
Multi-objective meta-heuristic optimization in
intelligent control: a survey on the controller tuning

problem
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Abstract

Multi-objective optimization has been adopted in many engineering problems
where a set of requirements must be met to generate successful applications.
Among them, there are the tuning problems from control engineering, which
are focused on the correct setting of the controller parameters to properly gov-
ern complex dynamic systems to satisfy desired behaviors such as high accu-
racy, efficient energy consumption, low cost, among others. These requirements
are stated in a multi-objective optimization problem to find the most suit-
able controller parameters. Nevertheless, these parameters are tough to find
because of the conflicting control performance requirements (i.e., a require-
ment cannot be met without harming the others). Hence, the use of tech-
niques from computational intelligence and soft computing is necessary to solve
multi-objective problems and handle the trade-offs among control performance
objectives. Meta-heuristics have shown to obtain outstanding results when solv-
ing complex multi-objective problems at a reasonable computational cost. In
this survey, the literature related to the use of multi-objective meta-heuristics
in intelligent control focused on the controller tuning problem is reviewed and
discussed.
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1. Introduction

Dynamic systems are found in problems from many contexts such as financial
[1], medical [2], mechanical [3], chemical [4], electrical [5], and social [6]. These
systems are required to have desirable behaviors to generate useful applications.
These behaviors are achieved by using a suitable control strategy.5

The analysis of dynamic systems to design successful controllers is concerned
to control engineering. Since the emergence of PID control by Elmer Sperry in
1910, there have been more concerns about tuning procedures that guarantee

Abbreviations:

DE Differential Evolution

FOPID Fractional Order Proportional Integral Derivative

GA Genetic Algorithm

GM Gain Margin

HV Hyper-volume

IAE Integral Absolute Error

ISDCO Integral of the Squared Deviation of Controller Output

ISE Integral Squared Error

ITAE Integral Time-weighted Absolute Error

ITSE Integral Time-weighted Squared Error

LM Log-Modulus

MCS Maximum Complementary Sensitivity

MHO Meta-heuristic Optimizer

MIMO Multi-input Multi-output

MOMHOCTP Multi-objective Meta-heuristic Optimization Controller Tuning Process

MODE Multi-objective Differential Evolution

MOGA Multi-objective Genetic Algorithm

MOMHO Multi-objective Meta-heuristic Optimizer

MOP Multi-Objective Problem

MOPSO Multi-objective Particle Swarm Optimization

MS Maximum Sensitivity

NSGA-II Non-dominated Sorting Genetic Algorithm II

OS Overshoot

PID Proportional Integral Derivative

PM Phase Margin

PSO Particle Swarm Optimization

RT Rise time

SISO Single-input Single-output

SSE Steady State Error

ST Settling time

TV Total variation of the control signal
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the best performance of the PID controller. In this, the controller parameters,
which compromise the overall operation and performance of a dynamic system,10

must be properly set. Ziegler and Nichols introduced the first tuning rules in
1942 [7], and after that, several tuning rules have been proposed. Nevertheless,
some of them have been focused on stabilizing linear systems [8, 9], and they are
not suitable for nonlinear dynamic systems. Other tuning approaches involve
nonlinear systems [10] and aim to obtain the control parameters that fulfill the15

stability conditions. However, the latter approach does not guarantee specific
response characteristics. Consequently, one of the main problems in this control
engineering area is controller tuning.

Controller tuning has been addressed by using different methods which can
be classified as in [11]:20

• Analytical methods where different tools from control theory are used to
find the controller parameters by analyzing the closed-loop system stabil-
ity. For instance, for linear systems [8, 9] described by their frequency
response, root locus method, etc. and for nonlinear systems [10] from the
Lyapunov stability analysis.25

• Heuristic methods in which the controller parameters are manually cho-
sen based on empirical knowledge of an expert designer that uses the
information of the controlled variable measurements to establish proper
parameter-performance relationships. Ziegler-Nichols [12] and Cohen-Coon
[13] are two widely used heuristic methods.30

• Optimization methods in which a mathematical programming problem
that takes into account different performance criteria is stated and then
solved by an optimizer to find a proper set of controller parameters. The
reviewed works in this study fall into this class.

• Adaptive tuning methods obtain the controller parameters online by per-35

forming an identification together with one of the above methods.

The difficulty in tuning controllers is related to the complexity of the dy-
namic system to be governed [14]. In many cases, it can have structures that
include highly nonlinear behaviors [15], a large number of tunable variables
[16], and a large number of inputs and outputs [17]. Additionally, they can be40

subject to environmental or operational conditions such as uncertainties and
disturbances, and several real-world limitations. These characteristics make the
search harder for suitable controller parameters that achieve the desired perfor-
mance.

Moreover, current applications demand meeting several performance specifi-45

cations at a time, and they are usually in conflict [18]. They include but are not
limited to high accuracy, efficient energy consumption, low cost, among others.
The above also means that different controller parameter settings imply differ-
ent satisfaction levels of the demands. Therefore, the tuning process becomes a
non-trivial task.50
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Fortunately, the above multiple-demand controller tuning problem can be
treated as a multi-objective mathematical programming one, which in turn can
be handled by optimization or adaptive-optimization tuning methods. This
approach allows using multi-objective optimization techniques to find a set of
reliable controller configurations with different trade-offs (regarding their com-55

pliance with the tuning performance specifications). In this way, based on its
preferences, the designer or decision-maker can choose the configuration alter-
native that best suits the demands of the application for its further implemen-
tation.

Due to the complexity of the multi-objective mathematical programming60

problem, also known as Multi-Objective Problem (MOP), in the controller tun-
ing task, the use of computational intelligence or soft computing techniques
must be necessary [19]. The use of these techniques in control engineering (in
the context of multi-objective optimization and beyond) is defined by Ruano
[20] as intelligent control. It conforms to a growing area of interest for research.65

Among intelligent techniques, meta-heuristic optimizers have been widely
used to solve many real-world optimization problems, as observed in [21, 22, 23].
This popularity is due to their parallelizable and relatively simple operation,
their capability of handling very complex problems at a reasonable computa-
tional cost, and their applicability to a wide variety of contexts [24]. The above70

makes meta-heuristics suitable alternatives to handle the controller tuning prob-
lem.

In [25] and [26], the tuning approaches adopted for several control problems
are analyzed with a particular focus on the optimization problem formulations,
the used controller structures, and the controlled dynamic systems. In all cases,75

meta-heuristics have had outstanding advantages in controller tuning. The vari-
ety of available dynamic systems and controller structures entail to an extensive
range of different tuning MOPs whose characteristics require the use of differ-
ent types of meta-heuristics with particular search mechanisms to find the most
suitable controller configurations. Hence, unlike the reported in [25] and [26],80

the present work is concerned to the review of full steps of the controller tuning
process, from abstraction to validation, analyzing the addressed dynamic sys-
tems and controller structures, paying particular attention in the formulation
of the related multi-objective optimization problems, emphasizing the adopted
multi-objective meta-heuristic techniques and their search mechanisms, and ob-85

serving the used decision-making approaches. The present work studies research
items published from 2001 to 2019.

It is important to mention that several works in the specialized literature
adopt an a priori preference articulation approach. In this way, a single-
objective is constructed as a composition of the objectives in the MOP by90

establishing the importance of each objective based on higher-level preference
information [27, 28, 29, 30, 31, 32, 33, 34, 35]. Then, a single-objective optimizer
can be used to solve the new problem and obtain a single preferred controller
parameter configuration. These works are out of the scope of the present survey.

The rest of this document is organized as follows. Sections 2 and 3 give95

a background about multi-objective optimization through meta-heuristic tech-
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niques and multi-objective controller tuning, respectively. The general controller
tuning process is described in Section 4 with the support of the surveyed re-
search items. The conclusions and future directions derived from this survey
are drawn in Section 5.100

2. Multi-objective optimization - an overview

2.1. The multi-objective optimization problem

A MOP is stated as in (1), where a design variable vector ~p = [x1, . . . , xd]
T

must be found to minimize a vector ~F of m > 1 objective functions which are
in conflict each other. The MOP is also known as a many-objective optimiza-105

tion problem when it has more than three objectives, i.e., m > 3. In many
real-world applications, the MOP is subject to several constraints in the form of
gi(~p) and hj(~p) that are named respectively inequality and equality constraints.
Additionally, the design variables can be bounded, i.e., pk ∈ [pmink , pmaxk ]; all
these constraints are related to the real-world limitations (e.g. energy and siz-110

ing, among others). The space of feasible solutions (where all constraints are
satisfied) is denoted by Ω.

min ~F (~p) = [f1(~p), . . . , fm(~p)]T

subject to:
gi(~p) ≤ 0, i = 1, . . . , ng
hj(~p) = 0, j = 1, . . . , nh

pmink ≤ pk ≤ pmaxk , k = 1, . . . , d

(1)

Definition 1. (Pareto dominance, [36]).

A vector ~F (~p) = [f1(~p), . . . , fm(~p)]T is said to dominate ~F (~q) = [f1(~q), . . . , fm(~q)]T

(denoted by ~F (~p) � ~F (~q)) if and only if ~F (~p) is as good as ~F (~q) for all the115

objectives, i.e., fi(~p) ≤ fi(~q),∀i ∈ {1, . . . ,m}, and for at least one objective
fi(~p) < fi(~q).

Definition 2. (Pareto optimality, [36]).
A decision vector ~p ∈ Ω is a Pareto optimal if no objective function fi(~p) can

be improved without worsening the rest, i.e., @~q ∈ Ω such that ~F (~q) � ~F (~p).120

Definition 3. (Pareto optimal set, [36]).
The Pareto optimal set P∗ contains every possible optimal decision vector ~p ∈ Ω,

i.e., P∗ =
{
~p ∈ Ω | @~q ∈ Ω, ~F (~q) � ~F (~p)

}
.

Definition 4. (Pareto front, [36]).
The Pareto front, also named true Pareto front, contains the evaluated objective125

values of the vectors in P∗, i.e., PF∗ = {~F (~p) | ~p ∈ P∗}.
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2.2. Multi-objective meta-heuristic optimizers

Since there is no conventional definition of Meta-heuristic Optimizer (MHO)
[37], in this work, it is conceived as a stochastic computational technique that
can find competitive solutions to optimization problems at a reasonable compu-130

tational cost. Many MHOs are inspired by different biological processes, such
as natural evolution. Among the advantages of using these techniques is their
capability to solve very complex problems without requiring additional infor-
mation of them, which many times is difficult to acquire (e.g., derivatives); the
problem with these techniques is that they cannot guarantee the feasibility nor135

the optimality of solutions. Still, for many real-world problems, a solution close
to the optimal one (even when such a solution cannot be found) is useful enough.

In a MOP, several solutions represent different trade-offs among the objec-
tives. Because of this, a Multi-objective Meta-heuristic Optimizer (MOMHO)
must be capable of finding as many different trade-offs as possible that allow140

the decision-maker to choose the most appropriate one for a given situation.

2.3. Desirable features of the Pareto front approximation

It is important to remark that a MOMHO cannot guarantee to obtain the
true Pareto front PF∗ but an approximation denoted by PFA. Therefore, the
quality of this approximation is an important criterion to take into account145

when selecting a MOMHO to solve a particular problem.
Some desirable features that allow observing the quality of the Pareto front

approximation obtained with a MOMHO are presented below.

1. Capacity [38]: This feature is related to the number of non dominated
solutions in the PFA. The more solutions, the more possibilities are to find150

a proper trade-off among the objectives. Fig. 1 shows two approximated
fronts in R2 with a different number of solutions.

2. Convergence [39]: It is preferred that the obtained solutions in the PFA
are near to PF∗. It is important to highlight that for almost all real-world
MOPs; the real Pareto front is unknown. Fig. 2 presents two fronts in R2

155

with different convergence levels.

3. Diversity [39]: It is highly desirable that the found trade-offs are not very
similar among them. In other words, the solutions in the PFA must be
as well distributed as possible, i.e., they must be uniformly separated and
spread along the PF∗. In Fig. 3, two fronts in R2 with different spacing160

among solutions are presented.

4. Pertinence [39]: When some desired regions of the objective function
space are well established (i.e., the designer a priori knows where the
most promising solutions are located), a PFA that is located within these
regions is preferred. Fig. 4 shows two fronts in R2 and their relation with165

a preferred region.

Different performance metrics provide a quantitative value of an approxima-
tion quality [38]. Using these metrics allows the performance comparison among
MOMHOs [40]. Some of the most popular metrics to compare MOMHOs are:
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Figure 1: Comparison of two different Pareto front approximations in terms of capacity. The
front on the left has more solutions than the one on the right, then the first is more desirable.

Figure 2: Comparison of two different Pareto front approximations in terms of convergence.
The solutions of the front on the left are closer to the true Pareto front than the ones of the
front on the right, then the first is more desirable.
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Figure 3: Comparison of two different Pareto front approximations in terms of diversity. The
solutions of the front on the left are better distributed than the ones of the front on the right,
then the first is more desirable.

Figure 4: Comparison of two different Pareto front approximations in terms of pertinence.
The solutions of the front on the left are all in the preferred region unlike the ones of the front
on the right, then the first is more desirable.
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• Overall non-dominated vector generation (ONVG) [41]: Gives the number170

of non-dominated solutions in the PFA.

• Generational distance (GD) [42]: Provides the degree of proximity based
on the distance between the PFA and a subset of the PF∗.

• Hyper-volume (HV) [43]: Given a reference point, this metric measures
both, the closeness to the PF∗ and the diversity among the solutions in175

the PFA.

• Spacing (SP) [44]: Calculates the closest distance of pairwise solutions in
the PFA.

• Two-set coverage (C-metric) [45]: It is a binary metric that measures the
coverage proportion regarding the number of dominated solutions between180

two different sets PFA1 and PFA2 .

• Metric 4 (4) [46]: Measures the extension of the spread achieved among
non-dominated solutions in the PFA.

• Error ratio (ER) [44]: Considers the error in the intersection of the PFA
and a subset of the PF∗.185

• Binary epsilon indicator (Iε) [47]: Gives the value of ε required to trans-
late/scale a subset of the PF∗ to be dominated by the PFA.

