an external system,
researchers should bear in mind that the length of the candidate solutions and the domain of their
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variables are strictly related to the running times needed by the metaheuristic to modify and evaluate
them. This impact on the running times is the reason for which, as mentioned in the previous section, a
preliminary study on the input parameters to be considered is required for studies oriented to real-world
deployment. This way, researchers could definitely choose which parameters should be part of the solution
encoding, balancing both time consumption and influence in the solution quality. A remarkable number
of studies have been published in the literature delving into this topic [64], being the restricted search
mechanism [65] and the compressionexpansion [66] two representative strategies of this sort.
Furthermore, the importance of solution encoding is twofold. On the one hand, it defines the solution
space in which the solver works. On the other hand, the movement/variation operators to consider are
dependant on this encoding. Consequently, different operators should be used depending on the encoding
(e.g., real numbers, binary or discrete). Ideally, this representation should be wide and specific enough
for representing all the feasible solutions to the problem. Additionally, it should fit at best as possible the
domain search of the problem, avoiding the use of representations that unnecessarily enlarge this domain.
In any case, and taking into account that this methodology is oriented to real-world deployments, nonfunctional requirements should be decisive for deciding which encoding is the most appropriate to deal
with the problem at hand. For example, if the real environment contemplates unexpected algorithm
interruptions (concept defined in Section 4.1), encoding strategies allowing for partial solutions should be
completely discarded. Moreover, if the execution time is a critical factor in the real system, representations
that require a complex and time-consuming transformations or translations should also be avoided. An
example of this translations is the Random-Keys based encoding, often used in Transfer Optimization
environments [67, 68].
• Population. On the one hand, if the number of candidate solutions to optimize is just one, as in
Simulated Annealing (SA, [69]) and Tabu Search (TS, [70]), we can consider the metaheuristic as a
trajectory-based method. On the other hand, if we deal with a group of solutions, the technique is
classified as population-based. Examples of these solvers are GA and PSO. An additional consideration
is the number of populations, which can also be more than one. These methods can be called multipopulation, multi-meme, or island-based methods, depending on their nature [71, 72]. Instances of these
approaches are the Imperialist Competitive Algorithm [73] or the distributed and parallel GAs [74]. In
these specific cases, the way in which individuals are introduced in each sub-population should be clearly
specified, and the way in which solutions migrate from one deme to another must also be formulated
[75]. Finally, well-known methods such as Artificial Bee Colony [76] and Cuckoo Search (CS, [77]) are
characterized for being multi-agent, meaning that each individual of the community can behave differently.
Summarizing, the number of solutions to consider, the structure of the population, and the behavior of
the individuals are three aspects that must be thoroughly studied. As in the previous case, non-functional
requirements need to be carefully analyzed for making the right decision. For example, if the solver is run
in a distributed environment, a multi-population method or a distributed master-slave approach (both
synchronous or asynchronous) could be promising choices. Moreover, if the running time is a critical
aspect and the problem is not expensive to evaluate, a single point search algorithm could be considered.
In this regard, functional requirements must also be analyzed for choosing the proper alternative. For
instance, if the solution space is non-convex and the number of local optima is high, a population-based
metaheuristic should be selected, since it enhances the exploration of the search space. This aspect can
be particularly observed in multimodal optimization [78, 79].
• Operators. The design and implementation of operators is an important step that should also be carefully
conducted. A priori, it is not a strict guideline for the development of functions in functional terms.
Furthermore, there are different kinds of operators, such as selection, successor, or replacement functions,
among others [80, 16, 55]. In any case, and in order to avoid any ambiguity related to the terminology
used [81, 26], the way in which individuals evolve along the execution should be detailed using a standard
mathematical language [5]. In order to do that, each operator’s inputs and outputs should be described
using both algorithm descriptions and standard mathematical notation. We should also describe the
nature of the operators (search based, constructive...) and the way in which they operate. Furthermore,
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and with the ambiguity avoidance in mind, it is advisable to anticipate possible resemblances with other
algorithms from the literature and highlight differences (if any) by using, once again, mathematically
defined concepts.
For example, a mutation operator of a GA can be mathematically formulated as:
xt+1 = fi (xt , Z) ∈ F,

(1)