• Averaged Hausdorff Distances [48]: Measure the distance between two
approximations PFA1 and PFA2 .

• Inverted Generational Distance (IGD) [49]: Determines the average dis-190

tance from a PFA to a reference set.

Although the above metrics are found recurrently in the specialized liter-
ature, many other alternatives can be useful in multi-objective optimization
tasks. Some of these alternatives can be found in [50].

All the above metrics can help to know the effectiveness of a MOMHO in195

search of solutions for a given MOP and then could provide enough evidence
for its use in a real scenario. According to the multi-objective ’No Free Lunch’
and ’Free Leftovers’ theorems [51], it may be necessary to compare a reasonable
number of MOMHO using different metrics to opt for a single alternative.

2.4. Meta-heuristic search approaches200

Some important features of the PFA are described above; now it concerns to
review the mechanisms adopted by the MOMHOs to obtain this approximation.

Many successful meta-heuristics have been developed over time. They differ
from each other by the operators they use to interrelate the solutions from an
initial set and generate improved alternatives.205

There are three recurrently used meta-heuristics in controller tuning, these
are the Genetic Algorithm (GA) [52], Differential Evolution (DE) [53] and Par-
ticle Swarm Optimization (PSO) [54].
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Other popular and relatively recent meta-heuristics, which can be less fre-
quently found in several controller tuning works, are the Bat Algorithm (BA)210

[55], the Firefly Algorithm (FA) [56], the Cuckoo Search (CS) [57] and the Har-
mony Search (HS) [58].

The above mentioned meta-heuristic techniques are all designed initially for
solving global optimization problems. By including a multi-objective search
mechanism, they can extend their operation to the solution of MOPs.215

The multi-objective search mechanisms used by the MOMHOs can be clas-
sified in the following groups:

1. Dominance-based: The search of the PFA is guided based on the
Pareto dominance, i.e., Pareto optimality is used to find the best trade-off
among candidate solutions. In this case, a solution that dominates an-220

other or a solution that is less dominated by a solution set is preferred and
must persist. Some representative MOMHOs under this approach are the
Multi-objective Genetic Algorithm (MOGA) [59], Non-dominated Sort-
ing Genetic Algorithm II (NSGA-II) [60], Multi-objective Particle Swarm
Optimization (MOPSO) [61] and Multi-objective Differential Evolution225

(MODE) [62].

2. Decomposition-based: In this approach, the MOP is decomposed into a
finite number of scalar optimization sub-problems (single-objective prob-
lems) which are optimized simultaneously. MOEA/D [63] is a well known
decomposition-based MOMHO.230

3. Metric-driven: In this class of MOMHOs, a performance metric is used
to select potentially good solutions from a candidate solution set. Some
examples of MOMHOs are I-SIBEA [58] and HypE [64].

4. Hybrid: The search in this approach includes features from the above
three [65]. A representative alternative from this class is the Non-dominated235

Sorting Genetic Algorithm III (NSGA-III) [65].

2.5. Decision making

The decision-making stage is related to the selection of the best trade-off for
its later implementation, depending on the application necessities or preferences
(desired or expected values of the objective functions).240

There are three ways to handle these preferences [36]:

1. A priori : The decision making is performed before searching for solu-
tions. Using well-established preferences about the objectives is possible
to define an aggregate objective function that indicates the pertinence
degree of solutions. In some cases, the MOP can be transformed into a245

single-objective problem whose global solution includes the desired trade-
off.
A posteriori : The search process is performed before making decisions.
Once the Pareto front approximation is obtained, the decision-maker can
select/sample the best trade-off. Currently, there is a vast diversity of250

a posteriori decision-makers among which stand out those based on the
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position of solutions [66], on the closeness to a well-established reference
point [67], on the value of a utility function that ponders the preference
of each objective [68], or on the subjective analysis of a human designer
through the visualization of the PFA combined with his/her experience255

[69].
Progressive/Interactive: The preferences are incorporated during the
search process (these could be altered over time using the search knowl-
edge). The decision-maker continuously provides information about pref-
erences to guide the search. Fuzzy rules [70] and neural networks [71]260

have been successfully used to progressively distinguish and promote so-
lutions that belong to a preferable region of interest during the search.
Other popular interactive approaches update a reference point automat-
ically [72, 73]. An additional progressive approach displays the PFA to
allow the expert designer to update the preference criteria for each search265

iteration [74].

Regardless of the used way of preference handling, several mechanisms allow
the decision making, and they can be summarized into two categories:

• Empirical: The designer experience plays the leading role in decision-
making. This category is sometimes related to a human-supported deci-270

sion. Therefore, the human decision-maker can use visualization methods
[69], a trial and error approach, and subjective analysis of objectives to
select the best trade-off solution.

• Utility-based: A utility function is used to determine the closeness of
a solution to a preferred trade-off (or a preferred region of the objective275

function space). This kind of preference handling is related to automated
decision making. Some well-known mechanisms are the weighted sum,
goal programming, indicator-based, reference point-based, and physical
programming methods [36, 75]. Position-based approaches are also con-
sidered in this category, i.e., the best trade-off solution is selected consid-280

ering its position in the Pareto front approximation (e.g., knee, average
and extreme solutions concerning one particular objective).

3. The controller tuning problem

3.1. The general controller tuning problem

As described before, controllers are elements used to govern the behavior of285

dynamic systems that generate successful engineering applications. The main
goal of the controllers is then to guarantee the stability of a dynamic system
response.

Although the controllers are theoretically designed to guarantee stability,
they have a set of parameters that determine how systems stabilize. These pa-290

rameters can be adjusted to fit different performance conditions such as speeding
up the stabilization time [76], allowing recovery of stability under uncertainties
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Figure 5: Control performances achieved by different controller parameters.

or disturbances [77], smoothing the transition to stability [78], to name but a
few.

Fig. 5 illustrates how different parameter sets, denoted by θ0, θ1, and θ2,295

used in the same controller structure, affect the stabilization towards a reference
of the dynamic system (also known as the plant).

The correct establishment of the controller parameters is usually a difficult
task, known as controller tuning, and depends on the application necessities.
The general controller tuning problem refers to the search for a set of controller300

parameters that stabilizes the dynamic system response under an established
performance criterion that fits the above necessities (performance conditions).

3.2. The multi-objective controller tuning problem

Engineering applications have become more demanding over time, in the
sense that they require dynamic systems that satisfy different and conflicting305

necessities (i.e., one necessity cannot be fulfilled entirely without harming the
fulfillment of the others). Then, the tuning of the controllers required to govern
those dynamic systems becomes a harder task.

Nevertheless, this modern trend of engineering applications aligns naturally
with the theory of multi-objective optimization summarized in Section 2. With-310

out losing generality, Fig. 6 shows the usual steps for the multi-objective con-
troller tuning, which are described next:

1. Study the plant features: This activity is referred to the analysis of
the plant features such as the number of inputs and outputs, the type
of behavior (linear or nonlinear), and the proper nature of the task that315

performs, the above to obtain a model for simulation.

2. Select a controller structure: Based on the model, it is possible to
select a suitable controller structure that successfully stabilizes the plant
behavior.
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Figure 6: Typical steps for the multi-objective controller tuning.

3. Determine the tunable controller parameters: No matter the se-320

lected controller structure, it has a set of parameters that directly com-
promises the controller operation and the plant response. The designer
must determine which of these parameters are used for tuning and which
remain fixed to a predetermined value.

4. Establish the desired performance objectives: Depending on the325

application necessities, the designer has to establish the conflicting per-
formance criteria that are considered for controller tuning. These criteria
are related to the minimization or maximization of quantitative indica-
tors, which are related to the system response, that formally define a
multi-objective optimization problem.330

5. Test different sets of controller parameters: Considering the diffi-
culty in obtaining analytical solutions to engineering optimization prob-
lems, such as the controller tuning one, several alternatives (candidate sets
of controller parameters) must be proposed and tested in simulation to ob-
tain their degree of compliance with the application necessities. A way to335

search for suitable candidate sets is based on the use of a multi-objective
meta-heuristic approach, which is described in Section 4.

6. Select the most suitable set of controller parameters: Using the
degree of compliance of each solution, a subset of solutions with unbeat-
able (non-dominated) performance trade-offs is identified. Then, a single340

alternative is chosen from it to be implemented in the final application.
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Figure 7: General Multi-objective Meta-heuristic Optimization Controller Tuning Process
(MOMHOCTP).

4. Multi-objective meta-heuristic optimization in the controller tun-
ing problem

Fig. 7 shows the general Multi-objective Meta-heuristic Optimization Con-
troller Tuning Process (MOMHOCTP). In this, a MOP is stated based on dif-345

ferent performance criteria, and a MOMHO is used to find the controller pa-
rameters with the best trade-offs. Each parameter configuration must be tested
through a dynamic simulation to measure the controller performance and se-
lect the most promising alternatives. After the best trade-offs are found, the
decision-maker is responsible for choosing a single parameter configuration to350

be implanted in the real controller.
At this point, it is important to highlight that the process in Fig. 7 describes

the controller tuning based on an offline optimization where the best-found pa-
rameters are implanted in the controller of the final application and remain
fixed. It means that there are no time limitations in the decision making, and355

some tests or evaluations can be performed before opting for the final configura-
tion. On the other hand, in the controller tuning based on online optimization,
which belongs to the class of adaptive controller tuning methods, the best pa-
rameters are obtained during the operation of the closed-loop system. In other
words, the controller tuning process in Fig. 7 is recurrently performed to obtain360

different configurations along time. In this case, automated decision making
becomes indispensable since it is not possible to validate all the obtained pa-
rameter configurations found by the MOMHO.

Relevant aspects of the process in Fig. 7 are discussed in detail next, based
on the sustenance of relevant research works found in the specialized literature.365

4.1. Plant

The plant in Fig. 7-A is a system that commonly includes, but is not lim-
ited to, the dynamics of electrical, mechanical, or pneumatic elements. Plant
behavior must be adequately governed to generate useful applications.
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For all works that adopt the MOMHOCTP, the plant is not handled directly,370

but a model is used instead. The above is to prevent damage or wear in the
real plant due to tests with low-quality or preliminary controller parameter
configurations.

Plants’ natural behavior is always nonlinear, and nonlinear models can be
obtained as state-space representations through system dynamic analysis [79]375

or identification [80]. Nevertheless, it is sometimes useful to assume the plant
behavior to be within a certain operating region, which can be linearly modeled
and represented in the form of a transfer function. An accurate plant model is
highly necessary for controller tuning, but its obtaining is beyond the scope of
this work.380

What is interesting is the trend in usage patterns of different types of plant
models and their inclusion in real-world applications. In this way, Tables 1
and 2 summarize the plant model choices in the MOMHOCTP for the reviewed
works. It is observed that about of 70% of the works use linear models, and
most of them correspond to benchmarked or proposed test plants. The rest385

of the adopted linear models are related to well-known plants such as voltage
regulators, power generation systems, gas production systems, distillation sys-
tems, and aerial vehicles. On the other hand, the remaining 30% of works
uses nonlinear models related to vehicles, robotic manipulators, and mechanical
systems.390

An important feature of a plant (and its model) which has a direct impact
in the MOMHOCTP (this is discussed in depth in the MOP formulation) is its
number of inputs and outputs. According to this, the plant can be Single-input
Single-output (SISO) or Multi-input Multi-output (MIMO). Tables 1 and 2 also
indicate that 51% of the studied plants are SISO and 49% are MIMO.395

4.2. Controller

The controller in Fig. 7-B aims to govern the plant behavior to reach a
reference input. It has a set of tunable parameters, denoted by ~p, which includes
variables related to a predefined control structure.

Tables 1 and 2 show trends in the selection of controller structures to govern400

the plants described in Section 4.1 and they are detailed next:

• PID-like controllers: This class considers the linear PI, PD, PID, and
FOPID controllers. They cover 62% of the controller structure choices.
This overwhelming use of PID-like controllers can be due to their simplic-
ity and high performance that makes them to be present in most industrial405

applications [81].

• Fuzzy controllers: This kind of nonlinear controllers can convert a set of
control rules given by expert knowledge into an automatic control strat-
egy to handle unknown or unmodeled system dynamics [82]. 11% of the
selected controllers rely on this type.410

• Robust controllers: This class is referred to as those controllers that use
the H2, H∞, H2/H∞, and H2/H2 design methods to be synthesized with

15



high-robustness and less-sensitivity to noise or disturbances. Only 6% of
the works adopt robust controllers. The above can be due to their high
level of abstraction and complexity which complicate its use in practice,415

Nevertheless, later in Section 4.4, it is observed that any controller can be
endowed with high-robustness and less-sensitivity by selecting the right
objectives.

• Other controllers: The remaining 21% of works adopt more particular
alternatives that by themselves do not constitute a broad enough set of420

studies to originate a class. These alternatives are the Linear Quadratic
Regulator (LQR), the Sliding Mode Controller (SMC), the Optimal Model
Predictive Controller parameterized with Laguerre functions (LOMPC),
the RST controller, the inverse dynamic controller (IDC), the PD con-
troller with Iterative Learning algorithm (PD-IL), the PID controller of425

the Instrument Society of America (PID-ISA), the Finite Word-Length
(FWL) PID controller, nonlinear PID controller variants, and other spe-
cific purpose and state feedback controllers.
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Table 1: Plants and controller structures adopted in the MOMHOCTP (Part I).
Ref. Controller type † Plant type ‡
[86] Linear, PI controller Linear, MIMO, coal gasifier
[87] Linear, PID+FOPID controller Linear, SISO, synchronous generator excitation system
[88] Linear, PID+PI controller Linear, MIMO, refrigeration system based on vapor

compression
[89] Nonlinear, Fuzzy FOPID controller / Nonlinear, Fuzzy PID

controller / Linear, PID controller
Nonlinear, MIMO, 2-link robotic manipulator

[90] Linear, Proportional Integral Derivative (PID) controller Linear, SISO, AVR
[91] Nonlinear, NL-PID controller / Nonlinear, NLF-PID controller /

Linear, FOPID controller / Linear, PID controller
Nonlinear, MIMO, 2-link robotic manipulator

[92] Linear, LQR-Fractional Order Proportional Integral Derivative
(FOPID) controller

Linear, SISO, FO plants

[93] Linear, PI controller Linear, MIMO depropanizer distillation column
[94] Linear, PID controller / Linear, FOPID controller Linear, SISO, AVR system
[95] Linear, PID controller / Linear, FOPID controller Linear, SISO, AVR system
[96] Linear, PID controller / Linear, FOPID controller Linear, SISO, HTRS
[83] Linear, PI controller Linear, MIMO, coal gasifier
[45] Linear, H2 controller with PI structure / Linear, H2/H∞

controller
Linear, SISO, stable plant

[97] Linear, PID controller Linear, MIMO, greenhouse cultivation system
[98] Linear, FWL-PID controller Linear, SISO, benchmark systems
[99] Linear, PID controller Nonlinear, MIMO, double pendulum
[100] Nonlinear, Fuzzy PI+D controller Nonlinear, SISO, test process / Nonlinear, SISO, solar

plant
[101] Linear, PID-ISA Linear, SISO, test plants
[102] Linear, PI controller Nonlinear, SISO, FOPDT processes
[103] Nonlinear, Fuzzy FOPID Linear, SISO, FO plant
[104] Linear, PID controller Linear, SISO, AVR
[105] Nonlinear, Fuzzy PID controller Linear, SISO, AMB system
[106] Linear, FOPID controller Linear, SISO, aircraft
[107] Nonlinear, LOMPC Linear, SISO, discrete-time state-space system / Linear,

MIMO, discrete-time state-space system
[42] Linear, H∞ robust controller Linear, MIMO, Boeing 747 aircraft
[43] Linear, PD-IL controller Linear, SISO wiper system
[108] Nonlinear, Fuzzy PID controller Nonlinear, MIMO, inverted pendulum / Nonlinear,

MIMO, ball and beam system
[109] Nonlinear, specific purpose controller Nonlinear, SISO, vehicle
[110] Linear, PID controller Linear, SISO benchmark plants / Linear, MIMO, test

plant
[111] Linear, H2/H∞ controller / Linear, H2/H2 controller Linear, SISO, test plants / Linear, MIMO, test plant
[112] Linear, IOPID controller / Linear, FOPID controller Linear, SISO, FO plant
[113] Linear, PID controller Linear, SISO, power systems
[114] Nonlinear, Fuzzy PID controller Linear, SISO, DC motor
[115] Linear, PID controller / Linear, I-PD controller Linear, SISO, patient model
[116] Linear, PID controller Linear, SISO, HTRS
[117] Linear, PD controller Nonlinear, MIMO, inverted pendulum / Nonlinear,

MIMO, ball and beam system
[46] Nonlinear, SMC Nonlinear, MIMO, biped robot
[118] Nonlinear, state feedback controller Nonlinear, MIMO, biped robot
[84] Linear, PI controller Linear, MIMO, coal gasifier
[44] Linear, RST controller Linear, SISO, electrical DC drive
[119] Linear, PI controller / Linear, PID controller Linear, SISO, open-loop unstable system / Linear, SISO,

triple pole system
[120] Linear, PID controller Linear, SISO, CSTR system
[41] Linear, PD controller Nonlinear, MIMO, double pendulum
[121] Linear, PI controller Nonlinear, MIMO, CAC-ZVS three phase PFC converter
[122] Linear, PI controller Linear, MIMO, super-heater
[85] Linear, PID controller Linear, MIMO, distillation column / Linear, MIMO,

F18/HARV fighter aircraft
[123] Nonlinear, Fuzzy inverse dynamics controller Nonlinear, MIMO, parallelogram mechanism
[124] Linear, PID controller Linear, SISO, flexible link system
[125] Linear, PI controller Linear, SISO, test plants
[75] Linear, PIDn controller Linear, SISO, boiler system / Linear, MIMO, boiler

system
[126] Linear, PI controller Linear, MIMO, UAV
[47] Linear, PI controller Linear, MIMO, Wood and Berry distillation column
[127] Linear, PI controller Linear, MIMO, Wood and Berry distillation column
[128] Linear, PID controller Linear, SISO, Cholette reactor
[129] Nonlinear, Fuzzy controller Nonlinear, SISO, cantilever beam system
[130]� Nonlinear, inverse dynamics controller Linear, SISO, DC motor
[131] Linear, PI controller Linear, MIMO, super manoeuvrable fighter aircraft
[132] Linear, PI controller Linear, SISO, first-order-plus-dead-time process
[133] Linear, FOPID controller Linear, SISO, AVR system
[134] Linear, PID controller Nonlinear, MIMO, goethite Process
† Controller type: Behavior, Structure.
‡ Plant type: Behavior, Inputs and outputs, Class.
� Online optimization approach.
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Table 2: Plants and controller structures adopted in the MOMHOCTP (Part II).
Ref. Controller type † Plant type ‡
[135] Linear, PID controller / Linear, Lead Compensator / Linear

PI+P controller
Nonlinear, SISO, ball and beam system / Linear,
MIMO, stirring tank with heat exchanger / Linear,
MIMO, distillation column

[136] Linear, 2-DOF FOPD controller / Linear, 2-DOF PD controller
/ Linear, PID controller

Nonlinear, MIMO, 2-link robotic manipulator

[137] Linear, FOPID controller Linear, SISO, linear pump turbine governing system
[138] Nonlinear, active disturbance rejection controller Nonlinear, MIMO, inverted pendulum
[139] Linear, PID Nonlinear, MIMO, aerial manipulator
[140] Linear, PID Linear, SISO, DC servo motor
[141] Nonlinear, Fuzzy controller Nonlinear, MIMO, biped robot
[142] Nonlinear, adaptive robust decoupled sliding mode control Nonlinear, MIMO, ball and beam system
[143] Linear, LQR controller Linear, MIMO, aircraft
[144]� Nonlinear, inverse dynamics controller Nonlinear, SISO, four-bar mechanism
[145] Nonlinear, second order sliding mode control Linear, MIMO, grid-side converter of a doubly-fed

induction generator
[146] Linear, PID controller with state observer Linear, MIMO, second-order oscillator
[147] Linear, four-parameter PID controller Linear, SISO, DC servo motor
† Controller type: Behavior, Structure.
‡ Plant type: Behavior, Inputs and outputs, Class.
� Online optimization approach.

4.3. Dynamic simulation

In general terms, a closed-loop control system, such as the one in Fig. 7-C,430

includes a controller that governs the plant behavior to a reference input. The
closed-loop control system has one or more feedback loops between its outputs
and inputs. The feedback acquires information about the plant operation (e.g.,
the output values through sensing devices), and based on this, the controller
can take proper control actions. With the above mentioned, closed-loop systems435

can reduce errors and achieve stability, among other advantages concerning the
open-loop ones, which do not include feedback loops [148].

The dynamic simulation of the closed-loop control system refers to the mod-
eling of its time-varying behavior. This simulation allows the evaluation of the
overall performance of a given controller configuration ~p (e.g., the consumed440

energy and the set-point tracking precision during a time window).
In order to perform a dynamic simulation, the plant, the controller structure,

the feedback, and a set of operational/environmental conditions (this can be
related to initial conditions, parametric uncertainties, disturbances, workload
changes, among others) must be well defined.445

The feedback operation is negligible for all the reviewed works, i.e., the
dynamic behavior of sensors or transducers is not modeled either considered in
the whole closed-loop control system behavior. Similarly, this happens with the
actuators and power devices, among other elements. Therefore, the closed-loop
system in Fig. 7-C is described only in terms of the plant and the controller450

behaviors. A set of differential equations typically forms the above description.
For the surveyed works, the simulation of a closed-loop control system is

performed in two ways depending on the characteristics of the plant and the
controller. If both of them obey the superposition principle [148], then the sys-
tem is linear, and some tools, such as the Laplace transform, are used to solve455

the involved differential equations to describe and simulate the system behav-
ior using frequency-domain algebraic equations [116]. In contrast, the control
system is nonlinear, and the dynamic simulation is carried out by using numer-
ical methods due to the more complex structures of their differential equations.
Numerical integration methods such as Runge-Kutta [99] and Euler [130] are460

adopted for this purpose. In some cases, a linearization method can be used in
these kinds of systems when they operate near to a stable point, as in [94].
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4.4. Multi-objective optimization problem

Using the information obtained from the dynamic simulation and from the
closed-loop control system parameters, it is possible to measure the quality of465

a controller configuration ~p according to several performance indexes denoted
by ~F (~p) = [f1(~p), . . . , fm(~p)]T , and determine its limitations given by gi(~p) and
hj(~p), as observed in Fig. 7-D.

The above elements are formally stated in a MOP in the form of (1). Without
loss of generality, the controller tuning MOP consists of finding a set of reliable470

controller parameter configurations, with different performance trade-offs.
The MOP formulation is an important aspect addressed in this review. It is

focused on the selection of the design variables (tunable controller parameters),
objective functions (performance requirements of the closed-loop system), and
constraints (closed-loop control system limitations). Findings of those choices475

are described next.uch as Runge-Kutta [99] and Euler [130] are adopted for this
purpose. In some cases, a linearization method can be used in these kinds of
systems when they operate near to a stable point, as in [94].

4.4.1. The design variables

In the reviewed works, the design variables ~p are intimately related to the480

chosen controller structures mentioned in Section 4.2. Taking into account the
information in Tables 3-6, typical choices for each controller structure are the
following:

• PID-like: For PI, PD, and PID controllers, design variables include the
gains kp, ki and kd (in some cases the gains ki and kd are parametrized485

regarding the integral and derivative time constants τi and τd, respec-
tively). In the case of FOPID controllers, the integro-differential orders
λ and µ are also considered. Additional PID-like structures can include
filter constants.

• Fuzzy controllers: for this type of controllers, design variables are used to490

represent the complexity of the controller (regarding the number of inputs,
membership functions, fuzzy rules, etc.), the shape of the membership
functions, the fuzzy rules, and the output form.

• Robust controllers: Regardless of the adopted robust design method, every
robust controller has a set of tunable parameters that usually corresponds495

to the pole position, combined controller structure parameters (e.g., gains
of a PID controller), and more particular parametrization variables (in
matrix forms).

• Other controllers: Despite there is no generalization in the design vari-
ables used in this kind of controllers (beyond the fact that they represent500

parametrization variables), two approaches stand out from others because
they do not explicitly relate the design variables with the structural pa-
rameters of the controller. In [109], the design variables correspond to
the control signals applied for each sampling instant during a given time
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window. On the other hand, in [130] the design variables represent the505

dynamic parameters of the plant used for control.

As discussed in Section 4.2, a homogeneous scaling of independent controller
structures is typically used to handle a MIMO plant. The above implies that
the number of design parameters used in a controller for a SISO plant is scaled
by the number of inputs/outputs of the MIMO one.510

According to Tables 3-6, the number of the design variables involved in the
reviewed works ranges between 2 and 47 indiscriminately for SISO or MIMO
plants. Then, the MOPs of these works are considered moderate-size problems
[149]. In the exceptional case of [109], the number of design variables is 46, 000,
and the MOP belongs to the class of large-scale optimization problems [150].515

Regarding the type of design variables, works that include PID-like, robust,
and other controller structures, use continuous variables. For works with fuzzy
controller structures, design variables are mixed continuous-discrete.

4.4.2. The objective functions

Low cost, fast response, robustness, low sensitivity, small error rates, high520

accuracy, and efficient energy usage are examples of common requirements for
closed-loop control systems, which may conflict with each other. These features
strongly depend on the settling of the controller parameters ~p.

Each one of the closed-loop control system requirements are translated to the
mathematical language to define the objective functions ~F (~p) = [f1(~p), . . . , fm(~p)]T525

in (1).
Depending on the closed-loop control system representation, different per-

formance indexes are chosen in the reviewed works as observed in Tables 3-6.
For a time-domain representation, the control performance indexes, response
characteristics or indexes related to the control signal behavior are used and530

listed below:

• Integral Absolute Error (IAE) [114]: Determines how far is the system
response from the reference signal.

• Integral Time-weighted Absolute Error (ITAE) [132]: Similar to IAE, but
in this case initial errors have less importance.535

• Integral Squared Error (ISE) [113]: This value takes into account large er-
rors more than small errors between the system response and the reference
signal.

• Integral Time-weighted Squared Error (ITSE) [104]: Like ITAE, this index
gives more importance to the new larger errors than initial smaller errors.540

• Settling time (ST) [126]: It is the time required to minimize the error
between the system response and the steady state response.

• Rise time (RT) [32]: It is the time required to take the system response
to a steady state response.
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• Overshoot (OS) [33]: It is a relation between the maximum value of the545

system response and the steady state response.

• Total variation of the control signal (TV) [102]: Measures the smoothness
of the control signal.

• Integral of the Squared Deviation of Controller Output (ISDCO) [75]: This
is another index of the control signal smoothness.550

Other time-domain control performance indexes used as objective functions
are related to particular error measurements [129], specific behaviors of outputs
[115], or probabilistic output criteria [112].

For frequency-domain representations, the used performance measurements
are the following:555

• Steady State Error (SSE) [116]: It is the error obtained in the limit as
time goes to infinity.

• Gain Margin (GM) and Phase Margin (PM) [94]: Both indicate the rel-
ative stability of the control system (i.e., how close is the system to be
unstable).560

• Maximum Sensitivity (MS) [131]: A performance measurement regarding
external disturbance rejection.

• Maximum Complementary Sensitivity (MCS) [131]: A performance mea-
surement regarding robust stability.

• Log-Modulus (LM) [151]: A large value of this measurement makes the565

steady state error small.

Works in [98, 107, 114] care about the closed-loop control system cost regard-
ing the complexity of the computational structures involved in their controllers.
Therefore, the computational effort is established as an objective function.

On the other hand, for problems with MIMO plants, it is common to find570

several objective functions considering the sums of given performance metrics
(e.g., ISE, RT, and ST in [97]) over all the involved inputs/outputs. A less
common approach establishes a one-to-one relationship between each objective
function and a performance metric over a single input/output as observed in
works like [83]. Nevertheless, this approach considerably increases the number575

of objectives and could also increase the complexity of the optimization problem,
but the range of trade-offs can also grow.