where xt+1 is the output solution, and Z denotes the number of times one of the functions fi () in
F is applied to the input xt . Following the same notation, a crossover could be denoted as zt+1 =
gi ({xt , yt }, Z) ∈ G.
Again, non-functional requirements should be carefully studied to accurately choose or design all the
operators that will be part of the whole algorithm. For example, some operators allow the eventual
generation of incomplete and/or non-feasible solutions (i.e., solutions which do not meet all the constraints)
to enhance the exploration capacity of the method. In any case, these alternatives should be avoided
in case the real-world scenario considers unexpected algorithm interruptions. Additionally, in case the
running time is a critical issue, operators that favor the convergence of the algorithm should be prioritized
(understanding convergence as the computational effort that the algorithm requires for reaching a final
solution(s) [82]).
• Algorithmic Design. Briefly explained, the algorithmic design dictates how operators are applied to
the solution or groups of solutions. It could be said that this design determines the type of metaheuristic
developed. At this point, it should be mandatory to provide overall details of the algorithm. To do this,
several alternatives are useful, such as a flow diagram, a mathematical description or a pseudocode of the
method. Furthermore, if the modeled technique incorporates any novel ingredient, it is highly desirable
to conduct this overall description of the method using references to other algorithmic schemes made for
similar purposes. Furthermore, the number of possible alternatives for building a solution metaheuristic
is really immense, being impossible to point here all the aspects that should be highlighted. In any case,
some of the facets that must be described are the selection criterion, the criterion for the interaction
among solutions (in terms of recombination in GAs, or migration in multi-population metaheuristics), the
acceptance criterion (replacement) and the termination criterion.
Probably, the first good practice to follow when deciding the algorithmic design of a real-world oriented
metaheuristic is to take a detailed look at recent related scientific competitions. Tournaments such as
the ones celebrated in reference conferences such as the IEEE Congress on Evolutionary Computation 1
and the Genetic and Evolutionary Computation Conference should guide the selection of the candidate
algorithm. For making this decision, it should be checked if the real-world problem belongs to a class of
problems with a similar competition benchmark, being meaningful in this case to focus the attention on
those algorithms that have shown a remarkable performance at recent competitions.
Once again, researchers should thoroughly consider both functional or non-functional requirements for
properly choosing the design of the metaheuristic. For example, computationally demanding designs
could be acceptable only in situations in which the running time is not critical. On the contrary, if we
want to reduce the execution time by sacrificing some quality in the solution, the termination criterion
would be a cornerstone for reaching a proper and desirable convergence. Interaction between candidate
solutions would also be of paramount importance if the implemented algorithms will be deployed in a
distributed environment, requiring advanced and carefully designed communication mechanisms.
Regarding the problem complexity, if this is remarkably high, automated algorithm selection mechanisms
can be an appropriate alternative [83]. This concept sinks its roots in the well-known no-free-lunch
theorem [84]. This theorem particularly applies in computationally demanding problems, in which no
single algorithm defines the baseline. On the contrary, there is a group of alternatives with complementary
1 https://www.ntu.edu.sg/home/epnsugan/index_files/CEC2020/CEC2020-1.htm
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strengths. In this context, automated algorithm selection mechanisms can, within a predefined group of
algorithms, decide which one can be expected to perform best on each instance of the problem.
Another interesting aspect to consider for the algorithmic design is the whole complexity of the technique.
Usually, the development of complex algorithmic schemes is unnecessary, if not detrimental. Some influential authors have proposed the bottom-up building of metaheuristics, using the natural trial and error
procedure. It has been demonstrated how, in practice, robust optimizers can be built, which can compete
with complex and computationally expensive methods. This concept, based on the philosophical concept
of Occams Razor, is the focus of some interesting studies such as [85, 86].
An additional consideration that should be taken into account for properly choosing the algorithmic design
is the expertise of the final user. In this sense, if the user who will use the deployed method in the real
environment has no experience with these kinds of techniques, it is recommended to implement techniques
needing a slight parameterization. Examples of these methods are the basic versions of the Cuckoo Search
or Differential Evolution. Other promising alternatives for these types of situations are the solvers known
as adaptive [87], or the automated design methods [88, 89]. On the contrary, if the final user is familiar
with the topic, the researcher could deploy a flexible solver configurable by several control parameters
to allow refinements in the future. Well-known examples of these methods are the Genetic Algorithm
(with its crossover and mutation probabilities, population size, replacement strategy, and many other
parameters) or the Bat Algorithm (with its loudness, pulse rate, frequency or wavelength, among other
parameters).
Furthermore, and although the interest in providing theoretical guarantees of newly developed metaheuristics is in crescendo, we should also explicitly call in this methodological paper for an effort to incorporate
theoretical reasons for new algorithmic designs. In other words, we should progressively shift from a
performance-driven rationale (look, my algorithm works) to a theory-/intuition-driven design rationale
(look, my algorithm will work because,...). Of course, this trend should also be extended not only to the
algorithmic design, but also to the generation of new operators and operation mechanisms.
Finally, and referring to the proposal of new metaheuristics, operators, or mechanisms, we want to highlight the importance of properly describing all the aspects involved in a solver using a standard language.
In other words, all metaphoric features should be left apart, or contextualized using openly accepted
methods as references. In fact, the lack of depth in these descriptions is the main reason for lots of
ambiguities generated in the literature [5, 27]. For example, it is perfectly valid to name the individuals
of a population as Raindrops, Colonies, Bees or Particles, but they must be notated using a standard
mathematical language, and it should be clarified that they are similar to an individual of a Genetic
Algorithm (if we use the GA as a reference).
6. Performance Assessment, Comparison and Replicability
When the selection of the algorithms is carried out by considering previous reports and studies in the
literature, this step is indeed not needed. However, it is quite frequent that good comparisons do not exist in
the literature to make a reasonable decision. This implies that we have to conduct our own comparisons in
order to select the algorithm that better meets our requirements. This section discusses on several aspects
that must be considered to conduct a rigorous and fair experimentation to make that decision. Specifically,
these topics are: experimental benchmark 6.1, evaluation score 6.2, fair comparisons among techniques 6.3,
statistical testing 6.4, and replicability 6.5.
6.1. Experimental benchmark
This is usually the first decision researchers must face when designing the experimental evaluation of their
proposal. In this regard, depending on the kind of contribution (more theoretical or more applied) the nature
of the problems used in the experimentation might be different. In the first case, researchers would probably
use synthetic benchmark functions to assess the performance or the advantages of the different proposals or
considered algorithms. In the second case, the authors would normally propose a set of instances related to
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the problem they are trying to solve. Sometimes, especially when they are dealing with a novel or a very
specific problem with strong requirements, one has to design his own benchmark. In all the cases, those
problem instances must comply with several conditions to ensure that the experiments succeed in assessing
the significance of the decision of selecting one or another technique. In order to do that, benchmarks
should be designed not only to allow the evaluation of functional but also of non-functional requirements, in
order to analyze the degree to which all of them are met. Additionally, it should also be considered specific
conditions allowing or encouraging the eventual application of statistical tests, such as a large number of
problems and/or an odd number of them to reduce potential problems in the comparative analysis, due to
the cycle ranking or the survival of the nonfittest paradoxes [90]. Since the methodology introduced in this
paper is oriented to the deployment of real-world metaheuristics, we recommend conducting laboratory tests
using datasets as real as possible, even if they are synthetically generated.
In this regard, it is widely agreed in the community that real-world benchmarks have been traditionally
scarce. However, significant efforts have been recently conducted to overcome this lack. In [91] an easy-touse multi-objective optimization suite is introduced, consisting of 16 bound-constrained real-world problems.
Similar studies have been also contributed in [92] and [93], focused on realistic many-objective optimization
problems. In [94], a generic framework is proposed to design geared electro-mechanical actuators. The
proposed framework is utilized for constructing realistic multi-objective optimization test suite, with an
emphasis placed on constraint handling. Another work along this line can be found in [95], which describes
a benchmark suite composed by 57 real-world constrained optimization problems. An additional proposal
published in [96] revolves on data-driven evolutionary multi-objective optimization. Additional studies of
this kind can be found in [97], [98], and [99]. In any case, for the generation of valuable synthetic problem
instances, all the variables that compose the real situation must be thoroughly studied in order to build