It is also interesting to observe the number of objectives tackled by the
reviewed works in Tables 3-6. Around 51% of works are related to bi-objective
controller tuning problems, 29% handle MOPs with three objective functions,580

and only 20% include more than three objectives. It is important to remark
that optimization problems with more than three objectives are considered in
the particular class of many-objective problems [65]. Implications regarding the
search in these kinds of problems are discussed in Section 4.5.
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4.4.3. The constraints585

Closed-loop control systems, and in general all systems, have practical lim-
itations that can be technological (e.g., the computational power required to
run an intelligent control strategy), economical (e.g., the budget to develop a
given control application), operational (e.g., the overall system stability or the
maximum allowable error rates during a set-point tracking), or environmental590

(e.g., the temperature in different places of a factory). Such limitations are con-
sidered in the problem (1) for controller tuning as inequality constraints gi(~p),
equality constraints hj(~p), and boundary constraints pmink and pmaxk .

The boundary constraints pmink and pmaxk are fundamental for the controller
tuning MOP since they provide the first search space delimitation. They are595

included in all works to limit the values of the controller structure parameters ~p.
Although the establishment of boundary constraints is not discussed deeply in
the surveyed works, it is assumed that they are obtained based on the designer
experience.

Regarding explicit (non-boundary) constraints (equality and inequality con-600

straints), only 34% of the controller tuning problems include them, and Tables
3-6 summarize typical choices.

About equality constraints hj(~p), the most common choice refers to the
closed-loop stability (i.e., for every bounded input, the system must produce a
bounded output). In the case of inequality constraints gi(~p), they are commonly605

used to establish allowable values of the objective functions and also of the
control signal taking into account the actual actuator capacity. Even in some
exceptional cases, as in [97] and [115], inequality constraints are set to bound
the values of other control performance indexes different from those adopted as
objective functions.610

As a reminder, the solution of a MOP is a Pareto optimal set P∗, that
mapped in the objective function space, generates a true Pareto front PF∗
that contains all possible trade-offs among objectives. In the MOMHOCTP, P∗
refers to all feasible controller parameter configurations, while PF∗ includes all
their performance trade-offs.615
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Table 3: Formulation of MOPs for controller tuning (Part I).
Ref. Space ? Objectives Design variables Constraints

[86] (4,15,0) IAE (for four outputs) PID: gains kjp, kji and kjd, j = 1, . . . , 5 -

[87] (3,7,6) ISE, MS, control effort PID+FOPID: gains kjp, kji and kjd, j = 1, 2,
integro-differential orders λ and µ

Routh stability conditions

[88] (5,6,0) IAE (for two outputs),
TV (for two inputs),
LM

PID+PI: gains kjp, kji , j = 1, 2 and kd, filter f -

[89] (2,16,0) Sums of IAE and
control efforts (for two
outputs)

Fuzzy FOPID: gains kjp and kjd, parameters P j
i

and bji , integro-differential orders λj and µj ,

fuzzy parameters Lj and kuj , j = 1, 2

-

(2,12,0) Sums of IAE and
control efforts (for two
outputs)

Fuzzy PID: gains kjp and kjd, parameters P j
i and

bji , fuzzy parameters Lj and kuj , j = 1, 2

-

(2,8,0) Sums of IAE and
control efforts (for two
outputs)

PID: gains kjp and kjd, parameters P j
i and

bji , j = 1, 2

-

[90] (3,3,0) ITSE, OS, ST PID: gains kp, ki and kd -

[91] (2,8,0) Sums of IAE and
control efforts (for two
outputs)

NL-PID: gains kjp, kji and kjd, nonlinear gain

parameter αj , j = 1, 2

-

(2,12,0) Sums of IAE and
control efforts (for two
outputs)

NLF-PID: gains kjp, kji and kjd,

integro-differential orders λj and µj , nonlinear
gain parameter αj , j = 1, 2

-

(2,10,0) Sums of IAE and
control efforts (for two
outputs)

FOPID: gains kjp, kji and kjd, integro-differential

orders λj and µj , j = 1, 2

-

(2,6,0) Sums of IAE and
control efforts (for two
outputs)

PID: gains kjp, kji and kjd, j = 1, . . . , 2 -

[92] (2,5,0) ITSE, ISDCO LQR: weighting matrix Q, weighting factor R,
FOPID: integro-differential orders λ and µ

-

[93] (3,10,0) Sums of IAE, OS and
RT (for responses of
column elements)

PID: gains kjc, integral times τj
i , j = 1, . . . , 5 -

[94] (2,3,2) GM, PM PID: gains kp, ki and kd Positive GM, PM
(2,5,2) GM, PM FOPID: gains kp, ki and kd, integro-differential

orders λ and µ
Positive GM, PM

[95] (2,3,0) ITSE, ISDCO PID: gains kp, ki and kd -
(2,5,0) ITSE, ISDCO FOPID: gains kp, ki and kd, integro-differential

orders λ and µ
-

(2,3,0) ITSE (for set-point and
disturbance rejection)

PID: gains kp, ki and kd -

(2,5,0) ITSE (for set-point and
disturbance rejection)

FOPID: gains kp, ki and kd, integro-differential
orders λ and µ

-

(3,3,0) ITSE (for set-point and
disturbance rejection),
ISDCO

PID: gains kp, ki and kd -

(3,5,0) ITSE (for set-point and
disturbance rejection),
ISDCO

FOPID: gains kp, ki and kd, integro-differential
orders λ and µ

-

[96] (2,3,0) ISE and ITSE PID: gains kp, ki and kd -
(2,5,0) ISE and ITSE FOPID: gains kp, ki and kd, integro-differential

orders λ and µ
-

[83] (6,8,24) Sum of IAE (for four
outputs relative to six
typical operation
scenarios)

PI: gains kjp, j = 1, . . . , 4, kli, l = 1, 2, 3 and kf Input and output limits for
operation scenarios

[45] (2,2,1) MS, MCS H2-PI: parameters kp and τi Closed-loop stability
(2,N,1) MS, MCS H2/H∞: place of the poles Closed-loop stability

[97] (3,6,9) Sums of ISE, RT, ST PID: gains kjp, kji and kjd, j = 1, 2 Permissible values of OS and
undershoot, real values of IAE,
ITSE and ITAE, SSE bounds,
minimum values of PM and GM

[98] (2,9,0) MS, MCS, number of
bits for the FWL
implementation

FWL: structural parameters -

[99] (2,6,0) Sums of position errors
and variation of control
signals (for two outputs)

PID: gains kjc, integral times τj
i , j = 1, . . . , 2 -

[100] (3,7,0) OS, ST, RT Fuzzy PI+D: gains kp, ki, kd, kuPI , kuPD, k,
and membership function constant L

-

? MOP definitions in terms of (objectives, variables, non-boundary constraints).
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Table 4: Formulation of MOPs for controller tuning (Part II).
Ref. Space ? Objectives Design variables Constraints

[101] (3,7,2) IAE, set-point error, MS PID-ISA: parameters Ti, Tf , Td, N , k, b and c. Closed-loop stability, size of the
control signal

[102] (4,3,0) IAE (for set-point and
disturbance rejection),
MS, TV

PI: parameters kc, Ti and b -

[103] (3,27,0) Mean squared error,
MCS, maximum control
effort

Fuzzy FOPID: 15 membership functions
parameters, 5 fuzzy rule parameters, and
nominal FOPID parameters a, b, k0p, k0i , k0d, γ0

and µ0

-

[104] (4,3,0) IAE, ITAE, ISE, ITSE PID: gains kp, ki and kd -
[105] (2,4,0) IAE, OS Fuzzy PID: scaling factors GE, GCE, GU, and

GCU
-

[106] (2,5,0) MS, MCS FOPID: gains kp, ki and kd, integro-differential
orders λ and µ

-

[107] (3,2,0) Size of the feasibility
region, performance
loss, computational cost

LOMPC: number of degrees of freedom nc and
the pole of the discrete-time Laguerre network a

-

[42] (3,4,3) OS, RT, ST H∞: weights a, b, c and d Pertinence indicators over OS,
RT, and ST

[43] (3,5,0) IAE, RT, OS PD-IL: gains kp and kd, and parameters of the
iterative learning algorithm φ, ψ and Γ

-

[108] (3,12,0) IAE (for each output),
control effort

Fuzzy PID: parameters of the Single Input
Fuzzy Inference Motor (SIFIM) and the
Preferred Fuzzy Inference Motor (PFIM)

-

[109] (2,46000,0) Absorbed power, mean
dissipated power

46,000 control inputs applied for each sampling
instant

-

[110] (3,4,1) Disturbance rejection,
set-point error,
sensitivity

Parameters of a single-loop PI Actuator capacity

(3,7,1) Disturbance rejection,
set-point error,
sensitivity

Parameters of a single-loop PID Actuator capacity

(3,14,1) Disturbance rejection,
set-point error,
sensitivity

Parameters of a multi-loop PID controller with
decoupled structure

Actuator capacity

(3,26,1) Disturbance rejection,
set-point error,
sensitivity

Parameters of a multi-loop PID controller with
coupled structure

Actuator capacity

[111] (3,n,0) Distance of stability, H2

norm, H∞ norm
H2/H∞: n parametrization variables -

(3,n,0) Distance of stability, H2

norm (for two outputs)
H2/H2: n parametrization variables -

[112] (5,3,0) Probabilistic criteria (of
instability, disturbance
rejection, frequency
response, failure of
ITSE), control effort

PID: gains kp, ki and kd -

(5,5,0) Probabilistic criteria (of
instability, disturbance
rejection, frequency
response, failure of
ITSE), control effort

FOPID: gains kp, ki and kd, integro-differential
orders λ and µ

-

[113] (2,3,0) ISE index (for error and
control signals)

PID: gains kp, ki and kd -

[114] (4,n,0) RT, SSE, power
consumption, controller
complexity

Fuzzy PID: number of inputs, number of
membership functions, number of rules,
and-or-ignore conjugates, type of defuzzification
algorithm

-

[115] (2,3,4) Number of proliferating
cancer cells, average
level of toxicity

PID/I-PD: gains kp, ki and kd Closed-loop stability, maximum
toxicity, bounds of the drug
concentration

[116] (2,3,0) ISE, ITSE PID: gains kp, ki and kd -

[117] (2,4,0) Sums of ST and OS PD: gains kjp and kjd, j = 1, 2 -
[46] (2,6,0) Sums of errors and

control efforts
SMC: three positive constants, three sliding
surfaces

-

[118] (2,6,0) Sums of errors and
control effort

Controller state feedback parameters -

[84] (8,8,0) IAE and Maximum
Absolute Error (MAE)
(for four outputs)

PI: gains kjp, j = 1, . . . , 4, kli, l = 1, 2, 3 and kf -

[44] (2,3,2) IAE, OS RTS: parameters s1, r0, r1 Sensitivity bounds
[119] (4,4,1) ITAE (for set-point and

disturbance rejection),
control effort, vector
margin

PI: gains kp, ki, and lead-lag pre-filter
parameters Tlead, Tlag

Closed-loop stability

(4,5,1) ITAE (for set-point and
disturbance rejection),
control effort, vector
margin

PID: parameters kp, ki, kd, and lead-lag
pre-filter parameters Tlead, Tlag

Closed-loop stability

? MOP definitions in terms of (objectives, variables, non-boundary constraints).
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Table 5: Formulation of MOPs for controller tuning (Part III).
Ref. Space ? Objectives Design variables Constraints

[120] (3,5,1) ISE, IAE, MS PID: parameters α, kc, Ti, Td, Tf Maximum control action
[41] (2,4,0) Sums of errors and

variations of control
signal (for two outputs)

PD: diagonal elements of the Kp and Kd gain
matrices

-

[121] (3,4,0) Sums of OS, SEE,
current loop function

PI: gains kjp and kji , j = 1, 2 -

[122] (2,2,1) IAE (for set-point and
disturbance rejection)

Inner PI: gains kjp and kji , j = 1, 2 Upper limit of MS

(2,2,0) Robustness, disturbance
rejection

Outer PI: gains kjp and kji , j = 1, 2 -

[85] (2,12,2) ISE, aggregated
function of robust
stability and
disturbance rejection
indexes

PID: parametrization matrices B0, B1, B2 Upper bounds of robust
stability and disturbance
rejection indexes

(2,27,2) ISE, aggregated
function of robust
stability and
disturbance rejection
indexes

PID: parametrization matrices B0, B1, B2 Upper bounds of robust
stability and disturbance
rejection indexes

[123] (2,10,0) Sums of IAE and
control efforts (for two
outputs)

Fuzzy inverse dynamics: fuzzy rules and positive
coefficients of the controller

-

[124] (5,3,1) OS, SSE, ST,
position/tip response,
peak response of tip
vibration

PID: gains kp, ki and kd Closed-loop stability

[125] (3,3,5) Integral gain, MS, MCS PI: gain kp, time τi and weight b Maximum control action,
bounds of MS and MCS

[75] (3,4,1) IAE, MS, maximum
value of the noise
sensitivity Mu

PIDn: gain kp, times τi, τd, and filter N Closed-loop stability

(5,4,1) Stabilizing time (for two
outputs), LM, MS (for
two control loops)

PIDn: gain kp, times τi, τd, and filter N Closed-loop stability

[126] (7,10,0) ST (for yaw and
altitude), variation of
control action (for the
throttle, aileron,
elevator, roll, and pitch)

PI: gain kp and time τi -

(9,10,0) Median, maximum and
median absolute
deviation of time to
perform a flight mission,
number of successful
fight missions, median
variation of control
action (for the throttle,
aileron, elevator, roll,
and pitch)

PI: gain kp and time τi -

[47] (7,4,11) Integral gains, MS and
MCS (for two
controllers), LM

PI: gains kjp and times τj
i , j = 1, 2 Bounds of MS and MCS (for

each controller), upper bound of
LM, closed-loop stability

[127] (7,4,11) Integral gains, MS and
MCS (for two
controllers), LM

PI: gains kjp and times τj
i , j = 1, 2 Bounds of MS and MCS (for

each controller), upper bound of
LM, closed-loop stability

[128] (3,3,3) ST, GM, PM PID: gain kp, times τi and τd Upper bounds of ST, GM, and
PM

[129] (3,47,0) Norm error (for dis-
placements/rotations,
velocities, and
accelerations)

Fuzzy controller: membership functions, weights
of fuzzy rules and the logical operators

-

[130]
�

(2,6,2) ISE, ISE sensitivity
concerning the model
parameters (objective
values are obtained
within a past time
window)

Inverse dynamics controller: dynamic
parameters of DC motor

Bounds of control signal

[131] (3,18,2) MS, MCS, ISE PI: gain matrices Kp and Ki Upper bounds of MS and MCS
[132] (3,2,0) ITAE and ISDU

(performance measure
for the manipulated
variable movements)

PI: gain kp and time τi -

[133] (3,5,0) IAE, SSE, ST FOPID: gains kp, ki and kd, integro-differential
orders λ and µ

-

[134] (2,24,16) Sums of IAE and
control efforts (for four
outputs)

PID: gains kjp, kji and kjd, j = 1, . . . , 8 Bounds of control signals

? MOP definitions in terms of (objectives, variables, non-boundary constraints).
� Online optimization approach.
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4.5. Multi-objective meta-heuristic optimizer

The main goal of the tuning process is to find proper controller configura-
tions that met all performance specifications established in the MOP. Then, the
MOMHO in Fig. 7-D is responsible for solving the controller tuning MOP (Fig.
7-C) to find the best controller parameters.620

As described in Section 2, MOMHOs cannot guarantee to find the optimal
Pareto set P∗ as the solution of the controller tuning MOP, which is inherently
complex. Still, in exchange for a reasonable computational cost, they can find
an accurate optimal Pareto set approximation PA and an approximated Pareto
front PFA with different performance trade-offs.625

4.5.1. Meta-heuristic approaches

According to Tables 7-10, MOMHOs used to solve the controller tuning
MOP can be classified as follows:

• Multi-objective Genetic Algorithms: 51% of works use variants of Multi-
objective Genetic Algorithms.630

In genetic algorithms [52], the fitness of individuals in the population
(usually randomly initialized at the beginning) is evaluated. Next, the
best individuals are selected according to their fitness. Then, the best
individuals have better chances to generate the next population through
crossover and mutation operations. The process is repeated until a stop635

condition is satisfied.

Among the approaches found in Table 7, the Non-dominated Sorting Ge-
netic Algorithm II (NSGA-II) [152] looks like a popular choice. This state-
of-the-art MOMHO has exhibited a high performance [153]. NSGA-II in-
cludes a non-dominated sorting operator to determine the rank of each640

individual based on Pareto dominance, crowding of individuals and feasi-
bility. Although a considerable number of works use the original NSGA-
II, some improvements have been proposed to solve the controller tuning
MOP. They include the use of chaotic numbers to enhance the diversity
of solutions, the replacement of the original crossover/mutation operators,645

the use of a local search on individuals for fine-tuning, and the generation
of the initial population based on tuning methods from control engineer-
ing.

It is also observed in Table 7 the use of Multi-objective Genetic Algo-
rithms from the MATLAB optimization toolkit (MATLAB MOGA), that650

although it has presented good results, limits the possibility of making
particular improvements for the controller tuning MOP.

The rest of alternatives are Multi-objective Genetic Algorithm (MOGA)
variants that include some of the ideas introduced in [59], such as the
use of secondary populations, fitness sharing, niching, mating restrictions655

and migration schemes, as well as the use of different crossover/mutation
and selection operators, and individuals generated by controller tuning
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Table 6: Formulation of MOPs for controller tuning (Part IV).
Ref. Space ? Objectives Design variables Constraints

[135] (2,3,0) IAE and sum of
response properties
(rise, setting, and peak
times)

PID: gains kp, ki and kd -

(2,3,0) IAE and sum of
response properties
(rise, setting, and peak
times)

Lead compensator: gains k1, k2 and k3 -

(2,6,0) IAE (for two outputs)
and sum of response
properties (rise, setting,
and peak times for two
outputs)

PID: gains kjp, kji and kjd, j = 1, 2 -

(2,5,0) IAE (for two outputs)
and sum of response
properties (rise, setting,
and peak times for two
outputs)

PI+P: gains kjp and kji , j = 1, 2, and kp -

[136] (2,10,0) Sums of ISE and control
efforts (for two outputs)

Parameters of two 2-DOF FOPD controllers -

(2,8,0) Sums of ISE and control
efforts (for two outputs)

Parameters of two 2-DOF PD controllers -

(2,6,0) Sums of ISE and control
efforts (for two outputs)

PID: gains kjp, kji and kjd, j = 1, 2 -

[137] (2,5,0) ITAE (for two working
conditions)

FOPID: gains kp, ki and kd, integro-differential
orders λ and µ

-

[138] (8,11,0) Tracking error and
control effort (for two
outputs), RT, OS, ST,
SSE

Parameters of the active disturbance rejection
control loops

-

[139] (2,27,0) Sums of ISE and control
effort (for nine outputs)

PID: gains kjp, kji and kjd, j = 1, . . . , 9 -

[140] (3,3,0) OS, ST, SSE PID: gains kp, ki and kd -
[141] (2,6,0) Sums of errors and

control efforts
Fuzzy controller: weight constants -

[142] (2,8,0) ITAE (for two outputs) Parameters of the adaptive robust decoupled
sliding mode control

-

[143] (2,9,1) ST, RT LQR: weighting matrix Q Closed-loop stability
[144]� (2,12,0) ISE, smoothness of

control signal
Inverse dynamics controller: dynamic
parameters of the four-bar mechanism

-

[145] (18,6,18) IAE per unit of time
and output deviation
(for nine operation
stages)

Parameters of the second order sliding mode
control

Upper bounds of the objectives

(18,4,18) IAE per unit of time
and output deviation
(for nine operation
stages)

Parameters of the second order sliding mode
control

Upper bounds of the objectives

[146] (6,6,3) Peak time, OS, H∞
norm, control energy,
IAE, Frobenius norm

Gains of the PID controller and the observer Maximum OS and two
eigenvalues conditions (for
stability)

[147] (4,4,2) Peak time, OS, H∞
norm (for load
disturbance and noise
rejection)

Gains of the four-parameter PID controller Upper bound of the H∞ norm
(for load disturbance and noise
rejection)

? MOP definitions in terms of (objectives, variables, non-boundary constraints).
� Online optimization approach.

27



methods. All the above mechanisms were proposed to improve the ex-
ploration and exploitation of the search space, to prevent premature and
local convergence, and also enhance the solution diversity.660

Another remarkable feature found in some of these MOMHOs, is the in-
clusion of elitism through the use of external archives. The above is used
to retain the non-dominated solutions found on each iteration.

• Multi-objective Particle Swarm Optimization: The Multi-objective Par-
ticle Swarm Optimization (MOPSO) is used in the 20% of the surveyed665

works.

The Particle Swarm Optimization [54] uses a swarm of particles (randomly
initialized) that update their position for each iteration until a stop cri-
terion is satisfied. Each particle position is evaluated to determine its
fitness. The particle velocity (i.e., search direction) is used to update the670

particle position, and it is obtained based on the swarm fitness informa-
tion. The information can include the best position known by the swarm
(global best), the overall best position known by the particle (personal
best), and the best position of a sub-swarm described by a topology (local
best). The particle position can be perturbed by a turbulence operator675

(equivalent to the mutation in GAs) in some cases.

All the MOMHO choices in Table 8 include several versions of the original
PSO algorithm applied to the controller tuning MOP. Those versions vary
in the use of different swarm topologies, leader selection mechanisms (to
obtain the global, personal, and local best solutions), secondary swarms,680

and turbulence operators in search of the best Pareto front approximation.
Most of the improvements are described in [154].

External archives are included in most of these MOMHOs, and interactions
with archived solutions and the swarm are observed, in the sense that
some leader solutions are selected from the archive. Moreover, strategies685

to maintain the size and diversity of solutions of the external archive such
as pruning methods and grid systems (i.e., discriminating solutions that
share the same region of the objective function space to be removed) are
frequent.

• Multi-objective Differential Evolution: About 19% of works include a vari-690

ant of Multi-objective Differential Evolution (MODE).

Differential Evolution [53] like a GA, is a MOMHO based on the process
of natural evolution. This algorithm includes a population of individuals
(randomly initialized), which are evaluated to determine their fitness. A
mutant is generated for each original individual in the population based695

on the perturbation of a given base individual by the scaled differences
of other individual pairs. This mutant is recombined with the original
individual to generate an offspring. At the end of each generation, the
fittest solution between each original individual and its offspring forms
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the next population. The above process is repeated until a given stop700

condition is met.

The MODE alternatives shown in Table 9 are based in different variants of
the original DE. The variants aim to improve the explorative and exploita-
tive capabilities of the algorithm [155]. Among them, the DE/rand/1/bin
variant is the most popular for controller tuning.705

The use of an external archive to store non-dominated solutions is observed
in most of these MOMHO variants. A noticeable feature is the inclusion
of more sophisticated pruning mechanisms to improve the diversity of elite
solutions in the archive. They include spherical grids and preference in-
formation about objectives in physical programming, a reference point, or710

indicator-based methods to assign a fitness value to discriminate solutions
based on their isolation or pertinence level to desirable regions. Interac-
tions between the external archive and the population are also observed.

• Other multi-objective optimizers: Only 10% of surveyed works use less ex-
plored MOMHOs. They include several state-of-the-art algorithms such as715

the Strength Pareto Evolutionary Algorithm (SPEA) [156], the Strength
Pareto Evolutionary Algorithm II (SPEA-II) [157], the Dual Population
Evolutionary Algorithm (DPEA) [158], the Gravitational Search Algo-
rithm (GSA) [159], the Multi-objective Extremal Optimization (MOEO)
[160], the Approximation-Guided Evolutionary algorithm II (AGE-II) [161],720

and the Reference Vector Guided Evolutionary Algorithm (RVEA). The
remaining works use novel multi-objective variants of meta-heuristics orig-
inally adopted for global optimization such as the Simulated Annealing al-
gorithm, named Intelligent Multi-objective Simulated Annealing (IMOSA),
the Multi-objective Cuckoo Search Algorithm (MOCSA) [136], the Multi-725

objective Whale Optimization Algorithm (MOWOA) [140], the Multi-
objective Grey Wolf Optimizer (MOGWO)[140], and the Multi-objective
Artificial Bee Colony (Multi-objective ABC) [142].

About the search mechanisms included in the MOMHOs shown in Tables 7-
10, it is easy to observe that the 92% belongs to the dominance-based approach.730

MODE variants from the metric-driven approach form the remaining 8%.
Although 20% of the controller tuning problems are many-objective prob-

lems, the used dominance-based MOMHOs appear to have a good performance
when finding suitable controller configurations. Strong evidence about the per-
formance of decomposition-based, metric-driven, or hybrid approaches cannot735

be found in the specialized literature.
Large-scale problems are quite rare in the context of controller tuning. Nev-

ertheless, for the large-scale problem in [109], the initialization of solutions based
on the information of tuning methods from control engineering seems effective.

An important task that is not deeply discussed in the vast majority of the740

surveyed works, but crucial for all MOMHOs, is the solid parameters setting,
which is an important issue for MOMHOs to get competitive results. In most
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revised works, the parameters are either empirically selected or taken from state-
of-the-art references. The robustness of a MOMHO to changes in its parameters
has been studied only in [44].745

The computational complexity of the MOMHOs used for controller tuning,
depends on the number of objective functions M , the size of the population or
swarm N , and the size of the external archive L (if included). After analyzing
the behavior of the MOMHOs in Tables 7-10, the complexity of the algorithms
can be generalized for the worst-case scenario as:750

• O(MN2) for alternatives that converge the original population or swarm
without any archiving system.

• O(M(N+L)2) for algorithms that incorporate an external archive to store
non-dominated solutions.

4.5.2. Constraint-handling techniques755

Regarding the constraint-handling mechanism implemented in the MOMHOs
shown in Tables 7-10, NSGA-II, and MATLAB MOGA have built-in handling
methods, while for a few MOGAs it is common the use of penalization methods
(they punish the value of the objective functions proportionally to the number
of violated constraints).760

As in MOGAs, only a few MOPSOs include a constraint-handling technique
based on penalization, but the use of another strategy to deal with constraints
can be observed, i.e., the epsilon-constrained method [162].

The preferred constraint-handling mechanism in MODE is the Pareto dom-
inance generalization of the tournament selection operator in [163] (where fea-765

sible configurations are considered fitter than infeasible ones).
As described before in Section 4.4, a considerable number of controller tuning

MOPs are constrained, then constraint-handling techniques are necessary to
discover feasible controller configurations [164, 165]. Nevertheless, a common
approach to handle constraints adopted in several reviewed works consists of770

filtering infeasible solutions after the PA is obtained, instead of incorporating
a mechanism into the MOMHO to discard these solutions during the meta-
heuristic optimization process. This approach can be considered risky, in the
sense that solutions in the PA could be all infeasible. An approach used to a
lesser extent consists of the a priori feasible initialization of solutions.775

4.6. Pareto front approximation

The result obtained by a MOMHO is a Pareto front approximation PFA
with the best trade-off solutions (Fig. 7-E).

Since there is no universal MOMHO whose performance is the best so far
to solve all kinds of problems [51], it is worth to test different known or novel780

alternatives to compare them and identify their specific advantages and draw-
backs [175]. The above allows the selection of the most promising alternative
for solving a particular controller tuning problem, which improves the quality
of results.
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Table 7: Multi-objective Genetic Algorithm.
Ref. Variant Features or improvements

[87] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[89] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[90] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[91] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[92] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[93] NSGA-II Blend crossover, initial population generated by the Tyreuse-Luyben controller tuning method.
[94] Chaotic

NSGA-II
Henon map random numbers in the mutation and crossover.

[95] Chaotic
NSGA-II

Henon map random numbers in the mutation and crossover.