reliable test cases. Thus, newly built datasets should be adapted to these variables. Lastly, if any real
instance is available, the generation of additional synthetic test cases is recommended, using the real one as
inspiration.
Furthermore, when the experimental benchmark is made up of synthetic functions, such functions should
be a challenge for optimization algorithms. Thus, the benchmark should comprise functions of different
nature and challenging features, such as a different number of local optima, shifting of the global optimum,
rotation of the coordinate system, non-separability of (sub-)components, noise, several problem sizes, etc.,
depending on the expected features of the problem to tackle. Designing such a benchmark can be a difficult
task, so a good recommendation is to use some of the existing benchmarks in the literature. The use of wellknown benchmarks also facilitates the selection of the reference algorithms to be included in the comparison.
It should be finally pointed out that, although a technique will be deployed in a real environment solving
a real-world problem, conducting tests with this kind of datasets is of great importance for measuring the
quality of the developed proposal.
On the other hand, when the experimental benchmark includes real-world problems that have not been
tackled before, authors should carefully select an appropriate set of instances to evaluate their proposal, or
even generate them. This last case is especially frequent in situations where the problem is being solved
for the first time by the community, something frequent when dealing with real environments. Thus, the
testbed should include a broad set of instances covering all the relevant characteristics of the problem under
consideration in order to resemble, as much as possible, the real-world scenarios being modeled. These
dataset should be chosen or generated for efficiently testing each functional and non-functional requirements
of the problem. Lastly, instances should be described in detail and, whenever possible, should be made
available to the community, so that other authors can use them to evaluate their own contributions.
6.2. Evaluation measure
An optimization algorithm can be assessed from different points of view and based on many features. Traditionally, main measures are related to the performance (a fitness function or an error measure). However,
there are many other possible measures of interest in a real-world context:
• Processing time, which depends on computational complexity. In many real-world contexts this response
time is crucial. In this context, it is recommended to generate a record containing the execution times
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presented by all the considered metaheuristics. This record should be associated with the computational
environment in which techniques have been run. Thus, this logbook will be useful in the subsequent
deployment phase, and it is specially crucial for properly measuring the impact of the system migration
on the algorithm’s running time.
• Memory requirements: This is especially important when the algorithm is expected to run in hardware
with limited resources.
• For distributed algorithms there are special measures such as the communication latency, or the achieved
speedup (relative to the number of nodes). Additionally, other non-functional requirements can also be
considered and measured, such as robustness when a node fails, redundancy, etc.
• The required time to obtain a reasonably good solution, especially in problems in which each evaluation
requires significant computational resources. In these scenarios, algorithms often apply surrogate models
to reduce their execution time.
As a general rule, the assessment of the performance of an optimization algorithm can not be guaranteed
if the measure of just a single run is reported. Robust estimators of an evaluation metric can only be
computed if enough information is available. In this sense, multiple runs should be considered so that the
statistical methods described below can deliver significant conclusions. Special attention should also be paid
to the fact that multiple runs must be independent, i.e., no information is fed from one run to another.
6.3. Rich comparisons from multiple perspectives
A rigorous assessment of an optimization method should focus on different aspects of the method behavior, and it should explore different perspectives for gathering meaningful insights. For example, aligned
tables with min, max and mean results should only be considered for informative purposes. Nevertheless,
much richer visualizations should be analyzed to dive in the data and highlight the most important findings
of the research. One possible approach to visualize the comparisons between algorithms is the use of data
profile techniques like the one proposed in [100], which was later extended in [101]. The modified data
profile technique proposed in these studies allow comparing several optimization algorithms by adopting a
two-step methodology: a comparison of the mean in the first step, and a comparison of confidence bounds
in the second phase.
In some real-world problems, specific visualizations can be helpful to ease the interpretation of the results
of the optimization algorithm. For example, in a routing problem, the visualization of the routes can be
examined by an expert in mobility that will be able to assess the convenience of using the solutions provided
by the optimization algorithm. In some cases, a route with a longer distance might be more appropriate if
it complies with some additional constraints that were not available when the problem was defined than a
route with a shorter distance which violates such constraints. This can be easily spotted by the expert with
this kind of visualizations.
Something similar is recommended for real-parameter optimization problems. In this case, it is also
useful to depict different solutions, but an alternative visualization should be considered. This visualization
should make possible to represent not only the solutions themselves, but also the fitness value associated to
each solution, in order to identify promising regions of the solution space. A direct approach for visualizing
continuous variables would be to use 2D or 3D scatter plots, in the case of very small problems. If the
problem has 4 variables or more, it is not possible to represent solutions without the use of dimensionality
reduction techniques (PCA, t-SNE, UMAP, etc.). An alternative approach is the use of parallel coordinate
plots.
In the case of multi-objective optimization problems, they also require specific visualization techniques.
In this context, it is of great interest to be able to represent the Pareto front of the optimization problem
to allow the user to choose from among all the available non-dominated solutions.
Another important issue that should be subject of study is how algorithms manage the exploration vs.
exploitation ratio [102, 103]. In most cases, authors do not put significant attention on how the components
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of the developed techniques contribute to exploration/exploitation. However, no analysis to support this
hypothesis is normally carried out, and such analysis should be mandatory [104].
Another crucial aspect, which has been also mentioned in previous sections, deals with the complexity
of the algorithms. In this sense, an intuitive approach is to compare the running times of the algorithms
under study. However, this measure is only meaningful in certain real-world situations. Other elements
could also affect this performance measure: differences in the computing platform, availability of a parallel
implementation, the application of the code, etc. For this reason, other language-agnostic measures such
as the Cyclomatic Complexity (or Conditional Complexity, or McCabe’s Complexity) [105], are normally
preferred. More concretely, Cyclomatic Complexity is a software metric that measures the number of
independent paths in a program source code. The higher the number of independent paths are, the more
complex the program is and, thus, a higher complexity value is obtained. Nonetheless, the efficiency of the
algorithm, in terms of their consumption of computing resources, can be of utmost importance for real-world
oriented research.
The last fundamental feature pointed out in this subsection relates to the adjustment of the parameter
values of each algorithm. In this sense, it makes sense to adjust the parameter values to adapt the search
to the complexity of the instance/problem, given that this complexity can be directly inferred from the
information that we have of the instance/problem (such as, for example, its size), without the need of
additional processing to identify it. If a parameter tuning algorithm has been employed (which is highly
recommended, see [5]), the tuned values should also be analyzed. An additional aspect to consider is to
clearly analyze the influence of each parameter in the fulfillment of established functional and non-functional
requirements, and to analyze the impact of the fine-grained tuning of each parameter value. The depth
comprehension of this influence is of great value for providing a sort of understandability framework to
non-familiarized stakeholders. In this regard, algorithm developers should prioritize techniques and systems
that can be parameterized externally, so that such parameterization can be carried out by non-experts in
the field.
6.4. Statistical Testing
Statistical comparisons of results should be considered mandatory, especially when the algorithms used
in the experimentation are stochastic. However, even if the statistical comparisons are made, they are not
always correctly carried out. There are some popular methods in inferential hypothesis testing, such as the
t-test or the ANOVA family. Nonetheless, these tests, called parametric tests, assume a series of hypotheses
on the data to which they are applied (normality, homocedasticity, etc.). If those assumptions do not hold,
their reliability is not guaranteed, and alternative approaches should be considered. This is the case of
non-parametric tests, such as Wilcoxon’s test, which do not assume any particular characteristic of the
distribution of the underlying data [106]. Consequently, these tests can be more generally applied. However,
they are less powerful than parametric tests as they consider the relative ranking instead of the real error
values of the different proposals.
Additionally, when several comparisons are done, the cumulative error should be carefully considered.
For instance, the popular Wilcoxon’s test is a test designed for comparing two data samples (usually coming
from the errors of the algorithms subject to comparison). When more than two samples are compared