[96] Chaotic
NSGA-II

Iterative Chaotic Map with Infinite Collapses for local searches over offspring solutions.

[83] NSGA-II Constraint-handling based on penalization.
[45] EMOGA,

NSGA-II
Fitness sharing.

[97] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[98] MATLAB

MOGA
The Multi-objective Genetic Algorithm (MOGA) of the Global Optimization Toolbox in MATLAB.

[99] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[100] MOGA GENOCOP genetic operators, fitness sharing.
[101] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[102] MOGA The state-of-the-art Multi-objective Genetic Algorithm (MOGA) [59].
[103] MATLAB

MOGA
The Multi-objective Genetic Algorithm (MOGA) of the Global Optimization Toolbox in MATLAB.

[104] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[105] MOGA Fitness sharing.
[106] MOGA The state-of-the-art Multi-objective Genetic Algorithm (MOGA) [59].
[107] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[42] MOGA Solutions ranking for selection using an a priori preference articulation to determine pertinence levels,

extended intermediate recombination operator, BGA mutation.
[43] MOGA Fitness sharing, multi-point crossover, two-bit mutation.
[108] MOGA Intermediate crossover, tournament selection, constraint-dependent mutation, sub-populations with a

migration scheme.
[109] MOGA External archive, arithmetic crossover, uniform mutation, initial population generated by the control

algorithms such as skyhook control, feedback linearization and sliding mode control.
[110] MRCD-GA Binary tournament, parallel island strategy with migration scheme, cut-off point crossover, external archive.
[111] MRCD-GA Binary tournament, parallel island strategy with migration scheme, cut-off point crossover, external archive.
[112] MOGA The state-of-the-art Multi-objective Genetic Algorithm (MOGA) [59].
[113] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[114] MOGA Parallel population with a stochastic immigration mechanism.
[115] MOGA Stochastic Universal Sampling selection, reduced-surrogate shuffle crossover, mating restriction, uniform

mutation.
[135] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[137] LCNSGA-III A variant of the state-of-the-art algorithm Non-dominated Sorting Genetic Algorithm III (NSGA-III) [65],

initialization using the latin hypercube sampling, chaos theory is used to enehance the global search and the
local exploration.

[138] RPD-NSGA-II The state-of-the-art Reference Point-based Dominance Non-dominated Sorting Genetic Algorithm II [166].
[139] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[143] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[145] ev-MOGA External archive with pruning mechanism based on epsilon dominance.
[146] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
[147] NSGA-II The state-of-the-art Non-dominated Sorting Genetic Algorithm II (NSGA-II) [65].
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Table 8: Multi-objective Particle Swarm Optimization.
Ref. Variant Features or improvements

[116] AGPSO External grid archive, global best solution obtained with roulette selection, personal best assigned using
Pareto dominance, non-uniform mutation.

[117] MOPSO Velocity updates based on the global best solution and two random solutions, Gaussian mutation, global
best solution selection based on isolation, periodical updates of the inertia weight and learning factors,
finite-length external archive.

[46] Ingenious-
MOPSO

Global best selection based on isolation, personal best selection using the Sigma method, turbulence
operator to replace solutions by randomly generated ones, finite-length external archive with fuzzy
elimination technique.

[118] Ingenious-
MOPSO

Global best selection based on isolation, personal best solution selection using the Sigma method,
turbulence operator to replace solutions by randomly generated ones, finite-length external archive with
fuzzy elimination technique.

[84] MOPSO Finite-length external archive, personal best assigned using Pareto dominance, global best selection from
the external archive using the Technique for Order of Preference by Similarity to Ideal Solution.

[44] MOPSO External hyper-cube grid archive, constraint-handling based on penalization, global best selection using a
roulette over the hyper-cube regions isolation, personal best assigned using Pareto dominance, linear
updates of the inertia weight.

[119] MaPSO External archive, corner archive with extremes of the Pareto front, constraint-handling based on
penalization, initial population generated with stable closed-loop system configurations, global best selected
as the nearest solution to two randomly selected solutions from the corner archive, personal best assigned
using Pareto dominance.

[120] MOPSO External archive, global best selected randomly from the archive, personal best assigned using Pareto
dominance.

[41] I-MOPSO External hyper-cube grid archive, uses the Population Spatial Diversity to establish exploitation and
exploration probabilities of solutions, only the global or personal best solution is used to update the velocity
depending on probability, global best selection using a roulette over the hyper-cube regions isolation,
personal best assigned using Pareto dominance.

[121] MOPSO External archive, global guide selection method to obtain the global best solution, global best selected from
the archive as the solution with the samllest Euclidean distance to the nadir vector, personal best assigned
using Pareto dominance.

[122] MOPSO The state-of-the art Multi-objective Particle Swarm Optimization (MOPSO) [167].
[85] 2LB-MOPSO External archive, two local best solutions used to update the velocity, first local best is the solution with

the highest crowding distance, the second local best is the solution with the smallest Euclidean distance to
the first local best (in the search space), local bests update based on contribution frequency of particles to
the archive, epsilon-constrained method as constraint-handling technique.

[123] MOHEPSO External archive, pruning mechanism based on fuzzy elimination technique, dynamic inertia weight and
learning factors, personal best selection from the archive using Sigma method, global best selection based
on isolation, particle updates using on PSO, bee colony and multi-crossover at given probabilities.

[135] MOPSO External archive, personal best assigned using Pareto dominance, global best selection from the external
archive based on sorting, fixed inertia weight.

[141] MOPSO Global best selection based on isolation, personal best selection using the Sigma method, turbulence
operator to replace solutions by randomly generated ones, finite-length external archive with dynamic
elimination technique based on niches.
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Table 9: Multi-objective Differential Evolution.
Ref. Variant Features or improvements

[124] PMODE External archive, based on DE/rand/1/bin, isolation-based population pruning, random solutions replace
pruned solutions.

[125] spMODE External spherical grid archive, based on DE/rand/1/bin.
[75] spMODE-II,

IB-MODE,
RP-spMODE

spMODE-II: Physical programming is included in spMODE to decide which solutions must be pruned when
two or more solutions share the same archive grid sector.
IB-MODE: It uses a binary epsilon indicator to assign fitness values to solutions.
RP-spMODE: External spherical grid archive, based on DE/rand/1/bin, uses reference point distance to
decide which solutions must be pruned when two or more solutions share the same archive grid sector.

[126] spMODE-II Physical programming is included in spMODE to decide which solutions must be pruned when two or more
solutions share the same archive grid sector.

[47] spMODE External spherical grid archive, based on DE/rand/1/bin.
[127] spMODE-II,

IB-MODE1,
IB-MODE2

spMODE-II: Physical programming is included in spMODE to decide which solutions must be pruned when
two or more solutions share the same archive grid sector.
IB-MODE1/IB-MODE2: External archive, based on DE/rand/1/bin, use binary indicator in which different
preference vectors determine the quality of solutions.

[128] spMODE External spherical grid archive, based on DE/rand/1/bin.
[129] MODE1,

MODE2,
MODE3

MODE1: External archive, based on DE/rand/1/bin, target vector obtained from the archive, solutions
used in the difference vector selected from the current population.
MODE2: External archive, based on DE/rand/1/bin, target vector obtained from the current population,
solutions used in the difference vector selected from the archive.
MODE3: External archive, based on DE/rand/1/bin, target vector and solutions used in the difference
vector selected from the archive.

[130]�
MDE-IIP-
NDSM

External archive, nine variants of MDE-IIP-NDSM (based on DE/rand/1/bin, DE/best/1/bin,
DE/rand/1/exp, DE/best/1/exp, DE/current-to-best/1/bin, DE/current-to-rand/1/bin,
DE/current-to-best/1, DE/current-to-rand/1, and DE/rand/2/dir), used in online optimization, some
promising archived solutions are included in initial population after the problem updates.

[86] spMODE-II Physical programming is included in spMODE to decide which solutions must be pruned when two or more
solutions share the same archive grid sector.

[88] spMODEx External spherical grid archive, physical programming in the pruning mechanism, based on DE/rand/1/bin.
[135] MOEA/D The state-of-the-art Multi-objective Evolutionary Algorithm based on Decomposition (MOEA/D) [168].
[143] GDE3 The state-of-the-art third evolution step of Generalized Differential Evolution (GDE3) [169].
[144] HV-MODE External archive, swaps the generation strategies DE/current-to-rand and DE/current-to-pbest/1 depending

on the archive size, pbest is selected based on the hypervolume contribution of solutions in the archive.
� Online optimization approach.

Table 10: Other Multi-objective Optimizers.
Ref. Variant Features or improvements

[131] IMOSA Generation mechanism based on orthogonal experimental solutions, Pareto based scoring function to
measure the performance of candidate solutions and exploit its neighborhood.

[132] SPEA, DPEA,
GSA

SPEA: The state-of-the-art Strength Pareto Evolutionary Algorithm (SPEA) [156].
DPEA: The state-of-the-art Dual Population Evolutionary Algorithm (DPEA) [158].
GSA: The state-of-the-art Gravitational Search Algorithm (GSA) [159].

[133] MOEO The state-of-the-art Multi-objective Extremal Optimization [160]
[134] MOSTA External archive, pruning mechanism based on solution crowding, state transformations applied to a

random archived solution.
[135] AGE-II,

SPEA-II, RVEA
AGE-II: The state-of-the-Approximation-Guided evolutionary algorithm II (AGE-II) [161].
SPEA-II: The state-of-the-art Strength Pareto Evolutionary Algorithm II (SPEA-II) [157].
RVEA: The state-of-the-art Reference Vector Guided Evolutionary Algorithm (RVEA)[170].

[136] MOCSA Multi-objective Cuckoo Search Algorithm, multi-objective variant of the state-of-the-art Cuckoo Search
Algorithm (CSA) [171], uses Pareto dominance for fitness comparisons.

[140] MOWOA,
MOGWO

MOWOA: Multi-objective Whale Optimization Algorithm, multi-objective variant of the state-of-the-art
Whale Optimization Algorithm (WOA) [172], external archive.
MOGWO: Multi-objective Grey Wolf Optimizer, multi-objective variant of the state-of-the-art Grey Wolf
Optimizer (GWO) [173], external archive, best solution from Pareto best search agents are selected from the
archive using the roulette wheel.

[142] Multi-objective
ABC

Multi-objective Artificial Bee Colony, multi-objective variant of the state-of-the-art Artificial Bee Colony
(ABC) [174], finite-length archive with pruning mechanism based on isolation, onlooker bees
probabilistically select solutions in the archive.
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The performance of a MOMHO strongly depends on the quality of its ob-785

tained Pareto front approximation. In this way, performance comparisons among
different MOMHOs are carried out in this step over their obtained PFAs. Be-
cause of the MOMHOs stochastic nature, it is also recommended to provide
descriptive [176] and inferential [177] statistical evidence about different sam-
ples of the obtained results to draw solid conclusions. Moreover, it is necessary790

to use different performance criteria to avoid contradictions among them [51]
and ensure that a MOMHO can find Pareto front approximations with the de-
sired features and quality levels.

About 40% of the reviewed works include this type of necessary performance
comparisons in the solution of the controller tuning MOP. They can be quali-795

tative or quantitative, as observed next:

• Qualitative comparisons: This class includes comparative analyses based
on the subjective criterion of the designer. In [94, 96], the performance
comparisons are among variants of the same MOMHO. On the other hand,
works in [140, 141, 143, 145, 108, 118, 129, 132] compare MOMHOs from800

different natures.

• Quantitative comparisons: They use quality metrics over the PFA to give
a quantitative measure of the MOMHO performance. Due to the stochas-
tic nature of MOMHOs, it is important to provide statistical evidence of
the performance over several runs [177]. Works in [85, 75, 127, 130] opt for805

a single performance metric over several runs of MOMHOs from different
natures. Nevertheless, it is highly recommendable to use more than one
metric to ensure the reliability of results. In such a way, the works in
[41, 42, 45, 46, 47, 116, 128, 135, 144] use statistical comparisons based on
the performance values of several metrics over diverse runs of MOMHOs810

from different natures. Another additional approach, which could be a
little less useful according to the theorem presented in [51], performs com-
parisons using benchmark MOPs instead of using the proper controller
tuning MOP [44, 117, 137, 142].

By the end of this stage, a Pareto front approximation must be provided815

to make future decisions. This front is taken as the one with the highest qual-
ity based on the performance metrics information. Nevertheless, a useful way
to take this approximation is presented in [41], where the fronts obtained for
each run of the MOMHO (originally used to perform comparisons) are merged
and then filtered based on Pareto dominance to generate a global front. This820

resulting front can include a wider variety of trade-off solutions.

4.7. Decision maker

As commented before, the Pareto front approximation PFA obtained in
the previous step is a finite set with a reasonably large amount of solutions.
Nevertheless, only one controller configuration can be implanted in the final825

application at a time.
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By using preference handling methods, the decision-maker in Fig. 7-F (this
can be a human designer or an automated entity) selects the best trade-off
solution from the Pareto front approximation.

Table 11 summarizes the preference handling methods included in the sur-830

veyed works. All works use an a posteriori preference handling with both em-
pirical and utility-based decisions:

• Empirical: As a reminder, this class is based on the human experience,
and it must be noticed that 41% of the works belong to it. Typical meth-
ods include trial and error approaches, visualization of the PFA trade-offs835

(when multiple objectives are considered, the use of tools like Level Dia-
grams (LD) [125] can be suitable), and subjective designer analysis.

• Utility-based: This class is related to an automated decision maker, and
59% of works opt for it. In this class, a popular method is based on the
choice of a solution according to its position in the PFA. Common al-840

ternatives include solutions near the extremes (to prioritize an objective
more than the others), and the mean or knee solutions (when looking for
more balanced trade-off). Another widely used method consists in the
use of a tiebreaker criterion. Since all trade-offs in PFA are considered
equally good, the tiebreaker criterion allows the finding of a relative fittest845

solution regarding a quantitative evaluation of all alternatives. The use
of a reference point is also an interesting method that allows designers to
propose an ideal performance of the controller configuration. Based on
this, the best trade-off is selected as the solution closest to the designer’s
wishes. Finally, other less common methods use fuzzy approaches, clus-850

tering techniques, and aggregation functions over the objective function
values (e.g., weighted sums and physical programming).

4.8. Validations of the final controller configuration

In this last stage, the best controller parameters ~p∗, selected by the decision-
maker, can be implanted in the final application. Some subsequent validations855

are necessary to ensure that the desired controller operation is reached. Such
validations include comparisons with different controller configurations from
different tuning approaches, both in simulation or experimentation (laboratory
tests with a real prototype):

• Simulated validations: Although all controller configurations are implicitly860

validated in simulation (i.e., a dynamic simulation is performed to evaluate
the controller configuration performances), comparative analyses are hard
to find (only in 24% of the works).

Most of them are included in [47, 84, 85, 116, 119, 120, 121, 125, 128],
where better performances are achieved with the multi-objective approach865

when compared with other tuning methods such as Zigler Nichols, Cohen-
Coon, Murrill, global optimization methods, among others.
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Table 11: Preference handling methods.
Ref. Decision maker type † Ref. Decision maker type †
[87] A posteriori / Utility-based / Tiebreaker criterion [114] A posteriori / Utility-based / Tiebreaker criterion
[89] A posteriori / Utility-based / Solution position [115] A posteriori / Utility-based / Solution position
[90] A posteriori / Empirical / Subjective analysis [116] A posteriori / Utility-based / Fuzzy
[91] A posteriori / Utility-based / Solution position [117] A posteriori / Utility-based / Tiebreaker criterion
[92] A posteriori / Utility-based / Solution position [46] A posteriori / Utility-based / Tiebreaker criterion
[93] A posteriori / Empirical / Trial and error [118] A posteriori / Utility-based / Solution position
[94] A posteriori / Utility-based / Solution position [84] A posteriori / Utility-based / Reference point
[95] A posteriori / Utility-based / Solution position [44] A posteriori / Utility-based / Solution position
[96] A posteriori / Utility-based / Solution position [119] A posteriori / Empirical / Subjective analysis
[83] A posteriori / Utility-based / Tiebreaker criterion [120] A posteriori / Utility-based / Tiebreaker criterion
[45] A posteriori / Empirical / Subjective analysis [41] A posteriori / Utility-based / Solution position
[97] A posteriori / Utility-based / Clustering [121] A posteriori / Utility-based / Weighted sum
[98] A posteriori / Utility-based / Reference point [122] A posteriori / Empirical / Subjective analysis
[99] A posteriori / Utility-based / Solution position [85] A posteriori / Utility-based / Tiebreaker criterion
[100] A posteriori / Empirical / Subjective analysis [123] A posteriori / Utility-based / Solution position
[94] A posteriori / Utility-based / Solution position [124] A posteriori / Empirical / Subjective analysis
[102] A posteriori / Empirical / Visualization [125] A posteriori / Empirical / Visualization
[103] A posteriori / Utility-based / Reference point [75] A posteriori / Empirical / Visualization
[104] A posteriori / Empirical / Subjective analysis [126] A posteriori / Empirical / Subjective analysis
[105] A posteriori / Empirical / Subjective analysis [47] A posteriori / Empirical / Visualization
[106] A posteriori / Empirical / Subjective analysis [127] A posteriori / Empirical / Visualization
[107] A posteriori / Utility-based / Solution position [128] A posteriori / Empirical / Visualization
[42] A posteriori / Utility-based / Tiebreaker criterion [129] A posteriori / Empirical / Subjective analysis
[43] A posteriori / Utility-based / Solution position [130] A posteriori / Utility-based / Tiebreaker criterion
[108] A posteriori / Empirical / Visualization [86] A posteriori / Utility-based / Physical programming
[109] A posteriori / Utility-based / Solution position [88] A posteriori / Empirical / Visualization
[110] A posteriori / Utility-based / Tiebreaker criterion [131] A posteriori / Utility-based / Tiebreaker criterion
[111] A posteriori / Empirical / Subjective analysis [132] A posteriori / Utility-based / Physical programming
[112] A posteriori / Utility-based / Reference point [133] A posteriori / Empirical / Subjective analysis
[113] A posteriori / Utility-based / Fuzzy [134] A posteriori / Empirical / Subjective analysis
[135] A posteriori / Empirical / Subjective analysis [136] A posteriori / Empirical / Subjective analysis
[137] A posteriori / Utility-based / Weighted sum [138] A posteriori / Utility-based / Solution position
[139] A posteriori / Empirical / Visualization [140] A posteriori / Empirical / Subjective analysis
[141] A posteriori / Utility-based / Solution position [142] A posteriori / Empirical / Visualization
[143] A posteriori / Utility-based / Solution position [144] A posteriori / Utility-based / Solution position
[145] A posteriori / Empirical / Visualization [146] A posteriori / Utility-based / Solution position
[147] A posteriori / Utility-based / Reference point
† Decision maker type: Preference articulation / Class / Method.

On the other hand, the controller tuned in [124, 142, 144, 136] is compared
with a different controller (i.e., a controller with a different structure than
the one tuned using multi-objective optimization). Even this comparison870

could be considered unfair, it may work as a performance reference.

• Experimental validations: Experimental evidence about the performance
of the obtained controller configurations is even harder to find. Only 8%
of the surveyed works include such experiments.

The works in [100, 121, 126, 145] perform comparisons with other tuning875

methods, while in [105, 124] controller performances are contrasted with
those obtained with different controller structures. In any case, controllers
from the multi-objective optimization tuning approach exhibit outstand-
ing performance.

5. Conclusions and future directions880

5.1. Conclusions

5.1.1. About the interest in this area

The annual trend of works related to the multi-objective meta-heuristic
optimization-based controller tuning is shown in Fig. 8. It is observed that
the research interest in this area has increased since 2011.885
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Figure 9: Percentage of linear SISO, nonlinear SISO, linear MIMO and nonlinear MIMO
dynamic systems adopted for the controller tuning process.

5.1.2. Studied control systems

The reviewed works study the control of a wide variety of dynamic systems.
Fig. 9 shows that the vast majority are linear systems. Therefore, it is natural
that the most adopted controller structures to handle them are also linear, as
observed in Fig. 10. Using linear control systems allows working with more890

general models that could simplify their analysis and take advantage of their
frequency-domain representations. On the other hand, nonlinear systems have
more complex structures, and the tools available for analysis are harder to deal
with, and they are also limited. However, they can deal with an unlimited
number of real-world control problems.895

The tendency of works concerning the number of inputs and outputs of the
controlled systems can also be observed in Fig. 9. For linear plants, the number
of studied SISO systems is more than twice the number of MIMO ones. The
opposite happens to nonlinear controllers since the number of MIMO plants is
twice the number of SISO ones. The above may be due to the recurrent use900

of benchmark plants in the case of linear SISO systems, while in the linear
MIMO case, the plants come from more practical applications. Concerning the
nonlinear MIMO systems, most of them come from mechanical and robotics
applications where dynamic systems with two or more degrees of freedom are
studied. On the other hand, most of the nonlinear SISO systems correspond to905

test plants proposed in the specialized literature.
In Fig. 10 is observed that the PID-like structures are popular alternatives

among linear controllers because of their high performance and easy implemen-
tation. In the case of nonlinear controllers, the fuzzy approach is the most
preferred.910
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Figure 10: Percentage of linear and nonlinear controller structures adopted for the controller
tuning process.

5.1.3. Multi-objective problems

The number of design criteria involved in the tuning problem definitions is
variable, as observed in the reviewed works. 80% corresponds to MOP defini-
tions, while the remaining 20% to many-objective problems.

In most cases, standard control system metrics and performance indexes in915

both time and frequency domains, are used as the problem objectives. It is then
sought that systems are less prone to errors, more robust to disturbances, less
sensitive to noise, and with better time response rates and energy efficiency.
Other specific performance measurements are also adopted, and they aim to
reduce the complexity and implementation cost of a given controller structure.920

It is important to mention that the use of MIMO systems often implies
an increasing number of tuning specifications since the number of performance
measurements must be scaled to the number of inputs and outputs. In some
works with MIMO systems, the performance measurements related to a group
of inputs and outputs are encompassed in a single objective. Nevertheless, it925

can be worth to take them separately and then state a many-objective problem.
About 34% of the reviewed works contain non-boundary constraints. Most

of them are related to the overall control system stability and desirable ranges of
performance indexes (which are not necessarily used as design criteria). In many
works, limits of performance measurements different from those established as930

objectives are also considered as constraints.
Concerning the number of design variables required to describe the tunable

parameters of a controller, for a SISO linear controller is common to find PID-
like alternatives that require between three and five variables. When a SISO
nonlinear system is tuned, in most of the cases, the involved variables are less935

or equal than five. Still, when more complex control strategies such as fuzzy
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ones are adopted, the number of variables increases considerably. For a MIMO
controller, the number of design variables is proportional to the number of
inputs and outputs. Despite the controller type, the dimensionality of the tuning
problem is low. In two cases, the number of design variables exceeds the order940

of thousands, as in [30] and [109]. Then, large-scale controller tuning problems
are very hard to find in the specialized literature.

5.1.4. Multi-objective meta-heuristics

Fig. 11 shows the trend in the use of different meta-heuristics in the con-
troller tuning problem. GA based multi-objective optimizers head the list of945

preferred meta-heuristics followed by PSO and DE based ones. This order is
closely related to the appearance date of the early multi-objective versions of
GA, PSO, and MODE. After them, there is a small group of other more recently
proposed multi-objective optimizers.

Most of the used MOMHOs adopt a dominance-based search approach, while950

metric-driven, decomposition-based, and hybrid MOMHOs are presented but
barely studied.

It is important to mention that dominance-based MOMHOs achieve suitable
results when solving many-objective controller tuning problems despite the use
of Pareto dominance, which often loses effectiveness in these kinds of problems955

[178]. Therefore, it might be interesting to study the decomposition-based,
metric-driven, and even hybrid MOMHOs in the controller tuning process.

Although several MOPs in the studied works are constrained, there is a lack
in the use of constraint-handling techniques beyond the penalization methods
during the optimization process. The constraints in most of the cases are used960

to refine the obtained optimal solution set, but only a few works include mech-
anisms in the MOMHOs to guide the search to the feasible region of the search
space.

5.1.5. Evaluation of the optimizer performance

Since the performance of a given optimizer depends on the problem that must965

be solved, it is important to test different alternatives before opting for a single
one. The above is performed in about the 38% of the reviewed works. They
include comparisons with several meta-heuristics regarding the Pareto front ap-
proximation quality (this is measured using well-known metrics). The compared
alternatives are commonly optimizers of different natures and, to a lesser extent,970

variants of the main MOMHO. Nevertheless, comparisons with different types of
meta-heuristics that include distinct search approaches (decomposition-based,
metric-driven, or hybrid) could provide better feedback information about the
most promising alternatives and their search mechanisms. About the quality
metrics, it is highly recommended to opt for at least two alternatives to cover975

most of the desirable features of the Pareto front approximation (capacity, con-
vergence, diversity, and pertinence), as many of the reviewed works do.

An important issue when comparing optimizers concerns the use of bench-
mark MOPs that are not directly related to the controller tuning problem.
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Figure 11: Percentage of research items that use multi-objective versions of GA, DE, PSO,
and other types of meta-heuristics in the controller tuning problem.

Although benchmark MOPs can be used to obtain a general sense of the op-980

eration of a given MOMHO (i.e., without specifying a field of application), it
can be more useful to focus on a test-bed of a particular controller tuning prob-
lem (e.g., problems that consider different operation modes, uncertainties, or
disturbances). At industrial levels, the above could increase the reliability of
results in the change from a simulation test to the experimental validation of985

the tuned controller. Alternatively, the above reliability can be increased if a
Hardware-in-the-Loop simulation (a real-time simulation of a complete plant
model performed in dedicated hardware), before the experimental validation, is
performed as in [126].

Since MOMHOs are stochastic techniques, a descriptive and inferential sta-990

tistical analysis is necessary to perform solid comparisons to draw relevant con-
clusions about the obtained results [177]. Only a few works provide statistical
evidence that sustains the presented comparisons.

5.1.6. Decision making

Decision making is a crucial task in the controller tuning process because it995

determines the proper operation of the final control application.
All studied works opt for a posteriori preference handling. In addition to

this preference handling approach, some versions of MODE include an a priori
preference articulation to establish desirable regions of the Pareto front. Then
they are used to guide the MOMHO search towards pertinent solutions (those1000

which incorporate physical programming).
When an offline optimization approach is adopted in the controllers tuning,

the decision making can be performed either through an experienced human or
an automated designer. In the adaptive tuning methods based on the online
optimization approach like the ones in [130, 144], such decisions must be made1005
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in an automated way.

5.1.7. Final controller configuration validations

For each of the reviewed works, the selected parameter configuration from the
Pareto front approximation is validated in simulation. In 24% of the reviewed
works, the tuned controller is also compared in simulation with controllers from1010

state-of-the-art tuning methods or other control structures. Only about 8% of
works include experimental laboratory tests within real environments.

eses

5.2. Future directions

The possible future directions in the multi-objective meta-heuristic controller1015

tuning are discussed below:

5.2.1. Meta-heuristic optimizers

• Most of the used MOMHOs in the reviewed literature are all based on
the dominance-based search approach. Moreover, many controller tun-
ing problems are many-objective ones, and the dominance-based approach1020

loses effectiveness as the number of objectives grows. Nevertheless, MOMHOs
from the decomposition-based, metric-driven, and hybrid search approaches
have proved to be capable of handling these kinds of problems with com-
petitive performances [179]. Then, the exploration of these MOMHOs is
suggested for both, the multi-objective and many-objective cases.1025

• For many applications, a fine controller tuning is required. This necessity
can be satisfied by performing a local search around a given controller
configuration. Memetic algorithms are techniques that incorporate local
search methods in the classical meta-heuristics operation [180]. There-
fore, it may be beneficial for these kinds of applications to try memetic1030

algorithms and determine their effectiveness.