among them, the cumulative error could increase [28]. In these cases, a post-hoc treatment such as Holm
(or others) should be used to keep this cumulative error under control in the overall comparison.
It should be noted, however, that the use of statistical tests does not guarantee that errors in the
interpretation of results will not occur. Indeed, the concept of p-value can lead to several misinterpretations.
This same problem could also arise when using confidence intervals methods, but it has been proven that
it happens in a smaller scale [107]. Also, in [90] two popular comparison strategies are analyzed, obtaining
several paradoxes that could lead to different misinterpretations of results. In particular, comparing by
pairs of algorithms, as it is done when using well-known t-test or Wilcoxon’s test, could produce the cycle
ranking paradox, concluding that none of the compared algorithms could be identified as the best one.
Furthermore, methods like ANOVA, which compares multiple algorithms, may lead to the survival of the
non-fittest paradox, by which the identified winner could differ from the one obtained through statistical
comparisons of pairs of algorithms..
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The above inferential tests are based on frequentist statistics, and present several problems, the most
obvious being the degree of dependence between the p-value and the confidence intervals with respect to
the size of the sample. Generally, when enough data is available, it is very simple to obtain a small p-value.
Since the sample size is arbitrarily chosen by the researcher and the null hypothesis (samples come from
the same distribution) is usually wrong, the researcher can reject it by testing the algorithms with a larger
amount of data. On the contrary, considerable differences could not yield small p-values if there are not
enough data (as datasets) for testing the method [108]. More recently, the use of Bayesian statistical tests is
attracting more and more interest, as they are considered to be more stable and the interpretation of their
results is more appropriate to what researchers want to analyze [108].
6.5. Replicability of the Experiments
As the last point of this section, replicability is one of the standard criteria used to assess the scientific
value of a research. With replication, different and independent researchers can address a scientific hypothesis
and build up evidence for or against it. In this section, we are going to describe different considerations that
should be taken into account to make possible the replicability of experiments.
A good practice for comparing multiple algorithms is to ensure that all of them have been configured by
following the same approach, with the same exhaustiveness, so all of them are run on the same environment
and experimental conditions that guarantees that none of them has an advantage over the others. This is
a crucial aspect for determining which approach will perform better in the real environment. In order to
accomplish that, it is important to use a benchmark that does not have an unfair bias which favors some
algorithms over the others. This is particularly important when the algorithms are tested using a synthetic
benchmark, because it could have some characteristics that are uncommon in real-world problems. As we are
concerned about real-world problems, any specific feature that could be useful in any particular optimization
algorithm would be of particular interest.
Regarding the experimental conditions, another important issue that should be taken into account is
the maximum processing time, which is strictly determined by the real-world problem to be solved. A
good practice in this context is the allocation of a dedicated budget of objective function evaluations for
each of the algorithms in the experimentation. This budget should be determined by an estimation of the
time complexity required by each algorithm in the benchmark. In turn, the estimated time complexity
of a method should be subject to the implementation that would be subsequently deployed over the real
environment. Also, it is advisable to perform quantitative time complexity assessments for each of the
stages that comprise the whole metaheuristic technique. It should also be clear that the time complexity
can be influenced by multiple factors, including the hardware in which the experiments are run and the
software of the implementation in use, such as the operating system, the programming language and/or the
compiler/interpreter. A change in any of these factors could significantly alter the performance estimation
of the algorithms under comparison. In any case, the maximum processing time of an algorithm is an
important decision driver that has to be considered when designing the algorithmic solution. Otherwise, the
selection of one metaheuristic approach over other possibilities could be of no practical use when applied to
the real-world scenario under study.
All the previous requirements are needed to guarantee the replicability of the experimental conditions.
However, we can not talk about replicability if the specific instances/problems used in the experiments are
not readily available to external researchers. In the specific case of this methodology, which is oriented to
real-world applications, it could be possible that the instance/problem used contains internal and private
data, which should not be shared publicly. In these situations, researchers should comply with the corresponding legal limitations before the public sharing of the data (such as anonymizing private data, for
example). Additionally, it could be interesting to provide connectors for different languages and/or frameworks. Furthermore, if the problem datasets have been generated synthetically (as mentioned in Section 6.1),
it is highly recommended to publicly share the instance generator that was adopted.
Finally, and although it is usually not considered a requirement, making the source code of a new
algorithm freely available to facilitate replicating the results is highly recommended. In this regard, and depending on the context, confidentiality issues can arise between the algorithm developer and the stakeholder.
In this case, several actions can be conducted, such as the anonymization of the code, or the generalization
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of the method. Thus, the principal reason for enhancing the sharing of the source code is that, very often
[109], many details in the implementation that have a strong influence on the results are not included in
the descriptions provided. Thus, without a reference implementation, many implementations of the same
algorithms could deeply differ in their results. Thus, the source code should be shared in a permanent and
public repository, such as GitHub, Gitlab, Bitbucket, etc., to name a few. If confidentiality is a problem, a
contact e-mail could be shared for code sharing requests.
The conjunction of the availability of both the data and the source code of the algorithm is what is
called “Open Science” [110, 111, 112], and it is an increasingly popular approach to ensuring replicability
in science, so that we can make better and better science.
7. Algorithmic Deployment for Real-World Applications
Once we have completed the steps of the Lab Environment phase of Workflow 1, it’s time to proceed
with the second part of Figure 1, namely the Application Environment, which is focused on the algorithmic
deployment for the real application at hand. As pointed out in Section 3, this phase receives as input either
an algorithm implementation taken from an existing software package or an ad-hoc method defined in the
algorithmic design step of Workflow 2. In both cases, this implementation should go through a verification
process to determine whether it fulfills the functional and non-functional requirements to be deployed in a
real environment. If this is not the case, then a new implementation should be addressed.
When facing the development of a metaheuristic to be deployed in a real-world environment, several
factors can lead to taking one of the following approaches: to implement the algorithm from scratch or to
choose an existing optimization framework. Among these factors, we can consider:
• Programming skills. If the development team has a high expertise then a choice is to determine whether
it can afford to make an implementation from scratch. Consequently, the written code can be highly
optimized, and thus it is more likely to meet the non-functional requirements, particularly those related
to performance. The counterpart of this approach is that the code may be difficult to be updated,
extended, and reused by other people (including the development team itself).
• Using an existing optimization framework. The most productive approach to develop a metaheuristic is
to build on existing frameworks. This way, most of the needed algorithmic components may be already
provided, so there is no need to reinvent the wheel, and they can offer additional functionality (e.g.,
visualization, analysis tools, etc.). If a goal of the metaheuristic to be developed is to offer it to the
community (in principle, as an open-source contribution), integrating it into a framework is probably the
best choice. However, as a possible negative point, using a framework imposes the use of a set of existing
base components, so the resulting implementation could not be as efficient as one developed ad-hoc, and
thus non-functional requirements related to performance could be affected.
• Corporate development platform. Many companies have a preferred software platform to develop their
products, e.g., Java, .NET (C#, Visual Basic), etc., which can impose constraints affecting the implementation of the algorithm, both in the sense of the optimization frameworks that could be used and the
availability of third-party libraries. In this sense, programming languages such as Python are becoming
very popular due to the large number of existing libraries for data analysis, visualization, and parallel
execution.
• Software license. An important issue to consider when using third-party software is the licensing policy.
Some licenses, such as GPL (GNU General Public License ) or LGPL (GNU Lesser General Public
License), can be too restrictive and thus can hinder the adoption of software packages in non-open-source
applications. Others, including MIT and Apache, are less restrictive.
• Project activity. If an existing software package is attractive to use, it is important to determine whether
the project is still active, which ensures, at least in theory, the possibility of contacting the authors to
report bugs found or to answer questions than are not included in the project’s documentation. There is
also the choice of requesting support for the project developers.
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Framework

Language

Algorithms

License

Current version

Last update

ECJ [113]
HeuristicLab [114]
jMetal [115][116]
jMetalCpp [117]
jMetalPy [118]
MOEAFramework [119]
NiaPy [120]
Pagmo [121]
ParadisEO [122]
PlatEMO [123]
Pygmo [124]
Platypus [125]

Java
C#
Java
C++
Python
Java
Python
C++
C++
MATLAB
Python
Python

SO/MO
SO/MO
SO/MO
SO/MO
SO/MO
SO/MO
SO
SO/MO
SO/MO
MO
SO/MO
SO/MO

AFL
GPLv3
MIT
LGPL
MIT
LGPL
MIT
GPL/LGPL
CeCill
Open source
Mozilla
GPLv3

27
3.3
5.10
1.8
1.5.3
2.13
2.0.0
2.16
2.0.1
2.9
2.16
1.0.4

August 2019
July 2019
July 2020
November 2019
February 2020
December 2019
November 2019
September 2020
December 2018
October 2020
September 2020
April 2020

Table 2: Main features of representative multi-objective optimization frameworks. “SO/MO” in column Algorithms stand for
single-objective/multi-objective algorithms. If a framework provides both types of algorithms but it is more focused on one
them, it is highlighted in boldface.

Table 2 contains a summary of the main features of a representative set of metaheuristic optimization
frameworks. The characteristics reported include the programming language used in the project, the main
focus of the framework (most of them include single- and multi-objective algorithms, but they usually are
centered on one of them), the software licence, and the current version and last update date (at the time of
writing this paper).
Attending to the programming language, we observe that Java, Python, and C++ are popular choices,
but we also find HeuristicLab and PlatEMO, which are developed in C# and MATLAB, respectively. At first
glance, it might be assumed a priori that Python-based frameworks would be computationally inefficient, so
if this is a non-functional requirement, then others based on C++ or even Java could be more appropriate.
However, Pygmo is in fact based on Pagmo (it is basically a Python wrapper of that package, which
becomes a drawback to Python users if the intend to use Pygmo to develop new algorithms), so it can be
very competitive in terms of performance. The other frameworks written in Python are considerable slower;
for example, if we consider jMetal (Java) and jMetalPy (Python), it can be seen that running the same
algorithm with identical settings (e.g., the default NGSA-II algorithm provided in both packages) can take
up to fifteen times more computing time in Python than in Java. In return, the benefits of Python for
fast prototyping and the large number of libraries available for data analysis and visualization make the
frameworks written in this language ideal for testing and fine-tuning.
The orientation of the frameworks on single- or multi-objective optimization can be a stronger reason
to choose a particular package than the programming language. Thus, if the problem at hand is singleobjective, then ECJ, HeuristicLab, Pagmo/Pygmo, ParadisEO, or NiaPy offers a wide range of features
and algorithms to deal with it. The same applies with the other frameworks concerning multi-objective
optimization; in this regard, it is worth mentioning jMetal, which started in 2006 and it is still an ongoing
project which is continuously evolving, and PlatEMO, which appeared a few years ago and offers more than
100 multi-objective algorithms and more than 200 benchmark problems.
The type of software licenses can be a key feature that may disable the choice of a particular package. For
example, PlatEMO is free to be used in research works according to its authors, so it is not clear whether
it can be used in industrial or commercial applications. In this regard, the first release of jMetal had a
GPL license, which was changed a few years later to LGPL and, more recently, to MIT upon request of
researchers working in companies that wanted to use the framework in their projects.
When the metaheuristic has been implemented, it is advisable to perform a fine-tuning to improve its
performance as much as possible. This process has two dimensions. First, the code can be optimized by
applying profiling tools to determine how the computational resources available are distributed among the
functions to be optimized. This way, code parts consuming considerable time fractions can be detected, and
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they can be refactored by rewriting them to make them more efficient. We have to note that metaheuristics
consist of a loop where several steps (e.g., selection, variation, evaluation, and replacement in the case of
evolutionary algorithms) are repeated thousands or millions of times, so any small improvement in a part
of the code can have a high impact in the total computing time.
The second dimension is to adjust the parameters settings of the algorithm to improve its efficacy, which
can be carried out by following two main approaches: ad-hoc pilot tests and automatic configuration. The
first approach is the most widely used in practice, and it is advisable when having a high degree of expertise;
otherwise, it usually turns into a loop of trial and error steps lacking rigor and leading to a waste of much
time. The second alternative implies the use of tools for automatic parameter tuning of metaheuristics [126],
such as irace [127] and ParamILS [128], although it must be taken into account that the tuning with these
kinds of tools can be computationally unaffordable in real-world problems.
At this point, the new implementation should again be verified against the non-functional requirements,
which could imply to review the implementation in case of not fulfilling some of them. If this is not the
case, the metaheuristic may still not be ready to be used in a real environment because of the potential
appearance of new non-functional requirements. This situation can happen due to a number of facts, such
as the following:
• Changes in the deployment environment. The real system was not specified in detail when the problem
was defined (e.g., the target computing system is not as powerful as previously expected), so there can
be a requirement fulfillment degradation that was not observed in the in-lab development.
• The client is satisfied with the results obtained by the metaheuristic, so it is applied to more complex scenarios than expected. Consequently, the quality of the solutions cannot be satisfactory, or time constraints
can be violated.
• Once the algorithm is running, the domain expert notices new situations that were not taken into account
when the functional and non-functional requirements were defined.
• The algorithm is not robust enough, and there may be significant differences in the obtained solutions
under similar conditions, which can be confusing for the user.
• In the case of multi-objective problems, providing an accurate Pareto front approximation, with a high
number of solutions, can overwhelm the decision maker if it is merely presented. The algorithm could be
empowered then with a high-level visualization component to assist in choosing a particular solution (a
posteriori decision making). Even a dynamic preference articulation mechanism could be incorporated to
guide the search during the optimization process (interactive decision making).
If the metaheuristic is not compliant with all the new non-functional requirements, it must be analyzed
whether they can be fulfilled by re-adjusting the parameters settings or by carrying out a new implementation; on the contrary, it can be necessary to go back again to the research activity or even to the problem
description.
8. Summary of Lessons Learned and Recommendations
The final purpose of the methodology discussed heretofore is to avoid several problems, poor practices
and practical issues often encountered in projects dealing with real-world optimization problems. As a
prescriptive summary of the phases in which the methodology is divided, we herein provide a set of synthesized recommendations that should help even further when following them in prospective studies. Such
recommendations are conceptually sketched in Figure 5, and are listed next:
1. Problem modeling and mathematical formulation:
• It should be strictly mandatory to clearly state the problem objectives, variables and constraints,
considering all the practical aspects of the scenario at hand (e.g. users consuming the output, contextual
factors affecting the validity of the solution, etc.).
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Algorithmic Design, Solution
Encoding and Search Operators

Problem Modeling and
Mathematical Formulation
✓ Problem statement and list
of requirements
✓ Priorities of the user
consuming the solution(s)
✓ Problem complexity and
need for meta-heuristics

Real-world
optimization
with
metaheuristics

Performance Assessment, Comparison
and Replicability

Algorithmic Deployment for
Real-World Applications
✓
✓
✓
✓
✓

✓ Baseline models
✓ Complexity at its minimum
✓ Encoding and operators coupled to
the imposed requirements
✓ Expert knowledge in the algorithms
✓ If explicit equations of objective /
constraints are available, exploit
them to solve the problem efficiently
and accurately

Degradation between laboratory and real environment
Parameter tuning, but only for the selected algorithm
Good programming skills
When possible, open-source software frameworks
Visualization: the solution must be made valuable for the user

✓
✓
✓
✓
✓

Quantitative metrics for all requirements
Variability of scenarios
Fairness in comparisons
User in the loop for validating the solution(s)
Publish code and results (whenever possible)

Figure 5: Main recommendations given for every phase of our proposed methodology.

• All non-functional requirements should be exhaustively listed, such as time/memory consumption,
accuracy of the solution, the chance to undergo unexpected early interruptions, the usability of the
produced solution(s), etc.
• Objectives and/or functional/non-functional requirements should be prioritized as per the criteria of
the user.
• The complexity of the problem should be analyzed towards substantiating the need for metaheuristics.
2. Algorithmic design, solution encoding and search operators:
• Baseline models should be first searched for in the literature, past experiences, project reports or any
other source of information. If they exist, baseline models should be used first:
– If any baseline model meets the functional and non-functional requirements, the problem is solved.
There is no need for iterating any further.
– If no baseline model meets the requirements, they must be considered as a starting point to
incrementally improve their compliance with the requirements.