• The use of special operators, beyond the ones adopted in the presented
MOMHOs, may improve the search effectiveness regarding the exploration
and the exploitation of the search space in the controller tuning problem,
as it has done in other problems [181]. Special operators can then help1035

to find better and diverse trade-offs, which can be translated to a greater
number of alternatives for the decision-maker. Since the use of special op-
erators is not found in the reviewed works, their inclusion in the MOMHOs
is suggested.

• Concerning the constraint-handling techniques, there is an important lack1040

in the controller tuning process. Many of the studied works use penaliza-
tion approaches or check solution feasibility after the computation of the
Pareto front approximation. Nevertheless, the computational effort used
to search within the whole search space can be harnessed if the search is in-
duced to the feasible region by incorporating suitable constraint-handling1045
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techniques in the MOMHOs. Among those methods, the alternatives de-
scribed in [182, 164, 165] could be considered for further implementation
in the MOMHO for controller tuning problems.

• Another observed issue is related to the lack of large-scale optimization
mechanisms in problems with high design space dimensionality. This lack1050

can be related to solutions far from optimal and with a high computational
effort. Although large-scale problems are rare in the controller tuning
context, there are interesting approaches in [183] that can be addressed.

• The use of unsuitable MOMHO parameters may end up in poor perfor-
mance when solving a controller tuning MOP. In the reviewed works, the1055

MOMHO parameters are either empirically selected or are taken from
state-of-the-art references. Still, there is not enough information about
the implications of using different parameter sets. For this reason, the
study of different MOMHO parameter settling approaches like the ones
described in [184] is a real necessity.1060

• There is also a lack of information on how to handle the boundary con-
straints in the controller tuning MOP. An accurate establishment can
reduce the overfitting and accelerate the searching for adequate controller
configurations [185]. Since in the surveyed works such constraints appear
to be selected based on the designer experience, a well-defined methodol-1065

ogy to determine them could be very useful.

5.2.2. Multi-objective online controller tuning

• The controller tuning process through online optimization has been scarcely
studied. Nevertheless, there is a wide variety of applications that require
very high accuracy rates, which are only achievable by online controller1070

tuning (also referred to in the specialized literature as adaptive control
[186]). Then, it is recommendable to explore in a deeper way the online
multi-objective controller tuning approach.

• One of the main issues in an online optimization tuning process is the
required computational burden. It is necessary to find a way to make this1075

process more efficient either by improving the search mechanism of the
MOMHOs (e.g., using surrogate-assisted metaheuristics [187]) or by using
high-performance computing techniques [188].

5.2.3. Decision-maker

• In offline and especially in the online optimization approach, the inclusion1080

of problem-context-dependent interactive/progressive preference handling
methods could help to increase the pertinence level of solutions on demand.
It is suggested to test progressive preference handling approaches [189],
which have not been studied in the multi-objective controller tuning.
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• Empirical or human-based preference handling methods have been exten-1085

sively used in many reviewed works. Nevertheless, It can be interesting
to take advantage of the numerous automated approaches in the special-
ized literature [36] since they can be helpful to prevent issues when not
enough preference information is provided and also to release pressure on
inexperienced decision-makers.1090

5.2.4. Performance validations

• The statistical validation of the MOMHOs performance is absent in most
of the reviewed works. Nevertheless, this is considered an important task
to find potentially good MOMHO alternatives [177] for particular con-
troller tuning problems, and it is then recommendable to be addressed in1095

future works.

• Some important quality metrics such as the generational distance require
the true Pareto front. Nevertheless, for real-world problems, this is always
unknown. It can be useful to know this front for a set of controller tuning
problems to aid the design and test of novel MOMHOs and to study their1100

explorative and exploitative capabilities. Hence, it is suggested to develop
a well defined multi-objective controller tuning benchmark for both offline
and online optimization approaches.

• Noise and disturbances are undesirable and unavoidable characteristics
of real-world environments. Therefore, it is necessary to perform exper-1105

imental tests within these environments to test in-depth the sensitivity
and robustness of the optimized control system under real noise, distur-
bances, uncertainties, and other conditions, which most of the time are
not considered in the tuning process. Software-in-the-loop, processor-in-
the-loop, and hardware-in-the-loop simulations can provide more realistic1110

information for the controller tuning [126] in future works.

5.2.5. Controllers and plants

• The studied works mostly adopt linear SISO systems. There is still pend-
ing work about linear MIMO and nonlinear SISO and MIMO systems.
The controller tuning problem for highly nonlinear systems is also an ex-1115

ceptional candidate to be solved by meta-heuristics and can exalt their
usefulness.

• The use of MIMO plants requires a tuned controller to meet a broad set of
tuning specifications that entails to a many-objective problem definition.
It can be interesting to study large-scale MIMO systems (e.g., redundant1120

robotic systems) to observe the behavior of the available meta-heuristics.

• The low-level dynamic elements (e.g., actuators, power electronics ele-
ments, and sensing devices) are, in most cases, less relevant in the plant
modeling. Including them in the controller tuning process can improve
the achieved performance in a real scenario.1125
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• Among the nonlinear controllers, the fuzzy ones are presented in several
research items. Works that include the multi-objective optimization of
other artificial intelligence techniques (e.g., neural networks [190]) are not
yet developed and can be addressed in the future.

• Given a controller structure and a plant, the controller tuning process can1130

find suitable control parameters in all the reviewed works. Nevertheless,
this controller structure has always been established a priori. By using
combinatorial optimization elements, the controller structure could also
be selected from a finite set of alternatives (e.g., PID-like, sliding mode,
and model predictive). The above could reveal information about which1135

structure is better to control a given dynamic system, especially when the
last is subject to uncertainties or disturbances.
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narič, Computational intelligence in control, Annual Reviews in Control
38 (2) (2014) 233 – 242. doi:10.1016/j.arcontrol.2014.09.006.

[20] A. E. Ruano (Ed.), Intelligent Control Systems using Computational In-1205

telligence Techniques, Control, Robotics & Sensors, Institution of Engi-
neering and Technology, 2005. doi:10.1049/PBCE070E.
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jillo, Systematic selection of tuning parameters for efficient predictive con-
trollers using a multiobjective evolutionary algorithm, Applied Soft Com-
puting 31 (2015) 326 – 338. doi:10.1016/j.asoc.2015.02.033.1520

[108] M. Mahmoodabadi, H. Jahanshahi, Multi-objective optimized fuzzy-pid
controllers for fourth order nonlinear systems, Engineering Science and
Technology, an International Journal 19 (2) (2016) 1084 – 1098. doi:

10.1016/j.jestch.2016.01.010.

[109] J. H. Crews, M. G. Mattson, G. D. Buckner, Multi-objective control op-1525

timization for semi-active vehicle suspensions, Journal of Sound and Vi-
bration 330 (23) (2011) 5502 – 5516. doi:10.1016/j.jsv.2011.05.036.

[110] A. Herreros, E. Baeyens, J. R. Perán, Design of pid-type controllers using
multiobjective genetic algorithms, ISA Transactions 41 (4) (2002) 457 –
472. doi:10.1016/S0019-0578(07)60102-5.1530

[111] A. Herreros, E. Baeyens, J. R. Perán, Mrcd: a genetic algorithm for
multiobjective robust control design, Engineering Applications of Arti-
ficial Intelligence 15 (3) (2002) 285 – 301. doi:10.1016/S0952-1976(02)
00036-2.

[112] A. Hajiloo, N. Nariman-zadeh, A. Moeini, Pareto optimal robust de-1535

sign of fractional-order pid controllers for systems with probabilistic un-
certainties, Mechatronics 22 (6) (2012) 788 – 801, special Issue on In-
telligent Mechatronics (LSMS2010 and ICSEE2010). doi:10.1016/j.

mechatronics.2012.04.003.

[113] S. Panda, Multi-objective pid controller tuning for a facts-based damping1540

stabilizer using non-dominated sorting genetic algorithm-ii, International
Journal of Electrical Power and Energy Systems 33 (7) (2011) 1296 – 1308.
doi:10.1016/j.ijepes.2011.06.002.

[114] P. Stewart, D. Stone, P. Fleming, Design of robust fuzzy-logic control
systems by multi-objective evolutionary methods with hardware in the1545

loop, Engineering Applications of Artificial Intelligence 17 (3) (2004) 275
– 284. doi:10.1016/j.engappai.2004.03.003.

55

http://dx.doi.org/10.1109/IECON.2014.7048506
http://dx.doi.org/10.1109/SCEECS.2016.7509267
http://dx.doi.org/10.1016/j.asoc.2015.02.033
http://dx.doi.org/10.1016/j.jestch.2016.01.010
http://dx.doi.org/10.1016/j.jestch.2016.01.010
http://dx.doi.org/10.1016/j.jestch.2016.01.010
http://dx.doi.org/10.1016/j.jsv.2011.05.036
http://dx.doi.org/10.1016/S0019-0578(07)60102-5
http://dx.doi.org/10.1016/S0952-1976(02)00036-2
http://dx.doi.org/10.1016/S0952-1976(02)00036-2
http://dx.doi.org/10.1016/S0952-1976(02)00036-2
http://dx.doi.org/10.1016/j.mechatronics.2012.04.003
http://dx.doi.org/10.1016/j.mechatronics.2012.04.003
http://dx.doi.org/10.1016/j.mechatronics.2012.04.003
http://dx.doi.org/10.1016/j.ijepes.2011.06.002
http://dx.doi.org/10.1016/j.engappai.2004.03.003


[115] S. Algoul, M. S. Alam, M. A. Hossain, M. A. A. Majumder, Multi-
objective optimal chemotherapy control model for cancer treatment, Med-
ical & Biological Engineering & Computing 49 (1) (2011) 51–65. doi:1550

10.1007/s11517-010-0678-y.

[116] Z. Chen, Y. Yuan, X. Yuan, Y. Huang, X. Li, W. Li, Application of multi-
objective controller to optimal tuning of pid gains for a hydraulic turbine
regulating system using adaptive grid particle swam optimization, ISA
Transactions 56 (2015) 173 – 187. doi:10.1016/j.isatra.2014.11.003.1555

[117] M. Mahmoodabadi, A. Bagheri, S. A. Mostaghim, M. Bisheban, Simula-
tion of stability using java application for pareto design of controllers
based on a new multi-objective particle swarm optimization, Mathe-
matical and Computer Modelling 54 (5) (2011) 1584 – 1607. doi:

10.1016/j.mcm.2011.04.032.1560

[118] M. J. Mahmoodabadi, M. Taherkhorsandi, A. Bagheri, Pareto design of
state feedback tracking control of a biped robot via multiobjective pso in
comparison with sigma method and genetic algorithms: Modified nsgaii
and matlab’s toolbox, The Scientific World Journaldoi:10.1155/2014/
303101.1565

[119] H. Freire, P. B. Moura Oliveira, E. J. Solteiro Pires, From single to many-
objective pid controller design using particle swarm optimization, Interna-
tional Journal of Control, Automation and Systems 15 (2) (2017) 918–932.
doi:10.1007/s12555-015-0271-0.

[120] Y. Tian, Q. Wang, Y. Wang, Q. Jin, A novel design method of multi-1570

objective robust pid controller for industrial process, in: 2014 9th IEEE
Conference on Industrial Electronics and Applications, 2014, pp. 242–246.
doi:10.1109/ICIEA.2014.6931166.

[121] H. P. Ren, X. Guo, Optimization controller design of caczvs three phase
pfc converter using particle swarm optimization, in: IECON 2014 - 40th1575

Annual Conference of the IEEE Industrial Electronics Society, 2014, pp.
1665–1671. doi:10.1109/IECON.2014.7048726.

[122] H. Fu, L. Pan, Y. Xue, L. Sun, D. Li, K. Lee, Z. Wu, T. He, S. Zheng,
Cascaded pi controller tuning for power plant superheated steam temper-
ature based on multi-objective optimization, IFAC-PapersOnLine 50 (1)1580

(2017) 3227 – 3231, 20th IFAC World Congress. doi:10.1016/j.ifacol.
2017.08.447.

[123] A. Farokhi, M. Mahmoodabadi, Optimal fuzzy inverse dynamics control
of a parallelogram mechanism based on a new multi-objective pso, Co-
gent Engineering 5 (1) (2018) 1443675. doi:10.1080/23311916.2018.1585

1443675.

56

http://dx.doi.org/10.1007/s11517-010-0678-y
http://dx.doi.org/10.1007/s11517-010-0678-y
http://dx.doi.org/10.1007/s11517-010-0678-y
http://dx.doi.org/10.1016/j.isatra.2014.11.003
http://dx.doi.org/10.1016/j.mcm.2011.04.032
http://dx.doi.org/10.1016/j.mcm.2011.04.032
http://dx.doi.org/10.1016/j.mcm.2011.04.032
http://dx.doi.org/10.1155/2014/303101
http://dx.doi.org/10.1155/2014/303101
http://dx.doi.org/10.1155/2014/303101
http://dx.doi.org/10.1007/s12555-015-0271-0
http://dx.doi.org/10.1109/ICIEA.2014.6931166
http://dx.doi.org/10.1109/IECON.2014.7048726
http://dx.doi.org/10.1016/j.ifacol.2017.08.447
http://dx.doi.org/10.1016/j.ifacol.2017.08.447
http://dx.doi.org/10.1016/j.ifacol.2017.08.447
http://dx.doi.org/10.1080/23311916.2018.1443675
http://dx.doi.org/10.1080/23311916.2018.1443675
http://dx.doi.org/10.1080/23311916.2018.1443675


[124] I. B. Tijani, R. Akmeliawati, A. G. A. Muthalif, A. Legowo, Optimiza-
tion of pid controller for flexible link system using a pareto-based multi-
objective differential (pmode) evolution, in: 2011 4th International Con-
ference on Mechatronics (ICOM), 2011, pp. 1–6. doi:10.1109/ICOM.1590

2011.5937190.

[125] G. Reynoso-Meza, J. Sanchis, X. Blasco, J. M. Herrero, Handling control
engineer preferences: Getting the most of pi controllers, in: ETFA2011,
2011, pp. 1–8. doi:10.1109/ETFA.2011.6059074.

[126] J. V. Carrau, G. Reynoso-Meza, S. Garćıa-Nieto, X. Blasco, Enhanc-1595
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