www.presentationgo.com

• It is advisable to quantify and trace which requirements benefit the most from each algorithmic modification, so that insighta are gained about which changes can be more promising in order to improve
the compliance with every requirement.
• The complexity of the algorithm must be kept to the minimum required for guaranteeing the requirements, even if the computing technology is capable of running it efficiently. This allows minimizing
risks during the deployment of the algorithm.
• When designing the encoding strategy, population structure and search operators, it is necessary to
gauge, when possible, their impact on the degree of fulfillment of the imposed requirements, so that
their design becomes coupled to them.
• Validated algorithmic design templates should be always preferred rather than overly sophisticated
algorithmic components.
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• Expert knowledge acquired over years of observation of the system/asset to be optimized should be
always leveraged in the algorithmic design.
3. Performance assessment, comparison and replicability:
• Baseline models selected in the previous phase should be always included in the benchmark.
• Quantitative metrics must be defined and measured for all functional and non-functional requirements.
• Variability of scenarios: when the problem at hand can be configured as per a number of parameters, as
many problem configurations as possible should be created and evaluated to account for the diversity
of scenarios that the algorithm(s) can encounter in practice.
• For the sake of fairness in the comparisons, parameter tuning must be enforced in all the algorithms of
the benchmark (including the baseline ones). Furthermore, statistical tests should be applied to ensure
that the gaps among the performance of the algorithms are indeed relevant.
• User in the loop: results should be reported comprehensively to ease the decision making process of
the end user. It is better to provide several solutions at this phase than in deployment. Furthermore,
new requirements often emerge when the user evaluates the results by him/herself.
• When soft constraints are considered, the level of constraint fulfillment of the solutions should be also
informed to the user.
• If confidentiality allows it, it is always good and enriching to publish code and results in public repositories.
4. Algorithmic deployment for real-world applications:
• Parameter tuning of the selected metaheuristic algorithm is a must before proceeding further, so that
the eventual performance degradation between the laboratory and the real environment are only due
to contextual factors.
• The degradation of the fulfillment of the requirements when in-lab developments are deployed on
the production environment must be quantified and carefully assessed. If needed, a redesign of the
algorithm can be enforced to reduce this risk, always departing from the identified cause of the observed
degradation.
• Good programming skills (optimized code, modular, with comments and exception handling) are key
for an easy update, extension, and reuse of the developed code for future purposes.
• When possible, open-source software frameworks should be selected for the development of the algorithm to be deployed in order to ensure productivity and community support.
• Hard constraints from corporate development platforms imposed on the implementation language
should be taken into account.
• Straightforward mechanisms to change the parameters of the algorithm should be implemented.
• Efforts should be conducted towards the visualization of the algorithm’s output. How can the solution
be made more valuable for the user? Unless a proper answer to this question is given as per the expertise
and cognitive profile of the user, this can be a major issue in real-world optimization problems, specially
when the user at hand has no technical background whatsoever.
9. Research Trends in Real-world Optimization with Metaheuristics
Although the optimization research field has dealt with real-world problems throughout its long life,
the diversity and increasing complexity of scenarios in which such problems are formulated in practice have
stimulated a plethora of new research directions over the years aimed to manage their different particularities
efficiently. In this section, we highlight several challenges and research directions that, given the current state
of the art, we consider of utmost relevance for prospective studies in the confluence of real-world optimization
and metaheuristics. Our envisioned future for the field is summarized in Figure 6, and elaborated in what
follows.
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Consideration of risk against the uncertainty of the problem
• Robust optimization and metaheuristics
• Multi-objective formulations with worst-case risk quantification metrics

Real-world
optimization
with
metaheuristics

Translating real requirements into optimization problems
• Studies showing the formulation and algorithm design process, not only the results
• Proper justification of the problem modeling assumptions, linked to the application

Efficient metaheuristics for real-world optimization problems
• Consideration of hybrid methods (matheuristics, variable reduction strategies…)
• Meta-modeling approaches (simheuristics, machine learning surrogates…)

Automating the design and tuning of the metaheuristic algorithm
• Parameter control/selection strategies, also in the deployment of the algorithm
• Algorithm selection via meta-learning

Figure 6: Challenges and research directions foreseen for real-world optimization with metaheuristics

9.1. Robust optimization and worst-case analysis
In real-world optimization scenarios, many sources of uncertainty may arise, from exogenous variables of
the environment that cannot be measured and are not considered in the formulation anyhow, to the collected
data that can participate in the definition of the objective function(s) and/or constraint(s). Furthermore, it
is often the case that, in practice, the user consuming the solution given to the problem is willing to impose
worst-case constraints assuming that such sources of uncertainty cannot be counteracted anyhow. In fact,
the identification of the worst conditions under which the optimization problem can be formulated is usually
much easier for the user than the derivation of efficient strategies to accommodate the uncertainty of the
setup. This issue amplifies when tackling the problem at hand with metaheuristics, since the optimization
algorithm itself induces an additional source of epistemic uncertainty that may compromise the requisites
imposed on the worst case.
This situation unleashes a formidable future for robust optimization, which aims at the design of metaheuristic solvers for problems in which uncertainty is considered explicitly in its formulation [129]. Initially
addressed with tools from mathematical programming, robust optimization has also been studied with
metaheuristics, with different approximations to account for uncertainty during the search [130, 131]. In
this context, a core concept in robust optimization is the level of conservativeness demanded by the user,
namely, the level of protection of the solution against the uncertainty of the problem [132]. This issue is
crucial in real-world optimization, especially for its connection with the notion of risk in circumstances in
which decision variables relate to assets that require human intervention. Depending on the implications of
implementing the solution in practice, the user might prefer less optimal, albeit safer solutions. For instance,
in manufacturing, it is often advisable to be conservative when operating a human-intervened drilling machine. If this operation were to be automated via a metaheuristic algorithm, the solution should ensure a
high level of conservativeness with respect to the normal operation of the machine not to engender risks for
the operator and/or exposed persons.
Besides advances reported in this line, we advocate for the analysis of solutions with different quality and
levels of conservativeness with respect to the sources of uncertainty existing in the real-world scenario. This
analysis can be realized by considering conservativeness as an additional objective function to be minimized,
so that multi-objective metaheuristics can be designed to yield an approximation of the Pareto front by
considering quality and risk [133, 134]. When provided with this Pareto front approximation, the user can
appraise the implications of the uncertainty on the quality of solutions for the problem, and select the
solution with the most practical utility bearing in mind both objectives. We definitely foresee an increasing
relevance of risk in real-world optimization problems considering the progressively higher prevalence of
automated means to solve them efficiently in real life.
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9.2. Translating real requirements into optimization problems
A few works have lately revolved around the methodological procedure for formulating an optimization
problem, including the definition of its variables and constraints. Assorted tools have been very recently
proposed for this purpose, including directed questionnaires [135] and algebraic modeling languages to
describe optimization problems (see [136] and references therein). Despite these tools, there is a large
semantic gap in practical cases between what the user consuming the solution to the problem truly needs,
and what the scientist designing the optimization algorithm understands. Leaving aside non-technicalities
that could potentially open this gap, two factors that impact most in widening this gap are 1) the capability
of the user and the scientist to plunge into the discourse of each other, progressively coming to a point of
agreement on what is needed ; and 2) the capability of the scientist to effectively translate requirements from
the application domain into algorithmic clauses.
The first factor depends roughly on both parties’ social and empathetic skills, especially from the scientist
who must understand the overall application context in which the problem is framed. A proper understanding
of the problem, along with discussions held with the practitioner, can eventually unveil useful insights and
hints that help in the problem formulation and the design of the algorithm. For this to occur, the scientist
must assimilate all the details concerning the asset/system to be optimized, especially when the objective
to be optimized and the imposed constraints cannot be analytically determined.
The second factor promoting the aforementioned semantic gap is more related to the methodology used
for the translation between requirements and problem formulation. The issue emerging at this point is
whether this process can be enclosed within a unified methodology that comprises all questions and decision
steps to be followed for formulating a real-world optimization problem. Unfortunately, the question remains
unanswered in the literature, and current practices evince that the definition of a real-world optimization
problem is largely ad-hoc and subject to the expertise and modeling skills of the scientist. For instance, in
most cases, the number of constraints imposed on a particular problem restricts the search space severely,
to the point of modeling it as a constraint satisfaction problem in which the only goal of the solver is to
produce a feasible solution. Metaheuristics suitable to deal with constraint satisfaction problems differ from
those used for the optimization of an objective function (both single- and multi-objective), as the potential
sparsity of the space where feasible solutions are located may call for an extensive use of explorative search
operators and diversity-inducing mechanisms. However, there is no clear criterion for shifting in practice
to this paradigm. Furthermore, the presence of multiple global optima (the so-called multi-modality of the
problem’s landscape) can be a critical factor for the design of the algorithm. Unless carefully considered
from the very inception of the problem, multi-modality can give rise to solutions of no practical use due to
non-modeled externalities that discriminate which solutions can be found in practice.
All in all, prospective literature works on real-world optimization should not only restrict their coverage
to the presentation of the problem but also design and validate their algorithms. Explanations should also
be given on the process by which the formulation of the problem was inferred from the scenario under
analysis. In real-world optimization problems, information about the process is almost as valuable as the
result itself, inasmuch as the community can largely benefit from innovative methodological practices that
can be adopted in other problems.
9.3. Hybridization of mathematical tools with metaheuristic algorithms
When addressing real-world optimization problems with metaheuristics, another relevant direction is
the hybridization of these algorithms with methods from other disciplines for improved performance of the
search process. Such an opportunity arises when the conditions under which the problem is formulated
allows for the consideration of additional tools towards enhancing the convergence and/or quality of the
solutions elicited by the metaheuristic algorithms. Therefore, the chance to opt for hybrid metaheuristic
algorithms is bounded to the case under study and the functional and non-functional requirements imposed
thereon, as the incorporation of new search steps in the algorithm might penalize the computational time,
increase the memory consumption, entail the purchase of third-party software, or may impose any other
similar demand.
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One example of this hybridization is the exploitation of explicit formulae defining the objectives and/or
constraints. There are plenty of programming methods that can be utilized when the definition of the fitness and constraints comply with certain assumptions, such as a linear or quadratic relationship with the
optimization variables. When this is the case, swarm and evolutionary methods for real-world optimization should make use of the aforementioned tools, even if a mathematical formulation of the optimization
problem is available. Indeed, if the requirements of the real-world problem under analysis aim at the computational efficiency of the search process, the scientist should do his/her best to benefit from the equations.
Unfortunately, this hybridization is not effectively done as per the current state of the art in Evolutionary
Algorithms and Swarm Intelligence. Prior work can be found around the exploitation of gradient knowledge
of the optimization problem to accelerate local search and ensure feasibility more efficiently in continuous
optimization problems [137]. Domain-specific knowledge is also key for a tailored design of the encoding
strategy and other elements of the metaheuristic algorithm [138], which in some cases can be inspired by the
mathematical foundations of the problem. Search methods capitalizing on the combination of mathematical programming techniques and metaheuristics have been collectively referred to as matheuristics [139],
expanding a flurry of academic contributions in the last years over a series of dedicated workshops.
In this context, an interesting research path to follow is variable reduction, which can alleviate the computational complexity of the search process by inferring relationships among the system of equations describing
a given problem [140]. As pointed out in this and other related works, a large gap is still to be bridged
to extrapolate these findings to real-world optimization problems lacking properties such as differentiability
and continuity. Nevertheless, workarounds can be adopted to infer such relationships and enable variable
reduction during the search process, such as approximate means to detect such relationships (via e.g., neural
or bayesian networks). Interestingly, reducing part of the variables involved in an optimization problem can
bring along an increased complexity of other remaining variables. All this paves the way to integrating
variable reduction with traditional mathematical programming methods for constrained optimization, such
as the Newton or interior-point methods.
We certainly identify a promising future for the intersection between metaheuristics and traditional mathematical programming methods, especially when solving real-world problems with accurate mathematical
equations available. As a matter of fact, several competitions are organized nowadays for the community
to share and elaborate on new approaches along this research line. For instance, the competitions on realworld single-objective constrained optimization held at different venues (CEC 2020, SEMCCO 2020, and
GECCO 2020) consider a set of 57 real-world constrained problems [95]. In these competitions, participants are allowed to use the constraint equations to design the search algorithm. Another example around
real-world bound constrained problems can be found in [141]. In short, we foresee that metaheuristic algorithms hybridized with mathematical programming techniques will become central in future studies related
to real-world optimization.
9.4. Meta-modeling for real-world optimization
When dealing with physical assets/systems, the evaluation of the quality and/or feasibility of solutions
produced over the metaheuristic search can be realized by complex simulation environments mapping the
decision variables at their input to the values dictating their fitness/compliance with constraints . The use
of digital twins in manufacturing or the design of structures in civil engineering are two recent examples of
simulation environments that serve as a computational representation of large-scale complex systems, for
which an analytical formulation of all their components and interrelations cannot be easily stated.
From an optimization perspective, the use of simulators for problem solving (simulation-based optimization or simheuristics [142]) constitutes a straightforward approach to circumvent an issue that appears
concurrently in real-world problems: the impossibility of formulating objective functions and constraints in
mathematical form. Furthermore, depending on its faithfulness with respect to the modeled asset/system,
the use of simheuristics in real-world optimization can also account for the uncertainty present in nondeterministic application scenarios under analysis in a scalable fashion. Consequently, the adoption of
simulation-based optimization can ease the quantification of risk incurred by candidate solutions and alternative hypothesis [143], which connects back to our prospects around the importance of risk in real-world
optimization (Subsection 9.1).
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In this context, a research line with a long history in metaheuristic optimization is the use of machine
learning surrogates [144]. Solvers under this paradigm resort to data-based regression techniques to infer
the relationship between the decision variables and their objective function value, so that when learned,
the evaluation of new candidates for the problem at hand can be efficiently performed by querying the
trained regression model [145]. Although the alleviation of the computational complexity of the solver
is arguably the most extended use of surrogates in metaheuristic optimization, another vein of literature
has stressed on the valuable information that surrogates can feed to the search algorithm for improving its
convergence. Possibilities for this purpose are diverse, including the evaluation and removal of poor solutions
when initializing the population of the metaheuristic algorithm, or the implementation of informed operators
that reduce their level of randomness concerning naı̈ve metaheuristic implementations [146].
Disregarding the specific model combined with the metaheuristic algorithm (simulation or machine learning surrogates), several problems arise when resorting to these meta-modeling approaches in real-world
problems. To begin with, very few works have elaborated on scalable meta-modeling approaches capable of
implementing different modeling granularities, each balancing differently between the fidelity of the metamodel with respect to the modeled asset/system, and the computational complexity of the model when
queried with a certain input. This trade-off and the challenges stemming therefrom have been widely identified in the related literature [143]. We herein underscore the need for further strategies to develop scalable
meta-models with varying levels of complexity and fidelity. New advances in this line should marry up
with achievements in asynchronous parallel computing, especially when several meta-models are considered
jointly, each requiring different complexity levels. This is actually another reason why the prescription of
non-functional requirements is of utmost importance in real-world optimization: unless properly accounted
from the very beginning, sophisticated meta-models can be of no use if the available computing resources
do not fulfill such requirements in practice.
Another issue that remains insufficiently unaddressed to date is how to prevent surrogates from overfitting, specially in problems characterized by many decision variables that are tackled by using complex
modeling approaches (e.g., Deep Learning). Under such conditions, and depending on the availability of
evaluated examples at the beginning of the search, the learning algorithm might have a few high-dimensional
examples available for training the surrogate. This could eventually dominate the learning process and hinder the generalization of the trained model to unseen candidate solutions. Regularization approaches have
been extensively suggested to deal with this problem, especially with linear models and neural networks
[147, 148]. However, we feel that further research can be pursued towards regularization approaches that,
besides overfitting, provide a countermeasure for another serious problem derived from overly complex surrogates: the existence of virtual optima, i.e., optima that do not exist in the original problem under analysis.
When this is the case, regularized ensembles and archiving strategies can be effective solutions to both
overfitting and virtual optima.
Finally, we briefly pause at the explainability of machine learning models, which currently capitalizes
most research contributions reported under the eXplainable Artificial Intelligence (XAI) paradigm [149].
XAI refers to all techniques aimed at eliciting interpretable information about the knowledge learned by
a model. In the case of black-box surrogate models, XAI must be conceived not only as a driver for
acceptability but also as a tool to provide hints for the design of the optimization algorithm. For instance,
post-hoc XAI methods can be used to unveil what the surrogate observes in its input (decision variables)
to produce a given output (estimated fitness value), so that a global understanding of the decision variables
that most correlate with the fitness value can be obtained. This augmented information about the search
process can boost the acceptability of the solution provided by the overall surrogate-assisted metaheuristic
by a non-expert user. Causal analysis for machine learning models [150, 151] can take a step further in
this direction, discriminating which decision variables, when modified throughout the search, lead to major
changes in the fitness value. These studies can unchain new forms of informed search operators that seize
implicit causal relationships between variables and fitness during the search.
9.5. Automating algorithm selection and parameter tuning
We round up our prospects with a mention of parameter tuning, which is arguably among the main reasons for differences appearing between the in-lab design of a metaheuristic algorithm and its deployment in a
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real-world environment. Indeed, the complexity of real-world scenarios can lead to incomplete/oversimplified
formulations that do not fully represent the diversity of contextual factors affecting the problem. Furthermore, the problem itself can be dynamic, so that fitness and/or constraints can evolve over time. If this
variability is not considered in the definition of the problem nor resolved during the design of the metaheuristic algorithm (by means of e.g., dynamic optimization approaches), differences likely emerge when deploying
the metaheuristic in practice. The methodology herein presented contemplates this issue by enforcing a
fine-grained tuning of parameters right at the beginning of the application environment, so that the effects
of any contextual bias on the compliance of functional and non-functional requirements can be minimized.
However, accounting for parameter tuning in our methodology does not play down the fact that parameter
tuning is a time-consuming process, especially when the search for a satisfactory parametric configuration
of the solver takes into account a mixture of functional and non-functional requirements.
Fortunately, in this context, the research community has left behind ancient practices in parameter
tuning, wherein the metaheuristic algorithms were configured in a trial-and-error fashion, or by using the
configurations utilized in similar studies. This procedure is by no means acceptable in academic works
comparing among metaheuristics, nor should this be the case in real-world optimization. Vigorous research
is nowadays concentrated on the derivation of new algorithmic means to automate the process of adjusting
the parameters of metaheuristic solvers, either during the search process (self-adaptation mechanisms for
parameter control ) or as a separate off-line process performed before the configured metaheuristic is actually
executed (parameter tuning). Both approaches can actually be applied to real-world problems, yet the
recent activity noted in the field is steering more notably towards parameter tuning approaches due to
their independence with respect to the metaheuristic algorithm to be adjusted. In any case, when used in
real-world optimization, automated parameter tuning methods can not only ease this process for non-expert
users, but also perform it more efficiently than grid search methods.
Automated parameter tuning has so far provided a rich substrate of methods and software frameworks,
mature enough for their early adoption to cope with real-world problems of realistic complexity [152]. Our
claim in this matter is that the flexibility of current automated parameter tuning frameworks is limited, and
leaves aside non-functional requirements that often emerge in real-world environments. Most of them focus
on optimality, i.e., on finding a configuration of the metaheuristic algorithm that performs best as per the
objective function(s) of the problem at hand. In many situations, this goal suffices for the interest of the user.
However, we utterly believe that other aspects should also be reflected in this process, such as implementation
complexity (time, memory), simplicity of search operators, and robustness of the configured algorithm
against factors inducing uncertainty in the definition of the problem. All in all, functional and non-functional
requirements of real-world problems are also affected by the parametric configuration of metaheuristics, so
there is a pressing need for embedding metrics that quantify such non-functional requirements in existing
frameworks.
Finally, we dedicate some closing words to the field of meta-learning, which is understood as the family
of methods aimed at inferring a potentially good algorithm for a given problem without actually addressing
it, namely, just by the similarities of the problem with others tackled in the past [153, 154]. For this
purpose, meta-learning methods for optimization problems usually hinge on the extraction of meta-features
from the given problem, which are then used as inputs of a supervised learning model that recommends
the best algorithm [155]. In other words, meta-learning approaches automate the same task than that of
automated parameter tuning methods, but without the computational complexity required by the latter to
evaluate multiple candidate solutions representing the algorithm and/or its parameter values. Studies on
meta-learning for the recommendation of metaheuristic algorithms have so far been centered on instances
of a few classical optimization problems (e.g., traveling salesman [156], vehicle routing [157] or flow-shop
scheduling [158]). In those works meta-features are extracted from graph representations of the problem
under analysis, or the analysis of their fitness landscapes. However, such meta-features are largely problemdependent, which leaves an open question on whether such meta-features can attain a good generalization
performance of the meta-learner when facing real-world problems, in which problem formulations can be
much more diverse in practice. Furthermore, the discovery of alternative meta-feature extraction methods
can pave the way to the consideration of meta-learning methods as a first step towards the automated
construction of optimization ensembles, which are known to be less sensitive to the parametric configuration
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of their constituent solvers than single metaheuristics. Moreover, ensembles of methods can be also used
to identify which operator, parameter value or algorithmic component is effective for a particular problem
in a competitive way, and just in one step [159]. We see a fascinating opportunity for meta-learning in
real-world optimization with metaheuristics, sparking many research directions for achieving higher degrees
of intelligent design automation as the ones reviewed heretofore.
10. Conclusions and Outlook
In this tutorial, we have proposed an end-to-end methodology for addressing real-world optimization
problems with metaheuristic algorithms. Our methodology covers from the identification of the optimization
problem itself to the deployment of the metaheuristic algorithm, including the determination of functional
and non-functional requirements, the design of the metaheuristic itself, validation, and benchmarking. Each
step comprising our methodology has been explained in detail along with an enumeration of the technical
aspects that should be considered by both the scientist designing the algorithm and the user consuming its
output. Recommendations are also given for newcomers to avoid misconceptions and bad practices observed
in the literature related to real-world optimization.
We have complemented our prescribed methodology with a set of challenges and research directions
which, according to our experience and assessment of the current status of the field, should drive efforts in
years to come. Specifically, our vision gravitates around four different domains:
• The consideration of risk as an additional objective to be minimized, and the massive adoption of robust
optimization techniques, given the high uncertainty under which real-world optimization problems are
formulated and the inherent stochastic nature of metaheuristic algorithms.
• More reported evidences of the process by which real-world optimization problems are addressed, expanding the scientific value of prospective studies not only to the algorithm(s) and provided solution(s), but
also to the inception of the problem and the storytelling themselves.
• There is a need for efficient means to cope with the complexity of real-world problems during the metaheuristic search, in which we claim that the hybridization with mathematical tools, meta-modeling, and
machine learning surrogates will have an increasingly prominent role in the field.
• The incorporation of intelligent methods to automate the selection and parameter tuning of the metaheuristic algorithm, which requires current automated parameter tuning frameworks and meta-learning
approaches to consider metrics related to functional and non-functional requirements imposed in real-world
scenarios.
We hope that the methodology proposed in this article and our prospects serve as a guiding light
for upcoming research works falling in the confluence between metaheuristic algorithms and real-world
optimization. It is our firm belief that the inherent complexity and uncertainty of real-world problems
has to be boarded with the methodological rigor required to ensure the practical value of the developed
metaheuristics. Unless common methodological standards for real-world optimization are embraced in the
future, a major gap will remain unbridged between academia, industrial stakeholders, and the society as a
whole.
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[75] E. Cantú-Paz, A survey of parallel genetic algorithms, Calculateurs paralleles, reseaux et systems repartis 10 (2) (1998)
141–171.
[76] D. Karaboga, B. Basturk, Artificial bee colony (abc) optimization algorithm for solving constrained optimization problems, in: International fuzzy systems association world congress, Springer, 2007, pp. 789–798.
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[158] L. M. Pavelski, M. R. Delgado, M.-É. Kessaci, Meta-learning on flowshop using fitness landscape analysis, in: Proceedings
of the Genetic and Evolutionary Computation Conference, 2019, pp. 925–933.
[159] G. Wu, R. Mallipeddi, P. N. Suganthan, Ensemble strategies for population-based optimization algorithms–a survey,
Swarm and evolutionary computation 44 (2019) 695–711.

35

